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Glossary

Terms that are explained in the glossary are underlined upon their first occurrence in the main
text and are cross-referenced to the glossary.

Active-comparator new-user design

An active-comparator new-user (ACNU) design can be selected for the replication of
randomized comparative studies based on observational data. This refers to a design in which
only patients who have an indication for a change in their treatment and are therefore starting
a new treatment (intervention or comparator) are included in the comparison of two
treatment groups [1]. In this case, the start of follow-up (t,) is ideally set as the day the
treatment decision is made.

Average treatment effect in the population

The “average treatment effect in the population” (ATE) estimand describes the average
treatment effect in the entire population. It examines how the results would differ if the entire
population had been treated with either the intervention or the comparator [2].

Average treatment effect on the treated

The “average treatment effect on the treated” (ATT) estimand describes the average
treatment effect in the population that received the intervention. It examines how the results
in this population would differ if they had not been treated with the intervention [2].

Confounder

A confounder is a variable that influences both the treatment decision and the outcome and
can therefore distort a treatment effect. In non-randomized comparative studies, adjusting
for confounders is intended to compensate for the lack of structural equivalence between
treatment groups [3]. However, in statistical analysis, adjustments can only be made for
known and measured confounders; bias due to unknown, unmeasured, or unmeasurable
confounders persists (so-called residual confounding).

Convergence

Maximum likelihood methods are used for calculating propensity scores, for multiple
imputation of missing values, and for effect estimates. These include, among others,
generalized linear models (e.g., multivariate logistic regression) and the Cox proportional
hazards model. The algorithms underlying these methods are based on iterative processes
and multiple convergence criteria, such as convergence of the parameter estimate or the
likelihood estimate. An algorithm is said to converge when, in two consecutive iterations, the
changes in the respective estimates are smaller than specified values.
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If, after a specified number of iterations, convergence is not achieved for one or more criteria,
no parameter estimates are available, or the parameter estimates are potentially highly
biased. The reasons why an algorithm does not converge are manifold. These include an
insufficient number of observations (sample size) and inappropriate modelling (due to too
many covariates) [4].

Coverage probability

Maximum likelihood methods are used to calculate propensity scores, perform multiple
imputation for missing values, and estimate effects. Simulation studies are conducted to
compare the quality of these methods. In these studies, the first step involves systematically
generating simulated datasets (replicates) for various scenarios. In a second step, empirical
guality measures are calculated using the replicates. The coverage probability, as a quality
measure, describes the probability that the (1 - alpha) confidence interval of an effect
estimate contains the true value. This requires specifying the alpha error, e.g., alpha =0.05. In
simulation studies, the empirical coverage probability is determined by the proportion of
replicates in which the (1 - alpha) confidence interval contains the specified effect. A good
statistical method has an empirical coverage probability of 1 — alpha. Coverage probabilities
that are too low are an indication of great bias, while coverage probabilities close to 1 are an
indication of a lack of power due to overly wide confidence intervals [5].

Disease risk score

The disease risk score (DRS) — also known as the prognosis score — is defined as the probability
that a person will develop a disease. The DRS method can thus be used (as an alternative to
propensity score methods) for confounder control, with the aim of approximating structural
equivalence between treatment groups [6].

Estimand

In propensity score analyses, the concept of estimands is used to describe the population for
which the effect of a treatment is to be estimated. The following estimands are typically
distinguished: ATE, ATT, average treatment effect on the untreated, and average treatment
effect in the overlap [2]. The selection of a specific propensity score method depends on the
estimand of interest [7]. Depending on the chosen propensity score method and the overlap
of the propensity score distributions, the estimands may merge seamlessly into one another
in a given data situation (see above for the estimands ATE and ATT).

The term must be distinguished from the concept of estimands in the context of clinical trials.
In this regard, a paper by the European Medicines Agency (Addendum to the ICH E9 Guideline
on Statistical Principles for Clinical Trials [8]) describes 5 strategies that lead to different
estimands (including an estimand based on the treatment policy strategy). The specifications
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made therein focus on the handling of intercurrent events, i.e., events that occur during the
course of the follow-up of a patient (e.g., treatment switching).

Immortal-time bias

Immortal-time bias may be present if, due to the study design, there is a period (waiting time)
during which an event (e.g., death) cannot occur [9,10]. A classic example of this is when the
start of follow-up (t,) is set at the time the inclusion criteria are met, but before the time of
treatment allocation. As a result, treatment allocation is based on information from the
follow-up [11]. This applies, for example, to situations in which patients are allocated to the
intervention group only after receiving CAR-T cell therapy (and thus after t;). In these cases,
patients must have survived until the start of CAR-T cell therapy (while receiving bridging
therapy).

Inverse probability of treatment weighting

Inverse probability of treatment weighting (IPTW) is a weighting approach based on
propensity scores. The weight allocated to each person corresponds to the inverse probability
of having received the intervention. Patients from the intervention group are allocated a
weight of 1/propensity score, and patients from the control group are allocated a weight of
1/(1 - propensity score). This means that patients from the intervention group with a low
propensity score (i.e., with a low probability of receiving the intervention) receive a high
weight because they resemble patients from the control group in terms of the observed
characteristics (as indicated by their low propensity score). In contrast, patients from the
control group with a high propensity score (i.e., with a high probability of receiving the
intervention) are weighted more heavily, as they are more similar to patients from the
intervention group in terms of observed characteristics [12].

Latency-time bias

Latency-time bias occurs when prior treatment leads to an increased risk of the event of
interest, but the event itself does not occur until after the study intervention. An example of
this is: Secondary primary tumours can occur several months to years after chemotherapy
[13]. Since these events are not causally related to the study intervention, latency windows
should be defined. Events occurring within this time window are excluded from the analysis
[14].

Matching weights

Matching weights is a weighting approach based on propensity scores. The weight allocated
to each person corresponds to the ratio of the lower of the two predicted probabilities
(propensity score or 1 — propensity score) to the predicted probability of the treatment
actually received [7].
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Medication possession ratio

Medication possession ratio (MPR) is a measure that incorporates any prior exposure to one
or more comparator drugs used in the therapeutic indication being assessed. MPR matching
attempts to balance the treatment groups with respect to prior exposure patterns [15].

Missing at random

Missing at random (MAR) refers to an assumption regarding a missing value. The probability
of a value being missing — taking into account a person’s observed values — does not depend
on the missing value itself. Such missing values lead to biased results if this dependency is not
accounted for in the analysis. To account for such dependencies in the analysis, the
mechanism of missing values must be clearly identifiable and explainable based on the
observed values. Proper consideration in an analysis leads to unbiased estimates [16]. An
example of this: Men are more likely than women to fail to complete a questionnaire assessing
the severity of depression. Completing the questionnaire depends on gender, but not on the
actual severity of the depression itself [17].

Missing completely at random

Missing completely at random (MCAR) refers to an assumption regarding a missing value. The
probability of a value being missing is independent of other observed values for a person (e.g.,
covariates or values at earlier time points) and the unobserved, missing value itself. While
such missing values do not lead to biased results, they do reduce the precision of the effect
estimates [16]. An example of this: Some of the samples are mishandled in the laboratory, so
that they can no longer be analysed [17].

Missing not at random

Missing not at random (MNAR) refers to an assumption regarding a missing value. The
probability of a value being missing depends on the missing value itself, and this dependency
does not disappear even when the observed values of the individual are taken into account.
Such missing values lead to biased results. This bias cannot be corrected because the
mechanism of missing values depends on unobserved values. In this case, the magnitude of
the bias can only be examined using sensitivity analyses based on unverifiable assumptions
[16]. An example of this: The probability of missing values regarding the severity of depression
depends on the severity of depression itself [17].

Multiple imputation using chained equations

Multiple imputation is a statistical method for handling missing values in datasets. Several
complete datasets are generated in which missing values are replaced under model
assumptions (MCAR, MAR, or MNAR). Any variables can be used in this process. Multiple
imputation using chained equations (MICE) — also known as fully conditional specification
(FCS) — has established itself as a variant of multiple imputation [18].
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Overlap

Overlap refers to the area in which the distributions of the propensity scores of the groups
being compared intersect. The overlap can be assessed by visually comparing the propensity
score distributions (propensity distribution plots) (see Figure 1) [19]. As shown in Figure 1 the
area of overlap may be minor (approximately 10% here), even if the range of overlap is quite
large (ranging from approximately 0.2 to 0.75 here). Good overlap therefore refers to a
sufficiently large overlapping area and not to a wide range of overlap.
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Figure 1: Overlap of the populations (measured by the propensity score)

Overlap weights

Overlap weights is a weighting approach based on propensity scores. The weight allocated to
each person corresponds to the probability of having received the opposite treatment [7].

Positivity

Positivity means that, when comparing two patient groups, the treatments being compared
(new drug or comparator) represent a therapeutic option for all patients included in the
analysis. It follows that, for example, patients with a contraindication to one of the therapies
under investigation must not be included in the analysis [20].
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Prevalent new-user design

A prevalent new-user (PNU) design can be selected for replicating randomized comparative
studies based on observational data. In this design, three different patient populations can be
included in the comparison of two treatment groups: (1) patients who begin treatment with
the intervention and who were previously treatment-naive (with regard to both the
intervention and the comparator) (new users), (2) patients switching from the comparator to
the intervention (PNU), and (3) patients who continue their treatment with the comparator
[21]. The goal is to reduce potential bias through an appropriate choice of the start of follow-
up(ty) for patients in the control group. For patients in the intervention group (comprising
new users and PNU), the selection of t, is carried out analogously to the ACNU design (see
above).

Propensity score matching

With propensity score matching, patients in the intervention and control groups are paired
(i.e., “matched”) according to their propensity scores. Matching can be performed using
various algorithms, including, for example, nearest-neighbour matching. The allocation can be
1:1 or 1:n, with or without replacement. Depending on the overlap of the treatment groups
as measured by the propensity score, this method may be associated with a reduction in the
sample size and thus a loss of statistical power (individuals without a matching partner are
excluded) [12].

Propensity score methods

Propensity score methods are statistical techniques used in non-randomized comparative
studies to achieve balance in terms of observed covariates between treatment groups
(structural equivalence). The propensity score is the probability of receiving the intervention,
as determined by observed covariates. There are 4 approaches to estimating the treatment
effect using propensity scores: weighting, matching, stratification, and regression adjustment
[12].

Selection bias

Selection bias arises when patients, follow-up time, or events are excluded from the analysis,
and the selection is associated with both the exposure and the outcome. This is the case,
among other things, when patients are censored after the start of follow-up (t,) (e.g., upon
treatment switching) or when t, is set at the time the inclusion criteria are met but after
treatment allocation. In the latter example, only those patients who meet the inclusion criteria
exactly at t, are included in the analysis [11,22].

Standardized morbidity (or mortality) ratio weighting

Standardized morbidity (or mortality) ratio weighting (SMRW) is a weighting approach based
on propensity scores. Patients from the intervention group are allocated a weight of 1, and
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patients from the control group are allocated a weight of propensity score/(1 - propensity
score). This means that patients from the control group are weighted more heavily the more
similar they are to the intervention group in terms of the observed characteristics [7].

Target trial emulation

Target trial emulation refers to the replication of the design of randomized controlled trials
based on observational data [23].

Time-lag bias

Time-lag bias arises when comparing treatment groups at different stages of disease
progression [24]. This is the case, for example, when the time interval between the diagnosis
of a progressive disease and the start of follow-up(t,) differs between groups.
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Executive summary

On 28 January 2025, the Federal Joint Committee (G-BA) commissioned the Institute for Quality
and Efficiency in Health Care (IQWiG) to provide a scientific elaboration of methods in the field
of routine practice data collection (RPDC), focussing on the assessment of specific topics.

Research question

The objective of this report is to provide a scientific elaboration of methods (generation and
analysis of routine practice data for benefit assessments of drugs) in the field of RPDC. The
report focuses on the assessment of the following topics, each within the context of non-
randomized comparative studies:

= Confounder identification and selection

= Estimation of required sample sizes in the context of insufficient prior information
= Start of follow-up

= Treatment switching

= Patient-reported outcomes (PROs)

=  Missing values

=  Propensity score analyses in therapeutic indications with small patient populations

This involves an exploratory search for relevant literature on the listed topics and an
examination of the deficiencies identified in previous reviews of study protocols and statistical
analysis plans (SAPs) (with possible additions to the listed topics).

Existing registries are primarily suitable as potential RPDC data sources. The scientific
elaboration therefore also focuses on disease registries as tools for data collection with the
aim of generating routine practice data, since other data sources (e.g., routine data from
statutory health insurance) do not currently appear suitable for meeting the data (quality)
requirements within the framework of benefit assessments.

Methods
Examination of previous reviews of study protocols and statistical analysis plans

The need for changes identified in previous reviews of the study protocols and SAPs submitted
by the drug manufacturers were examined. Based on this, additional topics were to be added
to the commissioned topics, if necessary. Since all identified needs for changes could be
allocated to one of the 7 topics, no additional topics were addressed within the scope of the
commission.
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Draft proposal for requirements for systematic confounder identification

For the topic of confounder identification and selection, IQWiG working paper GA23-02
(published on 18 June 2025) was used for this commission. Therefore, the methods were not
newly developed. The presentation in this report is essentially limited to the derived
recommendations for systematic confounder identification in non-randomized comparative
studies. For further information, please see working paper GA23-02.

Information retrieval

For the remaining 6 topics, the information retrieval for methodological documents and
systematic reviews included an exploratory search in PubMed, a website search of regulatory
agencies and other HTA agencies, and a targeted web search. In addition, based on the
previously identified methodological documents and systematic reviews, reference lists were
screened, and the “Similar Articles” function in PubMed and the “Cited-by” function in
OpenAlex were used.

Assessment of selected aspects for generating routine practice data in the context of non-
randomized comparative studies

Confounder identification and selection

In IQWiG working paper GA23-02, in accordance with the approach by Pufulete 2022, a
systematic confounder identification was conducted for the therapeutic indication of
relapsing-remitting multiple sclerosis (RRMS) using an appropriate comparison of two drug
therapies with regard to key patient-relevant outcomes. To this end, a working group of
external experts was commissioned, which presented its findings in a report. Based on the
results of the report, the following recommendations for systematic confounder identification
in non-randomized comparative studies (and thus also in RPDC procedures) were derived by
IQWIG as part of the work on GA23-02 by means of further investigations:

1) Identification

Potential confounder variables should be identified through a systematic literature
review and interviews with clinical experts.

2) Summarization

Confounder variables that measure the same construct or overlap in content should be
summarized. A clear operationalization must be defined for each of these potential
confounders.

3) Assessment of relevance

The relevance of each potential confounder should be assessed with the involvement of
clinical experts. The result can be used for a content-based selection of confounder
variables.
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The process of systematic confounder identification is resource-intensive, despite the
resource-saving options described in working paper GA23-02. However, it is important at this
point to distinguish between the resources required prior to RPDC procedures (for the
identification and summarization of potential confounders) and the overall resources required
(which includes, among other things, the resources required for data collection and
documentation). It may be beneficial to invest more resources upfront in order to reduce the
overall resources required. In a next step, as part of the preparation of working paper GA25-
02, it will be examined whether further measures to reduce the resources required for the
systematic identification and recording of confounders are possible. In doing so, potential
resource-saving options must be weighed against the associated loss of information and the
potential loss of certainty of results.

Estimation of the required sample size in the context of insufficient prior information

The G-BA regularly commissions IQWiG to develop scientific concepts for RPDC procedures
and their analysis. The concepts should also describe the requirements for the duration and
scope of the respective data collection. The aim is to answer the question of whether the
planned RPDC procedure is, in principle, feasible and can be conducted in a meaningful way.
For this purpose, no sample size estimation is performed because the necessary information
is not available. Rather, the concept development aims to provide an assessment of basic
feasibility. Depending on the information available at the time of concept development, the
approach taken is either a preliminary sample size estimation or an exploratory analysis of
sample size scenarios.

Parameters for the sample size estimation

To determine the necessary sample size within the framework of the preliminary sample size
estimation, assumptions must be made for several parameters. These parameters include,
among others, the effect size, the significance level (probability of error, also known as Type |
error), and the power (1 - Type Il error). In sample size planning for randomized controlled
trials (RCTs), assumptions regarding the effect size are generally based on information from
pilot studies or comparative Phase Il studies, which allow for a relatively reliable estimation of
this parameter. For RPDC procedures required by the G-BA due to a lack of direct comparative
evidence, this information is not available as a starting point for sample size planning. For this
reason, sample size estimation as part of the concept development (often based on non-
comparative marketing authorization studies) can, at best, serve only as a guide.

In order to derive a conclusion about the benefits or harms of the drug under assessment from
a non-randomized comparative study, a sufficiently large observed effect is required, which
can be assumed not to be caused solely by systematic bias. This should be implemented
statistically in the RPDC procedure in the form of a test for a shifted null hypothesis (Ho). In
this context, the confidence interval of the effect observed must lie entirely beyond a specific
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threshold. There is currently no scientific standard for how large the threshold for the shifted
null hypothesis should be. In rapid report A19-43, IQWiG established a range of 2 to 5 for the
relative risk (or 0.2 to 0.5, e.g., for mortality-reducing interventions) relative to the lower (or
upper) confidence interval limit as the threshold. However, in light of methodological
advancements, it appears appropriate to re-evaluate the established threshold in a
subsequent step (outside the scope of the scientific elaboration conducted in this report).

