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Summary
Background: Due to the increased use of expedited access programmes by regulators, the greater
availability of observational healthcare data, and new analytical methods to address confounding,
there is an impetus to estimate treatment effects from non-randomised studies for health
technology assessment (HTA).
Methods: We critically discuss the challenges in the wider use of non-randomised studies in
informing reimbursement and/or pricing decisions and offer recommendations to support the better
use of such data by HTA bodies. This is informed by published reports on the use of non-randomised
studies in HTA and regulation, empirical studies of different methodologies for estimating treatment
effects from non-randomised studies, including the work undertaking by the IMPACT-HTA
consortium, and a project workshop involving representatives from several HTA agencies.
Results: Although HTA bodies retain a strong preference for randomised evidence, reimbursement
and/or pricing decisions are increasingly reliant on non-randomised evidence. The overall quality of
non-randomised studies submitted to HTA bodies is, however, poor. Although empirical
investigations of non-randomised studies in comparison to RCTs have found mixed evidence about
the extent of bias and the circumstances in which bias is minimised, there is some evidence that
high-quality studies are at lower risk of bias than low-quality studies, and that the risk of bias is
particularly high for studies using external controls.
Conclusions: To ensure HTA processes remain rigorous and robust, HTA bodies should demand clear,
extensive, and structured reporting of non-randomised studies. This should include an in-depth
assessment of the risk of bias, and HTA bodies should issue clear guidelines for study conduct in
order to support such assessments. HTA bodies should, in recognition of the additional uncertainty
imparted by non-randomised designs in estimates of clinical effectiveness, strengthen early scientific
advice offered to mitigate such uncertainty. Furthermore, managed entry agreements to ensure
high-quality and relevant evidence is generated could facilitate patient access to treatment with high
uncertainty. This will require HTA bodies to ensure that staff are equipped with the requisite skills to
assess, and possibly even design, non-randomised studies.
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Introduction
Most health technology assessment (HTA) bodies profess a strong preference for evidence on
treatment effects from randomised controlled trials (RCTs) over non-randomised studies due to a
lower risk of bias by design 1. However, with an increasing number of medicines receiving regulatory
approval based on non-randomised evidence, particularly in oncology and rare diseases, HTA bodies
are being tasked with issuing recommendations on new technologies in the absence of RCTs or with
limited RCT data, and even commissioning and designing non-randomised studies as part of
managed entry agreements 2–7. For other health technologies like medical devices, non-randomised
studies already provide the predominant source of evidence 8. Non-randomised studies are defined
broadly here to include all study designs without randomisation, including non-randomised clinical
trials, observational studies, and trials with external controls 9.
The quality of non-randomised studies so far accepted by HTA bodies for decision-making has been
variable. Most non-randomised studies have used simple analytical methods which are unlikely to
fully address the manifold risks of bias 2–5,10,11, and there is a widely acknowledged lack of
transparency in governance and reporting of possible sources of bias in such studies 12. Clear
evidence-based guidance on the design, analysis, and interpretation of non-randomised studies and
robust mechanisms of enforcement are needed to ensure the integrity of reimbursement and pricing
decisions

13

.

