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Abstract 

Background Platform trials gained popularity during the last few years as they increase flexibility compared to multi-
arm trials by allowing new experimental arms entering when the trial already started. Using a shared control group 
in platform trials increases the trial efficiency compared to separate trials. Because of the later entry of some of the 
experimental treatment arms, the shared control group includes concurrent and non-concurrent control data. For a 
given experimental arm, non-concurrent controls refer to patients allocated to the control arm before the arm enters 
the trial, while concurrent controls refer to control patients that are randomised concurrently to the experimental arm. 
Using non-concurrent controls can result in bias in the estimate in case of time trends if the appropriate methodology 
is not used and the assumptions are not met.

Methods We conducted two reviews on the use of non-concurrent controls in platform trials: one on statistical 
methodology and one on regulatory guidance. We broadened our searches to the use of external and historical 
control data. We conducted our review on the statistical methodology in 43 articles identified through a systematic 
search in PubMed and performed a review on regulatory guidance on the use of non-concurrent controls in 37 
guidelines published on the EMA and FDA websites.

Results Only 7/43 of the methodological articles and 4/37 guidelines focused on platform trials. With respect to 
the statistical methodology, in 28/43 articles, a Bayesian approach was used to incorporate external/non-concurrent 
controls while 7/43 used a frequentist approach and 8/43 considered both. The majority of the articles considered a 
method that downweights the non-concurrent control in favour of concurrent control data (34/43), using for instance 
meta-analytic or propensity score approaches, and 11/43 considered a modelling-based approach, using regression 
models to incorporate non-concurrent control data. In regulatory guidelines, the use of non-concurrent control data 
was considered critical but was deemed acceptable for rare diseases in 12/37 guidelines or was accepted in specific 
indications (12/37). Non-comparability (30/37) and bias (16/37) were raised most often as the general concerns with 
non-concurrent controls. Indication specific guidelines were found to be most instructive.

Conclusions Statistical methods for incorporating non-concurrent controls are available in the literature, either 
by means of methods originally proposed for the incorporation of external controls or non-concurrent controls in 
platform trials. Methods mainly differ with respect to how the concurrent and non-concurrent data are combined 
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and temporary changes handled. Regulatory guidance for non-concurrent controls in platform trials are currently still 
limited.

Keywords External controls, Non-concurrent controls, Platform trials

Background
Platform trials aim at evaluating the efficacy of several 
experimental treatments within a single trial. Experimen-
tal arms are allowed to be added or removed as the trial 
progresses. Furthermore, in platform trials the efficacy 
compared to control can be tested using a shared control 
group, which increases the statistical power and reduces 
the number of required patients as compared to sepa-
rate trials. Shared controls in platform trials may include 
concurrent and non-concurrent control data, where, for 
a given experimental arm, non-concurrent controls refer 
to data from patients allocated in the control arm before 
the arm enters the trial. Platform trials have gained pop-
ularity during the last years, and there has been much 
discussion and controversy regarding the use of non-con-
current controls. Non-concurrent controls can further 
increase the power of the trial, but as the randomisation 
does not occur simultaneously to treatment arms they 
can introduce an inflation of the type 1 error rate and 
bias in the estimates if time trends are present.

The use of randomisation in clinical trials has become 
the gold standard and the proper approach to evaluate a 
new therapy in a clinical trial is by using a randomised 
control. However, sometimes the consideration of a ran-
domised control is not feasible as is the case, for instance, 
in studies for diseases with high mortality or certain rare 
diseases. In such cases, the use of historical controls has 
been considered either by substituting the randomised 
control or by combining them to the randomised con-
trol [1]. The combination of randomised and historical 
controls in clinical trials has received much attention 
over the past several decades, see for example [2-6] for 
general discussions on the use of historical controls. 
Considerable interest has focused on how to combine 
both controls without introducing bias while reducing 
the total sample size needed and/or the average total 
trial duration since Pocock’s seminal paper [7] discussed 
the use of historical controls in the design and analysis 
of randomised treatment-control trials. For reviews on 
methods for the inclusion of historical controls, read-
ers may refer to [8] and [9]. As with historical controls, 
non-concurrent controls in platform trials may differ 
from concurrent controls, and therefore utilising them in 
the analyses could lead to biases in the estimates if naive 
analyses are performed [10]. In the context of historical 
controls, Viele et  al. [8] defined “drift” as the difference 

between the true unknown concurrent control param-
eter and the observed historical control data. To mitigate 
this problem, several approaches have been proposed for 
historical controls that could be applied as well to non-
concurrent controls in platform trials. The first goal of 
this paper is to identify the methods currently available 
for incorporating non-concurrent controls, clarify the 
key concepts and assumptions, and name the main char-
acteristics of each method.

