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Objectives: This study aimed to provide an overview of analytical methods in scientific literature for
comparing uncontrolled medicine trials with external controls from individual patient data real-
world data (IPD-RWD) and to compare these methods with recommendations made in
guidelines from European regulatory and health technology assessment (HTA) organizations and
with their evaluations described in assessment reports.

Methods: A systematic literature review (until March 1, 2023) in PubMed and Connected Papers
was performed to identify analytical methods for comparing uncontrolled trials with external
controls from IPD-RWD. These methods were compared descriptively with methods
recommended in method guidelines and encountered in assessment reports of the European
Medicines Agency (2015-2020) and 4 European HTA organizations (2015-2023).

Results: Thirty-four identified scientific articles described analytical methods for comparing un-
controlled trial data with IPD-RWD-based external controls. The various methods covered con-
trolling for confounding and/or dependent censoring, correction for missing data, and analytical
comparative modeling methods. Seven guidelines also focused on research design, RWD quality,
and transparency aspects, and 4 of those recommended analytical methods for comparisons with
IPD-RWD. The methods discussed in regulatory (n = 15) and HTA (n = 35) assessment reports were
often based on aggregate data and lacked transparency owing to the few details provided.

Conclusions: Literature and guidelines suggest a methodological approach to comparing uncon-
trolled trials with external controls from IPD-RWD similar to target trial emulation, using state-of-
the-art methods. External controls supporting regulatory and HTA decision making were rarely in
line with this approach. Twelve recommendations are proposed to improve the quality and
acceptability of these methods.

Keywords: external controls, health technology assessment, indirect treatment comparisons, in-
dividual patient data, marketing authorization, real-world data.
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Uncontrolled trials
may be compared with
external control arms.
External control arms
can be extracted from

To assess the efficacy and safety of new treatments for reg-
ulatory or health technology assessment (HTA) decision making,
randomized controlled trials (RCTs) remain the gold standard.

Ethical or practical arguments sometimes justify the choice for
an uncontrolled design in the case of rare diseases, a high unmet
medical need, or a substantial expected benefit.! Uncontrolled
trials include single-arm trials, randomized trials using multiple
arms without control between those arms, or nonrandomized
trials.>> Owing to the lack of randomization, confounding and
selection bias can affect the causal inference of efficacy and
safety outcomes and complicate relative effectiveness
assessments.*”

other RCTs or from real-
world data (RWD)
sources such as disease
registries,  electronic
health records, or
claims data.®” RWD-
based external controls
are increasingly sub-
mitted to regulatory

o Scientific literature on uncontrolled

trials with external controls has
expanded substantially in recent
years, given that regulatory and health
technology assessment (HTA) decision
making increasingly relies on
uncontrolled trials. To enable external
control of these trials, individual
patient data real-world data (IPD-
RWD) can be valuable data, but a
comprehensive overview of analytical
methods for comparing uncontrolled
trials with IPD-RWD-based external
controls is lacking.

o To our knowledge, this article is the

first to provide a systematic literature
review of analytical methods proposed
to compare uncontrolled trials with
external controls from IPD-RWD. It
demonstrates that many analytical
methods are described in scientific
literature and guidelines of European
regulatory and HTA organizations.
However, a large methodological gap
was identified between these
recommended state-of-the-art
methods and the methods discussed in
regulatory and HTA reports.

o Twelve recommendations for

regulatory and HTA authorities were
formulated to help them improve the
quality and acceptability of the
analytical methods used in
submissions of IPD-RWD-based
externally controlled trials. For
externally controlled trials to be
acceptable, it is critical to a priori
develop a protocol using the target trial
emulation approach to minimize bias
and increase trust in the results. Advice
on the analytical methods should be
provided early and continuously
through guidelines and scientific
consultations.

1098-3015/Copyright © 2024, International Society for Pharmacoeconomics and Outcomes Research, Inc. Published by Elsevier Inc. This is an open access article

under the CC BY license (http://creativecommons.org/licenses/by/4.0/).



2 VALUE IN HEALTH

and HTA authorities.>®° RWD allow for using individual patient data
(IPD), which may provide more reliable results than aggregated data.
RWD also have the potential to better represent the patients treated
in clinical practice, improving the generalizability of the study find-
ings.! Still, using RWD comes with challenges. The different data
sources (ie, RWD vs clinical trial data) may essentially represent
different patient populations that may be treated differently, for
example, because they are treated at a different location or a different
moment in time. When patient characteristics between uncontrolled
trial and control arm differ or when treatment characteristics are not
representative for current clinical practice, estimates of safety and
efficacy may be biased.> Furthermore, the necessary data are often
scattered over multiple sources and obtaining access to the IPD is not
always feasible.!" Data sources may not include all the relevant
endpoints, and if they do, the methods for measuring and reporting
these endpoints often differ. Besides, the real-world patient usually
differs substantially from the trial patient and missing data are
generally higher owing to the lack of an experimental setting.'” These
measurement inconsistencies and data missingness can introduce
biases.