As part of the IMPACT-HTA project (work package 6), we undertook a meta-epidemiological study to
compare estimates of comparative effectiveness from RCTs and non-randomised studies addressing
the same clinical questions 14. Based on our findings and those from other comparative methodology
studies, as well as published reports on the use of non-randomised studies in HTA and regulatory
decision making, we critically discuss the challenges in the use of non-randomised studies by HTA
bodies and identify key considerations to support the better use of such data.
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The use of non-randomised evidence to estimate treatment effects
RCTs are widely recognised as the gold standard for estimating treatment efficacy because of the
power of randomisation in ensuring any differences in baseline characteristics between groups are
due to chance, blinding (where applied) in preventing knowledge of treatment allocation from
influencing behaviours, and standardised protocols in ensuring consistent data collection 15. RCTs are
not, however, immune to bias. More than half of the pivotal studies in oncology submitted to the
European Medicines Agency (EMA) between 2014-2016 were judged to be at high risk of bias for
their primary outcome 4. Further, many well-conducted RCTs have limitations with regard to
establishing comparative effectiveness for HTA including comparisons to treatments (or placebo)
other than usual care, selected patient populations, insufficient follow-up, treatment protocols that
deviate from usual care, and the use of surrogate outcomes which may not predict the outcome(s)
of ultimate interest 16–19. Against this background, there is at least the potential that well conducted
non-randomised studies based on high-quality, relevant (e.g. inclusion of patient relevant
outcomes), and representative data could support decision making.
In addition, RCTs may be considered unethical (e.g. last line cancer therapies) or infeasible (e.g. due
to small numbers of eligible patients) 20. There has been an increase in the use of expedited access
programmes by regulatory authorities to facilitate faster patient access to innovative treatments,
particularly in oncology and rare diseases 6,21. Around 80% of new medicines in the US are approved
through such schemes 22. These schemes are associated with the submission of lower quality
evidence, including widespread use of single-arm trials 5,18. It has been argued that many of these
studies recruited enough patients to support randomisation 18. Following approval through
expedited access programmes, HTA bodies are required to make initial reimbursement and/or
pricing decisions based on this limited evidence, sometimes as part of managed entry agreements in
which further data collection is mandated, whether in the form of further trials or observational data
(usually registries), to support reassessment at a later date 23–25. Therefore, methods for estimating
the relative effectiveness of treatments using non-randomised data are of interest to HTA bodies.
Non-randomised studies are typically at a higher risk of bias than RCTs because patients are not
randomly allocated to treatment and treatment allocation is known. Instead, physicians decide on a
patient’s treatment based on their expectation of the benefit-risk profile of different treatments for
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that patient and their preferences. As such, any observed differences in outcomes between patients
receiving different treatments may be due to patient characteristics and not the treatment alone
(i.e. confounding by indication) 26,27. Bias may also arise from poor data quality including errors in
data entry, measurement error, misclassification of exposures and outcomes, missing data, or from
poor analytical choices, coding errors, or selective reporting and/or publication of results 28,29.
Despite the increasing availability of observational data and advances in analytical methods, RCTs
remain the main source of evidence on treatment effects for medicines 3,30–33. An evaluation of
evidence submissions of medicines to international HTA bodies typically find non-randomised
evidence on effectiveness to be used in around 5% of submissions, with some variation by country
and disease areas 3,30–32. Most submissions used evidence from single-arm trials and were
predominantly in oncology, infectious diseases, and for orphan drugs. Although the proportion of
submissions using non-randomised evidence remains low, it is increasing: for instance, more than
half of all NICE’s medicines appraisals between 2010 and 2016 using non-randomised data on clinical
effectiveness were in 2015-16 alone 3. For other types of health technologies like medical devices,
there has long been a greater reliance on non-randomised studies to estimate treatment effects as
regulatory requirements do not generally demand RCTs and RCTs may be difficult to perform 8,18,34.
Despite the pervasive risk of bias from confounding in non-randomised studies, many HTA bodies
and regulators have accepted submissions using no or only simple methods of adjustment 2–5,10,11.
Anderson et al. 3 found that of the 22 medicines appraised by NICE using non-randomised data
between 2010 and 2016, only five used a regression approach to adjust for confounding while twothirds used naïve unadjusted indirect comparison to aggregate data. Despite these limitations, there
was no evidence that the chance of a positive recommendation differed in these submissions
compared to those relying on RCTs, though this comparison could be confounded by other factors. A
persistent challenge is that for clinical questions where RCTs cannot be performed due to small
patient numbers, there is also likely to be limited observational data, inhibiting the extent of
adjustment possible in analyses.
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Empirical assessments of non-randomised studies vs RCTs
In this section, we summarise some of the literature examining the internal validity of different types
of non-randomised studies and analytical methods.
Meta-epidemiological studies explore the impact of study design characteristics on estimated
treatment effects 35. While most commonly used to understand the key design characteristics of
RCTs, several studies have compared estimates of relative treatment effects from RCTs and nonrandomised studies. A 2017 pragmatic review of fourteen meta-epidemiological studies reported
that seven found no systematic differences between RCTs and non-randomised studies, five found
estimates from non-randomised studies to systematically exceed those from RCTs, and the
remaining two were inconclusive 36. A 2014 systematic review found overall no systematic difference
in treatment effects but substantial variation in these differences for specific clinical questions 37.
In IMPACT-HTA work package 6 we undertook a novel meta-epidemiological study containing 2,500
studies of pharmacological interventions across 350 clinical topics 14. While no evidence of a
systematic difference in estimates of treatment effects between RCTs and non-randomised studies
was found (relative odds ratio = 0.96, 95% CI: 0.89-1.03), this masked substantial variation across
clinical topics. In 38% of clinical topics conflicting conclusions were reached about treatment
effectiveness, and 38% of clinical topics had treatment effects that differed by a factor of 2 or
greater; for 16% of topics, differences were statistically significant. Estimates from experimental
non-randomised studies (e.g. quasi-randomised or non-randomised trials) were on average 21%
more favourable compared to RCTs, while no significant difference was found for observational
studies.
A large number of studies have attempted to replicate RCT evidence using non-randomised studies
with mixed success 20. Previous meta-epidemiological and other studies have found that higherquality, prospective non-randomised studies and RCTs produce estimates more similar to each other
36