In the International Council for Harmonisation of 
Technical Requirements for Pharmaceuticals for Human 
Use (ICH) E10 guideline [11], an externally controlled 
trial is defined as “one in which the control group con-
sists of patients who are not part of the randomised study 
as the group receiving the investigational agent, i.e. there 
is no concurrently randomised control group”. Catego-
rising them by the time the subject data were collected, 
Jahanshahi et  al. [2] distinguish between the following 
two types of external controls by: Concurrent external 
controls, as the group of patients recruited to control 
based on subject level data collected at the same time 
as the treatment arm but in another setting; and Non-
concurrent external controls (also referred to as histori-
cal controls), as the group based on data collected at a 
time different (e.g. historical) from the treatment arm 
(e.g. retrospectively collected from a natural history 
study, or published data from a previous clinical study). 
Analogously, internal controls can be defined as the 
group of patients who are part of the same randomised 
trial as the group receiving the investigational agent, 
and divided them as well into: Non-concurrent (internal) 
controls: control patients who were recruited before the 
experimental treatment entered the trial and Concurrent 
(internal) controls: patients who are recruited to the con-
trol when the experimental treatment is part of the trial. 
Thus, concurrent control patients have a positive alloca-
tion probability of being randomised to the experimen-
tal arm. In that terminology the non-concurrent controls 
in platform trials are “non-concurrent internal controls”. 
Note here that the controls that are most important to 
distinguish between are: external controls from internal 
controls; and concurrent internal controls from non-con-
current internal controls. Also note that external control 
can come from several sources, such as clinical trials, but 
also “real world data”. See Fig. 1 for an illustration of dif-
ferent controls definitions.
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Although the inclusion of non-concurrent controls 
in analyses has been the subject of regulatory discus-
sions for some time, it is still a young topic. Therefore, 
the second objective of this paper is to summarise the 
current regulatory view on non-concurrent controls in 
order to clarify the key concepts and current guidance. 
Therefore, we conducted a systematic search in regula-
tory guidelines regarding the use of non-concurrent 
controls. For the sake of simplicity, we will not use the 
term “internal” for concurrent and non-concurrent con-
trols and distinguish them from external controls when 
it is unclear whether it is concurrent or non-concurrent 
external controls. Especially methods and regulatory 
opinions on historical controls and non-concurrent 
(internal) controls have a considerable overlap, and we 
will describe both and comment on commonalities and 
distinctions. We conclude the paper with a discussion of 
the advantages and potential caveats of using non-con-
current controls.

Methods
Review of methods
Search strategy
We carried out a systematic search for the methods in the 
PubMed database and supplemented the identified with 
manually searched papers. To identify methods to incor-
porate non-concurrent control data in PubMed, we per-
formed the following search:

This study is reported in accordance with the 
PRISMA reporting guideline’s extension for scoping 
reviews [12]. Other options including the term “histor-
ical controls” were taken into consideration. However, 
such searches resulted in a large number of articles 
(for instance, including the term “historical control*” 
in the search as [Title/Abstract] returns 3209 arti-
cles) that were unfeasible to review and most of which 
were not of interest for this review. Therefore, it was 
decided to perform a narrower search, prioritising the 
relevance of the articles in terms of the methodology, 
and checking that the predefined a priori list of arti-
cles of interest was included and that the most relevant 
articles reviewing historical controls methods were 
also included.

Identification of articles
In order to be included for data extraction, the focus 
of the article had to be one of the following: (1) The 

Fig. 1 Definition of controls depending on the source and time. The data within the red box represents the (internal) data from a platform trial, 
the data outside the red box represents the external data. Non-concurrent control data for arm 4 is represented in light grey boxes and concurrent 
controls are represented in dark grey
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description of a method proposed to include external/
non-concurrent controls and concurrent controls in 
clinical trials. (2) The article considered an application 
of a method which included external/ non-concurrent 
controls together with concurrent controls in a clinical 
trial context with a detailed description of the method 
used. (3) The article is an overview of several methods 
to include external controls (e.g. review article). (4) The 
article is about the comparison of several methods (e.g. 
via simulation studies) to include external controls. On 
the other hand, the article was not considered if (1) the 
article focused on shared concurrent controls but not on 
the inclusion of external/non-concurrent controls; (2) 
the term external/non-concurrent control was used in 
another context; and (3) the article focused on a clinical 
trial using external/non-concurrent controls, but not on 
the methods.

The screening was performed by two reviewers in a 
three-step process: (1) Article titles were screened by 
a reviewer and selected based on the inclusion criteria 
or excluded based on the exclusion criteria. (2) Arti-
cle abstracts were screened and selected by a reviewer 
based on the inclusion criteria or excluded based on 
the exclusion criteria. (3) Selected articles were fully 
read and selected by two reviewers based on the inclu-
sion criteria or excluded based on the exclusion crite-
ria. If the selected articles referred to other relevant 
articles not found by our search, these were added 
retrospectively.

Data extraction
Information from the identified articles was extracted 
by two independent reviewers using a standardised 
data extraction form (see Table  1 in the Supplemen-
tary Material 1). General information of the articles 
such as the year of publication, objective of paper or 
the type of paper (e.g. review, research article) were 
part of the extraction form. In addition, information 
on the study design (e.g. endpoints, treatment arms) 
was extracted. Concerning the incorporation of exter-
nal/non-concurrent controls, we extracted details on 
the specific statistical methodology mentioned (e.g. 
Bayesian/Frequentist approach, covariate adjust-
ment). Further information was collected regard-
ing the implementation of simulation studies and the 
availability of code and software. Where possible, 
pre-specified categories were defined for each item in 
the extraction form. Adjudication was performed by a 
third reviewer in case of discrepancies. For the com-
plete extraction form see Table  1 in the Supplemen-
tary Material 1.

Data analysis
The extracted information was analysed descriptively 
using R Version 4.0.3. The number of articles in each pre-
specified category was determined and free-text fields 
were summarised in listings.

Review of guidelines
Our initial search was specifically on platform trials and 
non-concurrent controls in the strict sense. But since 
platform trials are still relatively new trial designs, there 
were so far not many guidelines available that addressed 
the use of non-concurrent controls. More precisely, only 
four platform trial specific guidelines were available: 
The recently published US Food and Drug Administra-
tion (FDA) guidance on “COVID-19: Master Protocols 
Evaluating Drugs and Biological Products for Treatment 
or Prevention” [13], the FDA guidance “Master Proto-
cols: Efficient Clinical Trial Design Strategies to Expedite 
Development of Oncology Drugs and Biologics” [14] as 
well as the FDA guideline on “Interacting with the FDA 
on Complex Innovative Trial Designs for Drugs and Bio-
logical Products” [15], and, as the only European docu-
ment, “Recommendation paper on the initiation and 
conduct of complex clinical trials” [16]. The topic of non-
concurrent controls was either not considered at all or 
only marginally in these guidelines. Hence, we decided 
to broaden the review to guidance provided on the use 
of external or historical controls in clinical trials and to 
discuss the relevance and transferability of the results to 
non-concurrent controls.