Additional bias is sometimes introduced by the methods that
aim to correct for them. Adjusting for confounding through mul-
tiple regression modeling or propensity score matching assumes
that all relevant confounding variables are included in the model.
Not meeting this assumption leads to residual or unmeasured
confounding.”® Imputation methods for missing data can intro-
duce bias if the missingness is not completely at random.'* Time-
related biases occur when the follow-up time is not properly
classified or if time-varying confounders and outcomes are not
adjusted for."®

The risk of bias and difficulty interpreting the results from
externally controlled trials may lead to divergent regulatory and
HTA recommendations across countries and delayed or hampered
patient access.*'® Simultaneously, pharmaceutical developers
have been struggling to define a common approach to applying
external control arms owing to the lack of a shared international
methodological framework.!” Despite the wealth of publications
on the topic focusing on the previously described biases and
methods, no guidelines nor literature provides a complete over-
view of the available methods with preferences and directions on
when and how to use them.>”'8-2* Besides, it is unclear whether
and how methodological advancements are applied for marketing
authorization and reimbursement.®>*

Such understanding should provide input for the method
alignment efforts under the European HTA regulation and for
regulatory guidance development on uncontrolled trials and real-
world evidence.”® Therefore, we aimed to (1) systematically
review the analytical methods available for comparing uncon-
trolled trials with IPD-RWD-based external controls and (2)
compare these findings with European regulatory and HTA prac-
tice (ie, guidelines and assessment reports). Using these results,
we formulated recommendations for regulatory and HTA author-
ities to help them improve the quality and acceptability of the
methods used in submissions.

This study comprised 2 parts. First, a systematic literature
review was performed to identify analytical methods for
comparing uncontrolled trials with external controls derived from
IPD-RWD (ie, selecting and preparing the cohort and comparative
analytical methods). Second, the identified methods in scientific
literature were compared with the methods recommended for
RWD-based external controls in guidelines from European

W 2024

regulatory and HTA organizations and those discussed in regula-
tory and HTA reports to identify potential discrepancies between
methodological advancements and decision-making practices. In
regulatory and HTA guidelines and assessment reports, both IPD-
RWD-based and aggregated RWD-based external controls were
identified, to place the use of IPD-RWD specifically in perspective.

A systematic literature search was conducted in consultation
with a research librarian of the university and following estab-
lished guidelines for systematic reviews.?° PubMed was searched
for scientific articles up until March 1, 2023, using combinations of
the concepts “uncontrolled study” and “external control” as search
string (Appendix 1 in Supplemental Materials found at https://doi.
org/10.1016/j.jval.2024.08.002). Reference lists of included articles
were also reviewed to identify additional relevant articles
(snowballing). In addition to the manual snowball approach, the
Connected Papers tool (Connected Papers, n.d., Tel Aviv, Israel) was
used to identify additional relevant articles.”” Four key articles
that were considered to exemplify the type of studies relevant to
the research question were uploaded in the tool.>®' The algo-
rithm generated a list of 160 articles (40 for each uploaded article)
that were considered “connected” by the tool through their
authors or the topics in the title and abstract.

We aimed to identify studies providing overviews of analytical
methods for comparing uncontrolled trials with external controls
from IPD-RWD, including case studies with methodological focus
and studies reporting the development of new methods. Inclusion
criteria were articles reporting on all of the following: (1) methods
for selecting and preparing a control cohort or comparing external
control cohorts with uncontrolled trials; (2) use of IPD from RWD;
(3) detailed description of a methodological approach, strategy, or
technique; and (4) focus on medicines. Exclusion criteria were
articles reporting on any of the following: (1) RCTs, (2) studies
replicating or augmenting trials using RWD, (3) prediction
modeling with RWD, (4) fully observational studies, (5) uncon-
trolled trials for nonmedicines, or (6) articles with inadequate
information on methods. No restrictions were applied to the
publication date or language. Two authors (K.S., M.H.) indepen-
dently screened the titles and abstracts using Rayyan (Cambridge,
MA).?? Uncertainties, discrepancies, and the final list of included
articles were discussed with a third author (L.B.) until consensus
was reached. Full-text articles were then assessed for eligibility
according to the inclusion and exclusion criteria. Any discrep-
ancies among the reviewers were resolved through discussion and
consensus. The study selection process was documented using a
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses flow diagram.

The websites of the European Medicines Agency (EMA), 4 na-
tional HTA organizations, and the European Network on HTA
(EUnetHTA) were searched for methodological guidance on un-
controlled trials and comparison with external control arms using
RWD (until March 2023). HTA guidelines were searched for the
French Haute Autorité de Santé (HAS), the German Gemeinsamer
Bundesausschuss and Institut fiir Qualitit und Wirtschaftlichkeit
im Gesundheitswesen (IQWiG), the English and Welsh National
Institute for Health and Care Excellence (NICE), and the Dutch
National Health Care Institute. These countries have front-running
HTA organizations that provide recommendations that are the
basis for national reimbursement decisions and publish method
guidelines that are publicly available in languages matching the
authors’ proficiencies.