No or insufficient prior information for a preliminary estimate of the RPDC scope

When developing an RPDC concept, a preliminary sample size estimation is always performed
whenever it is reasonably feasible. At the time of concept development (usually prior to drug
approval), however, the information required to estimate the effect size for a new drug is
generally not available (e.g., only preliminary, and in some cases contradictory, results may be
available for outcomes presented only selectively in conference abstracts or press releases).
Thus, the conditions for a preliminary sample size estimation are not met.

In these cases, an exploratory analysis of sample size scenarios is conducted in order to
nonetheless enable conclusions regarding the scope of data collection. This approach
essentially follows the principles of preliminary sample size estimation but starts from a
different point. In a first step, the estimated number of patients in the relevant therapeutic
indication in Germany is determined. In a second step, by specifying the number of patients,
the significance level, and the power, the question is answered as to which effect sizes can be
detected based on the number of patients generally available for an RPDC procedure in
Germany within the relevant therapeutic indication (precision of the estimate) and taking into
account the risk of systematic bias due to the non-randomized comparison (shifted null
hypothesis).

“Detectable” means that the 95% confidence interval estimated within the RPDC framework,
with 80% power for a given number of patients, lies entirely above or entirely below the
shifted hypothesis boundary. In addition to the number of patients, if available, the baseline
risk — either under treatment with the intervention or with the comparator — for a patient-
relevant outcome is used as an anchor to illustrate a spectrum of possible scenarios within the
therapeutic indication.

Decision-making for or against a preliminary sample size estimation

No fixed limits are set when deciding for or against a preliminary sample size estimation within
the RPDC framework. Whether or not a preliminary sample size estimation is considered
reasonably feasible based on the available data constellation must be assessed on a case-by-
case basis.

Regardless of the methodological approach chosen for concept development (preliminary
sample size estimation or exploratory analysis of sample size scenarios), the manufacturer of
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the drug under assessment should carry out the (final) sample size estimation for the RPDC
procedure at the time of the interim analyses based on the preliminary results available at
that time. In principle, it is considered appropriate to conduct the final sample size planning
while taking into account the results of interim analyses, since the estimation of the necessary
sample size in the collection of routine practice data (as opposed to clinical trials) is not
performed with a view to active recruitment. Instead, ideally all patients from a registry
population who meet the RPDC inclusion criteria are included after giving their consent. This
is also done against the backdrop that, depending on the propensity score method, a relevant
proportion of the included patients may not be considered in the analysis.

Start of follow-up and treatment switching
Start of follow-up

A challenge in non-randomized studies using routine practice data is the appropriate
definition of the start of follow-up (index date [t, ]), since, unlike in RCTs (time of
randomization), no fixed starting point exists. Bias in the results (e.g., due to immortal time
bias or selection bias) arises when ¢, the assessment of eligibility, and treatment allocation
do not align.

In the active-comparator new-user (ACNU) design, the date of the treatment decision (or the
best possible approximation thereof) is set as t, for both treatment groups. Only those
patients who have an indication for switching their treatment are included in the study. The
prevalent new-user (PNU) design is suitable for handling situations in which a new treatment
is not initiated in either treatment group at the start of follow-up. The goal here is to reduce
potential bias resulting from an incorrect choice of the start of follow-up for patients in the
control group. The application of this design is contingent upon the use of appropriate
methods to account for prior treatment(s) received. The robustness of the results should be
verified using sensitivity analyses.

Treatment switching

In comparative studies (with or without randomization), patients have the option to switch
from one treatment to another as needed. This process is referred to as “treatment
switching”. In the context of the rapid report, the term is limited to switching from the
intervention to the comparator or vice versa.

In an RPDC procedure, switching from the intervention to the comparator generally
corresponds to switching to a generally accepted treatment that conforms to the medical
standard. Switching is thus part of a treatment strategy that corresponds to routine clinical
practice. In such a situation, an unbiased estimate of the treatment effect is possible.
Switching from the comparator to the intervention is unproblematic if the intervention
constitutes an adequate follow-up therapy within the treatment strategy (this applies, for
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example, if the intervention has already been approved at an earlier stage for use in a
subsequent line of therapy). However, this scenario is usually not to be expected in the RPDC
context. In all other cases, switching from the comparator to the intervention can lead to
biased results, and it must be demonstrated that the results are transferable to the research
guestion of the RPDC procedure.

Regardless of treatment switching, for benefit assessments of drugs, analyses are primarily
required in accordance with the treatment policy strategy (i.e., an estimate of the effect for
the entire treatment strategy) and the intention-to-treat (ITT) principle. To investigate the
potentially confounding influence of a treatment switch on the ITT analysis using survival time
methods, sensitivity analyses can be conducted in which patients who switch from the
comparator to the intervention are censored at the time of switching (per-protocol analyses)
or in which complex methods are applied to account for treatment switching (such as inverse
probability of censoring weighting [IPCW]).

Special considerations for the analysis of routine practice data

Since the G-BA often requires RPDC procedures for drugs used to treat rare diseases (orphan
drugs), the number of patients available is inherently small. Depending on the treatments
being assessed, there is the additional challenge of recruiting a sufficient number of patients.
Against this backdrop, to nevertheless include as many patients as possible receiving a new
treatment in the analysis, a pragmatic approach offers the option of allocating patients who
switch from the comparator to the intervention to the treatment groups based on their follow-
up time under treatment with the comparator (i.e., that patients who switch to the
intervention after a shorter period and for whom an adequate follow-up time under the
intervention is still expected can be analysed in the intervention group).

Depending on the comparison of interest (new drug vs. comparator), there may be cases in
which a treatment option is not immediately available or immediately effective following the
treatment decision. It may be necessary to employ a bridging therapy, which should be
understood as part of the treatment strategy. In order to handle bridging therapies properly,
it is crucial that the date on which the original treatment was decided upon (e.g. the date on
which CAR-T cell therapy was approved by the Tumour Board) is set as the start of follow-
up(index date [t ]) in accordance with the target trial concept.

Patient-reported outcomes

To close existing evidence gaps for new drugs, in RPDC procedures, the G-BA routinely requires
the recording of outcomes on symptoms and health-related quality of life. These outcomes
are typically recorded using PROs. For this purpose, uniform data collection time points must
be selected for both treatment groups to generate informative data on the course of the
disease during treatment. Data should be collected several times a year at standardized
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intervals at defined time points, with narrower intervals at the beginning and wider intervals
later on. Appropriate tolerance windows should be predefined for the data collection time
points; these windows should not overlap and should allow for a meaningful allocation to a
specific data collection time point. In the RPDC context, data are collected in routine clinical
practice, so the conditions under which PRO data are collected differ largely from those in a
clinical trial. Digital surveys (e.g., via an app and/or a patient portal) enable low-threshold data
collection independent of doctor visits. Digital tools are already being successfully used for
data collection in registries and in routine clinical practice.

Missing values
Measures to prevent missing values

In studies, missing values generally cannot be completely avoided. In order to still be able to
draw sufficiently reliable conclusions about the benefits and harms of a drug — both under
conditions of routine clinical practice and with regard to the specific questions of benefit
assessments — it is both sensible and necessary to implement measures that keep the
proportion of missing values to a minimum. To be able to maintain and provide high-quality
data from routine clinical practice in a practical manner and without major obstacles, a
permanently available and continuously maintained data infrastructure and documentation
system must be established in the registries with adequate personnel and financial resources.
Both the establishment and maintenance of this infrastructure could be supported by the drug
manufacturers that wish to access the data for conducting registry-based studies.
Furthermore, the following factors were identified as promoting factors, among others:

= |imiting data collection to those data relevant to answering the research question of
interest,

= implementing a suitable monitoring strategy,
= providing regular training on data entry for data collection staff, and

= informing patients about the data stored in the registry (including information on the
benefits of collecting patient-reported data).

Methodological handling of missing values in the context of propensity score analyses

Models for estimating propensity scores using logistic regression require complete data for all
potentially relevant confounders, meaning that patients with (at least) one missing value are
excluded from the analysis. However, if only patients with complete data are included in the
analyses (complete-case analyses), this leads to substantial bias in the results if the “missing
completely at random” (MCAR) assumption is not met. This is generally the case in studies
based on routine practice data. Consequently, statistical methods for handling missing values
are necessary in propensity score analyses. In general, multiple imputation methods are
considered appropriate. A variety of such methods is available, among which “multiple
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imputation by chained equations” (MICE) is recognized as an established method for handling

missing values. To assess the robustness of the results calculated in this way, sensitivity
analyses using model-based methods may be considered, which are based on the MAR or
“missing not at random” (MNAR) assumption.

Propensity score analyses in therapeutic indications with small patient populations

In non-randomized studies, the structural equivalence of the groups to be compared — which
is necessary for a fair comparison —is generally not given. Consequently, group differences in
potential confounders must be accounted for when estimating effects by adjusting for these
confounders. Propensity score methods play a primary role in confounder adjustment within
the RPDC context. These methods were originally developed for large datasets
(epidemiological questions). In the context of this report, simulation studies on propensity
score analyses with small sample sizes were identified. These studies show that propensity
score methods are also applicable in therapeutic indications with small patient populations
under certain conditions and can lead to interpretable results. However, an important
problem is the potential lack of convergence of the models used for effect estimation. The
problem of lack of convergence due to an excessive number of confounders can be addressed
to a certain extent by gradually removing less important confounders from the model. This
approach requires a prespecified ranking of confounders by importance and is carried out
while accepting increased uncertainty. Overall, the scenarios examined in the simulation
studies only partially reflect the situations that are likely to arise in the ongoing RPDC
procedures, as these studies primarily consider different effect measures (such as odds ratios
or risk differences) and, in some cases, a small number of potential confounders. At this point
in time, due to a lack of evidence, it therefore remains unclear in which cases (and under what
conditions) propensity score analyses will yield interpretable results in RPDC procedures.

Conclusion

Benefit assessments of drugs require data for comparison with the standard treatment. Since
the approval of orphan drugs is often based on non-comparative data, the RPDC approach was
introduced with the aim of closing existing evidence gaps and thus obtaining a better evidence
base for benefit assessments. Data collection must be conducted as non-randomized
comparative studies. Provided certain quality requirements are met, studies based on registry
data can close this evidence gap.

=  When planning non-randomized comparative studies based on routine practice data,
target trial emulation is a recommended approach to minimize systematic (avoidable)
bias. A prerequisite for optimal emulation of a hypothetical RCT using observational data
is that the necessary data are available in the registry dataset with the required
completeness and depth. High data quality can only be achieved on a broad scale if the
generation and utilization of registry data are feasible and resource-efficient. The

Institute for Quality and Efficiency in Health Care (IQWiG) - xviii -



Extract of rapid report A25-13 Version 1.0

Generation and analysis of routine practice data for the benefit assessment of drugs 28 Oct 2025

establishment and maintenance of a permanently available (operational) data
infrastructure is considered beneficial. This could be supported by drug manufacturers
that wish to draw on the registries to conduct registry-based studies.

* In non-randomized comparative studies aimed at comparing treatment effects,
adequate control for confounders requires the systematic identification of relevant
confounders and their consideration in the analysis. Confounder identification following
the approach by Pufulete 2022 (via a systematic literature review and clinician
involvement) is considered feasible and represents a meaningful approach in principle.
Before clinical experts assess the relevance of the confounders, it is recommended to
conduct an intensive summarization of the identified confounders. In principle, it may be
beneficial to invest more resources in reducing the number of confounders to be
recorded prior to an RPDC procedure in order to reduce the overall resources required
through resource savings in data collection and analysis.

= |n RPDC concepts, it is estimated whether a sufficient number of patients can be
enrolled within an acceptable timeframe to enable informative results to be generated
for benefit assessments. In general, only uncertain information is available for this
estimation. If sufficient information on the intervention and the comparator is available,
a preliminary sample size estimation is performed for this purpose. If necessary
information is missing for the assumptions underlying a preliminary sample size
estimation, an exploratory analysis of sample size scenarios is conducted to demonstrate
potential detectable effects. Both approaches follow the same principle (they are based
on identical parameters) and differ only in the parameter to be estimated using the
remaining parameters.

=  For long-term data collection (and patient follow-up) in routine clinical practice,
incentives are required to compensate for the resources required for data generation
and to motivate both the centres and the patients to collect data as completely as
possible.

= To ensure that the resources required for PRO data collection are proportionate to the
benefits, digital surveys (e.g., via an app or patient portal) are recommended. This
enables low-threshold PRO data collection independent of doctor visits. Digital tools are
already being successfully used for data collection in registries and in routine clinical
practice and enable PRO data to be made available for research purposes with minimal
barriers.

= Achallenge in analysing routine practice data without randomization is determining the
start of follow-up (index date [t, ]). If a new treatment is initiated in both treatment
groups at t, (switch indication), the ACNU design can be used in a study. Ideally, ¢,
corresponds to the day the treatment decision was made. In a treatment situation
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where patients in the control group continue treatment with an established standard
treatment, the PNU design represents a suitable alternative.

= Regardless of the choice of design and analysis strategies, the results of the ITT analysis
(in accordance with the treatment policy strategy) should generally be presented as the
primary results. This requires that all patients (regardless of any treatment switching at
some point during follow-up) are analysed according to their original group allocation.
The confounding influence of treatment switching during the RPDC procedure can be
addressed with sensitivity analyses.

= A commonly used method for accounting for confounders in non-randomized
comparative studies based on registries is an analysis using propensity scores. Since
models for estimating propensity scores using logistic regression require complete data
for all potentially relevant confounders, statistical methods for handling missing values
are necessary. The MICE method is recognized as an established method. Propensity
score methods are also applicable in small patient populations under certain conditions
and can yield interpretable results. The scenarios examined in the identified simulation
studies do not fully reflect the situations that are foreseeable in ongoing RPDC
procedures. At this point in time, it therefore remains unclear in which cases (and under
which conditions) propensity score analyses will yield interpretable results in RPDC
procedures.
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1 Background

According to §35a (3b), Sentence 1 of the German Social Code Book (SGB) V, the Federal Joint
Committee (G-BA) may require the drug manufacturer to conduct routine practice data
collection (RPDC) and analysis for benefit assessments of certain drugs [25]. Due to the
comparative research questions in benefit assessments, this typically involves a comparative
study conducted without randomization, in accordance with the requirements of §35a SGB V
(3b).

A resolution requiring an RPDC specifies the requirements for an RPDC and its analysis. If the
G-BA requires an RPDC, the drug manufacturer must prepare a study protocol and a statistical
analysis plan (SAP). These documents must describe the planning, conduct, and analysis of the
study for the purpose of the RPDC. The G-BA reviews whether the approach described in these
documents is suitable for meeting the requirements for the RPDC. For this review, it may
involve the Institute for Quality and Efficiency in Health Care (IQWiG) [26].

A general elaboration of criteria for the quality of routine practice data and of methodological
requirements for the generation of routine practice data and their analysis has already been
carried out by IQWiG based on a commission from the G-BA and published as rapid report
A19-43 on the IQWiG website [20] (hereinafter referred to as A19-43).

Initial experience is now available both with the review of study documents submitted by the
drug manufacturers regarding their suitability in terms of content and methods for conducting
the RPDC (including the associated analysis) and with ongoing RPDCs in registries as a data
source (registry-based studies). Against this backdrop, there is a need for a further scientific
analysis — going beyond A19-43 — of selected aspects regarding the generation of routine
practice data and their analysis, in the context of non-randomized comparative studies.
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2 Research question

The objective of this report is to provide a scientific elaboration of methods (generation and
analysis of routine practice data for benefit assessments of drugs) in the field of RPDC. The
report focuses on the assessment of the following topics, each within the context of non-
randomized comparative studies:

= Confounder identification and selection (see Section 5.2)

= Estimation of required sample sizes in the context of insufficient prior information (see
Section 5.3)

=  Start of follow-up (see Section 5.4.1)

» Treatment switching (see Section 5.4.2)

= Patient-reported outcomes (PROs) (see Section 5.5)

=  Missing values (see Section 5.6)

=  Propensity score analyses in therapeutic indications with small patient populations (see

Section 5.7)

This involves an exploratory search for relevant literature on the listed topics and an
examination of the deficiencies identified in previous reviews of study protocols and statistical
analysis plans (SAPs) (with possible additions to the listed topics).

Existing registries are primarily suitable as potential RPDC data sources. The scientific
elaboration therefore also focuses on disease registries as tools for data collection with the
aim of generating routine practice data, since other data sources (e.g., routine data from
statutory health insurance) do not currently appear suitable for meeting the data (quality)
requirements within the framework of benefit assessments.
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3 Project timeline

3.1 Project timeline

The G-BA Subcommittee on Medicines decided at its meeting on 28 January 2025, to
commission IQWiG to prepare a scientific elaboration of the RPDC methods for the G-BA2. This
report was to address specific issues arising from previous experience with the RPDC
procedure (see Chapter 2).

An external expert was involved in the project.

The preliminary rapid report (Version 1.0) dated 28 July 2025, was published on the IQWiG
website on 30 July 2025, and opened for a public hearing procedure. Written comments could
be submitted until 19 August 2025. Unclear aspects from the written comments on the
preliminary rapid report were discussed on 16 September 2025 in a scientific debate with the
commenters. The key arguments from the comments are addressed in Appendix B of the full
rapid report.

This rapid report incorporates the changes resulting from the debate.

