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MRC-GAN: Extendibility and impact report  

Abstract This report describes future work and a roadmap for the new virtual trial emulation approach that has 
been studied in the 6-month MRC-GAN research project. Our research in this report has been focused on potential 
exploitation of the technologies in support of clinical research in multimorbidity. Randomised Controlled Trials 
(RCTs) have significant limitations in external validity. Especially, many RCTs only select patients with single 
diseases, excluding those with perceived vulnerabilities. There is a major concern over the scarcity of available 
information about many clinical conditions that cannot be provided by RCTs.  Consequently, a key drawback of 
the current clinical guidelines is that most of them only address single diseases with very few recommendations 
for multimorbidity. Answers to many key clinical questions about people with multimorbidity and other perceived 
vulnerabilities can be found in real-world data. However, contributions of the existing observational studies with 
real-world data are hindered by many key barriers including their inherent observational nature. In contrast, the 
virtual trial emulations are interventional and hence support counterfactual emulations to gain quantitative insights 
into the treatment effects of hypothetical interventions on multimorbidity. This offers a time/cost saving, and 
privacy-preserving solution to extrapolate RCT outcomes to tailored populations and represents a new way to 
provide real-world evidence to support future clinical research. Our research is among the first to combine 
generative AI and causality learning to support full trial emulation with causal inference. The report has 
recommended that in future work we need to focus on quality calibration of the trial emulations; carry out further 
clinical evaluations through a wider set clinical use cases; build strong network with stakeholders such as clinical 
guideline developers and regulators; and support benefit assessment in a wider context including the involvement 
of health economic models.  

The report is organised as follows: Section 1 gives an overview of the project outcomes. Section 2 presents the 
limitation of the existing clinical guidelines and trials in providing information about treating people with 
vulnerabilities, especially those with multimorbidity. Section 3 describes future scenarios in which the trial 
emulations can be used to extrapolate RCT outcomes in clinical practice, with their potential impact on 
multimorbidity and scientific advance.  Section 4 provides future steps to further advance the research and clinical 
adaptation of the trial emulations.  

1. Overview of project outcomes  
Project context and method The MRC-GAN research project is designed to investigate an alternative approach 
to support clinical research through the use of synthetic data. We study the feasibility of running virtual clinical 
trial emulations to extrapolate randomised clinical trials to cover real-world populations. The emulations generate 
synthetic populations that preserve the same value for research as real patient data under the support of the latest 
generative AI and causality learning technology. We have studied the feasibility of this new approach through a 
specific use case in the context of Type 2 diabetes mellites  (T2DM). We have assessed the results by comparing 
the outcomes from the trial emulation with the real clinical trial results (i.e. LEAD-5: Liraglutide Effect and Action 
in Diabetes[35]). SCI Diabetes in the Safe Haven platform [33] provides a good dataset in this study. This is an 
inclusive national dataset of individuals with diabetes containing a broad range of longitudinal demographic, 
phenotypic, biochemical and screening data. There are approximately 300K individuals with diabetes. Over 3K 
individuals with MODY (Maturity-onset diabetes of the young) are recorded with certainty (genetic information) 
along with records of individuals with negative genetic test results. 
Project outcomes and conclusions The primary research questions include: 
• Can we generate synthetic data that preserve the same value for research as real-world health data? 
• Can we perform virtual clinical trial emulations by discovering correct causal relations from the synthetic 

data? 
The first question is answered with measurable evidence gained through experiments to (a) learn a causality 

model from the real-world health data on the Safe Haven platform. The causality model is integrated into a 
generative process to generate synthetic data that preserve the same data distributions as the real data. The distance 
between the real and synthetic data distributions are measured with specific metrics[34, 38]; (b) make statistical 
comparisons between real and synthetic data; (c) compare regression analysis and feature importance ranking 
within the real data versus synthetic data.   
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The second question is answered with measurable evidence in  (a) comparisons of the effect size of three drugs 
(i.e. GLP-1, basal insulin and placebo) calculated from the virtual trial emulations against those acquired from 
LEAD-5. According to the emulations, GLP-1 reduces HbA1c significantly vs placebo and basal insulin, and hence 
has the best performance measured by HbA1c and BMI reduction compared with the other two drugs in the patient 
population that meet the inclusion criteria of LEAD-5. This is largely in agreement with the results from LEAD-
5; (b) extended counterfactual emulations to predict the effect sizes on real patient data. Experiments with real 
patients who do not fall into the baseline characteristics of LEAD-5 have presented different performance rankings 
between the drugs, suggesting that the LEAD-5 trial outcomes cannot be simply extrapolated to cover other patient 
populations. To this end, the virtual trial emulation models and tools are potentially very useful in terms of 
providing evidence to support the extrapolation of clinical trials for real-world clinical practice. 