The EMA’s European Public Assessment Reports (EPARs) for
newly authorized medicines based on uncontrolled pivotal trials
(2015-2020) were identified in a previous study.>> Nonauthorized
medicines, diagnostics, vaccines, duplicate marketing authorizations,
generics, biosimilars, and fixed-dose combinations were excluded.
The EPARs were manually examined to determine whether the
assessments were performed solely based on uncontrolled pivotal
trials. Missing EPARs were requested from the EMA. To collect com-
parable HTA reports from the respective 4 national organizations, the
EPAR cohort of medicines was also searched for subsequent HTA
(2015-2023). Only the initial assessments solely based on uncon-
trolled pivotal trials were included. All reports assessing uncontrolled
trials were reviewed to identify those that used RWD-based external
controls and whether IPD or aggregated data were used.

Given the focus on methodological approaches and our aim to
provide an overview of these methods rather than to perform
quantitative assessments or prioritize/weigh studies, a formal
quality assessment, risk of bias assessment, including publication
bias, was not considered applicable. However, clarity of the
included studies was evaluated during the selection process, given
that adequate information was one of the inclusion criteria.

Data extraction from eligible studies was performed by M.H. and
verified by L.B. for accuracy and completeness; see Appendix 2 in
Supplemental Materials found at https://doi.org/10.1016/j.jval.2024.
08.002 for the form. Extracted information included the addressed
methods, how these were applied, reasons for external control or the
specific method, sensitivity analyses, biases, and other comments on
the strengths and limitations of the methods. The methods were
organized based on guidelines for good pharmacoepidemiology
practices (GPP) of the International Society for Pharmacoepidemi-
ology (ISPE).>* A narrative synthesis approach was used to summa-
rize the extracted information for each step, but mainly focusing on
the analytical methods (methods for data analysis under protocol
development in the ISPE GPP guideline).>* The methods were
grouped and listed based on how they were described in the scientific
literature, ie, with which purpose they were applied or at which point
in the process. This purpose was briefly described. Discrepancies in
interpretation were resolved through consultation with H.G. and S.B.

The methods recommended in the method guidelines were
extracted and presented according to whether they considered the
availability of IPD or aggregated data. In addition, data were
extracted from EPARs and HTA reports by M.H. and L.B. using a
standardized form; see Appendix 2 in Supplemental Materials
found at https://doi.org/10.1016/j.jval.2024.08.002. The methods
described in literature, guidelines, and regulatory and HTA reports
were qualitatively compared. Recommendations to improve the
quality and acceptability of analytical methods for external com-
parisons using IPD-RWD in regulatory and HTA practice were
formulated based on the information extracted from literature and
the gap analysis. These recommendations may be used by regu-
lators and HTA organizations, for example, to formulate guidance.

The systematic literature search resulted in 34 relevant articles
describing methods for comparing uncontrolled trials with
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external controls from IPD-RWD (Fig. 1). Most of the relevant
articles comprised (nonsystematic) reviews or overview arti-
cles***% (n = 15) and methodological articles!>2830:49-59
(n = 14). Other articles consisted of reflection articles®® (n = 3)
and commentaries or editorials®>%* (n = 2).

The methods and steps for conducting trials with external
controls from IPD-RWD were summarized according to the ISPE
GPP guideline®* (Fig. 2). The key is to a priori write a protocol for
the entire externally controlled study. The first step is to formulate
the research question and determine the estimands (Appendix 3
in Supplemental Materials found at https://doi.org/10.1016/j.
jval.2024.08.002). The research question and estimands will
determine what is the most suitable data source and study design.
The estimand and design should be informed by the target trial
emulation approach, as described by Hernan and Robins,®® to
address selection bias and immortal time bias. With a protocol and
selected data, the external cohort can be extracted from the RWD
source, to match the uncontrolled trial cohort. Subsequently, the
cohorts can be compared with each other by selecting the exact
patients that will be compared and using statistical analysis
methods. Sensitivity analyses should ensure the robustness of the
results. Transparent reporting of protocols, methods, and results is
essential for proper interpretation and estimating the remaining
uncertainty.

The analytical methods to prepare and compare external
cohort data with uncontrolled trial data that were discussed in the
34 scientific articles that were obtained are presented in Table 1.
The 4 independent steps and categories of analytical methods that
were considered were (1) controlling for confounding, (2) con-
trolling for dependent censoring, (3) correction for missing data,
and (4) the analytical comparative modeling method to use.
Concerning considerations to control for potential confounding,
the major decision identified in the scientific literature was be-
tween not controlling for confounding and performing naive
analysis, described in 2 of 34 scientific articles but not considered
appropriate, versus controlling through matching (10 of 34),
restriction (4 of 34), stratification (7 of 34), correction (ie,
including variables in the statistical model; 6 of 34), weighting (13
of 34), and other methods (5 of 34). Of those, several methods may
allow the use of a propensity score to efficiently control for mul-
tiple potential confounders at the same time, with methods to
generate a propensity score discussed in 12 of 34 scientific articles.
Concerning considerations to control for dependent censoring, ie,
censoring related to the outcome, censoring weights were dis-
cussed (1 of 34). Concerning considerations to correct for missing
data, complete case selection (1 of 27), full cohort selection (1 of
34), and, when selecting the full cohort, imputation of missing
data were discussed (1 of 34). Finally, concerning considerations
for the choice of analytical comparative modeling method,
regression modeling (4 of 34), meta-analytic methods (1 of 34),
advanced exploratory solutions (1 of 34), pseudo-observations
(1 of 34), marginal structural modeling (1 of 34), micro-
simulation (1 of 34), g-computation (1 of 34), machine learning
methods (2 of 34), and doubly debiased machine learning (1 of 34)
were discussed. A more detailed description and the scientific
articles in which a category of methods or specific method was
described are described in Table 1 under “source.”