Following the hearing procedure, IQWiG prepared this rapid report, which was published on
the IQWiG website 4 weeks after submission to the G-BA. The comments received on the
preliminary rapid report and the minutes of the scientific debate were made available in a
separate document (“Documentation of the hearing on the preliminary rapid report ”) on the
IQWIiG website at the same time as the rapid report.

3.2 Specifications and changes during the course of the project

Final rapid report versus preliminary rapid report

In addition to editorial changes, the following clarifications or changes were made in the rapid
report:

= |n Section 5.2 it was specified that an evaluation of measures to reduce the resources
required for the systematic identification and recording of confounders was to be
conducted as part of the preparation of working paper GA25-02 (follow-up commission
to GA23-02).

= |n Section 5.3.1, the text on the “shifted null hypothesis” parameter was supplemented
to state that, in a next step, IQWiG will address a revision of the threshold for the shifted
null hypothesis proposed in A19-43.

2 in accordance with Chapter 1, §4 (2) Sentence 3, Letter a) of the Rules of Procedure
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= |n Section 5.3.2, the procedural example for epcoritamab was replaced with
odronextamab (both for the therapeutic indication of diffuse large B-cell lymphoma
[DLBCL]), and a text section titled “Classification of the exploratory analysis of sample
size scenarios” was added.

= |n Section 5.3.2, Figure 7 was amended, providing a graphical representation of the
effect size detectable in an RPDC procedure.

= |nthe glossary and in Section 5.6.2.1, the definitions of “missing at random” and
“missing not at random” were amended.

= |n Section 5.6.2.1, the text on the description of suitable sensitivity analyses was
amended to note that the inclusion of auxiliary variables carries the risk of biasing study
results due to colliders.

= |n Section 5.6.2.1, the text on the description of suitable sensitivity analyses was
amended to state that sensitivity analyses can be used to estimate the potential
influence of residual confounding.

= |n Section 5.6.2.2, the threshold for missing values in outcomes with repeated
measurements was clarified.

= |n Section 5.7, it was clarified that not only propensity score methods are accepted, but
that IQWiG assesses whether adequate adjustment for confounders was planned and
performed, regardless of the chosen method of causal inference.

= |n Section 5.7, a paragraph regarding the order of drawing bootstrap samples and
generating multiple imputations was added.

=  Appendix B “Evaluation of the hearing on the preliminary rapid report ” was added to
the full rapid report.

=  Appendix C “Disclosure of relationships of external experts” was added to the full rapid
report.
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4 Methods

4.1 Examination of previous reviews of study protocols and statistical analysis plans

The changes requested in previous reviews of the study protocols and SAPs submitted by the
drug manufacturers were examined. Based on this examination, additional topics were to be
added to the commissioned topics, if necessary. Since all identified requested changes could
be allocated to one of the 7 topics, no additional topics were addressed within the scope of
the commission.

4.2 Proposal for requirements for systematic confounder identification

For the topic of confounder identification and selection, this commission drew upon the
working paper GA23-02 [27] published by IQWiG on 18 June 2025. Consequently, no new
methods was developed for this rapid report. The presentation in this report is essentially
limited to the specific recommendations derived for the systematic identification of
confounders in non-randomized comparative studies (and thus also in the RPDC procedure).
For further information (e.g., regarding the necessary documentation), please see working
paper GA23-02.

4.3 Information retrieval
For the other 6 topics on which this rapid report focuses in accordance with the G-BA’s
commission, the exploratory information retrieval included:

= aliterature search for methodological documents and reviews in PubMed

= a website search for methodological documents from regulatory agencies (European
Medicines Agency [EMA], Food and Drug Administration [FDA]), and HTA agencies
(National Institute for Health and Care Excellence [NICE], Canada’s Drug Agency [CDA],
Agency for Healthcare Research and Quality [AHRQ], Haute Autorité de Santé [HAS], and
Austrian Institute for Health Technology Assessment [AIHTA])

= atargeted web search
= additional search techniques:

o screening reference lists of the identified methodological documents and systematic
reviews

o use of the “Similar Articles” function in PubMed and the “Cited-by” function in
OpenAlex based on previously identified methodological documents and reviews

The presentation in the rapid report is limited to the specific results.
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5 Assessment of selected aspects regarding the generation and analysis of routine
practice data in the context of non-randomized comparative studies

5.1 Introductory remarks on the requirements for non-randomized comparative studies
for benefit assessments

Analogous to A19-43 [20], routine practice data for the purpose of benefit assessment of drugs
are defined as follows for the present report:

= Routine practice data are collected from patient populations for whom there is an
indication for the drug under assessment within the scope of its marketing
authorization.

=  When collecting routine practice data, treatment is provided without specific
requirements.

Since the assessment of drugs under SGB V concerns the care of patients in Germany, routine
practice data must meet the two aforementioned criteria in such a way that they allow
conclusions to be drawn about German healthcare.

According to A19-43, the following fundamental aspects must be observed when collecting
and assessing routine practice data:

= An adequate data platform is required for RPDC. Ideally, existing data structures should
be used for this purpose. Disease registries are particularly suitable for RPDC for benefit
assessments (registry-based studies). Alternatively, study-specific data collection
represents an option for conducting RPDC.

= If routine practice non-randomized comparative studies are to be used for benefit
assessments, it must be ensured as early as the study planning phase that the study
design and the collected data meet the necessary quality standards to generate
interpretable results.
In this context, quality criteria for disease registries and registry-based studies that are
largely consistent at both the national and international levels can be derived.

=  Major components of study planning include considerations for emulating a hypothetical
randomized controlled trial (RCT [target trial]) that addresses the relevant research
guestion, including ensuring the collection of sufficient data for confounder control. The
aspects of study planning must be documented in advance in a study protocol (including
the SAP).

= A central aspect of the analysis of a non-randomized comparative study is adequate
adjustment for confounders to compensate for the influence of structural inequality
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among treatment groups. The relevant confounders must be systematically identified
and prespecified in the study protocol.

= Due to the inherent uncertainty of results from non-randomized comparative studies
caused by potentially unknown confounders, even when high-quality standards are met,
a conclusion regarding the benefit or harm of an intervention can only be drawn from
the effects observed in a study once a certain effect size is reached. A (positive or
negative) conclusion regarding benefit or harm is reached when the confidence interval
for the observed effect lies above or below a threshold to be defined (test for a shifted
null hypothesis). The specific threshold is determined by the quality of the data in each
individual case.

Building on this, the following section describes the key features of planning non-randomized
comparative studies based on routine practice data. This forms the starting point for
addressing the topics commissioned for this report, which are detailed in Sections 5.2 to 5.7.

For non-randomized comparative studies based on routine practice data that aim to compare
the effectiveness of interventions, it is recommended to explicitly emulate the design of
randomized comparative studies. The concept of target trial emulation has proven to be a

best-practice approach [28,29]. The aim here is to replicate (emulate) the effect of a
hypothetical RCT (target trial) addressing the research question using observational data. In
this process, both the study protocol and the SAP are harmonized so that they target the same
causal effect as closely as possible [30]. In Table 1 the components of study design for
replicating a target trial from a non-randomized dataset are illustrated using an example.
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Table 1: Comparison of an RCT study protocol and a study based on routine practice data
using target trial emulation (IQWiG’s own illustration based on Hoffmann 2021 [31])

Component RCT (target trial) Study with routine practice data (target
trial emulation)
Objective Investigation of the effect of hormone Identical to the target trial

replacement therapy in postmenopausal
women on breast cancer risk within 5 years

Inclusion criteria

= Women who have been postmenopausal
for at least 5 years

= No history of cancer

= No hormone replacement therapy in the
past 2 years

Identical to the target trial

Interventions

A: Initiation of hormone replacement
therapy

B: No initiation of hormone replacement
therapy

Identical to the target trial

Allocation

Randomization at baseline, no blinding

Differences:

= Allocation at the start of treatment (start
of hormone replacement therapy) or at
the time of the treatment decision (no
initiation of hormone replacement
therapy)

= Replication of randomization through
comprehensive adjustment for baseline
characteristics (all relevant confounders
must be included)

Follow-up

Start: Treatment allocation

End: confirmed breast cancer diagnosis,
death, lost to follow-up, or 5 years after
baseline, whichever occurs first

Identical to the target trial (a particular
challenge in observational studies is the
start of follow-up in the non-treatment

group)

Outcome

Breast cancer diagnosis, confirmed by
biopsy, within 5 years of randomization

Identical to the target trial

Effect between
interventions
(“causal contrast”)
and analysis

Effect of allocation to hormone
replacement therapy vs. no hormone
replacement therapy

Different: Effect of starting hormone
replacement therapy vs. not starting
hormone replacement therapy (adjustment
for relevant confounders is mandatory)

RCT: randomized controlled trial

To replicate randomized comparative studies, the dataset intended for the non-randomized

comparative study must contain all necessary information in high quality [32].

Using the concept of target trial emulation at the study planning stage helps identify and avoid

sources of systematic bias and emulation discrepancies (lack of sufficient alignment between

the target trial and the emulation) [11,33]. Common sources of bias include a structural

violation of positivity, structural inequality between groups (bias due to confounding), and an
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incorrect choice of the start time of follow-up (leading, among other things, to immortal-time
bias and/or selection bias).

Ensuring positivity

In an RCT, each participant is randomly allocated to a treatment strategy through
randomization. Based on the target trial approach, a prerequisite for routine practice non-
randomized comparative studies is that, for all patients included in the analysis, the
treatments being compared (both the new drug and the comparator) represent a potential
treatment option (positivity) [34,35]. This means, for example, that patients with
contraindications to one of the treatments of interest must not be included in the analysis.
This must be ensured by reviewing patient eligibility based on the prespecified inclusion
criteria (of the target trial and the emulation) [34].

Adequate adjustment for confounders

In non-randomized comparative studies, the lack of structural equivalence between treatment
groups should be compensated for by means of adequate adjustment for confounders (bias
due to confounding). Bias due to confounding arises from a violation of the principles of
randomization during sampling, i.e., during the allocation of patients to treatment groups.
Particularly in group comparisons, bias due to confounding can lead to systematic differences
between the groups. If, as a result, important confounders are unevenly distributed across the
groups, the results of a comparison are generally no longer interpretable [34]. A variable is
defined as a confounder if it influences both the treatment decision and the outcome and can
thereby distort a treatment effect (such as age or disease severity) [3]. When comparing
groups, randomization is the best method for avoiding bias due to confounding, since the
resulting groups do not differ systematically in either known or unknown confounders [36].

In non-randomized comparative studies, when determining treatment effects, the systematic
identification of potentially relevant confounders and their consideration in the analysis are
prerequisites for adequate confounder control. The goal of this confounder control is to obtain
an estimate of the causal effect of interest that is as unbiased as possible, despite the lack of
randomization. To achieve this, it is necessary to identify all relevant confounders (including
important interactions) in advance using a systematic approach, to document them
comprehensively, and to account for them appropriately in the model during data analysis [20].

Correct choice of the start of follow-up (index date [t(])

A key challenge when emulating a target trial is adequately determining the start of follow-up
(index date [ty]). Unlike RCTs (time of randomization), non-randomized routine practice
studies do not have a fixed starting point for follow-up [23]. To address this problem, the
conditions shown in Figure 2 must be met att, (in both the target trial and the non-
randomized study).
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Start (day 0)

Review of inclusion criteria
(before start [up to day -1])

Recording of baseline covariables

(before start [up to day -1])

Treatment decision
(at start [day 0])

Recording of target variable (follow-up)

(begins with start [from day 0])

@ >

Time

Figure 2: Temporal alignment of key elements of the study design at the start of follow-up
(to) (IQWIiG’s own illustration, based on Braitmaier 2022 [37])

The inclusion and exclusion criteria must be met at the time of treatment allocation [11,28].
Ideally, the day of the treatment decision should be selected as t, in both groups. This requires
information on treatment intention (in an RCT, this is derived from the allocation sequence)
[33,38]. The follow-up period to record the outcomes begins with the treatment allocation t,.

5.2 Identification and selection of confounders

In non-randomized comparative studies, the proper identification of and adjustment for
potential confounders plays a central role. According to Pufulete 2022 [39], confounder
identification comprises 3 methodological components: (1) a systematic literature review, (2)
interviews with clinicians, and (3) a survey among clinicians.

In IQWiG working paper GA23-02 [27], a systematic confounder identification was conducted
in accordance with Pufulete 2022 for the therapeutic indication of relapsing-remitting
multiple sclerosis (RRMS) using a suitable comparison of two drug therapies with regard to
key patient-relevant outcomes. The goal was to assess the basic feasibility of the confounder
identification procedure proposed by Pufulete 2022. To this end, a working group of external
experts was commissioned, which presented its findings in a report. Based on this report,
concrete recommendations regarding systematic confounder identification in non-
randomized comparative studies (and thus also in RPDC) were derived by IQWiG as part of the
work on GA23-02 through further investigations.
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Although the report by the external experts (as well as the work by Pufulete 2022) refers to a
therapeutic indication with a large body of studies (RRMS), the situation of rare(r) diseases
was also taken into account when deriving the recommendations, as this represents the
typical situation, e.g., within the RPDC context. Where specific requirements apply in this
regard, these are explicitly described below.

Systematic literature Interviews with clinical
search experts

1. step:
Identification

[ Extraction of all potential confounder variables ]

Y

2. step:

Summarization of confounder variables Summarization

Assessment of confounders by clinical 3. step:

experts Relevance assessment
(e.g. via scores)

Figure 3: Proposed 3-step procedure for systematic confounder identification

Step 1: Identification through systematic literature review and interviews with clinical
experts

Based on Pufulete 2022, the first step of confounder identification comprises two
components: (1) a systematic literature search and (2) interviews with clinical experts. The
systematic literature search should include primary publications on RCTs and cohort studies.
For research questions regarding therapeutic indications with a foreseeably limited body of
studies (such as rare diseases), in the absence of suitable RCTs and cohort studies, one may
rely on single-arm studies (including before-and-after comparisons) and the patient
characteristics listed in tabular form in the respective primary publications. Similarly, in these
cases, there is the option of, for example, including guidelines in the literature search and
screening them for prognostic or risk factors and for factors that determine the treatment
decision. The inclusion and exclusion criteria that studies must meet to be included in the
study pool for confounder extraction should be closely aligned with the research question of
interest. For comparative observational studies, the extraction should account for all factors
used for adjustment in the statistical analyses, regardless of statistical significance. For RCTs
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or (depending on the data available) single-arm studies, the patient characteristics reported
in tables (“Table 1”) should be extracted.

For data extraction from primary publications, the use of an appropriate saturation criterion
is recommended to save resources, particularly when a large number of publications are
identified.

The second component for confounder identification involves conducting interviews with
clinical experts. Decision criteria for determining the number of interviews to be conducted
may include, for example, the therapeutic indication, the expected number and quality of
studies, or variability in disease progression. It can be assumed that in those therapeutic
indications where there may be a smaller number of publications available, the interviews will
be given greater weight. In principle, it should be transparently documented how many clinical
experts from which specialties were involved. The experts involved must be named, and any
potential conflicts of interest must be disclosed.

Step 2: Summarization

In the second step, after extracting all identified potential confounder variables from the
systematic literature review and the qualitative interviews with clinical experts, it is
recommended — where appropriate — to summarize confounder variables with overlapping
content. For each of the identified confounder variables, it must be verified whether it falls
within the scope of the research question of interest. If a variable is excluded from the list of
identified potential confounder variables, a literature-based justification must be provided. In
general, transparent and comprehensible documentation should be ensured when
summarizing potential confounder variables into potential confounders. For all identified
potential confounders, a suitable operationalization must be defined a priori. Although
potential confounders that are not measurable and/or cannot be operationalized cannot be
included in the analysis, they should nevertheless be identified and taken into account when
interpreting the results.

Step 3: Assessment of the relevance of potential confounders by clinical experts

In the third step, clinical experts conduct a quantitative assessment of the potential
confounders that have already been summarized to evaluate their relevance. An assessment
using a scoring system is recommended. The result of this assessment step can be used in the
data analysis for a content-based variable selection in cases where the statistical model does
not converge. In such cases, for example, the potential confounder with the lowest score is
the first to be excluded from the model.

In summary, the procedure for confounder identification developed in working paper GA23-
02 is considered feasible. However, the present investigations also underscore how resource-
intensive confounder identification is for non-randomized comparative studies. It is important
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at this point, however, to distinguish between (1) the resources required prior to RPDC (for
the identification and summarization of potential confounders) and (2) the total resources
required for the RPDC (which includes, among other things, the resources required for data
collection and documentation). It may be beneficial to invest more resources upfront in order
to reduce the overall resources required for the RPDC. In a next step, as part of the preparation
of working paper GA25-02 [40], it is examined whether further measures to reduce the
resources involved in the systematic identification and recording of confounders are possible
in order to increase the feasibility of the RPDC. In doing so, possible options for reducing
resources must be weighed against the associated loss of information and potential loss of
certainty of results.

5.3 Estimating the required sample size given insufficient prior information

The G-BA regularly commissions IQWiG to develop scientific concepts for RPDCs and their
analysis. These concepts should also describe the requirements regarding the duration and
scope of the respective data collection. The aim is to determine whether the planned RPDCiis,
in principle, feasible and can be carried out in a meaningful manner. Based on the available
findings regarding the drug under assessment and the comparator, as well as the number of
patients available in the respective therapeutic indication, an estimate is made as to whether
a sufficient number of patients or events (i.e., the required sample size or events) can be
included or observed within an acceptable timeframe to enable the RPDC to generate
informative results for a benefit assessment in principle [26,34].