Search strategy
Also this systematic guideline review was performed 
in accordance with the PRISMA reporting guideline’s 
extension for scoping reviews [12]. The database for our 
systematic review of guidelines was based on all docu-
ments available for download on 20/05/2021 from the 
database of the European Medicine Agency (EMA) as 
well as of the US Food and Drug Administration (FDA). 
In the EMA search engine1, we activated the filters “Topic 
= Scientific guidelines”, “Categories = Human”, “Type of 
content = Documents” and “Include Documents = Yes”. 
In the FDA Guidance Documents search2, we filtered the 
documents for “Product = Drugs” as well as “Product = 
Biologics”. We then used the advanced search function of 
Adobe Acrobat Pro 2020 to search in all pdf documents 
for the terms:

1 https:// www. ema. europa. eu/ en/ search/ search
2 https:// www. fda. gov/ regul atory- infor mation/ search- fda- guida nce- docum 
ent

https://www.ema.europa.eu/en/search/search
https://www.fda.gov/regulatory-information/search-fda-guidance-document
https://www.fda.gov/regulatory-information/search-fda-guidance-document
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Duplicates and older draft versions were excluded after 
the keyword search.

Identification of guideline documents
We only included guidelines for data extraction which 
were guideline documents, Questions and Answers 
(QnAs), qualification opinion or reflection papers from 
EMA, ICH or FDA. We excluded documents (1) in which 
external/non-concurrent controls were not discussed in 
the context of an inclusion into the primary analysis (e.g. 
the use of external/non-concurrent controls were just 
mentioned in the context of sample size planning); (2) in 
which one of the keywords and hence the use of external/
non-concurrent controls was only mentioned without 
further recommendation or description (e.g. mentioned 
only in the title of a reference); (3) in which the use of 
external/non-concurrent controls was only mentioned in 
a non-clinical or preclinical setting (4) or in the context 
of (secondary) safety data analyses or meta-analyses; (5) 
in which the use of external/non-concurrent controls was 
discussed in a medical device context.

Data extraction
Information from the identified guidelines was extracted 
by two independent reviewers using a standardised data 
extraction form (see Table 3 in the Supplementary Mate-
rial 1). General information of the guidelines such as the 
year of the guideline or the type of document (e.g. guide-
line, reflection paper) were part of the extraction form. 
We documented whether the guideline discussed the use 
of external/non-concurrent data in early or late phase 
and whether the guideline was focused on methodologi-
cal or clinical aspects. Concerning the use of external/
non-concurrent controls, we extracted details on the spe-
cific circumstances in which the use was recommended 
or deemed acceptable, or unacceptable, the concerns that 
were raised as well as the requirements for the use. Fur-
thermore, we identified the methods mentioned for the 
incorporation of external/non-concurrent data, the type 
of inferential question addressed and whether Bayes-
ian methods were supported. We specifically identified 
whether the use of non-concurrent controls, or the joint 

use of external and concurrent controls in platform tri-
als was discussed in the guideline. Where possible, pre-
specified items were defined for each category in the 
extraction form after a first pre-screening (Supplemen-
tary Material 1 Table 3). Adjudication was performed by 
a third reviewer in case of discrepancies.

Data analysis
We analysed the extracted data descriptively with R Ver-
sion 4.0.3. The number of guidelines in each pre-specified 
category was determined and free-text fields were sum-
marised in listings.

Results of the methods review
The data base search yielded 260 articles. Based on 
the titles 164 papers which did not address statistical 
methods were excluded, leaving 96 papers. We further 
excluded 52 articles after screening the abstracts. Hence, 
44 articles satisfied the inclusion-exclusion criteria based 
on title and abstract screening. Additionally, 11 arti-
cles resulting from a manual search entered the full text 
review. Based on the full-text review further 12 articles 
were excluded leading to a total number of 43 relevant 
articles for which we performed the data extraction. The 
work-flow of the literature search is depicted in Fig. 2. A 
full list of these 43 articles can be found in Table 2 in the 
Supplementary Material 1.

The distribution of the year of publication of the 43 
identified articles shows an increase in publications, 
especially in the last two years (see Fig.  3). Please note 
that for 2021, only papers available on PubMed up to 
17/08/2021 could be included. The articles included in 
the review are generally methodological articles, pub-
lished in statistical journals. The journals with the most 
articles published on this topic were Statistics in Medi-
cine with 9/43 (21%) articles and Pharmaceutical Statis-
tics with 7/43 (16%) articles (see Fig. 3).

Only 7/43 (16%) of the articles focused on platform 
trials while 36/43 (84%) of the articles concentrated on 
external controls. 28/43 (65%) articles considered the 
situation of a trial with only one treatment arm. In 21/43 
(49%) of the identified articles, the considered primary 
endpoint was binary, for 16/43 (37%) of the articles a con-
tinuous endpoint was chosen, in 10/43 (23%) it was a sur-
vival endpoint, in 2/43 (5%) the described methodology 
was for count data and in 5/43 (12%) the articles provided 
high-level summaries of methodologies or discussions 
on the use of external controls without details on specific 
endpoints. With respect to the statistical methodology, in 
28/43 (65% ) of the identified articles a Bayesian approach 
was used to incorporate external/non-concurrent con-
trols while 7/43 (16%) used a Frequentist approach and 
8/43 (19%) considered both.
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We distinguish methods into two categories: down-
weighting-based approaches, referring to methods that 
downweight the non-concurrent control data in favour 
of the control data either using Bayesian methods, 
such as meta-analytic approaches, or propensity score 
approaches; and modelling-based approaches, referring 
to methods that use regression models to incorporate 
historical or non-concurrent control data. The majority 
of the articles, 34/43 (79%), considered a downweight-
ing-based approach. A modelling-based approach was 
considered in 11/43 (26%) of the identified papers. Fur-
thermore, we found that 37/43 (86%) of the articles dis-
cussed the potential biases and 11/43 (26%) covered 
interim analyses. Thirty-one out of 43 (72%) of the arti-
cles reported a simulation study or a case study and for 
13/43 (30%) articles software or code is available.

