
Prognostic digital twins1 
overcome the limitations of 
external control arms in RCTs

Both methods reduce control arm sizes, but only 
digital twins control for bias
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Clinical trials give patients hope — especially when all other available treatments have 
been exhausted or if no treatments are available. That hope compels patients to commit a 
substantial amount of time and effort for the chance to receive a potentially effective therapy 
before it goes to market. 

In turn, clinical research needs patients. Without adequate patient enrollment, there isn’t 
enough data for researchers to evaluate the safety and efficacy of novel therapeutics, nor 
for regulators to approve them. Patients drive clinical research forward for current and future 
generations.

Recruitment failure is one of the main reasons clinical trials are canceled or delayed. Nearly 
80% of clinical trials fail to meet their enrollment timelines, and up to 50% of research sites 
enroll one or no patients. In a study of patients who declined clinical participation, 36% cited 
issues with the study protocol, including a distaste for placebo-controlled studies. This finding 
highlights a need for randomized clinical trial (RCT) designs to assuage fears about placebo 
arm assignment. 

Drug developers facing barriers to patient recruitment and pressure to run trials faster 
have sought out methods that allow for smaller control arms in RCTs. Such methods that 
take advantage of the large quantity of existing patient data from previously completed 
clinical trials are desirable not only for reducing trial sizes but also for honoring the valuable 
contributions of past trial participants. 

Both digital twins and external control arms (ECAs) incorporate external data into clinical trials, 
but they are very different methods with different aims. This whitepaper will review how each 
of these two approaches reduces trial sizes, but only digital twins overcome the issues of 
confounding variables and bias.
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Introduction

1   Prognostic digital twins are predictions of control outcomes for each individual patient enrolled in an RCT. For the duration of this paper, we use 
the shortened term “digital twins” to mean “prognostic digital twin.”
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7342339/
https://www.clinicaltrialsarena.com/marketdata/featureclinical-trial-patient-recruitment/
https://www.clinicaltrialsarena.com/marketdata/featureclinical-trial-patient-recruitment/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3251924/
https://www.nature.com/articles/s41598-019-49656-2
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7218288/


U N L E A R N . A I

D I G I TA L  T W I N S  I N  R C T S D I G I TA L  T W I N S  A N D  E X T E R N A L  D ATA

02

Digital twins leverage external data and AI

Digital twins are comprehensive, longitudinal predictions of the clinical trajectory of a patient 
under the control condition (Figure 1). They are used in randomized controlled trials called 
TwinRCTsTM  to enable smaller control arms without introducing bias.

The first step in a TwinRCT involves training and validating a machine learning model on 
historical patient data.  Next, baseline data collected during a patient’s first site visit is fed 
into this pre-trained model to generate that patient’s digital twin (Figure 2), and this process 
is repeated for every patient in the trial prior to their randomization to the active treatment 
(experimental drug) or control (placebo) arm of the trial. 

How digital twins and external control arms use 
external data

Figure 1. The right side of this graphic shows a digital twin record for a patient with Alzheimer's 
disease. Demographic information for the patient is included at the top of the record, along with 
biomarker information and other medical history information. The first column (in gray) shows baseline 
data for the patient measured at the time of enrollment. Baseline data is then input into an advanced 
machine learning model that outputs time-based predictions of item-level data (shown in blue rows). 

Digital twin

How will this patient’s
disease progress?

https://www.unlearn.ai/solutions#intelligent
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Figure 2. After training the machine learning model, it is ready to create a digital twin using baseline 
data measured from a specific patient in the clinical trial. 

Figure 3. PROCOVA consists of three steps. Our PROCOVA™ Handbook for the Target Trial Statistician 
provides a brief overview of the methodology and instructions covering 1) how to validate the prognostic 
score generated by a prognostic model for use in a particular planned trial, 2) how to estimate the sample 
size and plan the Target Trial using PROCOVA for the primary analysis, 3) how to estimate the treatment 
effect using a linear model while adjusting for the prognostic score.

D I G I TA L  T W I N S  A N D  E X T E R N A L  D ATA

Lastly, prognostic scores derived from digital twins are incorporated into the primary trial 
analysis using Unlearn’s Prognostic Covariate Adjustment (PROCOVA™) framework (Figure 3).