It should be noted that, for this purpose, no sample size planning (as for a clinical trial) can be
carried out during concept development, as the necessary prior information is not available.
Sample size planning for an RCT is generally based on information from pilot studies or
comparative Phase Il studies, which allow for a relatively reliable determination of the
required sample size. However, a key criterion for requesting an RPDC is precisely that no
comparative data are available in the relevant therapeutic indication. Therefore, the concept
development aims rather to provide an assessment of the basic feasibility of an RPDC.
Depending on the information available at the time of concept development, the approach
taken involves either a preliminary sample size estimation or an exploratory analysis of sample
size scenarios.

The preliminary sample size estimation is explained in more detail as one of the approaches
in the following Section 5.3.1 (including a presentation of the fundamentals [parameters] of a
sample size estimation). A description of the exploratory analysis of sample size scenarios is
provided in Section 5.3.2. The classification of the two approaches is finally discussed in
Section 5.3.3.
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5.3.1 Fundamentals of sample size estimation

The goal of every study is to answer a scientific research question. Within the framework of
evidence-based medicine, the scientific research question is guided by the so-called PICO
framework (Population, Intervention, Comparison, Outcome). The study should thus enable
conclusions to be drawn regarding the comparison — e.g., of the benefit — of an intervention
with a comparator for a specific patient population. However, within the scope of a study, in
general the entire patient population of interest is not analysed; instead, a sample that is as
representative as possible is included, and the results are subsequently extrapolated to the
entire patient population.

A sample size calculation is performed to estimate how large this sample should be in order
to obtain informative results from a study. It serves to determine the necessary sample size.

Parameters for sample size estimation

To determine the required sample size, assumptions must be made regarding various
parameters. These are described below for the effect measure “relative risk” (RR). However,
similar considerations apply to other effect measures (such as the hazard ratio or the
standardized mean difference). The parameters include the expected effect size in RPDC, the
significance level (probability of error, also known as Type | error), and the power (1 - Type Il
error) [41] (see Figure 4). Here, the expected effect size in RPDC corresponds to the true
treatment effect plus a systematic bias caused by the non-randomized design (e.g., due to
unknown confounders).

Sample size
7 T \
EQ Power Significance level
§ E {1-Type Il error) Effect size (Type| error)
E&

Depending on the effect measure, additional parameters are included in the sample size estimation, such as
the baseline risk for the relative risk.

Figure 4: Required sample size (N) when the parameters expected effect size, significance
level (Type | error), and power (1 — Type Il error) are specified

By specifying the power, the significance level, the risk in the control group, the expected
effect in RPDC (RR1) and the distribution ratio of patients between the treatment groups
(intervention to comparator), the estimated required sample size is determined to infer a
statistically significant difference between the intervention and the comparator, taking into
account the shifted null hypothesis.
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One key criterion for initiating a comparative study is insufficient evidence for a new drug
compared to the standard treatment. RPDC therefore provides comparative data for the first
time. Against this backdrop, it may make sense in the RPDC context not to conduct a
comparative study solely with the aim of demonstrating a benefit of the new drug and to base
the sample size estimation on that goal. Instead, it is conceivable to base the estimation of the
required sample size on the fact that a selected propensity score method, while ensuring
adequate adjustment for confounders, yields usable results in the form of an effect estimate
with an associated 95% confidence interval (see also Section 5.7), regardless of whether a
benefit of the drug under assessment can be inferred when taking the shifted null hypothesis
into account. Under this premise, every result of RPDC represents a gain in knowledge.

Power and significance level

The assumptions for power (at least 80%) and the significance level (2.5% [one-sided test]) are
generally based on standard specifications.

Expected effect size

To answer with sufficient certainty the question of what magnitude the expected effect in the
RPDC (RR1) or the risk in the control group might be, prior information is required from existing
evidence on observed event rates both under treatment with the intervention and under
treatment with the comparators for a (patient-)relevant outcome with appropriate
operationalization in the patient population of interest.

In general, only (in some cases preliminary) data from non-comparative (single-arm) approval
studies are available for the drug for which an RPDC concept is being developed [42-44]. For
the comparators, study data from various sources (e.g., from publications or from
manufacturer dossiers) are used. Consequently, the information for the intervention and the
comparators is drawn from various studies; furthermore, the available information is usually
not very detailed, particularly regarding the description of the population of interest and/or
the intervention. Overall, it becomes clear that only very uncertain prior information is
available for sample size estimation within the RPDC framework. For this reason, sample size
estimation within the RPDC framework can, at best, serve as a guide.

Distribution ratio between treatment groups

Another parameter that must be considered when estimating the required sample size is the
distribution ratio of patients between the treatment groups to be compared, i.e., establishing
an assumption about how patients are likely to be distributed across the treatment groups.

In an RCT, the distribution ratio is predetermined by the randomization ratio specified in the
study protocol (e.g., in the form of an intervention-to-comparator ratio of 1:1 or 2:1). In the
RPDC context, where there is no active allocation to a treatment group due to the lack of
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randomization, it is necessary to estimate how the market share of the drug under assessment
will develop in the future (after market access). In practice, this depends on many different
factors. For example, if the new drug is associated with the promise of curing an otherwise
incurable disease or if the availability of effective alternative therapies is limited, patient
preference for this drug is expected to be very high. In extreme cases, this can even lead to a
situation where hardly any patients can be found for the control group of the RPDC.
Conversely, there may be situations in which patients’ conditions are well-managed with the
currently available treatment options, so that the new drug — especially if it involves an
entirely new therapeutic principle — gains acceptance only slowly and with delay.

It is difficult to estimate how the market share for a specific drug will develop at the time the
RPDC concept is developed, which usually occurs prior to approval. These comments make it
clear that the assumptions for a realistic distribution ratio in an RPDC procedure are very
uncertain. Therefore, during the concept development phase, various distribution ratios are
typically assumed to illustrate their impact on the required sample size. It should be noted
that the required sample size increases only slightly for distribution ratios beyond 5:1 or 1:5
[45-47], so that the distribution ratios presented in the RPDC concepts generally range
between 5:1 and 1:5.

Shifted null hypothesis

Another key aspect of sample size estimation in RPDC concerns uncertainty in the results due
to the non-randomized study design. It is undisputed that in RPDC, even with the most careful
analysis and compliance with extensive quality requirements, relevant uncertainties remain
due to the lack of randomization, as unknown confounders, among other factors, may play a
role [48]. To derive a conclusion regarding the benefit or harm of the drug under assessment
from a non-randomized comparative study, a sufficiently large observed effect is required,
which can be assumed not to be caused solely by systematic bias. In RPDC, this is to be
implemented statistically in the form of a test for a shifted null hypothesis (Ho). A (positive or
negative) conclusion regarding the benefit or harm of the drug under assessment is reached
when the confidence interval for the observed effect lies above or below a threshold to be
defined [49]. Various alternative methods, such as quantitative bias analysis, are proposed in
the literature [50]. These essentially follow a similar approach and share the common goal of
enabling conclusions about the certainty of the results from a non-randomized comparative
study.

There is currently no scientific standard for how high the threshold for the shifted null
hypothesis should be. Since the generation of routine practice data within the RPDC
framework requires compliance with considerable quality requirements as a prerequisite for
assessing effects, A19-43 [20] initially stipulated that this threshold should be clearly below
the value for a “dramatic effect” (RR of 5 to 10 [51]), e.g., in a range of 2 to 5 for the RR (or 0.2
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to 0.5, e.g., for mortality-reducing interventions) relative to the lower (or upper) confidence
interval limit.

Since the publication of A19-43 (in May 2020), there has been a growing awareness among
experts that high-quality data are indispensable for obtaining informative results from
observational studies [52]. A methodological advancement is the systematic identification of
confounders according to the procedure described by Pufulete 2022 [39]. Experience to date
with reviewing the study documents submitted by the drug manufacturers regarding their
suitability in terms of content and methods for RPDC conduct shows that it is possible to
successfully plan non-randomized comparative studies based on routine practice data that
address existing sources of systematic bias as effectively as possible.

In summary, it is undisputed that relevant uncertainties remain in a non-randomized
comparative study, which must be accounted for through appropriate measures —such as the
application of the shifted null hypothesis (Ho) in the RPDC. Nevertheless, in light of
methodological advancements, it seems appropriate to undertake, as a next step (outside the
scope of this report), a review of the threshold specified in A19-43.

To demonstrate the effects of the shifted null hypothesis on the sample size estimation, the
threshold specified in A19-43 is used in the following.

The starting point is the planning of a study to test the shifted hypotheses
Ho: RR £ RRovs. Hi: RR > RRo

based on the RR with the threshold RRo =2 (or Ho : RR = RRg vs. H1 : RR < RRg with the threshold
RRo = 0.5, e.g., for mortality-reducing interventions). A sample size estimation is then used to
determine the minimum number of patients or events (i.e., required sample size) that must
be included and observed in order to detect an expected effect size (RR1) in an RPDC. This is
achieved using a statistical test with shifted hypothesis boundaries (the thresholds described
above) at a given significance level (Type | error) and power (1 - Type |l error) [53]. As
schematically illustrated in Figure 5, the following scenarios, among others, may arise:
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Ho: null hypothesis; Hi: alternative hypothesis; Cl: confidence interval; Cli: lower limit of the confidence
interval; Clu: upper limit of the confidence interval; RR: relative risk; RRo: threshold (hypothesis boundary)
for the lower limit of the two-sided 95% confidence interval for the relative risk; RR1: expected relative risk

Figure 5: Scenarios for preliminary sample size estimation with a shifted null hypothesis
(RRo =2)

» [f the expected effect size (RR1) in RPDC clearly exceeds the threshold of 2, a relatively
small sample size or few events (and consequently minor precision [wide confidence
interval]) is sufficient for the 95% confidence interval for the RR to lie entirely above the
shifted hypothesis boundary (Scenario A).

= [f the expected effect size (RR1) only just exceeds the threshold of 2, a larger sample size
or many events (and consequently high precision [narrow confidence interval]) is
required for the 95% confidence interval for the RR to lie entirely above the shifted
hypothesis boundary (Scenario B).

5.3.2 No or insufficient prior information for preliminary estimates of the RPDC scope

For drugs for which IQWiG is commissioned to develop a scientific concept for RPDC and to
conduct analyses, the information required to estimate the effect size and baseline risk is
generally not available at the time the concept is developed, meaning that the prerequisites
for a preliminary sample size estimation are not met (see the following box).
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Example RPDC concept in which a preliminary sample size estimation was not reasonably
feasible due to insufficient prior information

On 1 February 2024, the G-BA commissioned IQWiG to develop a concept for an RPDC on
odronextamab for the treatment of adults with relapsed or refractory diffuse large B-cell
lymphoma (DLBCL) following at least two prior systemic therapies (RPDC concept A24-18 [54]).

As part of the concept development, two patient populations were considered in accordance
with the appropriate comparator therapy specified by the G-BA:

= Adults with relapsed or refractory DLBCL following at least two prior systemic therapies
for whom chimeric antigen receptor (CAR)-T cell therapy or stem cell transplantation is
an option (Question 1)

=  Adults with relapsed or refractory DLBCL following at least two prior systemic therapies
for whom CAR T-cell therapy and stem cell transplantation are not an option (Question
2)

Since the primary treatment goal in the therapeutic indication is to prolong overall survival,
the plan during concept development was to perform a preliminary sample size estimation
based on the outcome of overall survival for the comparison of odronextamab with the
comparators designated by the G-BA in each case.

For odronextamab, at the time the concept was developed (completed on 3 June 2024) — prior
to the drug’s approval in the European Union (22 August 2024) —only initial preliminary results
from the ongoing pivotal Phase 2 study ELM-2 were available in the form of a press release
[55]. For the comparators in the above-mentioned questions regarding odronextamab, either
final results from studies published in medical journals or a benefit assessment dossier in
accordance with §35a SGB V were available. However, data on overall survival were not
available for either odronextamab or the comparators specified by the G-BA for the two
research questions. However, due to the differing prognoses of the patient groups in the two
research questions (curative vs. palliative intent), only question-specific sample size
estimations allow for a meaningful assessment of the RPDC scope. For this reason, a
preliminary sample size estimation was not included in the RPDC concept A24-18.
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An overview of the concepts developed to date in RPDC procedures and the associated
addenda shows the following constellations in particular:

=  The new drug under assessment is often not yet approved at the time of concept
development. Since publications on the main results of the (pivotal) study are generally
not yet available in these cases, only preliminary, sometimes contradictory, results are
available for outcomes presented only selectively in conference abstracts or press
releases.

= The information on existing studies is not sufficiently detailed to assess whether patients
were treated with the comparators in accordance with the G-BA's requirements for the
appropriate comparator therapy (e.g., with regard to prior treatments).

=  Results from single arms of various studies must usually be used for the intervention and
the comparators. A review of the similarity of the studies (e.g., with regard to disease
severity) is not possible due to the lack of publicly available specific data relevant for
such a review.

= Differences between the studies available for the intervention and the comparators in
the operationalization of a patient-relevant outcome, on the basis of which a preliminary
sample size estimation is sought, lead to methodological uncertainties (e.g., regarding
the operationalization of bleeding events in the therapeutic indication of haemophilia).

*  When determining the appropriate comparator therapy (the comparators), the G-BA
may subdivide the patient population (e.g., based on suitability for a particular form of
therapy). Results differentiated by research question generally cannot be derived for the
intervention and the comparators from publicly available documents.

Based on the described data situations, it is evident that, in the context of developing RPDC
concepts, there are in many cases content and methodological problems with the approach
of a preliminary sample size estimation. The necessary information for the assumptions
underlying a preliminary sample size estimation is usually missing. Consequently, preliminary
sample size estimations have increasingly been omitted in recent RPDC procedures, as they
could not be meaningfully conducted.

Exploratory analysis of sample size scenarios

In order to be able to make statements regarding the scope of data collection even in cases
where a preliminary sample size estimation is not meaningfully possible, an exploratory
analysis of sample size scenarios is conducted. This essentially follows the principle of the
preliminary sample size estimation. However, the starting point for assessing the basic
feasibility of an RPDC is the number of patients potentially available in the relevant
therapeutic indication. This is because, in cases where a sufficient estimate of the expected
effect is not possible, the number of patients is generally the most reliable estimate available.
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To provide an exploratory analysis of sample size scenarios, the estimated number of patients
in the relevant therapeutic indication in Germany is first determined. This is based primarily —
where available — on previous G-BA decisions regarding early benefit assessments pursuant to
§35a SGB V in the relevant therapeutic indication. Alternatively, information on patient
numbers from available IQWiG reports is used to estimate patient numbers, with which the
Institute may be commissioned by the G-BA as part of the necessity evaluation for an RPDC
[26]. If neither G-BA decisions nor estimates of patient numbers are available, the number of
patients is estimated by IQWiG as part of the concept development. Unlike in the preliminary
sample size estimation, the number of patients available in the therapeutic indication is taken
as the basis for determining the detectable effect sizes. The procedure is explained in more
detail below.

Due to the uncertainty of the estimate, information on patient numbers is usually presented
as a range. This range is used to define a spectrum of different patient numbers that are
incorporated into further calculations. It is generally not possible to estimate how many
patients in the therapeutic indication are actually available for RPDC, as this is influenced by
various factors (including the willingness of centres and patients to participate).

In a second step, by specifying the patient numbers, the significance level (2.5% [one-sided
test]), and the power (at least 80%), the question is then answered as to which expected effect
sizes (RR1) can be detected based on the number of patients generally available for RPDC in
Germany within the relevant therapeutic indication (precision of the estimate) and taking into
account the risk of systematic bias due to the non-randomized comparison (shifted null
hypothesis) (see Figure 6).

T

7 | \
Power
(1-Type Il error)

Significance level

Sample size (Type | error)
(available number of patients)

1
g
=aT]
% E
=]

Lo
o
o oo

Figure 6: Detectable effect size when specifying the parameters sample size (N), significance
level (Type | error), and power (1 - Type |l error)

“Detectable” means that the 95% confidence interval estimated within the RPDC framework,
with 80% power for a given number of patients, lies completely above (RRo=2) or below (RRo
= 0.5) the shifted hypothesis boundary. This is illustrated by the following Figure 7.

Institute for Quality and Efficiency in Health Care (IQWiG) -21-



Extract of rapid report A25-13 Version 1.0

Generation and analysis of routine practice data for the benefit assessment of drugs 28 Oct 2025

Area of the shifted null hypothesis Area of the alternative hypothesis
(Ho) (Hy)
<] -
Area of the detectable
effect size (RR;) -
ch Cly,
I 8 I (1)
cl, Cly,
I = | (2)
cl, cly,
I 8 | (3)

RR<«1 RR
Minimal detectable effect size

(RRy)

Ho: null hypothesis; Hi: alternative hypothesis; Cli: lower limit of the confidence interval; Clu: upper limit of the
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sided 95% confidence interval for the relative risk; RR1: detectable relative risk

Figure 7: Detectable effect (effect measure: relative risk [RR1]) with shifted null hypothesis
(RRo= 2)

The point estimates of effects (2) and (3) correspond to the minimum detectable effect size
or lie beyond it. This means that effects of this magnitude observed in the study are
statistically significant with a power of 80% given a certain number of patients, whereas an
effect estimate of the magnitude of effect (1) is not.