Note that some articles fall into several categories and 
that is why the total sums to more than 100% in some 
cases.

Methods to incorporate non‑concurrent controls
In this subsection, we present an overview and descrip-
tion of the main methods proposed in the identified arti-
cles. Most of these methods were originally proposed in 
the context of using historical controls and real-world 
evidence, but can also be applied to incorporate non-
concurrent controls in platform trials.

Test‑then‑pool approaches
In the “test-then-pool” approach, the distributions of the 
non-concurrent and concurrent controls are first tested 
for equality using a frequentist test at level α . If the null 
hypothesis of equality of the distribution functions is 
rejected, the non-concurrent control data is discarded 
and a separate analysis using solely the concurrent con-
trol data is conducted. If the hypothesis of equality 
can not be rejected, the non-concurrent and concur-
rent control data are assumed to be comparable and 
a pooled analysis is conducted [8, 17]. In the test-then-
pool approach, the significance level of the pre-test can 
be chosen to reflect the a priori trust in the similarity of 
controls.

In the specific context of platform trials, Ren et al. [18] 
discussed the incorporation of non-concurrent controls 
in the analyses by means of a pooling approach in a trial 
with two treatment arms and a shared control, where one 
of the treatment arms enters later. The authors assumed 
that one treatment arm joins the platform later and com-
pared different scenarios in which the treatment was 
tested against concurrent controls only, as well as against 
the pooled concurrent and non-concurrent controls 
without pre-testing the potential differences between 
controls. They evaluated the overall study power, defined 
as the probability of detecting at least one effective treat-
ment, and the type I error control, as well as the opti-
mal allocation ratio for the overlapping period between 

Fig. 2 Flow diagram of systematic article selection process. Date of search 17/08/2021
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the two treatment arms. Another pooling approach was 
introduced by Jiao et al. [9], in which a platform trial with 
independent controls per treatment arm was introduced 
with a potential incorporation of external controls. The 
authors proposed a two-step test-then-pool design. In 
the first step, the test-then-pool approach was applied to 
the independent control groups in the platform trial to 
examine pooling of these groups to a common control. In 
the second step, the test-then-pool approach was applied 
to an external control and the platform control group 
(either separate or pooled control, depending on the first 
step).

Frequentist and Bayesian regression model approaches
In the specific context of platform trials with continuous 
data and without interim analyses, Lee and Wason [19] 
considered linear regression models that include a fac-
tor corresponding to time to adjust for time trends when 
using non-concurrent controls in the final analysis. They 
demonstrated in a simulation study that modelling time 
trends by a step-wise function leads to unbiased tests, 
even if the true time trend is linear rather than step-
wise. These models were recently further investigated by 

Bofill Roig et al. [10] for platform trials with continuous 
and binary endpoints, showing that the regression model 
adjusting for time trends using a step-wise function relies 
on the assumption of equal time trends across all arms 
and on the correct specification of the scale of the time 
trends in the model. For fixed sample platform trials 
(without interim analysis), they show that under these 
assumptions the regression model gives valid treatment 
effect estimates and asymptotically controls the type 1 
error if block randomisation is used.

For platform trials with continuous endpoints, 
Saville et  al. [20] proposed a Bayesian generalised lin-
ear model, the so-called “Bayesian Time  Machine”. The 
Time  Machine allows to model the time trends and to 
perform an adjusted analysis. In this approach, in order 
to model the potential drift over time in response, time 
is divided into pre-defined time “buckets” (e.g. months 
or quarters) and the estimates for the time effects in dif-
ferent periods are smoothed using a normal dynamic 
linear model. The Time Machine can achieve nearly unbi-
ased estimates if time trends are equal in all treatments 
and the time buckets and priors in the model are chosen 
appropriately. The model can also give an improvement 

Fig. 3 Journal and year of publication of the identified articles
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in terms of power and mean square error as compared to 
approaches that estimate the time period effect indepen-
dently in each time period.

Note that a difference in these model-based approaches 
is the definition of the time intervals. In the frequen-
tist models in [19], the time intervals are defined by the 
time at which arms enter or leave the trial, but in Saville 
et al. [20], the intervals are defined based on the calendar 
times by means of the time “buckets” [21].

Propensity score approaches and baseline 
covariates‑adjustments
Propensity score approaches have been proposed to 
adjust for differences between historical and concurrent 
controls. The scores are estimated with regression mod-
els based on baseline covariates [4].

Propensity scores were originally introduced by Rosen-
baum and Rubin [22] in the context of causal inference in 
observational studies. The propensity score is the prob-
ability of being in one treatment group rather than the 
other given the observed baseline covariates. It is used as 
a balancing score, since patients with the same propen-
sity score can be considered to have balanced covariates 
between the two groups. The balancing is then per-
formed by matching, stratification, weighting or covariate 
adjustment using the propensity scores.

Yuan et al. considered in [23] two different approaches 
to augment a concurrent control arm with historical con-
trol data via propensity score matching. In [24], Chen 
et  al.  proposed a propensity score-integrated composite 
likelihood approach for augmentation of the concurrent 
control arm with real-world data, in which the composite 
likelihood is utilised to downweight the information con-
tributed by the external controls in each propensity score 
stratum.

Covariate adjustment can also be directly implemented 
with regression models including relevant baseline covari-
ates. For example, in the context of borrowing of historical 
control data, Han et al. [25] proposed a Bayesian hierar-
chical model that can incorporate patient-level baseline 
covariates to calibrate the exchangeability assumption 
between concurrent and historical control data.

Collignon et al. [5] discussed how the inter-study vari-
ation might be useful to quantify the amount of informa-
tion that historical controls can provide, and opted for a 
clustered allocation design as the closest to a randomised 
trial.