. Further prospective empirical work is required to assess the performance of observational studies

against as-yet unreported RCTs and identify those characteristics of non-randomised studies that
lead to more reliable estimates 20,38.

7

IMPACT-HTA WP6: D6.2

Where confounding is present, appropriate adjustment for confounders does ameliorate bias to
some extent, but may not always fully eliminate it, even where confounders are known and
observed 39. There are numerous methods available to reduce the effects of confounding as
described in the preceding section, and it is important to understand the relative performance of
different approaches. In its meta-epidemiological study, the IMPACT-HTA consortium compared
RCTs with non-randomised studies by method of adjustment, namely covariate adjustment
(excluding those using propensity scores), use of propensity scores (for adjustment or matching), or
other matching, but found information on analytical methods to be often lacking. The average
difference in treatment effect between randomised and non-randomised studies did not differ
according to the methods used 14. Many other studies have compared variants of these techniques
for specific clinical questions with mixed results. Overall, there does not appear to be strong
evidence that matching and propensity score methods reliably produce less biased estimates than
traditional covariate adjustment 37,40,41. More recent methods like the use of negative controls or
falsification endpoints, i.e. assessment of outcomes where no association with the intervention is
expected, as qualitative evidence for or against residual confounding or to formally calibrate the
treatment effect have shown promise 42,43.
There is stronger evidence that non-randomised studies relying on external controls, such as singlearm trials, are associated with greater bias on average than other types of non-randomised studies
36

. It can be challenging to identify an appropriate control group, and external control data may

differ in terms of patient characteristics, diagnostic criteria, disease severity, treatment patterns, and
outcome ascertainment, particularly when using historical controls. Moreover, there is good
evidence that external control groups have worse outcomes than control groups in RCTs 44,45. In
some disease areas, there is no defined treatment standard against which to compare a novel
treatment, and treatment patterns are frequently changing. External controls are most useful where
the treatment effect is large and the condition is well characterised and predictable 45,46. However,
there is a lack of consensus of what constitutes a large treatment effect and even modest variations
in outcomes in the controls inflates the false positive rate 36,39. There is limited guidance on best
practice methods when using external control data but methods based on adjustment using
individual patient data, are preferred to naïve adjustment methods or population adjustment using
aggregate data 45,47,48.