In addition to the estimated number of patients, and provided that relevant data are available,
either the baseline risk under treatment with the intervention or that under treatment with
the comparators for a patient-relevant outcome is used as an anchor to illustrate a range of
possible scenarios within the therapeutic indication. Whether the baseline risk in the
intervention group or that in the control group is used depends on which of the treatments
has information available for the patient population of interest (see the following box).

Example of an addendum to an RPDC concept in which an exploratory analysis of various
sample size scenarios was conducted

Addendum A24-120 [56] to the aforementioned RPDC concept A24-18 on odronextamab is,
in accordance with the G-BA’s follow-up commission, limited to patients for whom CAR-T cell
therapy and stem cell transplantation are not an option (Question 2). For the patient
population in Question 2, there was insufficient information available at the time the follow-
up commission was processed to provide a preliminary sample size estimation (neither for
odronextamab nor for the comparators specified by the G-BA).

As was already the case during concept development, it was unclear:
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= what proportion of patients in each study is ineligible for CAR-T cell therapy and stem
cell transplantation,

= whether the respective proportions under odronextamab and the comparators are
comparable, and

= whether there are differences between the studies on odronextamab and the
comparators in the subpopulation of patients for whom CAR-T cell therapy and stem cell
transplantation are not an option, in terms of the number of prior lines of therapy and
thus the severity and progression of the disease.

To address the question of whether RPDC for odronextamab is fundamentally feasible, an
exploratory analysis of various sample size scenarios was conducted. The effects of an
outcome analysed using event time analyses are presented (effect measure: hazard ratio) —in
this case, the outcome of overall survival. These effects can be detected with a power of 80%
given the estimated patient numbers in the therapeutic indication (N = 500, N = 600, and N =
700) and a 1:1 allocation ratio (intervention to comparators).

To determine the effect detectable in RPDC (HR1), the available evidence for the control group
regarding the outcome of overall survival was used as an anchor. Based on the reviewed data,
proportions of deceased patients (hereinafter referred to as the “event rate”) of 70%, 82.5%,
and 95% were assumed for the control group (see “Classification of the exploratory analysis
of the sample size scenarios” below). For the intervention group, the resulting event rates of
5% to 65%, 5% to 80%, and 5% to 90% are presented.

The following Figure 8 shows the effect detectable in RPDC (with a power of 80%) with a range
of approximately HR; = 0.35 to HR1 = 0.40 in favour of odronextamab compared to the
comparators, using specified sample sizes as well as event rates in both treatment groups.
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Figure 8: Detectable effect (effect measure: hazard ratio [HR1]) as a function of sample size
and event rates in both treatment groups (intervention-to-comparator ratio of 1:1)

Classification of the exploratory analysis of the sample size scenarios

To classify the exploratory analysis of the sample size scenarios, the results for the outcome
of overall survival were described from the available studies on the intervention and the
comparators (including the comparators additionally designated by the G-BA for the follow-
up commission).

Data on the comparators

Regarding the comparators for Question 2 submitted by the G-BA for concept development,
published results on tafasitamab + lenalidomide [57] and the dossier on the benefit
assessment of polatuzumab vedotin [58] were available for the relevant therapeutic
indication.

For the 3 comparators glofitamab, epcoritamab, and loncastuximab tesirin, which are to be
additionally considered according to the G-BA’s commission, data on the outcome of overall
survival were available in the benefit assessment dossiers (glofitamab [59], epcoritamab [60],
and loncastuximab tesirin [61]).

After extrapolating the available data for all aforementioned comparators to the 36-month
period relevant for data collection [53], event rates ranging from 72% to 91% were obtained.
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Based on this, event rates between 70% and 95% were considered in the exploratory analysis
of sample size scenarios for the control group.

Data on odronextamab

For odronextamab, results from the two studies ELM-2 and ELM-1 were available in the
European Public Assessment Report (EPAR) [62]. After extrapolating the data to the 36-month
period relevant for data collection [53], event rates ranging from 83% to 96% were observed
with odronextamab. This range corresponds in part to the event rates used as event rates in
the intervention group for the exploratory analysis of possible sample size scenarios (see
Figure 8).

Uncertainties in the interpretability of the study results

Due to the uncertainties described above, which considerably limit the interpretability of the
results, the study results to date do not allow for a sufficient assessment of the effects that
would be necessary for a preliminary sample size estimation when comparing odronextamab
and the comparators. However, the data can serve as reference points for the event rates in
the control group in the presented exploratory analysis of sample size scenarios.

5.3.3 Decision-making for or against a preliminary sample size estimation

In summary, it is clear from the above descriptions that the approaches of preliminary sample
size estimation and the preliminary analysis of sample size scenarios essentially follow the
same principles and differ only in their starting point. Both approaches thus reflect different
variations of the same methods, one of which is applied depending on the available prior
information. This is illustrated by the following Figure 9.
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Figure 9: Approaches to assessing the feasibility of RPDC: (A) preliminary sample size
estimation and (B) exploratory analysis of sample size scenarios

In Figure 9, the content of Figure 4 and Figure 6 is compared. This comparison makes it clear
that the parameters under consideration are identical and that only the input and output
parameters (effect size and sample size) are swapped.

When developing an RPDC concept, a preliminary sample size estimation is always performed
whenever it is reasonably feasible. For this, the following conditions must be met:
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= The patient populations on which the evidence for the intervention and the comparator
is based are sufficiently similar and each corresponds to a sufficient extent to the
population of interest as defined by the research question.

= The intervention and the comparator are each applied in the studies in a manner
sufficiently consistent with the research question.

= The operationalizations of the outcome analysed are sufficiently comparable between
the evidence for the intervention and that for the comparator.

= The available information is sufficient to assess the aforementioned conditions.

When deciding for or against preliminary sample size estimation within the RPDC framework,
IQWIiG does not set any fixed limits. Whether a preliminary sample size estimation is
considered feasible and appropriate given a specific data set, or whether an exploratory
analysis of sample size scenarios is conducted, must be evaluated on a case-by-case basis. In
principle, however, it is important to note that even a preliminary sample size estimation can,
at best, provide only a rough estimate of the magnitude of the required sample size due to
the uncertainties described.

Ensuring sufficient recruitment of the study population

It is the responsibility of the drug manufacturer to recruit a sufficiently large number of
patients to demonstrate, with sufficient certainty within the RPDC framework, an existing
difference between the intervention and the comparators.

Particularly for rare diseases, it may be sensible and necessary to collect routine practice data
through international collaboration in order to recruit and observe a sufficient number of
patients within an acceptable timeframe to generate informative data for benefit assessments
pursuant to §35a SGB V [20]. In addition to data collection in an existing (generally suitable)
European or international (disease-specific) registry, data collection in a national registry can
also be supported by integrating additional (international) registries, supplemented as
necessary by study-specific collection of data not available in the registry.

In this context, the data collected in the respective registry must be suitable for benefit
assessments of drugs. This requires that

= the data meets the RPDC requirements in terms of scope and quality, and the analysis of
the data is conducted in accordance with these requirements, and

= healthcare provision in the countries where the data are collected is sufficiently similar
to that in Germany, or the findings derived from the respective registry are transferable
to the situation in Germany (German healthcare context).
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Final sample size estimation during the RPDC procedure

Regardless of the methodological approach chosen for concept development (preliminary
sample size estimation or exploratory analysis of sample size scenarios), the drug
manufacturer of the drug to be evaluated should carry out the (final) sample size estimation
for the RPDC at the time of the interim analyses based on the preliminary results available at
that time [63]. This approach is considered fundamentally appropriate, as the estimation of
the necessary sample size in RPDC —in contrast to clinical trials — is not performed with a view
to active recruitment. Instead, as many patients as possible from a registry population who
meet the RPDC inclusion criteria are included in the study after giving their consent. This is
also done against the backdrop that, depending on the selected propensity score method, a
relevant proportion of patients may not be included in the analysis. It is not possible to
estimate in advance how many patients will not be included in the analysis population.

5.4 Start of follow-up and treatment switching
5.4.1 Start of follow-up

As already explained in Section 5.1, choosing the correct starting point for the follow-up (index
date [t,]) is one of the key challenges in target-trial emulation. If t, is chosen incorrectly for a
comparison, this can lead to erroneous results and distort the conclusions drawn from them
[64]. The reason for this is what is known as time-related forms of bias. These include
immortal-time bias, time-lag bias as well as latency-time bias. Risks of time-related bias arise

when the elements of the study design associated with t, differ between treatment groups
[64]. Accordingly, it is crucial that the start of follow-up (t,), the assessment of eligibility, and
treatment allocation align [11]. To address this, various approaches exist, which are described
below.

Active-comparator new-user design

The study design considered the current standard in pharmacological research is the active-
comparator new-user (ACNU) design [1]. In the ACNU design, only patients who have an

indication for treatment switching (such as the initiation of a new line of therapy) are included
in a study. This approach is associated with a reduction in bias due to confounding and selection
bias. Another advantage of the design is that the time points for assessing eligibility, treatment
allocation, and the start of follow-up can be aligned, and the day of the treatment decision can
be defined as t, for both treatment groups. In cases where the treatment decision is not
documented, the best possible approximation should be used. What constitutes the best
possible approximation depends on the specific treatment situation. If treatment is typically
initiated shortly after the treatment decision, the date of treatment initiation may be considered
an adequate approximation. If mandatory preparatory steps are required before treatment
begins (such as the preparation of CAR-T cell therapy), a time point should be selected that is as
close as possible to the time of the treatment decision. The study protocol should specify how
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to handle situations where the “t,” differs from the time of the treatment decision. Potential
discrepancies should be transparently presented in the results.

Prevalent new-user design

The prevalent new-user design (PNU) design is suitable for situations in which patients either

remain on an established standard treatment (e.g., for haemophilia A and B) or can switch to
a new drug. In this design, both treatment-naive patients and patients already treated with
the comparator are included. Thus, 3 different patient populations can be included in the
comparison of 2 treatment groups:

1) Patients who begin treatment with the intervention and were previously treatment-
naive (with respect to both the intervention and the comparator) (new user)

2) Patients switching from the comparator to the intervention (prevalent new users) as
well as

3) Patients who continue their treatment with the comparator.

Since it is assumed that prior treatments are associated with the respective outcome of
interest, the PNU design can lead to time-related bias [65]. Thus, within the PNU design, both
the choice of t, and exposure to prior treatment(s) (e.g., in terms of treatment duration
and/or number of prescriptions) must essentially be considered as confounders [66].

Various options for selecting the start time of follow-up (index date [t,])

As a naive approach, the time of inclusion in the study can be set as t, for both treatment
groups. However, since this approach leads to a biased estimate of the treatment effect due
to immortal-time bias [64], this approach is generally not recommended.

Another option is to define the day the treatment decision is made as t, for the intervention
group, whereas the time of enrolment in the study is used for the control group [64,67]. This
approach can lead to time-lag bias and latency-time bias, particularly when the incidence of
the event of interest decreases over time, causing early events in the control group to carry
greater weight in the comparison [64].

One possible solution is to conduct sensitivity analyses in which, for example, patients with
events occurring early in the study are excluded from the analysis [64]. A similar
recommendation can be found in addendum A23-99 to the RPDC concept A22-83 regarding
etranacogene dezaparvovec for the therapeutic indication of haemophilia B (review of the
study protocol and SAP [Version 1.0] [68]). Since potential time-related bias could not be ruled
out, addendum A23-99 described the necessity of sensitivity analyses (in addition to the
choice of t, proposed above). These analyses should adjust for the time patients spent under
treatment with the comparator (see below for the procedure according to Suissa 2017 [21]).
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Furthermore, it is conceivable to define the day of the treatment decision as t, for the
intervention group, while for the control group, a random specification based on visit times
(e.g., hospital visits) following inclusion in the study could be used [64]. Since it is unclear to
what extent such an approach adjusts for time-related bias, this is generally not
recommended.

A PNU approach that accounts for the time patients spent under prior treatment with the
comparator was proposed by Suissa in 2017 [21]. The procedure is carried out step-by-step as
follows:

= Step 1: A baseline population is formed that meets the study’s inclusion and exclusion
criteria. For all patients in this baseline population, the assumption of positivity applies.

= Step 2: An exposure set is formed for each patient who switched from the comparator
to the intervention. For this purpose, the respective exposure to the comparator (e.g.,
time on comparator therapy or number of prescriptions since the start of comparator
therapy) is used for each patient at the time of switching. The set then includes all
patients in the control group with similar exposure to the comparator at that time
[21,69].

= Step 3:In the PNU design, the propensity score is defined as the probability that a
patient will switch from the comparator to the intervention. A time-dependent
propensity score is calculated. The calculation can be performed using a time-dependent
Cox proportional hazards model or an equivalent conditional logistic regression model,
in each case taking all patients into account. (The literature describes an additional
approach in which the time-dependent propensity score model is adjusted separately
for treatment-naive and pretreated patients [70]).

= Step 4: Pairing is performed within an exposure set (each treatment switcher is matched
with the control group patient who is most similar to the switcher in terms of the time-
dependent propensity score).

= Steps 1to4resultina(matched) analysis population. The t, for each pair is the day of
the decision to begin treatment with the intervention (e.g., initial prescription of the
intervention). To avoid selection bias, Suissa 2017 [21] recommend a chronological and
systematic allocation without replacement using nearest-neighbour matchingin a 1:1
ratio. Depending on the data situation (e.g., a small number of patients continuing
treatment with the comparator), other matching methods and allocation schemes (1:n
matching, with replacement) may be selected [70].

The approach proposed by Suissa in 2017 can be modified in various ways. If patients who
switch (immediately or after a delay) from the comparator to the intervention differ in terms
of their prior treatment(s), methods should be chosen that take into account additional
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characteristics of these prior treatment(s) through matching, stratification, or adjustment for
confounders [66]. This can be done equally during the definition and formation of the
exposure set [70], but potentially leads to smaller and thus more restrictive exposure sets.

A further modification was made by Yang 2022 [15]. To balance the two treatment groups
with respect to all potential prior treatments, the approach by Suissa 2017 is extended by one
selection step in the form of calculating medication possession ratios (MPRs) followed by

matching. In the data example used by Yang 2022, however, this approach led to a substantial
reduction in sample size, particularly in the control group, which can cause problems in
therapeutic indications with already small patient populations.

The method according to Suissa 2017 (including the aforementioned modifications) entails
various requirements for data collection. When forming exposure sets, the following
verification steps must be observed [21]:

1) Within an exposure set, positivity must be verified and present for all patients.

2) All patients in the exposure set must meet the study’s inclusion and exclusion criteria.
For patients who switch from the comparator to the intervention during the RPDC
procedure, the inclusion and exclusion criteria are re-evaluated at the time of switching.
Patients who no longer fully meet the inclusion and exclusion criteria at that time may
still potentially be included in the analysis population as matching partners of the
control group.

3) For all patients who are included in an exposure set from the control group, a new
baseline assessment must be conducted within a previously defined assessment
window.

The aforementioned verification steps involve both a complex assessment of the patients’
actual eligibility and a high data collection burden. This must be taken into account when
planning an RPDC.

In addition, methods without time-dependent propensity scores are being discussed.
Webster-Clark 2022 [65] examine different methods in a simulation study using very large
datasets. These include a method using standardized morbidity (or mortality) ratio weighting

(SMRW) and a method using disease risk scores (DRS). Compared to the method described by

Suissa 2017 [21], these methods involve fewer resources for data collection. Both methods
yield precise estimates with minimal computational resources. However, since the simulations
are based on very large sample sizes, it is unclear whether the methods mentioned will be
suitable for use within the RPDC framework, as relatively small patient populations are
expected here.
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Another approach involves creating clones of the patients [64]. In this method, two clones
(copies) are created for each patient; one is allocated to the intervention group and the other
to the control group. One of the clones is then censored if it no longer meets the definition of
the allocated group. Since this artificial censoring leads to selection bias (informative
censoring), the “inverse probability of censoring weighting” (IPCW) method is additionally
used in this approach [71] (for an explanation of IPCW, see GA14-04 [72]).

Classification and recommendation

To reduce time-related bias in the analysis of routine practice data (and thus also data from
RPDC), the appropriate selection of t; is of great importance. Depending on the therapeutic
indication, determining t, poses a particular challenge. If patients in both groups begin
treatment with a new treatment (or treatment line), the ACNU design can be used in a study.
In this case, t, ideally corresponds to the day the treatment decision was made.

In a treatment situation where patients can either continue treatment with an established
standard of care or switch to a new drug, the ACNU design may reach its limits. In such cases,
the PNU design offers a suitable alternative. With this design, there is no gold standard for
determining t,. The approach according to Suissa 2017 [21] using matching (systematic,
without replacement), according to Yang 2022 [15] using SMR and DRS (described in Webster-
Clark 2022 [65]), and the formation of clones [64] are discussed as approaches to reducing
time-related bias. The aforementioned methods represent a way to approximate the
structural equivalence of the treatment groups required for the comparison of interest [64].
When using a PNU design, it should be ensured that prior treatment(s) are adequately
accounted for through the selection of appropriate methods. A prerequisite is that the
completeness and accuracy of the data on prior treatments in the respective registry are
ensured. To verify the robustness of the respective effect estimate, further methods described
above should be used to conduct sensitivity analyses.