Power prior and commensurate power prior
The Bayesian power prior approaches discount the his-
torical data by a power parameter to account for poten-
tial differences between historical and concurrent 
control data. In their seminal paper, Ibrahim and Chen 

[26] proposed power priors in the context of regression 
models. For the prior specification of the regression coef-
ficients, available historical data is used together with 
a scalar weight parameter that quantifies the uncer-
tainty in the historical control data. The choice of such 
a parameter determines the weight of the historical data 
to be incorporated into the current study and hence, has 
implications on the operating characteristics of the trial. 
Although the choice of the value of this parameter is thus 
essential, it is often challenging to specify.

Duan et  al. [27] and Neuenschwander et  al. [28] pro-
posed a modified power prior approach in which the 
weight parameter is considered an unknown parameter. 
This modified prior aligns with the Bayesian rationale 
and thus, introduces a prior for this weight. Banbeta et al. 
extended in [29] the modified power prior to incorpo-
rating multiple historical control arms. Gravestock et al. 
proposed in [30] an empirical Bayes approach to estimate 
the weight parameter based on the observed data. Ben-
nett et al. [31] proposed a different approach to derive the 
weight parameter. They focused on adaptive designs with 
binary endpoints in which historical controls can replace 
the concurrent controls when there is an agreement 
between the historical and concurrent control data at the 
interim analysis. The authors [31] proposed two Bayesian 
methods for assessing the agreement between histori-
cal and concurrent control: the first method is based on 
an equivalence probability weight and the second on a 
weight based on tail area probabilities.

The commensurate power prior [31, 32] is another 
adaptive modification of the original power prior for-
mulation [26] that uses conditional prior distributions 
for the concurrent controls, which adjusts the weight 
parameter through a measure of commensurability. In 
the specific context of platform trials, Normington et al. 
[33] also considered a trial with independent controls per 
treatment arm. Instead of borrowing data from an exter-
nal control, the authors proposed a commensurate prior 
to borrow control data from the independent controls 
on the same platform. In comparison to an all-or-noth-
ing approach (pool or discard completely), their design 
did not perform worse in simulations in terms of treat-
ment effect bias (if control data was wrongly included) 
or longer study duration (if control data was wrongly 
discarded).

Hierarchical models
Meta-analytic-predictive (MAP) prior approaches 
account for heterogeneity by assuming exchangeabil-
ity among the historical and concurrent control param-
eters and explicitly model the between-trial variation. 
This method performs a prediction of the control effect 
in a target clinical trial from historical control data using 
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random-effects meta-analytic methods [4]. Schmidli et al. 
[34] defined a robust extension of the MAP (R-MAP) 
prior to allow for further discounting of historical data 
in the case of extreme discordance between the histori-
cal and concurrent control data. This prior is a mixture 
prior defined by two components: a MAP prior based on 
the historical data and a weakly-informative prior. Addi-
tionally, they proposed an adaptive design where in the 
interim analysis the agreement between historical con-
trols and concurrent controls is evaluated. If the data 
is in agreement, then fewer concurrent controls will be 
recruited in the second stage.

More recently, Hupf et  al. extended in [35] the MAP 
prior approach and proposed the Bayesian semiparamet-
ric MAP prior (BaSe-MAP). In the BaSe-MAP approach 
the random effects in the MAP prior are modelled non-
parametrically as a Dirichlet process mixture of Gaussian 
distributions centred on a common mean. The BaSe-
MAP borrows more conservatively than the other pri-
ors, but its performance in terms of frequentist operating 
characteristics is similar or better than the MAP and 
robust MAP methods.

Wang [36] proposed a new Bayesian model for adjust-
ing for time trends in platform trials. The approach is 
based on pooling control data, using dynamic borrowing 
depending on how similar concurrent and non-concur-
rent controls are. In their setting, the standard of care 
control arm was permitted to be changed over time in the 
platform. Therefore, comparisons to the control arm were 
subject to change and therefore, changes over different 
recruitment times were expected. The authors proposed 
an extension of the R-MAP approach to accommodate 
these changes. Specifically, the approach uses mixture 
priors that link the most recent non-concurrent controls 
with those furthest away from the concurrent, and then 
using this to decide how far in time the non-concurrent 
controls should be pooled. The methods are illustrated by 
means of examples based on e.g. trials of Ebola virus dis-
ease therapeutics.

Elastic prior
The elastic prior method [37] uses a so-called elas-
tic function, which is basically a congruence meas-
ure mapped to (0,1). This elastic function measures the 
strength of evidence for the congruence between concur-
rent and historical data (e.g. a test statistic). The elastic 
function is constructed to satisfy a set of pre-specified 
criteria such that the resulting prior will strongly borrow 
information when historical and trial data are not in con-
flict with each other, but refrain from information bor-
rowing when historical and trial data are in-congruent 
by inflating the variance of the prior distribution. The 
method was extended in [38] to biosimilar studies.

Pocock’s random bias model
In his seminal paper [7], Pocock proposed a Bayesian sta-
tistical method that accounts for the difference in the his-
torical and concurrent controls by means of a bias term, 
which is assumed to be a normally distributed random 
variable with mean zero. The method is equivalent to the 
commensurate prior in [32] in case of a single historical 
trial, except that the between-study variance is not esti-
mated but set in advance. In addition, the random bias 
model is similar to the MAP and R-MAP approach. For 
further discussions on the similarities of these methods 
see [39] and [40].