2. Limitations of clinical trials and guidelines  
Randomised Controlled Trials (RCTs) have long been considered as the ‘gold standard’ to inform clinical 
guidelines[1]. However, they have significant limitations in external validity. The trial outcomes and conclusions 
are only directly applicable to the subjects involved in the studies, who might not be representative to the entire 
real-world population. Especially, many RCTs only select patients with single diseases, excluding those with 
perceived vulnerabilities such as older individuals, adolescents, individuals with concomitant conditions, 
multimorbidity, concomitant medication use, and polypharmacy[2-9]. This is due to several restrictions in 
conducting RCTs: Many RCTs have overly stringent exclusion criteria to exclude patients with vulnerabilities; 
conducting RCTs for rare conditions is practically very difficult; it is not feasible to carry out a trial for every 
disease combination across demographics to cover all types of multimorbidity; there are ethical restrictions to 
subjects such as adolescent individuals, and so on and so forth.  Hence, many individuals with vulnerable 
characteristics in the real-world are not well represented in the RCT outcomes. Consequently, this leaves a 
significant knowledge gap with no answers to many important clinical questions.  

Clinical guidelines have been developed based on the evidence provided from clinical trials. There is a major 
concern over the scarcity of available information about many clinical conditions that cannot be provided by RCTs.  
The complexity of patients with multimorbidity and polypharmacy renders many of the existing clinical guidelines 
both in the UK[15] and worldwide[16] inadequate [17]. There are increasing questions whether these guidelines 
provide adequate support to clinical decision making for heterogeneity of diseases. A key drawback of the current 
clinical guidelines is that most of them only address single diseases with very few recommendations for 
multimorbidity [10] to inform doctors and patients about the “net” treatment benefits and risks. Multimorbidity is 
rarely accounted for in treatment recommendations.  This issue has been identified by numerous studies. For 
example, a recent analysis [18] on three conditions in Type 2 diabetes mellites  (T2DM), heart failure and 
depression have found that the trials underpinning treatment recommendations in the associated guidelines largely 
excluded older patients and people with multimorbidity. Further examinations of the drugs that were recommended 
for the treatment of these three conditions found that 27 out of 32 potentially serious drug–disease interactions 
were for comorbid chronic kidney disease. They have also identified common cases of potential serious drug-drug 
interactions between the drugs recommended for these three conditions in the clinical guidelines  (133 for type 2 
diabetes, 89 for depression, 111 for heart failure).  Indeed, applications of individual disease guidelines to manage 
multimorbidity can be potentially harmful [19] with unrecognized treatment burden [20,21]. According to some 
research[22], clinicians struggle to balance the benefits and risks of multiple recommended treatments for people 
with multimorbidity. A qualitative research [23] stated that ‘inadequacy of guidelines and evidence-based 
medicine’ was identified as a common issue particularly in relation to the extrapolation of evidence from RCTs to 
multimorbidity. Correspondingly, clinical practices for  people with multimorbidity often involve considerable 
deviations from the clinical guidelines [23,24]. Studies have also discovered that there is a significant difference 
between the subjects involved in clinical trials and the real-world population that have received the treatments in 
clinical practice. According to [18], approximately 40% of people newly diagnosed with T2DM in Scotland in 
2008 would have been excluded for RCTs based on age alone, and these excluded older people had much higher 
levels of multimorbidity.  
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3. Benefit and potentials of virtual trial emulations  
3.1 Future benefits from using virtual trial emulations  
Answers to many key clinical questions about people with multimorbidity and other perceived vulnerabilities can 
be found in real-world data that are routinely and continuously collected over a long period of time in clinical 
practices, which entail a broad picture of heterogenous population in the real world. Typically observational studies 
are involved to study the real world data.  However, contributions of the existing observational studies are hindered 
by many key barriers: routinely collected data are typically imbalanced across population, diseases and 
interventions; noise and missing measurements are present; lengthy time and significant effort are needed to 
remove patient identifiable information. More importantly, observational studies have inherent limitations in their 
ability to identify treatment effects due to their observational nature, as treatment choices and outcomes may 
depend on unknown confounders, which can invalidate the studies. So far most of the existing observational studies 
have only targeted very limited clinical questions and their potential remains untapped for clinical research[13,14].  