5.4.2 Treatment switching

Allocation to treatment groups

In comparative studies (with or without randomization), patients have the option to switch
from one treatment to another as needed. This process is referred to as “treatment
switching.” It may occur for several reasons, such as because a patient does not respond to
the study treatment administered at the start of follow-up or experiences disease progression
despite the treatment [72].

The term “treatment switching” can refer to switching from the comparator to the
intervention, switching from the intervention to the comparator, or switching from the study
treatment to a treatment outside the protocol-specified study treatment [73,74]. This rapid
report exclusively considers switching from the intervention to the comparator (Scenario A)
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and switching from the comparator to the intervention (Scenario B). Depending on the
scenario, different consequences typically arise:

= Scenario A: In RPDC, switching from the intervention to the comparator generally
corresponds to switching to a widely accepted treatment that conforms to the medical
standard. Switching is thus part of a treatment strategy consistent with normal clinical
practice. In such a situation, despite switching occurring during the course of follow-up,
an unbiased estimate of the treatment effect is possible [74].

= Scenario B: Switching from the comparator to the intervention is unproblematic if the
intervention constitutes an adequate follow-up therapy within the treatment strategy
(this applies, for example, if the intervention has already been approved at an earlier
stage for use in a subsequent line of therapy). However, this scenario is unlikely to occur
in the RPDC context. In all other cases, switching from the comparator to the
intervention can lead to biased results, and it must be demonstrated that the results are
transferable to the research question of the RPDC procedure.

Regardless of treatment switching, for benefit assessments of drugs, analyses are primarily
required in accordance with the treatment policy strategy (i.e., an estimate of the effect for
the entire treatment strategy) and the intention-to-treat (ITT) principle [8,34]. To investigate
a potentially confounding influence of switching on the ITT analysis when using survival time
methods, sensitivity analyses can be conducted in which patients who switch from the control
group to the intervention group are censored at the time of switching (per-protocol analyses).
However, in the presence of confounding factors that influence both survival and the
mechanism of treatment switching, this approach leads to informative censoring (i.e.,
censoring is not independent of the analysed outcome and the treatment group, but depends
on patient/treatment characteristics, e.g., end of follow-up after progression). Since survival
time analyses (e.g., the Cox proportional hazards model) require non-informative censoring,
the approach of censoring patients who switch treatments at the time of switching leads to
potentially biased effect estimates [72,74].

Furthermore, to account for treatment switching, more complex methods for estimating the
treatment effect based on parametric models of the censoring mechanism are also used (e.g.,
IPCW). However, the application of these more complex methods is subject to a number of
prerequisites and assumptions that, in practice, are generally not verifiable [72]. For this
reason, results from such analyses should be presented as a supplement to the ITT analysis.
Regardless of which methods are planned to account for treatment switching in a target trial,
corresponding statistical procedures based on routine practice data are only appropriate if
the registry dataset contains the necessary data (particularly regarding potential confounders)
[75].
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Special situations in the analysis of routine practice data

The G-BA frequently requires RPDCs for drugs for rare diseases (orphan drugs). This inherently
results in small patient numbers. In addition, there are other special circumstances that make
it difficult to recruit a sufficient number of patients for RPDC procedures for new drugs, such
as minor utilization of gene therapies for the therapeutic indication of haemophilia (due,
among other things, to delayed development of suitable reimbursement models [76]).

The following describes a pragmatic approach that can be adopted to include as many patients
as possible receiving the treatment of interest (in terms of the feasibility of an RPDC) in the
analysis. Furthermore, the handling of bridging therapies (i.e., therapies administered after
treatment allocation but before the intervention of interest) is explained.

Allocation to treatment groups depending on the follow-up period under treatment with
the comparator

As already explained above, the analysis of study results in the context of benefit assessments
is generally conducted as an ITT analysis. This requires that all patients, regardless of any
treatment switching during follow-up, be analysed according to their original group allocation.
To counteract the problem of sometimes very small patient numbers in the intervention group
(e.g., due to recruitment problems), it is conceivable, when conducting comparative studies
to generate routine practice data, to allocate patients to treatment groups based on the
duration of their follow-up period while receiving treatment with the comparator
(corresponding to the time from the start of follow-up [t,] until treatment switching).

The therapeutic indication of haemophilia can serve as an example to illustrate this approach,
as only a few patients have been treated with gene therapy to date [76]. According to the
information in the study documents of the RPDC regarding etranacogene dezaparvovec for
haemophilia B, the following is planned [77,78]:

=  Patients who have already been followed for > 2 years while on treatment with the
comparator (out of a planned 3-year follow-up period), so that informative data for the
control group are already available, and only then switch to treatment with
etranacogene dezaparvovec, remain (in accordance with the ITT principle) in the control
group, are followed until the end of the study, and are analysed in this group. To
investigate the effect of etranacogene dezaparvovec in the control group, sensitivity
analyses are conducted in which patients who switch to etranacogene dezaparvovec in
the control group and are not allocated to the intervention group in the primary analysis
are censored at the time of switching.

=  Patients who switch to treatment with etranacogene dezaparvovec after a shorter
period (< 2 years) and for whom an adequate follow-up period under treatment with
etranacogene dezaparvovec is still expected, on the other hand, are to be analysed in
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the intervention group. For these patients, the time of treatment switching is used as
the start of follow-up (index date [t 1), and baseline characteristics are documented
again. The follow-up period for these patients under treatment with the comparator is
not included in the analysis.

Handling of bridge therapies

In cases where a treatment option is not immediately available or immediately effective
following the treatment decision, the use of a bridging therapy may be indicated for disease
control. In previous RPDC procedures, bridging therapies have played a role in the following
scenarios:

= B-cell neoplasms: Use of antitumour therapy between the extraction of T-cells via
leukapheresis to bridge the waiting period until CAR-T cells are available [79]

= Spinal muscular atrophy: Pretreatment with nusinersen or risdiplam until the planned
gene therapy is administered (with a prespecified clear limit defining the duration up to
which bridging therapy is considered as such) [80,81]

* Haemophilia: Haemostatic support with exogenous human factor VIII / factor IX
following infusion of the planned gene therapy to ensure an adequate supply of factor
VIl / factor IX in the first weeks after treatment [77]

Bridging therapy should be viewed as part of the treatment strategy [82]. A key factor in the
appropriate management of bridge therapies is that the date of the decision regarding the
originally planned treatment (e.g., the date the decision to proceed with CAR-T cell therapy is
made by the Tumour Board) is designated as t, in accordance with the concept of target trial
emulation. This means that follow-up begins as of t; and that all events of interest occurring
during treatment with the bridging therapy are also included in the analyses in accordance
with the ITT principle. The reason for the use of a bridging therapy and the type of bridging
therapy must be documented.

5.5 Patient-reported outcomes

The benefit of a drug, as defined by the Ordinance for the Benefit Assessment of Medicinal
Products?, is the patient-relevant therapeutic effect, including improvements in health status
(symptoms) or quality of life [83]. To close existing gaps in the evidence for a new drug,
including within RPDCs, the G-BA therefore routinely requires the recording of outcomes
related to symptoms and health-related quality of life. These outcomes are typically assessed
using PROs.

3 “Arzneimittel-Nutzenbewertungsverordnung”
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Requirements for PRO assessment instruments

For PRO assessment, instruments that have been developed and validated in accordance with
established standards should be used [84]. Where possible, disease-specific instruments for
collecting data on symptoms or health-related quality of life should be preferred over generic
instruments.

Major challenges in collecting PRO data in routine clinical practice

Since PRO data are collected in RPDC for the purpose of benefit assessments, they must meet
certain quality requirements to yield interpretable results. It should be noted that data in the
RPDC context are collected in routine clinical practice. Consequently, the conditions for data
collection differ significantly from those in a clinical trial. For example, patient visits occur less
regularly, and patient care may take place at different levels of care (e.g., primary care and
care in specialized centres). The following section outlines ways to successfully collect PRO
data as efficiently as possible under these conditions. Information on approaches to avoid
missing values, particularly in PRO data collection, with the aim of ensuring high data quality,
can be found in Section 5.6.1.

Previous experience with PRO data collection as part of RPDC

When developing an RPDC concept, it is routinely assessed whether the relevant registry has
the capability to collect PRO data. To date, experiences have shown a mixed picture. In
addition to registries in which PRO data are not collected and there are no plans to do so,
there are those in which PRO data are included in the regular dataset or are collected via
additional modules. In some cases, solutions were found specifically for RPDCs required by
the G-BA to enable the collection of PRO data. Examples of this include:

= In the RPDC procedure for brexucabtagen autoleucel for relapsed or refractory mantle
cell ymphoma, PRO data collection is not directly integrated into the (primary) European
Mantle Cell Lymphoma (EMCL) Registry, but rather an external institute has been
commissioned to collect the data. For this purpose, a trust office and central PRO unit
(based at the Institute for Medical Biometry, Epidemiology, and Information [IMBEI] at
Mainz University Medical Centre) has been established [85,86]. This approach reduces
the administrative burden on the registry, and the collection of PRO data is no longer
necessarily tied to a visit at the treatment centre. Since the questionnaires in the RPDC
are sent and received by mail (with reminders by mail and, if necessary, by phone in the
event of a missing response), the potential associated with digital PRO data collection
cannot be fully realized (e.g., the questionnaires completed by patients must first be
entered into a database by the PRO Unit) [86]. Furthermore, the treating centres are not
informed of the results of the respective PRO survey [85], even though the positive
impact of using PRO data in routine care is well proven in studies (see below).
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* In the German Haemophilia Registry (DHR), PRO data are not routinely collected in the
dataset. In the RPDC procedure for valoctocogene roxaparvovec (indication: haemophilia
A) and etranacogene dezaparvovec (indication: haemophilia B), exclusively for this
procedure, the collection of PRO data was established in an external module [87,88].
The function for completing the patient questionnaires is activated following online
training provided by the DHR office. Patients are provided with a (patient-specific)
generated link or QR code on the day they consent to the RPDC to complete the
guestionnaire. The same link or QR code is used for each questionnaire (data collection
every 3 months) throughout the entire duration of the RPDC. Centres can view their
patients’ completed PROs in the DHR database (with status [e.g., “due” or “survey
interrupted”]). If, in exceptional cases, a questionnaire in a follow-up survey is
completed on paper rather than electronically, the centre can enter the data from the
paper questionnaire into the database [88].

PRO data collection using digital applications

A trend toward the digital collection of PRO data is emerging in the generation of routine
practice data (in registries and pilot projects within routine practice care) [89,90]. In routine
clinical practice, digital data collection via an app and/or a patient portal enables a low-
threshold survey that helps structure the doctor-patient dialogue, independent of in-person
visits [91,92]. Another advantage of digital data collection is seen in the reduction of the
potential burden on patients associated with PRO measurement [91] (e.g., completed paper
questionnaires do not need to be mailed). Illustrative examples of successful digital
applications in registries can be found in Appendix A.

Data collection time points and tolerance windows

To generate informative results in terms of data on the course of the disease under treatment,
uniform data collection time points are necessary for both treatment groups. This is
particularly important when therapies that largely differ in their application are compared
(e.g., CAR-T cell therapy vs. chemotherapy). Data collection should take place several times a
year at standardized intervals and at defined time points [91,93]. In this context, a frequency
of data collection adjusted over the course of the study should be selected (with narrower
intervals at the beginning and wider intervals later on) to reduce the burden caused by
frequent data collection [91]. A low-threshold yet standardized collection of PRO data within
the RPDC framework can be achieved through the use of digital tools.

For the data collection time points of PROs, appropriate tolerance windows should be pre-
specified in the RPDC study documents; these windows should not overlap and should allow
for a meaningful allocation to a specific data collection time point. It can be assumed that
returns of the PRO questionnaires are generally received closer to a specified data collection
time point. For this reason, it may be advisable to select asymmetric tolerance windows that
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include a shorter time window before the planned data collection time point (e.g., 2 weeks)
and a longer post-data collection window (e.g., 4 to 6 weeks) (project A24-38, RPDC on
etranacogene dezaparvovec [haemophilia B]: 3" addendum to commission A22-83 [94]).

Usability of digitally collected PRO data in routine clinical practice (also outside of RPDC)

Digital tools can play a central role in clinical settings (in contrast to paper-based surveys sent
by mail or email) through the digital transmission of PROs and their development over time.
Reasons for this include:

= Retrieving real-time data enables symptom tracking of patients. When clinically relevant
thresholds are exceeded, an alarm is triggered at the treating centre (early warning
system). As a result, treatment adjustments can be initiated early, or patients can be
advised by phone or invited to an appointment [90,95].

= Insights from existing PRO data (e.g., retrieved from daily updated dashboards) can be
used in patient counselling and for shared decision-making [90,95,96].

=  For specific oncological entities, it has been demonstrated that medical care that
integrates patient-reported data throughout the course of treatment is superior to care
without such information [97-103]. Among these, two studies examined the effect of
incorporating digitally transmitted PRO data into routine care (in the form of symptom
monitoring) on overall survival. For this outcome, a statistically significant difference was
observed in each case, favouring the use of PROs for symptom monitoring over standard
care [100,103].

The integration of digitally recorded PRO data into electronic case or patient records, including
adequate graphical presentation for rapid data capture, is cited as a key factor for more
frequent use of the data in daily clinical practice, as this can minimize the preparatory
workload for the treating staff [90].

Easy-to-use, efficient digital solutions help minimize the very high personnel and logistical
costs in treatment centres — which pose a major challenge, for example, if paper-based
surveys are used — through the automated sending of invitations to complete questionnaires
(with reminders for missing responses) and the automated collection, entry, and analysis of
PRO data [86,104].

At the patient level, successful collection of PRO data requires that the process be as low-
burden and as integrated into treatment as possible (see Section 5.6.1). To ensure that the
resources invested are proportionate to the benefits, the use of electronic PROs is
recommended whenever possible [91,92,105-107]. Other data collection methods (such as by
telephone or on paper) are discussed only as a supplement for patients who would otherwise
be difficult to reach [92,105,106,108,109].
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An overall review of the literature screened indicates that the collection of PRO data is
fundamentally feasible and meaningful in routine clinical practice. Digital collection of PRO
data offers the possibility of making these data available in a practical manner and without
major obstacles for studies based on routine practice data (and thus also for RPDC).

5.6 Missing values
5.6.1 Measures to prevent missing values

Missing values in scientific studies are associated with a loss of information and, if these missing
values do not result from a random mechanism, with the risk of bias in the study results [16]. If
necessary, statistical methods (imputation strategies) are required to adequately handle missing
values. The validity of all methods decreases with an increasing proportion of missing values and
depends on the plausibility of the underlying assumptions regarding why a missing value occurs.
However, these assumptions are generally not verifiable for the selection of appropriate
methods for handling missing values. Missing values generally cannot be completely avoided in
studies. However, in order to draw sufficiently reliable conclusions about the benefits and harms
of the drugs under assessment — both under routine care conditions and with regard to the
specific research questions of the benefit assessment — measures to keep the proportion of
missing values to a minimum are therefore both sensible and necessary.

The causes of missing values in data collection from a registry can be categorized thematically
into the following 3 areas:

" registry structure,
®= motivation of the centres (medical staff) to collect and transmit data, and

= willingness of patients to make their data available to the registry.

Feedback from registry operators in A19-43

A19-43 listed factors that are particularly conducive and particularly hindering to the
establishment and operation of registries. In the interviews conducted with registry operators
to identify these factors, the following approaches were mentioned that suggest a way to
minimize incomplete data [20]:

=  Establishment of electronic interfaces for automated data transfer from (external) data
sources, e.g., from hospital information systems (HIS), practice management systems, or
death registries (standardization of IT infrastructure)

= Ensuring semantic interoperability through the use of uniform data standards
(harmonization of coding systems)

=  Establishment of standardized communication channels between registry operators and
participating centres (centre support)
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= Regular training for data collection staff; if necessary, deployment of specially trained
specialists (professional support for on-site data collection)

= Establishment of a feedback system to participating centres (usability of facility-specific
data from the registry, e.g., to illustrate temporal trends or for benchmarking)

=  Provision of data for research purposes and involvement of the centres (medical staff) in
scientific publications

Additional measures identified

Building on the discussions in A19-43, further approaches should be identified to minimize the
proportion of missing values in RPDC as much as possible. To this end, the results of previous
reviews of study protocols and SAPs for RPDCs required by the G-BA, as well as the literature
searched for in the context of this report, were examined. Additionally, comments by external
experts regarding measures that have proven effective in registry practice were incorporated.
The following approaches offer potential for increasing the completeness of the data sets:

Registry structure

= High data quality is associated with a large amount of resources required for data entry.
Due to the already limited resources available for healthcare, high data quality can only
be achieved on a broad scale if data collection in a registry — which must be managed by
the centres alongside their daily clinical work — can be carried out as efficiently as
possible. To achieve this, it is necessary to limit data collection to those data that align
with the registry’s objectives and are relevant to answering the research questions of a
registry study. An easy-to-use, user-friendly software solution can support data entry
and data transmission (software ergonomics) [110,111].

= |n order to maintain and provide high-quality health data from routine clinical practice in
a practical manner and without major obstacles, a permanently available and
continuously maintained data infrastructure and documentation must be established in
the registries with adequate personnel and financial resources. The establishment and
maintenance of this infrastructure could be supported by the drug manufacturers that
wish to access the data for conducting registry-based studies.