Discussion and comparison of methods
Jiao et  al. [9] compared several strategies to borrow 
historical external control data in the context of plat-
form trials, including test-then-pool, dynamic pool-
ing and MAP-prior, through a simulation study with 
respect to the type I error of rejecting the null hypoth-
esis of a new added arm. They showed that when using 
the pooled approach, the type I error (T1E) might be 
strongly inflated if there are positive time trends. In the 
test-then-pool approach, there may be a T1E inflation 
but it depends on the significance level used in the pre-
test. In the same line, the dynamic pooling and the MAP 
approach might lead to an inflation when there are posi-
tive time trends depending on the value of the weight 
parameters used. A further note is that test-then-pool 
and MAP approaches have bounded inflation of the 
T1E, while for others, the T1E goes to 1 when the dif-
ferences between the concurrent and non-concurrent 
controls become larger. Isogawa et  al. compared in [41] 
MAP prior and the Power Prior approaches for the incor-
poration of historical control data in clinical trials with 
a binary endpoint. They summarise the results of their 
simulation study with the conclusion that if importance 
is attached to control T1E, the MAP approach based on 
a normal-normal hierarchical model may be preferred, 
while the power prior borrows in general more and 
hence, has larger power at the cost of a larger T1E infla-
tion in case of conflict of historical and concurrent con-
trol data.

In Burger et  al. [3], the authors elaborated on differ-
ent sources of bias when using external controls includ-
ing but not limited to calendar time bias, selection bias 
and regional bias. Platform trials were mentioned as one 
of the potential applications of external controls. They 
acknowledged that non-concurrent controls in plat-
form trials can not be entirely considered “external” but 
are subject to similar biases as external controls, espe-
cially to time trends in the control group. As mentioned 
by Lee and Wason [19], or Saville et  al. [20], regression 
models could be used to accommodate the time trends 
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and lead to unbiased estimators and T1E control under 
the assumption of equal time trends on the model scale 
[10]. In [2], Jahanshahi et al. aim to better understand the 
use of external controls to support product development 
and approval. They reviewed FDA regulatory approval 
decisions between 2000 and 2019 for drug and bio-
logic products to identify pivotal studies that leveraged 
external controls, with a focus on selected therapeutic 
areas. Although the scope of the paper is not to review 
the statistical methods on the use of external controls, 
they highlighted some of the methods and approaches 
often used. They referred to three statistical approaches 
often used to adjust for baseline imbalances: matching, 
covariate adjustment, and stratification. They discussed 
advantages and disadvantages of using propensity scores 
to match or stratify based on the score. As an alterna-
tive, they mentioned analysis approaches to evaluate 

the consistency among results using different sources of 
external control data.

Results of the guideline review
Overall, we found 1527 documents from the EMA and 
FDA database (see Fig. 4): 176 (11 %) documents from 
the EMA database and 1351 (88 %) documents from 
the FDA website. In all these documents, we searched 
for the above defined keywords which resulted in 232 
documents. In a first filtering step, we excluded dupli-
cates and old drafts for which a newer draft or final 
version was already included in the downloaded docu-
ments. As a result, 97 documents were included for a 
full text review. Based on the inclusion and exclusion 
criteria, 60 guidelines were excluded and 37 guidelines 
were identified as relevant for our final review and data 
extraction: 27 from the FDA, 6 from the EMA, and 4 

Fig. 4 Flow chart of guidelines identification. Date of search 20/05/2021
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from the ICH databases. Of these, 34 (92%) were guide-
lines, 2 (5%) were reflection papers and 1 (3 %) was a 
qualification opinion. As in the case of the methods 
review, we could note that there has been an increase 
in the number of guidelines mentioning this topic over 
the last few years, with 2019 being the year with more 
guidelines (10). The full list of included guidelines can 
be found in the Supplementary Material 1 Table 4. As 
already mentioned above, only four platform trial spe-
cific guidelines were available at the time of extrac-
tion [13-16]. All four documents raised the issue of 
potential time drifts. For this reason, the FDA guide-
line for Master Protocols in COVID-19 takes a clear 
position against the use of non-concurrent controls 
in this context. The other documents did not provide 
further guidance or details. Therefore, as mentioned 
above, we broadened our search to guidance provided 
on the use of external or historical controls in clinical 
trials and discussed the relevance and transferability of 
the results to non-concurrent controls in platform tri-
als. The discussion of the regulatory guidelines is the 
interpretation of the authors only and cannot always be 
directly derived from the guidance documents.

Circumstances in which the use of external controls 
is potentially acceptable
Based on a first text screening of the guidelines, we 
pre-specified the following circumstances in which 
the use of external controls might be acceptable: the 

targeted indication is related to a rare disease, the 
trial is in a paediatric context, there is an unmet medi-
cal need, the indication is related to a high mortality, 
a long treatment period is needed before the end-
point can be measured, a large treatment effect to be 
expected, no time trend in disease population or man-
agement is expected, a homogeneous treatment effect 
to be expected as well as there exist ethical concerns 
regarding assignment to the control group (see Fig. 5). 
In paediatric clinical trials, one of the ethical consid-
erations is that children should not be enrolled in a 
clinical study unless necessary to achieve an impor-
tant paediatric public health need [42]. Novel designs, 
including those that borrow external or historical 
data, might, in this case, be considered [43, 44] to 
conduct clinical trials in difficult experimental situa-
tions. The circumstance that was mentioned the most 
in the identified guideline documents was “rare dis-
ease” or was an “indication specific” concern. But also 
a “large treatment effect” or “ethical concerns” were 
mentioned quite often. All of these results relate quite 
generally to historical or external controls. If we look 
specifically at these circumstances under the focus of 
non-concurrent controls, we see that not all of these 
circumstances are one to one transferable to the ques-
tion “when to use or not use non-concurrent controls” 
for the final analysis in a platform trial. But “large 
treatment effect”, “no time trend in disease course”, as 
well as an “objective endpoint” could, for example, be 

Fig. 5 Circumstances in which the use of external/historical/non-concurrent control is recommended or deemed acceptable. Categories are 
not mutually exclusive. One guideline can be present in multiple circumstance categories. Other was selected in case a guideline mentioned a 
circumstance which was not pre-specified such as a reference to ICH E10
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circumstances in which also the use of non-concurrent 
controls in a platform trial might be more appropriate.