Our research targets causation driven virtual trial emulation, which is an innovative evidence-based approach to 
address the abovementioned challenges in observational studies by allowing us to leverage real-world data to 
extrapolate RCT outcomes tailored to targeted populations and seek answers to key clinical questions that cannot 
be provided by RCT studies, including those concerning patients with vulnerabilities. In contrast to conventional 
observational studies which have an inherent observational nature, the virtual trial emulations under our 
experiments are interventional and hence support counterfactual emulations and calculations. They are based on 
causality learning to capture causal relations between multiple data variables. The trial emulations compare 
differences of the variables that measure treatment effects between a treatment and a control group, both of which 
consist of virtual synthetic populations. The synthetic cohorts are generated to meet the specific inclusion criteria 
that are defined by clinical experts to answer target clinical questions. Noticeably, in our trail emulation approach, 
causal relations and structures learned from real-world observational data are inherently incorporated into the 
generative AI model for the synthetic data generation. This renders synthetic cohorts, in which all of the variables 
are statistically distributed according to their underlying causal relations. The differences lying within the synthetic 
cohorts between the treatment and control groups allow the clinical experts to gain quantitative insights of the 
treatment effect, predict potential outcomes for hypothetical interventions and enable comparisons between 
different treatments. 

While the experiments that have been carried out so far in the MRC-GAN project are focused on the T2DM use 
case with a single target drug, the AI technology behind the virtual trial emulations is generic and can potentially 
be applicable to a very wide range of treatments for different health conditions in the context of extrapolating RCT 
outcomes to cover larger populations, especially for those with vulnerabilities. Health professionals will be able 
to run emulations on their target population, examine the outcomes of the emulations and make a judgement on 
whether the effect sizes calculated from the emulations provide right answers about their clinical questions. 
Specifically, we envisage the following future usage of the trial emulations that is not tied to any specific clinical 
conditions.  

• Health professionals view the quality of the synthetic data and the similarity of the synthetic patients to 
their target population by using data quality indicators to assess the “fidelity” of the synthetic population, 
especially to examine how the causality-associated data characteristics are preserved in the synthetic data.  

• Information about potential bias and uncertainty from the emulations is also made available to allow the 
health professionals to understand the extent (where, when and how much) that the emulation outcomes 
are applicable, and to make them aware of the deviation of the effect size in the presence of the 
uncertainties.  

• Health professionals can be informed about the quality of the trial emulation models and the reliability of 
the trial emulations by using standardised benchmarking and performance indicators, which offer tangible 
evidence to support clinical decision making based on the trial emulation results.  

The virtual trial emulation tools together with their performance metrics will bring valuable evidence with 
increased transparency to clinical research and to future clinical decision making. This will contribute to the 
trustworthiness of the virtual trial emulation based approach and facilitate its future clinical adaptation and 
acceptance. Overall, the causation driven virtual trial emulations offer a time /cost saving, and privacy-preserving 
solution to extrapolate RCT outcomes to tailored populations by representing a new way to provide real-world 
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evidence to support future clinical research. The emulations can be tailored to create virtual populations to address 
target clinical questions via trial emulations, which would otherwise be impossible to address in real-world RCTs. 
The emulated trials offer high quality synthetic data that preserve the same value for research as the real datal to 
deliver reliable evidence and insights in treatment efficacy. Compared with anonymised real data (which contains 
reduced information about real patients), synthetic data can address their main caveats including bias, data 
imbalance, noise and missing measurements. They are also in a much better position to overcome legal barriers in 
data protection and sharing. This will open doors for further research in this direction, which could ultimately 
bring a landscape change to revolutionise future biomedical and health research by broadening its research agenda, 
liberating its restrictions, saving cost and time. Research in this direction will speed up new timelines for treatment 
discovery, address increasingly complex healthcare landscape in elderly population and multi-morbidity, and 
potentially transform regulatory and policy making process. 
3.2 Potential impact on multimorbidity  
While the virtual trial emulations are designed to accelerate new knowledge discovery in a wide variety of clinical 
domains where RCTs face challenges, multimorbidity is properly one of the most relevant areas to which the trial 
emulations can make direct contributions. Multimorbidity is the presence of multiple long-term conditions on 
individual patients. Multimorbidity is associated with higher mortality, lower quality of life, increased difficulties 
in care co-ordination and heavier treatment burden[25-32]. People with multimorbidity have the highest health 
needs and are the highest users of health care. Majority of people aged over 65 and majority of patients with 
chronic conditions have multimorbidity. Multimorbidity is becoming the norm, as a sharp increase of overall 
multimorbidity cases across the population has been observed[11,12]. The majority of people who are the target 
of most adult single-disease guidelines will have comorbidity [18]. The existing problems and limitations in RCTs 
and clinical guidelines present a significant challenge in healthcare as the increase of multimorbidity across the 
population is becoming clearly evident[11,12]. Ensuring appropriate treatment for them is therefore a priority.  
3.3 Scientific advance  
The virtual trial emulations move beyond the conventional observational study approaches [13,14] by overcoming 
their inherent observation nature to enable interventional experiments to test and compare hypothetical and 
counterfactual treatment effects. Our research is among the first to combine generative AI and causality learning 
to support full trial emulation with causal inference. Synthetic patient populations can be generated according to 
different inclusion criteria of the trials that are designed to explore different clinical questions for targeted 
populations. This research work also contributes to delivering new knowledge about using synthetic data to 
complement the use of real world health data and RCTs. Computer simulations have started to demonstrate 
potential in clinical trials [35] and there is increasing attention on using synthetic data to create the control arms 
[37] (where no causal inference is needed). Our work advances the state-of-the-art in research by leveraging on 
the advance in causality learning and generative AI to support full trial emulations involving both the control and 
treatment arms. This opens new avenues for using synthetic data in support of health research. 