= A systematic, risk-based monitoring strategy, in which centralized monitoring (including
guery management) is supplemented by monitoring measures at centres with anomalies
(targeted on-site monitoring), is considered an appropriate measure for improving the
completeness of data sets [112,113]. Given the significant resource requirements
associated with monitoring measures, initial positive experiences have been reported
with the use of an automated monitoring system (IT-supported review [missing data
analyses] with a query system) [114].
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Maintaining the motivation of participating centres and patients

In addition to the information provided in A19-43, the following factors were identified as

conducive to maintaining the motivation of the centres and patients participating in the

registry for as long as possible:

Centres

One potential incentive for ensuring the long-term usability of registry data is the
visibility of high-quality care to a broader public, which arises from the transparency of
the results achieved. Facility-specific data from the registry can be used for awards
(certificates) or the certification of participating centres and (at the aggregate level) for
public reporting (to communicate with the professional community) [90,95,111,115].

Promoting network formation within a registry (registry community) and the exchange
of knowledge to further develop expertise (e.g., in the form of regular meetings to share
best practices) can contribute to increased willingness among medical staff to
participate [96,111,115].

Participating centres can be compensated for the invested resources, e.g., based on the
quality of the collected data [111,115,116].

One approach to raising awareness of data collection among medical staff involves
promoting the integration of data into routine clinical practice and decision-making
through the retrieval of real-time data (e.g., via an IT platform or the electronic health
record [case file]) [117-123]. Dedicated teams, targeted training programmes, and
graphical presentation of the data for rapid capture and minimization of resources
required (through automated provision of the analysis) can support the transition
toward use in routine clinical practice [90,95]. The immediate visibility of the benefits of
the collected data provides an incentive to make it available in full and in high quality
(see also Section 5.5).

Patients

Incorporating patients’ interests into the organization of a registry through patient
representatives ensures that the collected data are relevant to patients and that
participation in the registry is perceived as meaningful (participatory approach)
[115,124,125].

Patients must be informed about the benefits of data collection (including patient-
reported data) for the quality of their care and for their health. An appropriate selection
of instruments for collecting PRO data (based on relevance to patients), a selection of
PRO instruments that are as short as possible, direct feedback on digital data entries,
and the use of data for immediate treatment guidance or symptom management are
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frequently cited success factors (in the sense of added value for individual patient care)
[17,90,126,127].

= Presenting and communicating registry results in a way that is understandable to the
general public, tailoring patient information to the target audience, and ongoing press
and public relations efforts (e.g., through an informative website or newsletter) have a
positive impact on willingness to participate [110,111,124,126].

= By creating a specific access point (e.g., via an IT platform [dashboard] or via an app on a
smartphone/tablet), the data stored in the registry can directly be made accessible to
patients in a personalized, patient-friendly, and explanatory format (individual progress
data or data compared with a peer group) to encourage their engagement
[90,117,119,121,125,126,128-131].

= Using a platform that offers the opportunity to access additional information about the
condition or self-management and to connect with others can provide patients with an
additional motivational incentive (access to information and opportunities for exchange)
[119,121,126,128,132].

= |n addition to non-material incentives (such as the provision of registry data), patients
find incentives in the form of financial rewards (gift vouchers) or material gifts
motivating [115,128,133].

Recommendations for avoiding missing values in the RPDC context

Not all of the above-mentioned measures to prevent missing values can be implemented by
(individual) drug manufacturers under the current RPDC framework conditions. This includes,
for example, the establishment of electronic interfaces for automated data transfer from
(external) data sources. However, ensuring the implementation of some of the measures
mentioned falls within the responsibility of the respective drug manufacturer. In the RPDC
context, the implementation of the following measures, among others, is considered feasible:

= Limiting data collection to those data relevant to answering the research question of the
RPDC procedure

= |mplementing a suitable monitoring strategy, if necessary using an automated
monitoring system

= Compensating the participating centres for the invested resources (e.g., based on the
quality of the collected data)

=  Providing (regular) training for teams at treatment centres (with regard to data
collection and the active application of PRO results in clinical practice)

= Informing patients about the benefits of data collection (including patient-reported
data)
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= Selecting appropriate PRO instruments (including considerations regarding
guestionnaire length and the relevance of the questions)

= Informing patients directly about the data stored about them in the registry, in a
personalized, patient-friendly, and explanatory format

= Use incentives in the form of financial rewards, such as gift vouchers, or material gifts for
patients

5.6.2 Methodological handling of missing values in the context of propensity score
analyses

5.6.2.1 Identification and discussion of suitable statistical methods

Propensity score methods are complex. Starting with the choice of the estimand (average
treatment effect in the population (ATE) or average treatment effect on the treated (ATT)), it
is necessary, on the one hand, to appropriately identify and select confounders (see Section
5.2). On the other hand, a decision must be made on both a method for handling missing

values and a specific propensity score method (matching, weighting [e.g., with inverse
probability of treatment weighting, IPTW], stratification, or regression adjustment).

In clinical research, the problem of missing values arises regularly, for example with outcomes
or with other variables such as baseline characteristics (see Table 2).

Table 2: Pattern of observed values for N individuals at the outcome and in confounders L1
through L7

Subjects Treatment Outcome L1 (L2 | L3 | L4 | L5 | L6 | L7 |Percentage of
missing values
per person

1 Intervention ] [ o o o

2 Intervention o o &6 6 0 o6 o o

3 Comparator o ®

4 Intervention o [ o o (]

5 Comparator o o e | o )

N Comparator o e o o )

Proportion of

missing values per

outcome or

confounder

@ Observed value

From Table 2, it becomes clear that different perspectives can be taken when considering
missing values. In addition to the proportion of variables with missing values per patient, one
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can also consider the proportion of patients with missing values per variable or the proportion
of the total data volume that ideally should have been collected. To outline the pattern of
missing values in a dataset, 3 mechanisms are distinguished:

=  Missing completely at random (MCAR): The probability of a value being missing is

independent of other observed values for a person (e.g., covariates or values at earlier
time points) and the unobserved, missing value itself. Such missing values generally do
not lead to biased results. However, the precision of the effect estimates is reduced [16].
The MCAR assumption is the strongest of the 3 assumptions, under which relatively
simple methods of data analysis can be applied.

=  Missing at random (MAR): Taking a person’s observed values into account, the

probability of a value being missing does not depend on the missing value itself. Such
missing values lead to biased results if this dependency is not accounted for in the
analysis [16]. If information on other values for the individual (e.g., covariates or values
from earlier time points) is available, this information can be used to handle missing
values.

=  Missing not at random (MNAR): The probability of a value being missing depends on the

missing value itself, and this dependency does not disappear even when the person’s
observed values are taken into account. Such missing values lead to biased results. This
bias cannot be corrected either, since the mechanism of missing values depends on
unobserved values [16]. To handle missing values under the MNAR assumption,
extensive distribution assumptions regarding the relationship between the missing value
and other observed values are necessary.

In general, it is not possible to rule out the MAR and MINAR assumptions using statistical
analyses. However, ignoring MAR and MNAR leads to biased results.

Models for estimating propensity scores using logistic regression require complete data for all
potentially relevant confounders, meaning that patients with (at least) one missing value are
excluded from the analysis. However, if only patients with complete data are included in the
analyses — so-called complete-case analyses — this can lead to major bias if the MCAR
assumption is not met [134,135]. This is generally to be expected in observational studies. For
this reason, statistical methods for handling missing values in confounders within the context
of propensity score analyses are described and classified below.

Exploratory information retrieval identified a series of simulation studies [134-144]. These
studies examined various methods for handling missing values in the context of propensity
score methods. Components of the simulations include the sample size (typically N > 1000),
the nature of the outcomes (binary or continuous), the number (2 to 10) and nature (binary
or continuous) of the confounders, as well as the correlation among them. Additionally, the
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number of confounders with missing values, the proportion of missing values, and the
underlying mechanism for the missing values (MCAR, MAR, or MNAR) vary. Models are
examined both under the null hypothesis and with treatment effects. To compare the various
methods, bias and coverage probability are typically considered, whereas the balance of

confounders, overlap, and convergence of the underlying algorithms are presented
descriptively.

In summary, a review of the literature confirms that multiple imputation methods have
become the standard approach for handling missing data. These methods are considered
appropriate for addressing the problem of missing values when applying propensity score
methods. In particular, the “multiple imputation by chained equations” (MICE) method — also
known as fully conditional specification (FCS) —is proposed [134-140,142,145,146]. In addition
to the MICE method, there are a number of other variants of multiple imputation (model-
based, regression-based, predictive mean matching, or Bayesian) that can be applied in a
study.

The classic MICE approach involves the following steps:

1) For each variable included in the model, a regression model is specified, e.g., a linear
regression model for a continuous variable.

2) Missing values are imputed M times by sampling the model parameters for missing data.
In addition to using the observed values, the algorithm uses the imputed values of one
variable to impute other missing values in other variables (chain).

3) M complete data sets are generated, and the propensity score calculation is performed
separately for each data set.

The application of MICE was examined in all simulation studies considered for this report and,
in a large number of the situations investigated, demonstrates better properties with regard
to bias and coverage probability than alternative methods. The specific features of applying
MICE in propensity score methods are discussed below.

Application of MICE
“Across” or “within” approach?

A propensity score method consists of two steps. First, a propensity score is calculated for
each patient. In a second step, the treatment effect is estimated while adjusting for the
propensity score (e.g., through weighting methods). If there are missing values that require
multiple imputation, the question arises as to how multiple imputation is combined with these
two steps. Two main approaches are proposed for this: the “within” approach and the
“across” approach [134,135,137-139,141,142,146-149]. Both approaches impute missing data
and estimate individual propensity scores in each imputed data set. Subsequently, in the
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“within” approach, the treatment effect is estimated in each data set, and the estimates are
pooled using the Rubin rule. In the “across” approach, however, the average of the individual
propensity scores estimated in each complete data set is calculated, and the effect is
estimated once based on the previously averaged propensity scores. Both approaches have
been examined in several simulation studies. The results from earlier studies did not allow for
a clear conclusion as to which of the two approaches should be used in practice. More recent
studies, however, conclude that the “within” approach is preferable, as it is associated with
comparatively minor bias and a higher coverage probability [135,138,149]. These advantages
of the “within” approach, however, come at the cost of greater computational resources. In
addition to this, assessing balance and overlap is challenging. While the final, averaged
propensity scores can be used to assess balance and overlap in the “across” approach, this
should be done for each imputed data set with subsequent propensity score calculation in the
“within” approach [134,135]. In the event that there is insufficient balance or overlap in an
imputation step, the reviewed literature describes no procedure for either the “across”
approach or the “within” approach.

Influence of the number of imputations

In the simulation studies examined, a number of imputed data records ranging from 5 to 20
was used. Overall, the influence of the number of imputations is not considered to be high.
Due to the data situations expected in RPDCs, with a substantially lower sample size and a
higher number of confounders, a substantially higher number of imputations should be used
in the RPDC context (e.g., 50). When the Bayesian extension of MICE is applied using an
iterative Markov-Chain Monte Carlo (MCMC) algorithm, it should be performed with an
appropriate number of iterations. In a case study, 40 iterations are proposed for the MCMC
[145]. This number is appropriate.

Inclusion of the outcome in the MICE method

There is ongoing debate in the literature regarding whether, in addition to confounders, the
analysed outcome should also be included in the modelling of the MICE method [137,150].
The inclusion of the outcome is supported not only by recent simulation results [135,138] but
also by theoretical considerations [151].

Operationalization of confounders

There may be data situations in which the algorithm for imputation and/or the algorithm for
calculating propensity scores is not appropriate. These can be situations in which sufficient
balance between the two treatment groups is not achieved or the algorithm does not
converge. In these cases, changing the operationalization of the confounders is an option. For
continuous confounders, such as age, this can be done via transformations (log function or
cubic spline function). For categorical variables, categories can be grouped together. The use
of interaction terms is also possible. Eiset and Frydenberg 2022 [145] provide an illustrative
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example of this. The goal of their analysis was to achieve balance for all 5 included
confounders using the criterion of a standardized mean difference < 0.10. To achieve this goal,
different operationalizations were selected for the underlying models, depending on the
confounder.

Further approaches to handling missing values

In addition to the MICE method, there are not only other variants of multiple imputation but
also methodological approaches that do not rely on multiple imputation, e.g. missing-pattern
approach [152], missing-indicator method [147], general boosting modelling, and random
forest-based missing imputation methods [139]. Although these methods also show some
promising results in simulation studies, there is currently insufficient evidence to question the
use of MICE.

Description of appropriate sensitivity analyses

As described above, MICE has established itself as the method of choice for handling missing
values for confounders in propensity score methods. The advantage of this method is that it
requires only the MAR assumption to be met and that only a few parameters, such as the
underlying regression models and the number of imputations, are necessary for specification.
Suitable sensitivity analyses include methods that are, in principle, capable of calling the
results of the primary analysis into question, insofar as it cannot be ruled out that the
assumptions underlying the primary analysis are fully met. Since MICE requires only the MAR
assumption, other model-based methods based on the MAR or MNAR assumption are suitable
for this purpose [136,139,147]. Lee 2021 [146], Ling 2020 [140] as well as Carpenter and Smuk
2021 [153] provide practical information on this. The relevant component here is generally
the MAR assumption [152,153]. In addition, so-called auxiliary variables can be included
[140,145], provided they are recorded in the registry. These variables are not confounders in
the strict sense, but are associated with confounders, and their inclusion in the multiple
imputation model can ultimately improve the imputation of missing values for the
confounders [145,153]. When selecting auxiliary variables, however, it is important to note
that there is a risk of collider bias [154].

In further sensitivity analyses, the operationalization of potential confounders can be varied,
e.g., by transforming continuous variables [145] or by using calibration methods [143]. An
instructive example of a propensity score analysis combined with multiple imputation to
handle missing values can be found in the publication by Eiset 2022 [145]. This publication
highlights the complexity of the procedure and discusses the individual assumptions
underlying the model on which the imputations are based. Based on the points discussed by
Eiset 2022, appropriate sensitivity analyses can be identified and planned. In addition,
sensitivity analyses can be used to estimate the potential influence of residual confounding,
e.g., through quantitative bias analysis (which includes the E-value, which measures how
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strongly an unaccounted-for confounder must be associated with treatment and the analysed
outcome to explain the effect) [50,155,156] or by using negative controls [157]. However, the
specific assumptions underlying these methods must be adequately described in the study
documents.

Complete-case analyses, which are based exclusively on patients for whom complete data are
available, are not suitable as sensitivity analyses. A complete-case analysis is based on the
MCAR assumption, which is a considerably stricter assumption than the MAR assumption.
Simulation studies have repeatedly shown that performing a complete-case analysis leads to
a substantial increase in bias compared to other methods [137,138,140,146-148].

5.6.2.2 Interpretability of analyses with missing and/or imputed values

This section outlines the maximum proportions of missing and/or imputed values for which
analyses remain interpretable. The discussion pertains to both the proportion of missing
values per patient and the proportion of missing values per outcome/confounder.

Thresholds for missing values for outcomes

A relevant lack of values for outcomes generally means that the affected patients cannot be
included in the effect estimation. If no values are available for > 30% of the study population
or the difference between the treatment groups is > 15 percentage points, the results for the
corresponding outcome are generally not considered [34]. If the proportion is less than 30%,
the consequences regarding the certainty of results are discussed on an outcome-specific
basis. For outcomes with repeated measurements, e.g., PROs, both the value at the start of
the study and at least one observed value at a later time point should be available for at least
70% of the patients. In addition to the aforementioned condition, for analyses at a specific
analysis time point, values for at least 50% of the patients should be available. These
thresholds serve as guidance when it cannot be assumed with sufficient certainty that the
values are missing at random. Exceptions arise, for example, when data from patients at
specific centres are missing for a questionnaire within a study and the centres are not
considered effect modifiers, or in the presence of large treatment effects.

Thresholds for missing values for confounders

The literature provides only limited guidance on deriving specific thresholds for the proportion
of missing values for confounders beyond which results can no longer be meaningfully
interpreted. None of the identified studies offered specific recommendations regarding the
proportion of missing values for confounders that would affect the interpretation of effect
estimates. The informative value of the results from the simulation studies presented is
limited with regard to the data situations expected in RPDC. The studies examine large sample
sizes with > 1,000 patients while simultaneously considering a limited number of confounders
(mostly in the range of 2 to 5). In the RPDC context, however, small sample sizes and
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considerably more than 5 confounders are to be expected. It should be noted that the number
of patients as well as the number of relevant confounders (and their measurement level)
influence the feasibility of multiple imputation, i.e., both the convergence of the underlying
algorithm and the quality of the multiple imputation, and thus ultimately also the effect
estimation performed using the respective propensity score method. Furthermore, the
simulation studies did not sufficiently examine either the balance or the overlap with regard
to a specific procedure [144,145,148].

The proportions of missing values vary greatly across simulation studies. The overall
proportions of missing values range from 10% to 80%, while the proportions for individual
confounders range from 10% to 60%. In a simulation study by de Vries and Groenwold (2017)
[137], the “across” approach shows major bias ranging from 20% to 80% for the total
proportion of missing values (across all confounders), whereas the “within” approach is
associated with acceptable bias in the range of 20% to 40%. The IPTW method shows higher
bias compared to adjustment using propensity scores or propensity score matching. In

Granger 2019 [138], all propensity score methods demonstrate good performance in terms of
bias across a wide range of missing values (10% to 75%). However, the results of the
aforementioned simulation studies are only partially comparable, as the studies differ not only
in the statistical methods used but also in the simulated scenarios.