Seven guidelines that covered (indirect) treatment compari-
sons were included, of which only one (IQWiG) had a pure RWD
focus 271819212266 ]| the guidelines emphasized that RCTs are
preferred but none of the guidelines explicitly stated in which
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PRISMA flow diagram visualizing the results from the systematic literature search.
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HTA indicates health technology assessment; PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses; RCT, randomized controlled trial; RWD,

real-world data.

cases externally controlled trials are acceptable.””'®% The
guidelines from the EMA, HAS, and IQWiG had a strong focus on
general research design (Appendix 4 in Supplemental Materials
found at https://doi.org/10.1016/j.jval.2024.08.002). The EMA
reflection article stated that isolation of treatment effects can be
sufficient if an uncontrolled trial results in a dramatic effect but
that “the choice of comparator and comparative data is out of
scope of the paper.”?

An overview of analytical methods recommended for
comparing uncontrolled trials with RWD-based external controls

is provided in Figure 3. HAS’ position statement on uncontrolled
trials provided examples of possible IPD-RWD methods based on
propensity scores or g-computation.”? IQWiG did not discuss
uncontrolled trials in its guidelines, given that they did not
consider them feasible for drawing causal effect-based conclu-
sions without a common (anchored) comparator. This implies that
external controls from RWD are in principle not considered
sufficient for decision making.®”

The NICE and EUnetHTA guidelines described more analytical
methods including their application, although without stating
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A visual summary of the stepwise methodological approach for comparing uncontrolled trials with external controls derived
from individual patient real-world data, based on the good pharmacoepidemiology practices guideline of the International Society for
Pharmacoepidemiology (ISPE).>* In bold are the elements that were described in the scientific literature; the orange/red elements are the

focus of the rest of the results.
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clear preferences for methods (Appendix 4 in Supplemental
Materials found at https://doi.org/10.1016/jjval.2024.08.002).71°
The NICE guidelines stated a preference for anchored compari-
sons whenever possible. When IPD is available, options for com-
parison include (inverse) propensity score methods (weighing),
outcome regression, or doubly robust methods.” In addition, they
indicated specific situations where instrumental variables, panel
data models or regression on a matched sample is feasible. If [PD
are lacking, matching-adjusted indirect comparisons (MAICs) and
simulated treatment comparisons are 2 methods discussed, but
for MAIC more limitations and potential for bias are described.”'”
NICE also discussed the multilevel network meta-regression,
which provides more precise treatment effect estimates than
simulated treatment comparison and can handle both compari-
sons based on IPD and aggregated data.” However, these methods
can only be used if the assumption of “conditional constancy of
absolute effects” is met (ie, the absolute outcome in the treatment
arms is assumed to be constant at any given level of the prognostic
variables and effect modifiers), which is rarely the case in post hoc
designed studies using aggregated data.’® The NICE guideline
indicated that unanchored comparisons, ie, using external con-
trols, and the use of aggregated data warrant additional attention
and research.” Similarly, the EUnetHTA guideline explicitly stated
that aggregated data for external controls are not sufficient to
produce reliable results because, in the case of unanchored com-
parisons, the comparison relies on stronger assumptions.'® In line
with the EMA guideline, the EUnetHTA guideline stated that the
greater uncertainty associated with nonrandomized data requires
a large estimated effect of the treatment.>'® Naive (unadjusted)
comparisons should not be used owing to the risk of bias,

Archiving & registering
protocols

according to NICE and EUnetHTA.”'® HAS and NICE both recom-
mend a doubly robust approach, combining propensity score
weighing and regression-based techniques to simultaneously
estimate effects while accounting for confounders.”*?

We identified 15 EPARs in which submitted uncontrolled trials
were compared with external controls from RWD (Table 2). IPD
were available for most comparisons (n = 12); however, these
were often applied in a naive comparative way (n = 8), without
statistical bias adjustments. Other methods for comparison were
regression techniques (n = 5) and matching techniques (n = 3) to
improve the comparability of the 2 arms. The EMA mostly
considered external controls to contextualize results often as a
benchmark or for “exploratory” purposes. A specific scenario for
external controls was to assess time-to-event outcomes, more
specifically survival outcomes. The EPARs sometimes stated that
owing to the difficulty of getting access to high-quality IPD-RWD,
comparisons were complicated because estimates could not be
adequately adjusted for baseline characteristics.