Digital Twin outcomes
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deep learning model

2.   Estimate sample size 
and design the trial

3.   Execute the trial, create 
digital twins and estimate 
treatment effect

https://www.unlearn.ai/post/procova-tm-handbook-for-the-target-trial-statistician
https://www.unlearn.ai/post/summary-of-the-ema-september-2022-qualification-opinion-for-procova


U N L E A R N . A I

A P P R O A C H E S  TO  B I A SD I G I TA L  T W I N S  I N  R C T S

04

In September 2022, the European Medicines Agency released its final favorable qualification 
opinion for using PROCOVA in Phase 2 and 3 TwinRCTs. This qualification opinion represents 
the first time a regulatory body has formally supported a machine learning-based method for 
reducing sample size in pivotal trials. Schuler et al. prove that using digital twins and PROCOVA 
often provides the most precise estimate of the treatment effect possible, reducing variance 
and enabling prospective sample size reduction in RCTs.

ECAs introduce external data into the trial

ECAs are populated with patients who were not in the original patient sample of the trial. 
Instead, the external control group is populated with patients who are selected from an external 
data source so that it appears as if they were randomized into the study along with the other 
patients. External sources of patient data include historical clinical trials and Real World Data, 
such as Electronic Medical Records, Electronic Health Records, or patient registries. 

To build an ECA, each patient in the external control population is assigned a propensity score. 
A propensity score is a number between zero and one, computed from a patient’s baseline 
characteristics, describing the probability of that patient belonging to the active treatment group 
given the covariates. Then, a subset of patients from the external control population with similar 
propensity scores to those in the study population is selected to create an ECA. Under certain 
assumptions, this propensity score-matching process mimics a random treatment assignment. 
As a result, adding an ECA to a clinical trial adds a group of external patients to the control arm, 
allowing more trial patients to take the experimental treatment.

Digital twins control for bias and produce regulatory-acceptable evidence

RCTs can help account for “unknown unknowns” in clinical trials — factors that influence the 
results of the trial that one may not anticipate going into the trial. These factors are known 
as confounders. Confounders can influence the study’s outcome, making it difficult to draw 
conclusions about the drug’s efficacy. Some examples include alcohol and cigarette usage, 
diet, or other medications and pre-existing conditions that might interfere with the study’s 
disease indication. 

Randomization is the ‘gold-standard’ method to limit the influence of confounders. Randomized 
controlled trials estimate average treatment effects using a random sample of patients drawn 
from the population and control for type-1 error.

Approaches to bias

https://www.ema.europa.eu/en/documents/regulatory-procedural-guideline/qualification-opinion-prognostic-covariate-adjustment-procovatm_en.pdf
https://www.ema.europa.eu/en/documents/regulatory-procedural-guideline/qualification-opinion-prognostic-covariate-adjustment-procovatm_en.pdf
https://arxiv.org/abs/2012.09935
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Potential confounders can also be addressed through covariate adjustment, which allows 
investigators to account for some of the baseline characteristics known to affect a study 
result. Covariate adjustment is a common practice in RCTs and is supported by guidance 
from both EMA and FDA. Adjusting for a covariate measured at baseline (pre-treatment) 
will not bias the estimated treatment effect in a randomized trial because any differences in 
the covariate value between treatment groups must exist only randomly. Similarly, adjusting 
for a covariate that is a function of data measured at baseline (pre-treatment), such as the 
predicted outcomes based on digital twins, will also not bias the treatment effect for the same 
reasons. Nothing that is evaluated pre-randomization can create bias in a randomized trial.

It’s important to note that both the treatment arm and the control arm have predicted 
outcomes based on digital twins — the primary analysis using digital twins involves the same 
set of randomized patients used in a traditional primary analysis using analysis of covariance 
(ANCOVA). For clinical endpoints that are continuous variables, ANCOVA models are one of 
the most common ways to estimate the treatment effect while accounting for other sources 
of variability. Digital twins and PROCOVA leverage all of the long-established positive 
characteristics of randomization (removal of bias) and ANCOVA (variance reduction).

ECAs can increase type-1 error rates and have limited regulatory-suitable  
applications

The most important assumption underlying propensity score matching for creating ECAs is that 
there are no unmeasured confounding variables; that is, all characteristics that differ between 
patients in the study and external populations that may affect prognosis are known and have 
been measured. Unfortunately, this is almost never true in practice and is never fully verifiable.