8

IMPACT-HTA WP6: D6.2

Considerations for the use of non-randomised studies in comparative
effectiveness estimation
Based on the results of the IMPACT HTA meta-epidemiological study and other comparative
methodology studies, as well as published reports on the use of non-randomised studies in HTA and
regulatory decision making, we discuss some of the key considerations for those undertaking nonrandomised studies, usually study sponsors, and for HTA bodies and payers to ensure the most
appropriate use of such evidence in decision-making. An initial set of considerations was discussed at
a project workshop in June 2020 with representatives of various HTA bodies and IMPACT consortium
members (see acknowledgements). The views expressed in this manuscript do not necessarily
represent the views of all participants, nor the agencies they represent.
Conduct of non-randomised studies
1. Planning and design
1.1. Justify the need for a non-randomised study and demonstrate that the research question is
amenable to being answered using non-randomised data
Non-randomised studies may be required in the absence of sufficient or robust RCT data or to
complement evidence from RCTs, particularly in the post-marketing phase

20,29,49

. All research

questions should be clearly defined, for instance using the PICOTS (population, intervention,
comparators, outcomes, timing, and setting) and estimand frameworks (an appendix to ICH-E9) 50,51.
In most cases a control group will be required to demonstrate comparative effectiveness 45. Where
observational data is considered for use as part of a non-randomised study, it is important to ascertain
that: 1) the question is amenable to being answered using observational data (e.g. studies based on
hard clinical endpoints are easier to conduct than studies based on changes in severity of a chronic
disease), because only a subset are 52,53, and; 2) that one or more data sources containing sufficient
information (e.g. on patients, exposures, objective clinical outcomes, controls, and confounding
factors) of high-quality and relevant to the decision context are available and accessible

29,44,54

.

Datasets should be identified through a systematic, transparent, and reproducible process to ensure
the most appropriate data is used 55,56. This avoids the selection of datasets based on convenience or
the knowledge or expectation of deriving particular results.

9

IMPACT-HTA WP6: D6.2

1.2. Prospectively plan studies and engage with early scientific advice procedures
Non-randomised studies should be planned prospectively to negate the possibility of selective
methodology and results

12,55,57

. Many HTA bodies, separately or in collaboration with regulatory

bodies, offer scientific advice to sponsors to help guide evidence generation throughout a product’s
lifecycle

58–60

. The use of non-randomised evidence should be discussed early in a product’s

development where sponsors consider RCTs to be infeasible, unethical, or otherwise contraindicated,
or for post-launch evidence generation to resolve outstanding uncertainties or extend access 7.
Scientific advice helps ensure that evidence generation plans will provide data of relevance to HTA
bodies and regulators, potentially increasing the chance of successful marketing authorisation and
reimbursement 61.
2. Analysis
2.1. Understand potential risks of bias and address using appropriate analytical strategies
Bias may arise in non-randomised studies for numerous reasons including patient selection,
confounding by indication, or poor quality data

40

. The potential mechanisms of bias for any

application should be clearly articulated, and the analysis plan designed to elucidate and minimise
potential bias.
NICE’s decision support unit developed a flowchart to help guide the selection of an appropriate
analytical method where individual patient level data is available based on the treatment effect of
interest and whether confounding is expected to be on observable or unobservable characteristics 10.
Adjustment using propensity score matching is widely recommended to adjust for differences in
observed characteristics 62,63. Though there is limited evidence that it providers better estimates than
traditional covariate adjustment

37,40,41,64

the ability to explicitly assess the balance of observed

covariates between treatment groups provides greater transparency 39.
Single arm trials do not, by construction, provide evidence on comparative effectiveness, and instead
comparisons must be made with external data which introduces additional risks of bias

36,45

. Where

possible high-quality individual patient level data (rather than aggregate data) from contemporaneous
(or, where necessary, historical) controls should be used for adjustment as it provides greater scope
to control for differences between patients 65. Potential confounders should typically be defined prior
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to study conduct and based on the scientific literature and through engagement with clinical experts
66

. In some situations, large-scale propensity score methods can be used without full pre-specification

of covariates 67.
Analysts and reviewers must be aware that methods of adjustment based on observed covariates
remain at risk of residual bias, whether because of unobserved confounders or poor measurement of
observed confounders (e.g. adjustment for smoking status may not capture differential risks by
smoking intensity) 68. Instrumental variable regression has been suggested as an approach to provide
causal estimates in the presence of unobserved confounding by identifying and controlling for an
exogenous source of variation strongly related to the exposure and not the outcome except through
the exposure (e.g. between provider variation in prescribing preference)