We identified 41 HTA reports in which the submitted uncon-
trolled trials were compared with external controls from RWD
using one or more analytical methods (Table 2). Most submitted
comparisons with external controls were based on aggregated
data (n = 26). Aggregated data approaches were more frequently
disregarded in the recommendation than the IPD approaches (23%
[6 of 26] vs 5% [1 of 19]). Some reports did not clearly describe
which methods for comparison were used (n = 15). Owing to the
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Methods to prepare and compare the external cohort to the uncontrolled trial.

1. Consider controlling for potential confounding

1.1. Not controlling for potential confounding

1.1.1. Naive analysis Includes comparing simple means, 19,65

medians or fixed-effect pooling, but not
considering patient characteristics and
confounding factors is often not
appropriate.

i - B 19,27,37-39,42,48,52,54,56,59,63,65
1.2. Controlling for potential confounding

1.2.1. Matching

1.2.1.1. (Partial) Matching As a common approach, matching 27120A2,A488,5256,58,63,65

involves selecting individuals (one or
more) from the external RWD cohort who
are similar to those in the uncontrolled
cohort based on covariates such as age,
sex, or comorbidities, to balance these
covariates. Matching can be performed
using various techniques such as nearest
neighbor matching, or propensity score
matching.

1.2.2. Restriction

1.2.2.1. Restriction or trimming Exclude patients for whom there is no PRI

clinical equipoise or nonoverlapping
regions of certain variables before
(naively) comparing.

1.2.3. Stratification

1.2.3.1. (Fine) stratification Stratification involves dividing the data PRI

into subgroups based on specific baseline
characteristics, or based on propensity
scores, before comparing. Stratification
can be useful when there are a few
important covariates that strongly
influence the outcome of interest.

1.2.4. Correction (including variable(s) in the statistical model)

1.2.4.1. Regression or (imbalance) The propensity score can be used as an
adjustment adjustment variable in a regression (for

example, Cox) model to estimate the
treatment effect while adjusting for the
covariates, as an alternative to including
all the variables individually. This is
suitable when there are multiple
covariates to be considered and when the
relationship between covariates and the
outcome is complex. A standardized
(mean) difference or covariate balance
diagnostics may be used to measure
imbalance. This is useful when there are
specific covariates known to be
associated with the outcome and need to
be accounted for in the analysis.

19,27,29,52,56,65

continued on next page
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1.2.5. Weighting
1.2.5.1. Weighing methods

1.2.6. Other methods
1.2.6.1. IV methods

1.2.6.2. Doubly robust method

1.2.6.3. Complex adjustment and weigh-

ing (Bayesian)

SYSTEMATIC LITERATURE REVIEW

Weighing involves assigning weights to
individuals in the RWD cohort based on
their propensity scores (inverse
probability treatment weighing) or rather
straightforward covariate balancing
without a direct estimation of propensity
scores. Weighing is suitable when
achieving balance on covariates is the
primary concern, and the goal is to create
a weighed sample that is representative
of the uncontrolled cohort or to
determine the value of individual patients
in the analysis. Inverse probability
treatment weighing is one of the most
common approaches, together with
matching on the PS, and estimates the
average treatment effect on the treated
and the average treatment effect
estimands.

IVs can account for unmeasured
confounding by leveraging the relation
between an IV and the assignment of
treatment.

Doubly robust methods are an alternative
to pure PS methods, combining PS
weighing with an outcome model, which
results in improved robustness, namely
that only one of the 2 models (PS or
outcome model) has to be specified
correctly to obtain unbiased results.

Bayesian methods can be applied with
the intent to discount historical
information, for example, due to low data
quality or strong heterogeneity when
using different data sources.

1.3. If required (based on earlier design choices): generate propensity score

1.3.1. Methods to estimate a propensity score

1.3.1.1. Logistic regression

The most frequently used technique to
calculate the predicted probabilities of
being exposed to experimental treatment
versus a given comparator, conditional on
the manually selected covariates.
Standard or multivariable regression,
examples include lasso and ridge
regression.

15,27,35-38,44,48,52,56-58,65

37,38,48,56

56

19,56

15,27,29,42,43,48,51,52,54,65

27,29,42,48

continued on next page
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Continued

1.3.1.2. Machine learning techniques/
High-dimensional algorithms

1.3.2. Methods to optimize the estimated propensity score

1.3.2.1. Trimming propensity scores

Calculates the predicted probabilities of
being exposed to experimental treatment
versus a given comparator, conditional on
the artificial intelligence-selected
covariates. Simultaneously models
propensity scores and selects variables
for adjustment. Can be used to generate
high-dimensional propensity scores.
High-dimensional propensity scores
algorithms are a specific application of
machine learning. It creates binary
variables describing the frequency of
diagnoses, procedures, and medication
dispensations. A bias approximation is
calculated to estimate the expected bias
in the treatment effect estimate for each
variable. This approximation considers
the variable’s prevalence and its
univariate associations with both
treatment and outcome. The bias
calculation is utilized to prioritize
variables for inclusion in the propensity
score model.

Exclude patients for whom there is no
clinical equipoise or nonoverlapping
regions of the propensity score.

2. Consider controlling for dependent censoring (censoring related to the outcome)

2.1. Censoring weights (IPCW)

3. Consider correction for missing data

3.1. Complete case selection

3.2. Full cohort selection

3.2.1. If selecting the full cohort: consider
imputation of missing data

These scores adjust the analysis by giving
higher weights to censored individuals
who share similar characteristics with
noncensored individuals and is used to
address right censoring of the outcome.