Consider what happens when we simply add patients from an external population that may 
differ from the study population. For example, what if the patients in the study population have 
few comorbidities, whereas patients in the external population have many comorbidities? This 
disparity would result in a correlation between prognosis and treatment assignment; patients in 
the external control arm would likely have a worse prognosis than those enrolled in the active 
treatment arm. As a result, it would be difficult to tell if an observed difference between the 
external control arm and the active treatment arm was due to the treatment or other differences 
in the patient populations. 

Increasing susceptibility to confounding raises the probability of producing a false positive 
result (called the type-I error rate) and reduces overall confidence in trial results. Using 
propensity scores to select patients from the external population to serve as an ECA provides 
one method to mitigate such problems with confounding variables (more precisely, confounding 
variables we know about). However, this approach is limited to controlling for variables that 
are known.

A P P R O A C H E S  TO  B I A S
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While ECAs achieve smaller control arms, their inability to control bias by introducing 
confounders makes them inappropriate for many studies. Therefore, it’s often only appropriate 
to use ECAs in early phases of development or in special situations in which it’s not ethical or 
not possible to enroll a large enough control arm.

The inability to control bias also jeopardizes the path toward obtaining regulatory acceptance. 
According to the FDA, “Inability to control bias is the major and well-recognized limitation of 
externally controlled trials and is sufficient in many cases to make the design unsuitable.” Given 
that 40%–50% of clinical failures in drug development are due to a lack of clinical efficacy, trials 
that introduce regulatory-unsuitable conditions by design may ultimately impede the goal of 
accelerating clinical research.

A P P R O A C H E S  TO  B I A S

ECAs and digital twins are two methods for incorporating external data into clinical trials, 
enabling control arms that require fewer patients. ECAs match patients from the external 
population to the trial so that the active arm and ECAs have approximately balanced baseline 
characteristics. Digital twins add predicted outcomes of individual patients as covariates in 
the statistical analysis (Figure 4). A key difference between ECAs and digital twins is that with 
digital twins, neither the external data used to train the model, nor the model output, actually 
enters the trial as a trial patient. Rather, the digital twins are used to improve the precision 
of treatment effect estimation, reducing variance, and enabling prospective sample size 
reduction. This difference influences the statistical guarantees of each procedure.

Discussion

Figure 4. (A) External controls are added as patient records to the control arm of a trial, whereas (B) 
digital twins are incorporated into the trial analysis using Prognostic Covariate Adjustment (PROCOVA) to 
improve estimated treatment effects by adding predicted potential outcomes for each patient in the trial. 

https://www.fda.gov/media/120060/download
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/e10-choice-control-group-and-related-issues-clinical-trials
https://www.sciencedirect.com/science/article/pii/S2211383522000521
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In this whitepaper, we’ve shown how digital twins overcome the limitations of external control 
arms by controlling for bias. While both ECAs and digital twins enable smaller control arm 
sizes, only digital twins control for bias using the gold standard of randomization and Unlearn’s 
regulatory-qualified PROCOVA framework. TwinRCTs with digital twins significantly shorten trial 
timelines, helping to bring novel treatments to patients sooner. 

Our industry has a responsibility to nurture hope in clinical research — the future of medicine 
depends on it. By running trials with smaller control arms, providers can help eliminate 
one more barrier between patients and better health outcomes. TwinRCTs help overcome 
participation challenges while generating the evidence needed to move research forward.

In a TwinRCT, predicted outcomes (digital twins) are incorporated into the statistical analysis 
of the real patients in the treatment and control arms with PROCOVA. The same is not true 
for an analysis involving external controls because we are adding a group of control patients 
to the trial that did not receive the control treatment through randomization. While some 
external controls may be better matched to the treated group than others, the match can 
only control for known confounders. The beauty of randomization is that it controls for both 
known confounders and unknown confounders. The external controls could all have some 
unmeasured characteristic unrelated to receiving or not receiving treatment, leading to a 
substantial bias in the estimated treatment effect. Furthermore, there is no way to estimate 
this bias because the root cause is likely to be something that went completely unmeasured. 

Digital twins are uniquely powerful tools for increasing efficiency in clinical trials across all 
stages of development. Since ECAs don’t control for bias, they are likely to remain relegated 
to early-phase development or special situations in which randomizing large numbers of 
patients to control is impractical or unethical.

Conclusions
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