Methods mentioned for the use
Within the methods one can of course distinguish 
between Bayesian as well as Frequentist methods. We 
furthermore decided to differentiate between (Fre-
quentist) regression model approaches, matching 
approaches, a classical meta-analysis approach as well 
as classical threshold crossing whereby the thresh-
old is based on historical control data (see Fig. 6). As 
an overall conclusion we can say, that the guidelines 
remain vague rather than instructive on the methods. 
None of the methods was mentioned conspicuously 
more often than another; and none of the methods was 
described or discussed in detail. More or less, if meth-
ods were mentioned at all, they were mentioned only 
in a passing sentence. Regarding the relevance of non-
concurrent controls: all methods applicable are also 
applicable to non-concurrent controls. Due to over-
lapping time-periods, modelling approaches which 
attempt to model a time trend fit here probably even 
much better.

Concerns
Non-comparability and bias were raised most often as 
the general concerns with external controls. Selection 
bias, differences in measurements, data/trial integrity 

and changes in standard of care were raised several 
times as more specific concerns that can lead to non-
comparability and bias (see Fig. 7). For a detailed expla-
nation of these terms, refer to [3]. Evaluating the risks 
for these issues for non-concurrent controls in platform 
trials, the authors see the risks of selection bias and dif-
ferences in measurement as significantly reduced: No 
selection of specific data sources and data points is done 
so that there cannot be any willful selection bias, nor is 
publication bias an issue. In platform trials, the defini-
tion of measurement systems and their quality assurance 
is part of the clinical trial planning, such that the use of 
the same instruments and standard operation procedures 
throughout the trial can be mandated, and e.g. for newly 
developed measurements, shift and drift and operator 
bias can be taken care of. For the risks on data and trial 
integrity in platform trials, the authors see platform tri-
als comparable to adaptive trials rather than to trials 
using external controls, that means, they exist but can be 
mitigated more easily in platform trials than in trials with 
external controls: Changes in the behaviours of investi-
gators, patients and carers upon revelation of results can 
be mitigated in platform trials by good planning and pre-
caution measures in masking and information dissemina-
tion. This is a big advantage over external controls, where 
there is very limited masking possible, and often knowl-
edge on the external controls is available to many stake-
holders of the trial. Changes in the standard of care can 
occur in the course of a platform trial, and in that case, 

Fig. 6 Methods mentioned for the use of historical/external/non-concurrent controls. Categories are not mutually exclusive. One guideline can 
be present in multiple methods categories. Other was selected in case a guideline mentioned a potential use of external data without a specific 
methodology (6 guidelines), or a methodology which was not pre-specified such as extrapolation or simulation (2 guidelines)
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this clearly limits the comparability of non-concurrent 
controls just as it would be the case for any external con-
trol group. The advantage over external controls is the 
level of transparency on the timing and extent of such a 
change in platform trials. This allows informed decision 
making on which non-concurrent controls to use or not 
to use.

Requirements
Requirements mentioned in guidelines mirror the con-
cerns that are raised: the populations have to be compa-
rable, and the data of high quality (see Fig. 7).

Indication specific recommendations
The most instructive guidance can be found on the use 
of external controls for specific indications. There is dis-
couragement if the disease is very heterogeneous (amyo-
trophic lateral sclerosis [45], acute myeloid leukaemia 
[46]), when the disease is known to change over time 
(influenza [47], COVID-19 [13]), when bias or changes 
over time are suspected for procedures in general and 
endpoint evaluation (functional tests in Duchenne mus-
cular dystrophy [48], evaluation techniques for objective 
response rate and progression free survival in oncology 
[49], dietary management [50]), and where standard of 
care is changing rapidly (COVID-19 [13], knee cartilage 
[51]). On the positive side, Table 1 gives examples of rec-
ommendations on including external controls. In case of 
the intravenous immunoglobulin replacement therapy 

trials, the FDA switched from a clear randomised clini-
cal trial recommendation to a historically controlled rec-
ommendation between 1999 and 2000, and the process 
is described in more detail in [52]. These examples show 
how the details of trial designs help in deciding about the 
variance-bias trade-off for external controls, and raise the 
hope that instructive guidance can be developed for plat-
form trials for specific scientific questions.

Conclusions
We conducted a systematic search for statistical meth-
ods to incorporate non-concurrent controls when ana-
lysing platform trials. We identified methods originally 
proposed in the context of the use of historical and real-
world data in clinical trials, as well as methods proposed 
for platform trials utilising non-concurrent controls. 
The approaches can be classified in two broad catego-
ries: downweighting-based approaches, which concerns 
methods that downweight the non-concurrent control 
data in favour of the concurrent control data depend-
ing on how similar the concurrent and non-concurrent 
control data are; and modelling-based approaches, which 
are methods that use regression models to incorporate 
historical or non-concurrent control data while adjust-
ing for time trends by incorporating time as covariate in 
the model. Downweighting-based approaches have been 
widely discussed in the context of historical data. The 
validity of the results when using these downweighting 
approaches might strongly depend on the pre-specified 

Fig. 7 Concerns raised with the use of historical/external/non-concurrent controls. Categories are not mutually exclusive. One guideline can be 
present in multiple concern categories. Other was selected in case a guideline mentioned a concern which was not pre-specified such as missing 
unknown important prognostic factors in historical controls
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parameters and assumptions made. Besides, none of these 
approaches control the type 1 error in all the scenarios. 
For example, when using down-weighting approaches 
with Bayesian methods, Kopp-Schneider et al. [53] have 
shown that strict control of the type 1 error rate is not 
possible when incorporating external information. In the 
case of model-based approaches, unbiasedness and type 
1 error control depend on the assumption of equal time 
trends in all arms on the model scale. Some methods also 
use other covariates to adjust for temporal drifts. When 
using covariate-adjustment approaches, the unbiasedness 
and error control will depend on whether all covariates 
causing time trends are included in the model and col-
lected in the data.