Manages missing data by restricting the
inclusion of patients in the external arm
to those without any missing data to
increase direct comparability between
uncontrolled cohort and external control.
Decreases sample size (thus power) and
may introduce bias if the missingness is
not completely at random.

Includes all patients, also if data are
missing. Used if the missingness is not
completely at random or the cohort is
very small. It may require imputation (of
missing data) and sensitivity analysis
during the analysis phase to validate the
results.

The usual recommendation for
imputation is the technique of multiple
imputation, which is a standard
procedure available in many statistical
software packages under the assumption
that data are missing at random.

W 2024

42,48

27,29,37,38

43,66

27

27

continued on next page
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4. Consider the analytical comparative modeling method to use: performing the analysis and answering

the research question

4.1. Regression modeling

4.2. Meta-analytic methods

4.3. Advanced exploratory solutions

4.4, Pseudo-observations

4.5. Marginal structural modeling

4.6. Microsimulation

4.7. G-computation

This may include ordinary multivariable
regression, linear regression, logistic
regression, proportional hazards, and
others. Standard regression may risk
overfitting and requires an adequate
number of patients/events per covariate,
which is particularly difficult for external
controls with often limited sample sizes
and numerous covariates.

Meta-analytic methods model the
unexplained heterogeneity between the
source data and account for this when
extrapolating to the target, based on
aggregate data. If more complex meta-
analytic approaches are needed to
synthesize evidence, meta-regression
methods may be applied.

Cluster analysis (such as Gaussian
mixture models) can help identify
subgroups or patterns within the cohorts,
highlighting differences or similarities
that may be of interest. Random forests
and neural networks can be useful tools
in comparing cohorts as they can handle
complex interactions between variables
and nonlinear relationships. Neural
networks can capture complex patterns
and relationships in the data but can be
computationally intensive. These
methods provide associations rather than
causal inferences.

The pseudo-observations approach
creates a hypothetical comparison group
from the RWD cohort. Pseudo-
observations aim to mimic the outcomes
that would have been observed if the
RWD cohort had been treated with the
same intervention as the uncontrolled
trial cohort. This allows for the creation of
a counterfactual group that serves as a
comparison to the uncontrolled trial
cohort.

Based on the full external cohort, time-
varying covariates are updated, and
inverse probability treatment weights and
censoring weights are applied to create a
pseudo-population balanced concerning
the confounding and censoring factors.

Microsimulations of synthetic controls
can be linked to uncontrolled trials or
uncontrolled prospective patient
registries to aid in the estimation of a
comparative effect, particularly in settings
where a long-term clinical trial is
infeasible.

G-computation is based on the
counterfactual framework in which we
posit that we can predict a patient
outcome if the patient would have been
enrolled in the control arm instead of the
experimental one or vice-versa. This
makes the inference of a causal effect
theoretically possible.

27
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4.8. Machine learning methods

4.9. Doubly debiased machine learning

W 2024

Outcome prediction methods involve 4,56
estimating the expected clinical outcome

based on patient covariates. Flexible

machine learning models such as

boosted trees or neural networks can be

used to fit the model.

Doubly debiased machine learning is >4
related to G-computation, but it further

accounts for the possible bias of machine

learning outcome models.

See also Figure 2. The strategy for these steps should be explored a priori but are not always required altogether. These methods are described as they were described
in the corresponding scientific literature reviewed for this study. More options may be available. A selection of the steps and/or a combination of methods could be
applied. Multiple methods within each step could be applied as scenarios or sensitivity analyses. This depends on the estimand and strategic choices. References
are reported at the table level that corresponds to the level of detail in which the method was initially described.

IV indicates instrumental variable; IPCW, inverse probability of censoring weighting; RWD, real-world data.

Overview of methods in regulatory and HTA method guidelines.

Methods for indirect treatment comparisons (external controls) using RWD according to method guidelines

Individual patient data for external control

Aggregated data for external control

ompanson

commaon comparator)

T
o
»
8

=
z

<

Frequentist/unspecified Bayesian

External controls using RWD are per definition unanchored
Two studies with IPD available is rare, only if from same developer

Frequentist/unspecified Bayesian

External controls using RWD are per definition unanchored

Considered unreliable

Instrumental Variables (IV)
Multiple/outcome regression
G-computation

Propensity score

- Matching

- {Inverse) weighing
- Stratification

Doubly robust
{regression adjustment and
inverse probability weighting)

Panel data models
({longitudinal data only)

Regression on matched
sample

No naive comparison Mot mentioned

Cansidered unreliable EUnetHTA
Population-based adjustment Not mentioned HAS
methods are sometimes
considered but rarely meet IaWiG
assumptions

NICE
Only if assumptions are met
(rarely):
Matching-adjusted indirect

comparison (MAIC)

Simulated treatment
comparison (5TC)

(Multi-level) meta-analytic
regression

EUnetHTA indicates, European Network on HTA; HAS, Haute Autorité de Santé; HTA, health technology assessment; IPD, individual patient data; IQWIG, Institut fur
Qualitat und Wirtschaftlichkeit im Gesundheitswesen; NICE, National Institute for Health and Care Excellence; RWD, real-world data.
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Overview of the number of EMA and HTA reports based on uncontrolled trials and the methods that were used to compare

these to an external control.