69

. However, identifying

sufficiently strong instruments is difficult in practice and the practical usefulness of these methods has
been contested 70.
Some other risks of bias can be addressed by trying to replicate RCT designs

44,63,71

. Such so-called

‘target trials’ form the basis of prominent risk of bias tools 72. They involve numerous design principles
but key among these are restricting cohorts to new users, using active comparators (as opposed to
non-users), adjusting based on pre-treatment confounders (e.g. using propensity score matching),
performing or utilising outcome validation studies, using biologically informed exposure effect
windows and induction periods informed by biology and the reality of healthcare delivery, performing
on-treatment and intention-to-treat analyses, and prespecifying sensitivity analyses. In practice this
can be difficult to achieve given the limitations of many observational datasets [66]. In addition, for
novel therapies and for certain conditions, it may not be possible to identify appropriate active
comparators, while early users of a technology may differ from the target population

73

. Further

empirical evidence is still required to fully demonstrate the value of these approaches 38.
2.2. Perform extensive sensitivity analyses
Non-randomised studies involve many decisions and assumptions including in data curation and
analysis, each of which, alone or in combination, could have substantial effects on the resulting
estimates. It is therefore essential that extensive and pre-specified sensitivity analyses are undertaken
to understand the robustness of the results to these assumptions and characterise the uncertainty in
the treatment effect 71. Of central importance is understanding the impact of alternative estimation
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strategies to control for differences between treatment groups, sometimes known as triangulation 74.
This could be complemented by quantitative bias analysis which includes techniques such as negative
controls, the use of external information, and threshold analysis, i.e. identifying the extent of bias
sufficient to change decisions 75–77.
Because non-randomised studies are at a high risk of bias from multiple avenues, an estimate of
comparative effectiveness from a single data source is subject to considerable uncertainty 39. Studies
should ideally be performed in more than one dataset 57. The ability to replicate results in different
datasets may increase confidence in the validity of the results, though it should be recognised that
treatment channelling and other data limitations may lead to a systematic bias across datasets. The
inability to replicate findings in other datasets would require further explanation.
3. Reporting
3.1. Register protocols before study conduct
Detailed study protocols including statistical analysis plans should be registered before the beginning
of the study on publicly accessible platforms using structured reporting templates 12,40,51. This would
improve study transparency and allay concerns about selective analyses and selective reporting as
well as publication bias, which are major impediments to the acceptability and wider use of nonrandomised evidence 12,57,78,79.
3.2. Report data, methods, and results transparently
Reporting checklists play an important role in the transparent reporting of non-randomised study
methods and results by ensuring that key information is reported 40,80–82. While they should be used
in evidence submissions, they are not generally sufficient to support reproduction 62 and are not an
indicator of quality. Ideally reviewers of submitted evidence, including HTA bodies or independent
review groups, would also have access to the data and analytical code to ensure the replicability of
the submitted results and assess the impact of alternative analytical decisions or data on the resulting
estimate(s). However, there remain substantial governance, technical, and practical challenges to
sharing data, including a lack of in-house expertise in many HTA agencies 82.
Poor quality data and the absence of a standard protocol for data collection may impart bias into
analyses 29. Data quality should be considered at the level of the data source as well as in relation to
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each application, and this should be clearly reported. There is no universal consensus for defining data
quality but it is commonly characterised in terms of data completeness, validity, consistency,
timeliness, and accuracy

83,84

. Dimensions of data quality can be summarised quantitively, e.g.

percentages of missing data, sensitivity and specificity for binary variables, and mean error for
continuous variables 44. A number of groups have designed data quality assessment tools that seek to
provide vast amounts of information on data quality across quality domains, and further work is
ongoing in this area 83. Tools can also be used to ensure appropriate data governance is in place 85.
Validated software, for instance that developed through the open-source OHDSI community

83

,

support the transparent and comprehensive reporting of analyses, reduce the risk of coding errors,
and impose good analytical practices. Along with auditing trails that ensure a correct ordering and
comprehensive account of data preparation and analysis, they have been proposed as a complement
to pre-registration 29,71,78,86.
3.3. Describe potential biases and report the overall risk of bias
Study sponsors should clearly articulate potential causes of bias and their impact on estimated
treatment effects. The overall risk of bias should also be formally assessed using well-validated
checklists