Recently, the estimand framework [54] has become an 
important part of clinical trial protocols. Of further note 
is the fact that the estimand, defined as the target of esti-
mation, is derived from the trial objective and is there-
fore not directly affected by the use of non-concurrent 
controls. However, the inclusion of controls other than 
concurrent controls is an important aspect when discuss-
ing if the estimators are aligned to the estimand. Also, the 
methods considered to incorporate them, as the proper-
ties of estimators will depend on how non-concurrent 

controls are employed in the estimation of treatment 
effects [55].

With regard to the guidelines, it can be stated that cur-
rent guidelines are rather vague when it comes to recom-
mendations and considerations on using non-concurrent 
controls in a platform trial. Only four guidelines specifi-
cally for platform trials were available at the time of our 
search. Therefore, we broadened our search to not only 
non-concurrent controls in platform trials but to the gen-
eral use of external/historical data in clinical trials. We 
discussed the relevance and transferability of our results 
to non-concurrent controls. The listed requirements 
and concerns regarding the use of external controls in 
the guidelines under consideration are related but can-
not be applied directly on the use of non-concurrent 
controls. Despite the broadening, there was still a lack 
of clear guidance on which statistical methods would be 
more or less appropriate to incorporate external data for 
regulatory decision making. Issues about the “quality of 
historical data” do usually not arise with non-concurrent 
controls in platform trials. Furthermore, the concerns 
about “selection bias” and “changes in measurement” are 
reduced. The concern about “comparability” is decreased 
when inclusion and exclusion criteria are identical for 

Table 1 Recommendations for the use of external controls

Document title Citation

Chronic hepatitis C virus infection: developing direct-acting antiviral 
drugs for treatment

The primary efficacy comparison (either superiority or noninferiority 
depending on regimen studied) should be to a historical reference of a 
recommended HCV treatment regimen rather than a comparison to those 
receiving placebo (in the deferred treatment arm) because it is expected 
that no patient will respond virologically while receiving placebo.

Antibacterial therapies for patients with an unmet medical need for the 
treatment of serious bacterial diseases

We recommend randomising at least a small number of patients to the 
active control (e.g. through disproportionate randomisation of 4:1), if feasi-
ble and ethical based on an active control considered to be best-available 
therapy. This will allow for an assessment of the comparability of the 
external control to the trial population. Frequentist and Bayesian statistical 
methods can then be used to combine external control data with data 
from the patients randomised to the active control in assessing differences 
between treatment groups for the primary comparison.

Reflection paper on the regulatory requirements for vaccines intended to 
provide protection against variant strain(s) of SARS-CoV-2

If the epidemiology of SARS-CoV-2 indicates that it is no longer in the best 
interest of subjects to receive primary vaccination with the parent vaccine, 
an alternative approach to immunobridge from the efficacy previously 
documented with the parent vaccine to the variant vaccine could be a 
comparison between immune responses elicited by primary vaccination 
with the variant vaccine against the variant strain and prior data on the 
immune response elicited by primary vaccination with the parent vaccine 
against the parent strain.

Safety, efficacy, and pharmacokinetic studies to support marketing of as 
immune globulin intravenous (human) replacement therapy for primary 
humoral immunodeficiency

The protocol should prospectively define the study analyses. We expect 
that the data analyses presented in the BLA will be consistent with the 
analytical plan submitted to the IND. Based on our examination of historical 
data, we believe that a statistical demonstration of a serious infection rate 
per person-year less than 1.0 is adequate to provide substantial evidence of 
efficacy. You may test the null hypothesis that the serious infection rate is 
greater than or equal to 1.0 per person-year at the 0.01 level of significance 
or, equivalently, the upper one-sided 99% confidence limit would be less 
than 1.0
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concurrent and non-concurrent controls. However, that 
alone does not guarantee “comparability”, for example, 
new treatments could be added to the platform or inter-
mediate results may become publicly available such that 
different patients are attracted than before. Furthermore, 
the concerns about “change in standard of care” as well as 
“time trends” of unknown origin are still an issue. Due to 
this, the FDA guideline for Master protocols in COVID-
19 takes a clear position against the use of non-concur-
rent controls in this context. At the time of writing this 
article, the EMA [56] has published a QnA on complex 
clinical trials in May 2022. The issue of time trends is 
also raised in the document and a reference to ICH E10 
[11] is made for the choice and justification of a control 
group. However, it is also acknowledged that platform 
trials are typically more complex than what is mentioned 
in ICH E10. Additional sources of bias may arise due to 
the complex features of the trial such as the introduc-
tion of new treatment arms in the trial at different time 
points or the use of shared controls. Especially the use of 
non-concurrent controls may affect trial interpretability. 
Therefore, early interaction with regulators [57] is also 
recommended in the QnA [56]. Similarly to discussions 
a decade ago on which adaptations [58-60] are useful or 
not, it is expected that regulatory experience and accept-
ance of methods using non-concurrent controls as sup-
portive or primary analysis will probably grow over the 
next years. This scoping review was based on publicly 
available documents, but companies may already have 
had more elaborated discussions with regulators, e.g. 
via EMA scientific advice and protocol assistance proce-
dures. Hence, a review on recent scientific advices would 
be of interest for future research as it usually takes some 
time until arising issues are reflected in regulatory guid-
ance documents. The EMA has just released a new con-
cept paper on platform [61] trials announcing that in the 
upcoming years a reflection paper also addressing the 
issue of non-concurrent control data should be addressed 
complementing the already existing guidelines.

One other key finding of our systematic guideline search 
is that indication-specific guidelines may have the highest 
potential to be instructive, since the question “To use or not 
to use” strongly depends on the specific indication and trial 
setting. For example, for rare diseases and indications less 
prone to changes over time, there might be a higher willing-
ness to utilise non-concurrent control data within a plat-
form trial compared to “broad” and dynamic indications.
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