Naive or unadjusted 8 0 2(1)
Regression techniques 5 (1) 0

Matching/weighing techniques 3 2(2) 1(1)
Unclear 0 2(1) 4 (4)

(1) 0 3 0 4 (0) 6 (6) 0
2(2) 0 0 1(1) 1(1) 1(0) 0
33 0 1 3(3) (1) 7(7) 303
(1) 0 0 2(2) 4 (3) 1(1) 1(1)

In some assessments, multiple comparisons were considered; hence, the figures do not always add up. The numbers represent the comparisons that were submitted;
the numbers between brackets represent the comparisons that were considered for the recommendation.
EMA indicates European Medicines Agency; HAS, Haute Autorité de Santé; HTA, health technology assessment; IQWIG, Institut fur Qualitat und Wirtschaftlichkeit im
Gesundheitswesen; NICE, National Institute for Health and Care Excellence; ZIN, Dutch National Health Care Institute.

brief descriptions, we were only able to distinguish methods to
control for confounding as “regression techniques” (n = 6) and
weighing and matching (n = 20). The remaining analyses
comprised naive comparisons (n = 13) that were most frequently
disregarded in the recommendation (38% [5 of 13] vs 17% [1 of 6]
of regressions, 0% [0 of 20] of matching/weighing techniques, and
13% [2 of 15] of the unclear methods). Across all institutions, a
priori defined analyses were better appreciated than post hoc
analyses (see case studies on axicabtagene ciloleucel and tisa-
genlecleucel in Appendix 5 in Supplemental Materials found at
https://doi.org/10.1016/j.jval.2024.08.002).

We aimed to (1) systematically review the analytical methods
available for comparing uncontrolled trials with IPD-RWD-based
external controls and (2) compare these findings with European
regulatory and HTA practice (ie, guidelines and assessment re-
ports). More advanced methods for comparing uncontrolled
studies with external controls using IPD-RWD were described in
literature than were mentioned in guidelines or encountered in
regulatory or HTA reports.

Many guidelines focused on research design aspects rather
than the analytical methods for comparison but if analytical
methods were discussed, these were also discussed in literature.
The NICE and EUnetHTA guidelines discussed analytical methods
based on whether IPD or a common comparator is available.
However, these guidelines and literature suggested different
preferred methods (g-computation, instrumental variables) than
those that were encountered in regulatory and HTA reports (naive,
MAICs, simple regression methods). None of the guidelines rec-
ommended methods for aggregated external control data unless
the underlying assumptions were met, which rarely happens.
Thus, despite these discrepancies between scientific literature and
guidance from regulators and HTA organizations, guidelines were
generally in line with recommendations in scientific literature. In
contrast, aggregated external control data were often discussed in
regulatory and HTA reports, suggesting that guidelines may not be
followed by developers. Notably, guidelines often did not describe
a preference for any of the methods. Differences among guidelines
of different organizations may be explained by differences in
timing of publication and focus and perceptions on the accept-
ability of risk and uncertainty by organizations. Based on our
findings, we formulated recommendations for regulatory and HTA

authorities to help them improve the quality and the acceptability
of the methods used in submissions (Table 3).

Two recent studies qualitatively assessed regulatory and HTA
evaluations of uncontrolled trials using an external control from
RWD.>*?* Sola-Morales et al*® identified operational and meth-
odological aspects for which guidance is required: early engage-
ment with regulators and HTA organizations, handling missing
data, and the selection of real-world endpoints. They concluded
that the extent to which regulators and HTA organizations
consider the same external controls from RWD is highly variable
and calls for alignment across institutions, which is in line with
our findings. The negative recommendations they identified were
mostly owing to research design and data quality aspects (eg, the
lack of randomization or differences in endpoints, exposure, or
population between the compared cohorts). The authors did not
highlight analytical comparative methods as the reason for a
negative recommendation, although we found that not all
methods were considered in the recommendations (mostly for
aggregated data and naive comparisons). Curtis et al>* outlined
methodological considerations for the design, conduct, and
reporting of external controls from RWD. They focused on the
research design and data quality elements, describing that for
regulatory and HTA submissions it is critical to consider the
appropriateness of external controls, ensure adequate sample
sizes, implement a clear strategy for addressing data quality, select
appropriate endpoints, and conduct sensitivity analyses. The
choice of analytical methods was not considered in this study. In
line with our recommendations (Table 3), they also concluded that
early engagement with regulatory and HTA organizations was
essential.