72,87

. For non-randomised studies, the ROBINS-I tool is recommended by the European

network for HTA (EUnetHTA) and assesses the risk of bias by specifying the research question as a
target trial and considering risks from the seven domains of bias namely bias due to confounding, in
selection of participants into the study, in classification of interventions, due to deviations from
intended interventions, due to missing data, in measurement of outcomes, and in the selection of the
reported result 72. NICE’s decision support unit also recommends the Queens checklist to assess the
risk of bias pertaining to the specific analytical methods used 10.
3.4. Convey and ideally quantify the uncertainty
Uncertainty is pervasive in HTA, particularly where estimates of effects and costs are required over
the long-term 88. Although several meta-epidemiological studies have found no evidence of systematic
differences in treatment effect estimates between RCTs and non-randomised studies, there was great
variation in estimates across clinical questions, and few clear predictors of bias 14,36. Unless a decision
maker is able to identify when differences are likely to be present and the direction and magnitude of
any differences, then they must acknowledge the sizeable additional uncertainty involved in the use
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of non-randomised evidence which will not be fully captured by the statistical uncertainty in the
estimated effectiveness parameter: some studies have suggested the true uncertainty may be as much
as five to ten times greater 39. Sensitivity analysis including quantitative bias analysis and triangulation
by study design and data set can support a deeper understanding of the uncertainty in the estimated
treatment effects. This uncertainty should be appropriately conveyed, and ideally quantified, in
evidence submissions 89–91.
Further considerations for HTA bodies
4. Strengthening systems
4.1. Strengthen and standardise scientific advice procedures
Scientific advice provides an essential function in allowing HTA bodies and regulators to work with
stakeholders to ensure that plans for evidence generation deliver information that supports and
improves decision-making in both pre-market and post-market settings 7,18,19. Most scientific advice
to date has related to the generation of evidence from trials. As scientific advice committees are asked
to provide more guidance to design non-randomised studies there needs to be clear and consistent
guidelines in place to ensure that the evidence generated can support decision making across
jurisdictions 58,59,92.
4.2. Strengthen conditional reimbursement processes to ensure generating of further informative
evidence after initial reimbursement decisions
Uncertainty poses the risk that incorrect decisions will be made that are detrimental to population
health. Managed entry agreements of various forms have the potential to ameliorate the impact of
uncertainty and are widely used throughout Europe 21,24,25,93. Following the taxonomy of Kanavos et
al. 25, managed entry agreements include financial schemes that seek to cap expenditure on a new
treatment at the population or individual level using policy tools such as discounts and price-volume
agreements, and outcomes based schemes that either link reimbursement to observed patient or
health system outcomes or seek to reduce uncertainty through the collection of additional data, e.g.
coverage with evidence development. Such schemes have been widely used across Europe 7,25,94,95.
A lack of transparency around such schemes means there remains an incomplete understanding of
their strengths and limitations

25,94

. A study of the conditional reimbursement scheme used in the
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Netherlands between 2006 and 2012 found that the success of the scheme was compromised by
several procedural and methodological limitations with poor quality studies commissioned and limited
impact on decision making 96. Similar issues have been experienced by other HTA bodies