4. Future steps  
We have identified the following areas of future work for the causation-driven virtual trial emulations:  
• Trial quality calibration  

To move forward, we need to seek answers to further key questions regarding reliability, safety and trustworthiness 
of the trial emulation approach by investigating its quality calibration metrics. We need to deliver a set of quality 
indicators and benchmarks for the synthetic data alongside the methods that are designed to evaluate the trial 
emulation quality with these indicators. Health professionals will need to use these evidence to judge whether the 
emulation provides right answers to the clinical questions about their patients. Further, to support real-world 
clinical decisions, the quality calibration will also need to indicate when they are likely be inaccurate. To this end, 
the quality metrics will include potential bias estimation in the presence of uncertainties, such as unobserved 
confounders and non-identifiable causal relations in the data. The metrics should relax the assumptions made 
during the causality learning process on the non-existence of hidden confounding and non-identifiable causal 
relations to indicate the potential deviations from the trial emulations if these assumptions are not held. We will 
also need to take into account other aspects in robustness, reproducibility and transparency. It will contribute to its 
trustworthiness and build foundations for future quality control and certification of the trial emulation approach.  
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• Further clinical evaluations  
The concept needs to be evaluated through a wider set of clinical cases. Exemplar conditions may involve T2DM, 
heart failure and chronic obstructive pulmonary disease (COPD), as these conditions are associated with large 
population and they are commonly comorbid with each other. Existing literatures have identified significant 
knowledge gaps in treating and managing multimorbidity in these clinical areas [18]. Also, there is a good number 
of established clinical trials in these clinical areas, allowing further confirmative studies to replicate these trials 
(as we did in this pilot study) in future work. The retrospective health datasets that are available on the Safe Haven 
platform in NHS Greater Glasgow and Clyde[33] are very general and useful in the future  research, as they contain 
health records over 1 million population in Glasgow and beyond. The retrospective data can be used not only to 
train the emulation models, but also to check against the trial population to identify its difference from the real-
world treatment population.  

Other interesting areas to apply trial emulations may include cancer research. We can design specific use cases 
such as lung cancer clinical decision support, in which we can experiment with the use of trial emulations for lung 
cancer risk assessment from clinical, demographics and image data. Potential risk factors include age, smoking 
status, medical history and so on. Human decisions based on the trial emulations will enable the identification of 
patients with high risks at early stage for timely interventions. Image data will contribute to the risk calculation. 
Synthetic images will be generated to display the hypothetical outcomes under alternative actions. We can use an 
established large-scale retrospective dataset, which is the National Lung Screen Trial (NLST) database [9] from 
the first US- led study to demonstrate the benefit of lung cancer screening with low-dose CT (LDCT) for reducing 
mortality rates. Data acquired from this trial consist of approximately 75,000 LDCT studies acquired at yearly 
intervals (including patients with biopsy proven tumours, and healthy controls).  
• Working with clinical guideline developers and regulators 

In addition to further technical explorations, we need to build a sustainable network community with a wide range 
of potential stakeholders, including clinical guideline developers, regulators, health professionals, health 
economists, policy makers and pharmaceutical industry. Clinical guideline developers are among the most direct 
and relevant stakeholders to benefit from the outcomes of this research. Previous studies have identified the 
problems in the existing clinical guidelines, both in the UK[15] and in other countries such as US[16]. We can 
carry out new literature and clinical guideline reviews to update the findings from the previous studies. This will 
allow us to identify to what extent the knowledge gap exists in the existing clinical guidelines together with the 
RCTs that have informed these clinical guidelines. The outcome of the reviews will help us design virtual trials 
for further validation of the trial emulations in the context of extrapolating the RCT outcomes.  

We will need to exchange ideas with the stakeholders to build a common understanding of the trial emulation, 
and a shared vision on theπ adaption in the future clinical guideline development. We will need to build further 
network and community activities to enhance communications. It will also be beneficial to run experiments 
involving clinical and other relevant experts, who will be presented with multimorbidity evidence from the trial 
emulation to see if this can help improve the clinical guidelines.  
• Benefit assessments in a wider context  
Future work should also move beyond taking only clinical measurements (e.g. blood pressure, clinical tests) for 
treatment benefit assessment by supporting benefit estimation in a wider context, including the use of health 
economic figures and the assessment of efficiency in health service provision. This may include a wider range of 
real-world datasets to examine time to benefit [18].	 
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