Many other institutions, working groups, and academics
published on the use of RWD to generate external controls for
regulatory and HTA decision making.>?*>%%”! Recommendations
in (draft) guidelines from the Food and Drug Administration (FDA)
and Canadian Agency for Drugs and Technologies in Health reit-
erate our findings on the need for a priori defined protocols,
including analyses and data collection procedures.>®® The FDA
guideline does not specify analytical methods, stating that “no
single statistical or analytical method will be suitable for all trials
involving external control arms, and potential approaches should
be discussed with the FDA.”> This underlines the added value of
our current methodological overview. ISPE has endorsed a
manuscript of its members that discussed types of external con-
trol arms based on RWD and how to mitigate biases. In line with
our results, they describe that when sufficiently justified
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Based on our results, several recommendations to regulatory and HTA authorities were formulated to improve the quality and
acceptability of analytical methods for externally controlling trials using real-world data.

Research design

1. To reduce bias related to research design, a priori (at the time of trial design) defined study protocols are required, including an analysis plan
for the indirect comparison to external control from IPD-RWD.

2. The study protocol and design should emulate a target RCT, in which the uncontrolled trial and the comparison with an external control
from IPD-RWD are treated as one trial, ie, design as an externally controlled trial rather than an uncontrolled trial.

3. The protocol should clearly define the research question, including the more specific estimand before designing the study.

4. Guidance or advice for situations in which the use of an external control from IPD-RWD is acceptable, and in which situations it is not
acceptable, may build trust and enhance acceptance.

Data quality

5. Using RWD for external controls imposes different limitations compared with using external controls from other trials. An overview of
specific considerations for RWD limitations (and the methods that may be used to address these limitations, see Analytical methods) could
inform trial conductors when choosing IPD-RWD sources.

6. High-quality IPD-RWD should be better available and accessible.

Analytical methods

7. An overview of when to use what method could guide developers or academics when conducting comparisons because not all methods are
suitable for answering every research question or RWD limitation.

8. Given that a doubly robust method is preferred, an overview of methods that can or should be combined should be created.

Transparency and communication

9. Guidance on consistent reporting of methods and results for externally controlled trials using IPD-RWD in regulatory and HTA reports is
required to improve the interpretation of results.

10. Aligning terminology for methods for externally controlled trials could support understanding across stakeholders.

Stakeholder alignment

11. Discussion among stakeholders (regulators and HTA organizations) to find the desired balance between using sophisticated and complex
methods, and maintaining the interpretability and transparency of these methods may enhance the uptake of state-of-the-art methods for
external controls from IPD-RWD.

12. Because there is no “one-size-fits-all” approach to externally controlled trials using IPD-RWD, there is a need for early and iterative scientific
and statistical consultations by regulators and HTA organizations throughout the process.

HTA indicates health technology assessment; IPD-RWD, individual patient data real-world data; RCT, randomized controlled trial.

(ethically or practically) and with an a priori target trial
emulation approach, externally controlled trials are sometimes
acceptable. External controls can only be applied if all the
underlying assumptions are met (which may substantially differ
for anchored non-RWD-based and unanchored [non-]RWD-
based approaches), an actual comparator is available (other than
placebo or standard of care), an extreme benefit is expected, and
the natural history of disease is known. However, these situations
rarely occur at the same time.

Given that there seems to be no “one-size-fits-all” approach to
applying external controls, this highlights why early dialogues and
scientific advice among all stakeholders in the medicine lifecycle
are critical”>** Some guidance on the use of RWD in regulatory
decision making exists but early multistakeholder dialogues with
developers, regulators, HTA organizations, patients, and clinicians
and subsequent (iterative, statistical) scientific consultations may
be able to address some of the uncertainty that arises when
considering the use of (IPD-)RWD as external control.”’””> Both
dialogues and advice provide opportunities to discuss the justifi-
cation for an externally controlled trial, the acceptability of an
external control for decision making, the most suitable and
feasible trial design to answer the relevant questions, and the gaps
that may remain. In addition, the evidence that needs to be
generated after authorization or other risk management strategies
may be discussed here.” The overview in this article may be used External controls using RWD discussed in regulatory and HTA
as a starting point for these discussions. reports often concern aggregated data and rarely make use of

This article is the first to provide an overview of analytical
methods for comparing uncontrolled trials with external controls
from IPD-RWD and their role in regulatory and HTA decision
making. The performed search included scientific literature on
external controls using IPD-RWD only. Therefore, other methods
that can also be applied in the context of IPD-RWD as external
control may be available, particularly methods that are described
in other contexts for unanchored comparisons. Our results can be
used as an overview of the available options, but the use of
(combinations of) methods should be considered case by case
given that specific use cases were often not provided in the
literature. Importantly, owing to the brief and inconsistent
reporting of methods in EPARs and HTA reports, it was difficult to
fully understand how the methods had been applied and to assess
the potential remaining biases. Finally, we included EPARs until
2020. Given the increased submissions using uncontrolled trials
with external controls, the most recent cases are not included.
These cases may include more “state-of-the-art” methods in their
submissions than are currently expressed in this article.



state-of-the-art analytical methods described in literature and/
or recommended in regulatory and HTA guidelines. The litera-
ture suggested a target trial emulation-like approach: a priori
designed studies based on one interventional and one IPD-RWD
arm, mimicking target RCTs to the extent feasible to minimize
bias. We developed recommendations for regulatory and HTA

organizations to improve the quality and acceptability of

external controls.
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