7,95,97

. The

experience of regulators with post-marketing studies shows long delays or even failure to conduct
such studies, even in the presence of theoretically strong incentives for pharmaceutical companies to
comply with mandatory post-marketing obligations, such as financial penalties or threats to revoke
marketing authorisations 22,98–100. Further empirical evidence is needed on the net benefits of different
types of managed entry agreements and their ability to generate meaningful evidence 25.
These experiences underscore the importance of having high-quality evidence available at the time of
the initial approval. When such schemes are used, it is imperative that clear responsibilities for data
collection and analysis are defined and that appropriate enforcement mechanisms are available to
HTA bodies to ensure timely delivery of high-quality evidence. Data collection and analysis should
follow best practice guidance and be reported transparently.
4.3. Invest in and develop staff skills in the design, analysis, and interpretation of non-randomised
studies
As an increasing number of HTA submissions are made on the basis of non-randomised data and as
HTA bodies respond by commissioning and designing studies, and perhaps even analysing data, it is
imperative that their staff and decision-making committees possess the requisite skills to conduct this
work 10,49. This is likely to require both training and recruitment.
5. Issuing and enforcing best practice guidance
To ensure the generation of high-quality evidence suitable for decision-making, HTA should issue clear
guidance on data quality standards and best practice methods for the design, conduct, and reporting
of non-randomised studies, and ensure that these are followed. An example of this is the ReQuest tool
developed by EUnetHTA 85, which ensures a minimum level of quality control for registries and registry
studies used in managed entry agreements. Gliklich and Leavy 101 have called for a unified set of quality
criteria for real-world data sources drawing on the experience of registries.
There are several ongoing initiatives to establish frameworks for the use of real-world evidence in
decision making including by the EMA and NICE

102,103

. It is essential that these tools are built in a
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collaborative fashion to streamline evidence generation and ensure adoption. They should aspire to
be simple to apply and interpret so as to enhance transparency and reduce the burden on decision
makers and payers. This would also benefit smaller HTA bodies and payers who have fewer resources
to conduct detailed assessments themselves. This work could also include clear guidance as to when
non-randomised studies will be considered and where they are expected. Because this is an evolving
field, it is important that these frameworks are regularly revised.
6. Supporting future research and initiatives
6.1. Support initiatives that seek to enhance the validity, availability, and usability of routine
healthcare data
While there remain many legitimate concerns about the growing use of non-randomised evidence
in healthcare decision making, recent years have seen advancements in our collective understanding
about what constitutes reliable evidence. Impediments to the greater use of observational data in
research include a lack of data interoperability, data fragmentation, data governance processes, and
concerns about data quality and risk of bias 79. HTA bodies should encourage and support initiatives
in all these areas

19

. This could include developing appropriate registries and processes for pre-

registration of study protocols 12,40, developing and maintaining comprehensive and detailed registries
of observational datasets including substantial meta-data

104,105

, supporting data linkages and

validation exercises, common data models to enhance data interoperability

106

, definition of core

datasets, data collection standards 54,101, distributed data networks 107, and the development of tools
to understand data and evidence quality 102,103.
6.2. Support further investigations into best practice methodology and empirical assessments of
comparative methods performance
While there is a growing consensus about the use of the target trial approach to effectiveness
estimation in non-randomised studies, there remains a lack of high-quality prospective evidence to
support it. Similarly, there is limited understanding about which of these decision features or which
analytical strategies contribute most to alleviating bias. Some research in this area is ongoing 44. HTA
bodies should support such work and encourage further research.
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In this report, we concentrated predominantly on the threat to internal validity posed by confounding
by indication, which is the most common challenge and the focus of much research. However internal
validity may also be compromised by other factors including appropriately defining time-zero for nonactive comparators, treatment multiplicity, sequential treatment decisions, intercurrent events (e.g.
treatment switching), and time-varying confounding

50,108

. Further work is required to better

understand such risks and methods to mitigate them 64.
Finally, we have focused on the conduct and interpretation of individual non-randomised studies, but
multiple such studies may exist and HTA bodies are interested in the totality of evidence. Further
methodological research is required to identify optimal approaches of combining evidence from
randomised and non-randomised studies, particularly when there are unanchored comparisons 109.

Conclusions
While most HTA bodies have a strong preference for evidence on treatment effects to be derived
from RCTs, they are increasingly being asked to make reimbursement and/or pricing decisions based
on non-randomised studies. These studies are at higher risk of bias than RCTs meaning estimates of
clinical effectiveness are often highly uncertain. In these situations, rigorous and extensive processes
should be followed to ensure that evidence derived from non-randomised studies is of high-quality
and those conducting such studies adhere to best practices, including the use of high-quality data,
addressing confounding using appropriate methods, and transparency in study design, conduct,
analysis, and reporting. Even with high-quality research, HTA bodies should recognise the
uncertainty inherent in non-randomised studies and establish robust mechanisms to mitigate the
risks for population health thereby imposed.
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