Overall, these simulation studies yield the following thresholds as a guideline:

A complete-case analysis is appropriate provided that fewer than 5% of patients are excluded
from the analysis and the total proportion of missing values does not exceed 10%. If the
proportion of missing values is higher, the results may be considerably biased due to the
excluded observations [140]. In cases where the proportion of missing values per confounder
is less than 10% and the overall proportion of missing values is < 20%, multiple imputation
may be considered appropriate. Higher proportions of missing values per confounder and/or
overall may lead to lower certainty of results when multiple imputation is applied. In such
cases, adequate sensitivity analyses should be performed to assess the robustness of the
results of the primary analysis. In situations where the overall proportion of missing values is
>50%, the data are considered unsuitable for benefit assessments.

It is not appropriate to exclude relevant confounders due to excessively high proportions of
missing values. In these situations, an added benefit can only be inferred in the case of very
large effects, i.e., a dramatic effect.

5.6.2.3 Requirements for presentation

The complex question —dealing with missing values in propensity score — gives rise to specific
requirements for reporting. Imputation of missing values can lead to biased effect estimates,
even if the algorithm itself is successful, since the imputations are made under assumptions
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that generally cannot be verified. This must be taken into account when interpreting the
results for the effect estimates.

Requirements for the presentation of the methods in the study protocol and statistical
analysis plan

= Methodological details regarding the implementation of multiple imputation
o Justification for the choice of method for handling missing values

o Description of the model for the primary analyses, including operationalizations of
the confounders

o Number of imputed data sets

@ Number of iterations for the MCMC algorithm of a Bayesian approach and/or
number of iterations for a bootstrap procedure (if applied)

=  Methodological details regarding sensitivity analyses
=  Description of how balance and overlap were handled in the imputations

=  Description of criteria for interpreting results with regard to certainty of results

Reporting requirements for benefit assessments

The reporting should include the following aspects:

= Methodological details regarding the implementation of multiple imputation, in
particular the approaches and parameters pre-specified in the study protocol and/or
SAP

=  Descriptive presentation of missing values prior to multiple imputation
=  Descriptive presentation of the characteristics after multiple imputation

= Description of the convergence of the underlying algorithms for multiple imputation and
propensity score calculation, as well as justifications for the operationalization of the
included confounders [145]

= Justifications for methodological aspects that could not be specified in advance in the
study protocol and/or SAP [145]

=  Appropriate descriptions of the approach regarding balance and overlap, as well as their
presentation

= Complete presentation of the planned sensitivity analyses

= Discussion of the certainty of results for the effect estimates, taking into account
possible bias due to missing values
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5.7 Propensity score analyses in therapeutic indications with small patient populations

In non-randomized studies, the structural equivalence of the groups to be compared — which
is necessary for a fair comparison — is generally not present. Therefore, group differences in
potential confounders must be accounted for when estimating effects by adjusting for these
confounders [20]. Various causal methods (such as multifactorial regression models,
instrumental variables, and propensity scores) are available for data analysis with adequate
adjustment for confounders.

A sufficiently large number of patients is required to ensure adequate adjustment for
confounders. Although there are no recommendations in the literature regarding how many
patients are needed for the analysis, it can generally be stated that the required number of
patients increases as the number of confounders rises. The analysis of non-randomized
comparative studies therefore poses a particular challenge when dealing with small patient
populations. This applies generally to all statistical methods for confounder control. In the
following sections, given their central importance, reference is made exclusively to propensity
score methods for confounder adjustment. Notwithstanding the above, IQWiG will, in every
review of study documentation and in every assessment, evaluate in an unbiased and open-
ended manner whether adequate confounder adjustment was planned and carried out,
regardless of the causal inference method chosen by the drug manufacturer.

In the RPDC context, the propensity score method plays a particularly important role in
confounder adjustment [49], among other reasons because there are approaches here to test
and present the central assumptions of causal inference (i.e., sufficient positivity, overlap, and
balance) [158]. Propensity score methods were originally developed for large datasets, some
of which included several thousand patients (for epidemiological questions) [159]. However,
they are increasingly being used to analyse non-randomized comparative studies based on
smaller sample sizes. Since the number of patients available in the RPDC context is usually
small, the question arises as to what extent propensity score methods can also provide
informative results with small sample sizes in the range of 100 to 500 patients, and what
special considerations must be taken into account when dealing with small sample sizes.

In recent years, a number of studies on propensity score methods for small sample sizes have
been published, in which the influence of various parameters was examined using simulation
studies, some of which were very extensive. These parameters include:

= the total sample size and the distribution ratio of patients between the groups,

= the effect measure (such as odds ratio or mean difference),

= the type of propensity score method (matching, weighting, stratification, or adjustment),

= the number of covariates and their nature (binary or continuous), and
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= the model for the relationships between covariates, treatment, and analysed outcomes.

Due to the large number of possible configurations arising from the high-dimensional
parameter space, even large simulation studies can only cover a limited subset of scenarios.
This applies in particular to the strength of the covariates’ influence on treatment and the
outcome.

Simulation studies on propensity score analyses with small sample sizes

Through exploratory information retrieval, simulation studies on propensity score analyses
with small sample sizes were identified. These are described below:

In a large simulation study by Pirracchio (2012) [160], the statistical properties of the two most
common propensity score methods — matching and weighting using IPTW — were compared
for the effect measure “odds ratio”. The study considered sample sizes ranging from 40 to
1000 and up to 4 covariates with varying effects on the treatment and the analysed outcome.
For all simulations, the authors assumed a baseline risk of 50%. The study shows that Type |
error is well controlled even with small sample sizes, provided that all confounders are
accounted for in the model. The relative bias (i.e., the percentage deviation of the mean effect
estimate from the simulations from the assumed effect in the simulation model) is less than
10% even with sample sizes of 40 patients, which is an acceptable level. In some cases,
propensity score weighting using IPTW performs slightly better than propensity score
matching.

A simulation study by Friedrich (2020) [161] examined various propensity score methods for
small sample sizes (N =40, N = 100, and N = 1000) across different scenarios involving up to 9
covariates with varying effects on the treatment and the analysed outcome. The study
compared the effect measures “odds ratio” and “risk difference”. The results show that
models using the odds ratio are, in some cases, more biased than those using the risk
difference. Furthermore, the study indicates that matching procedures using both effect
measures often lead to convergence problems, particularly with very small sample sizes (N =
40). The smaller the selected sample size, the higher the proportion of scenarios in which the
models do not converge for the effect estimates. The authors of this simulation study
therefore recommend using the risk difference as the effect measure for small sample sizes.
Of the adjustment methods considered in their study, they recommend doubly robust
estimators for quintiles and advise against propensity score weighting using IPTW due to a low
coverage probability.

A low coverage probability for propensity score weighting using IPTW is also evident in a
simulation study by Austin 2022 [162]. It should be noted that this study considered only
sample sizes of at least 250. For various scenarios, each with 5 continuous and 5 dichotomous
covariates, the coverage probability was compared for, among others, the 3 weighting
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methods IPTW, matching weights, and overlap weights. The effect measures selected were

mean difference, risk difference, and relative risk. Particular attention was paid to the
guestion of the extent to which a variance estimate using bootstrap is superior to the
asymptotic variance estimate. While the matching weights and overlap weights weighting
methods each show a good coverage probability when using an asymptotic variance estimate
(with no improvement when using bootstrap), the coverage probability for the IPTW
weighting method can be considerably improved using bootstrap, so that it approaches that
achieved with matching weights and overlap weights. This is particularly true when the ratio
of sample sizes between the groups varies greatly. When using bootstrap methods, the
guestion of the order of drawing bootstrap samples and generating multiple imputations
arises in the handling of missing values. In a simulation study by Schomaker (2018) [163], the
approach of first drawing bootstrap samples and then imputing each sample multiple times
proves to be the most reliable, but also the most computationally intensive, method.
According to the results, the approach of first generating multiple imputations and then
drawing bootstrap samples from each imputation also appears to yield valid results, provided
that the proportion of missing values is not too high.

In a simulation study by Wilkinson 2022 [164], 5 scenarios with varying overlap of propensity
scores for 1 dichotomous covariate and 4 continuous covariates, as well as sample sizes
starting at 100 for the effect measure “odds ratio”, were analysed. Additionally, the
distribution ratio between the groups varied from 1:20 (highly unbalanced) to 1:1 (balanced).
In addition to direct adjustment using logistic regression, the 3 propensity score methods —
matching, weighting using IPTW, and adjustment — were compared. For all methods, it was
found that the coverage probability decreases as the imbalance of patients between groups
increases, with the decrease being more pronounced for matching compared to weighting
and adjustment. Furthermore, as imbalance between groups increases and overlap in
propensity scores decreases, effect estimation may become impossible in some cases, as the
models used for estimating the effect fail to converge. While convergence is very high for
weighting and adjustment, the convergence rate for matching methods can drop to 50% to
70% [164], particularly with moderate overlap, even when group sizes are balanced.

Interpretation of the simulation study results and recommendations

The scenarios and parameter specifications of the 4 simulation studies described above differ
from one another, in some cases substantially, and no single study provides a comprehensive
picture.

Furthermore, the scenarios examined in the studies do not fully reflect the situations that
have arisen in previous RPDC procedures. Although the 4 simulation studies examined the
propensity score methods (matching and weighting) frequently used in RPDCs, the number of
relevant confounders in the ongoing RPDC procedures is in some cases higher (5 to 22

Institute for Quality and Efficiency in Health Care (IQWiG) -52-



Extract of rapid report A25-13 Version 1.0

Generation and analysis of routine practice data for the benefit assessment of drugs 28 Oct 2025

confounders [77,79-81,165]) than that underlying the aforementioned simulation studies (4
to 10 confounders [10 confounders for a sample size of N > 250]). Moreover, the effect
measures “odds ratio” and “risk difference” were primarily examined. In the early benefit
assessment of drugs (and thus also in RPDC), however, the RR, the hazard ratio, or the
(standardized) mean difference are the standard effect measures. Only the study by Austin
2022 [162] used the two effect measures “mean difference” and “RR” used. For these effect
measures, this study shows no major differences compared to the odds ratio or the risk
difference. Whether this holds true in general cannot be assessed based on the identified
simulation studies. Overall, it is therefore not possible to assess the extent to which the results
of the simulation studies can be applied to the RPDC context.

In summary, the aspects mentioned above make it difficult both to compare the simulation
results with one another and to derive general recommendations for RPDC.

The following section discusses various influencing factors that must be taken into account
when using a propensity score method.

Influence of the number of confounders

To minimize bias caused by confounding, it is essential in propensity score methods to identify
all potentially relevant confounders and account for them in the analysis (see Section 5.2).
This is supported by the results of simulation studies by Pirracchio 2012 [160] and Friedrich
2020 [161], in which models that did not include all confounders yielded considerably worse
results, particularly with regard to bias and coverage probability. However, the studies also
show that when using matching procedures with small sample sizes, the number of
confounders that can be included in the models is limited, as otherwise this may lead to a lack
of convergence of the models for the effect estimates and, consequently, to the inability to
calculate effect estimates. In addition, continuous confounders should be included in the
model as continuous variables for the estimation of propensity scores and should not be
dichotomized. The reviewed literature does not indicate how many patients per confounder
to be included must be enrolled in a study to address the convergence problem.

The problem of lack of convergence due to an excessive number of confounders can be
addressed to a certain extent by prespecifying an order of the confounders based on their
importance (for an example, see Section 5.2, Step 3). If the models do not converge when all
originally identified confounders are included, less important confounders must be gradually
removed from the model. It should be noted that the uncertainty of the results increases as
more confounders are omitted. This increased uncertainty must be taken into account when
interpreting the results, e.g., by further shifting the null hypothesis. However, this approach
is of limited practical use. If too many confounders are excluded in this manner, sufficient
confounder adjustment can no longer be assumed, and the results are interpretable only in
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the case of very large effects —i.e., dramatic effects. The data situation must be assessed on a
case-by-case basis.

Selection of the propensity score method for small sample sizes

With regard to the selection of an appropriate propensity score method for small sample sizes,
studies show that propensity score methods based on weighting or adjustment have
advantages over matching methods, particularly with regard to convergence issues. When
using the common IPTW weighting method, the coverage probability is too low in the case of
small sample sizes and low baseline risks; however, this can be compensated for by variance
estimation using bootstrapping. For the risk difference, the doubly robust estimator for
quintiles offers advantages over IPTW.

The identified simulation studies cover only a small fraction of possible scenarios. For this
reason, no clear recommendation for the use of propensity scores for small sample sizes that
is applicable to all situations can be derived from the existing literature. In principle, the
studies show that the application of propensity score methods is possible for small patient
populations. At present, however, no simulation studies are available that adequately reflect
the conditions under which an RPDC is conducted, as these studies predominantly examine
different effect measures and, in some cases, only a small number of potential confounders.
Consequently, there is currently no evidence to assess under which conditions propensity
score analyses in RPDC yield interpretable results.

Summary

Propensity score methods were originally developed for very large datasets. The identified
simulation studies show that these methods are also applicable in therapeutic indications with
small patient populations under certain conditions and can lead to interpretable results. A
relevant problem, however, is the risk of a lack of convergence in the models used for effect
estimation. This problem can be addressed through various measures, though in some cases
this entails accepting increased uncertainty. The scenarios examined in the simulation studies
do not fully reflect the situations that are foreseeable in ongoing RPDC procedures. At this
point in time, it therefore remains unclear in which cases (and under which conditions)
propensity score analyses will yield interpretable results in RPDC procedures.
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6 Conclusion

Benefit assessments of drugs require data for comparison with the standard treatment. Since
the approval of orphan drugs is often based on non-comparative data, the RPDC approach was
introduced with the aim of closing existing evidence gaps and thus obtaining a better evidence
base for benefit assessments. Data collection must be conducted as non-randomized
comparative studies. Provided certain quality requirements are met, studies based on registry
data can close this evidence gap.

=  When planning non-randomized comparative studies based on routine practice data,
target trial emulation is a recommended approach to minimize systematic (avoidable)
bias. A prerequisite for optimal emulation of a hypothetical RCT using observational data
is that the necessary data are available in the registry dataset with the required
completeness and depth. High data quality can only be achieved on a broad scale if the
generation and utilization of registry data are feasible and resource-efficient. The
establishment and maintenance of a permanently available (operational) data
infrastructure is considered beneficial. This could be supported by drug manufacturers
that wish to draw on the registries to conduct registry-based studies.

* In non-randomized comparative studies aimed at comparing treatment effects,
adequate control for confounders requires the systematic identification of relevant
confounders and their consideration in the analysis. Confounder identification following
the approach by Pufulete 2022 (via a systematic literature review and clinician
involvement) is considered feasible and represents a meaningful approach in principle.
Before clinical experts assess the relevance of the confounders, it is recommended to
conduct an intensive summarization of the identified confounders. In principle, it may be
beneficial to invest more resources in reducing the number of confounders to be
recorded prior to an RPDC procedure in order to reduce the overall resources required
through resource savings in data collection and analysis.

= |n RPDC concepts, it is estimated whether a sufficient number of patients can be
enrolled within an acceptable timeframe to enable informative results to be generated
for benefit assessments. In general, only uncertain information is available for this
estimation. If sufficient information on the intervention and the comparator is available,
a preliminary sample size estimation is performed for this purpose. If necessary
information is missing for the assumptions underlying a preliminary sample size
estimation, an exploratory analysis of sample size scenarios is conducted to demonstrate
potential detectable effects. Both approaches follow the same principle (they are based
on identical parameters) and differ only in the parameter to be estimated using the
remaining parameters.
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=  For long-term data collection (and patient follow-up) in routine clinical practice,
incentives are required to compensate for the resources required for data generation
and to motivate both the centres and the patients to collect data as completely as
possible.

= To ensure that the resources required for PRO data collection are proportionate to the
benefits, digital surveys (e.g., via an app or patient portal) are recommended. This
enables low-threshold PRO data collection independent of doctor visits. Digital tools are
already being successfully used for data collection in registries and in routine clinical
practice and enable PRO data to be made available for research purposes with minimal
barriers.

= Achallenge in analysing routine practice data without randomization is determining the
start of follow-up (index date [t,]). If a new treatment is initiated in both treatment
groups at t, (switch indication), the ACNU design can be used in a study. Ideally, ¢,
corresponds to the day the treatment decision was made. In a treatment situation
where patients in the control group continue treatment with an established standard
treatment, the PNU design represents a suitable alternative.

= Regardless of the choice of design and analysis strategies, the results of the ITT analysis
(in accordance with the treatment policy strategy) should generally be presented as the
primary results. This requires that all patients (regardless of any treatment switching at
some point during follow-up) are analysed according to their original group allocation.
The confounding influence of treatment switching during the RPDC procedure can be
addressed with sensitivity analyses.

= A commonly used method for accounting for confounders in non-randomized
comparative studies based on registries is an analysis using propensity scores. Since
models for estimating propensity scores using logistic regression require complete data
for all potentially relevant confounders, statistical methods for handling missing values
are necessary. The MICE method is recognized as an established method. Propensity
score methods are also applicable in small patient populations under certain conditions
and can yield interpretable results. The scenarios examined in the identified simulation
studies do not fully reflect the situations that are foreseeable in ongoing RPDC
procedures. At this point in time, it therefore remains unclear in which cases (and under
which conditions) propensity score analyses will yield interpretable results in RPDC
procedures.
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