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ABSTRACT 
Real-world data (RWD) has tremendous potential to increase clinical trial efficiency by reducing required sample size. 
However so far there has been limited use of RWD for primary evidence in regulatory submissions due to RWE 
reliability issues stemming from rampant missingness and misclassification in RWD. To make RWE reliable for 
regulatory decision-making, FDA’s recently finalized guidance recommends quantitative bias analysis (QBA) to adjust 
for biases that occur due to RWD reliability issues. However, measuring the bias parameters needed for QBA in RWD 
is extremely challenging. Droice Labs developed a unique approach to measuring bias parameters in order to rely on 
RWD inferences in regulatory decision-making and recently discussed it with the FDA. Here we present our approach 
where patient-level data from multiple completed clinical trials from several major pharma companies were integrated 
with patient-level RWD to demonstrate potential sample size reductions in each trial while making it reliable for 
regulatory submissions by using QBA.  

INTRODUCTION: RWD FOR FASTER, MORE EFFICIENT TRIALS 
Randomized controlled trials (RCTs) are the gold standard for regulatory evidence generation but are expensive and 
often take years to complete. Real-world data (RWD) from sources like electronic health records (EHR) contains rich 
information about patient disease progression and treatment response with huge potential for advancing disease 
understanding [1-2]. If RWD can be used reliably in clinical trials for regulatory approvals, the cost and time to 
complete RCTs can be brought down significantly by reducing the number of patients required to enroll by using 
external controls (e.g., external control arms, hybrid control arms [3]) (Figure 1). 

 
Figure 1. Reliable, relevant, and validated RWD can be harnessed to reduce required enrollment in trials for 
regulatory decisions 

PROBLEM: RWD ≠ RCT DATA 
Patient variables in RCT data are manually collected and often completely verified to ensure high reliability (near 
perfect accuracy and completeness). In contrast, the scale of RWD often makes manual collection and complete 
verification of patient variables practically unfeasible. Patient variables in RWD are thus typically derived 
algorithmically, and as a result are less reliable (less accurate and complete) due to missing data in the source and/or 
misclassification errors/omissions when transforming source RWD into study variables. These errors arise because of 
both the mismatch between clinical care-focused EHR schemas and clinical research analysis data models, and the 
immense practical challenges involved in comprehensive identification, extraction, and transformation of relevant data 
elements from complex EHR sources (Figure 2) [4-10]. As a result, misclassification in RWD can be much more 
extensive than RCT data and lead to significant biases that are not encountered or handled in typical RCT analyses. 

1 



​
 

 
Figure 2. RWD ≠ RCT data. Generating evidence using RWD requires transforming the data from complex and 
messy sources into organized and accurate variables. However, such transformations are error-prone due to the 
complex nature of typical RWD schemas that are optimized for clinical care rather than research, and such errors 
render the data unreliable for rigorous clinical science and regulatory decision-making. 
 
This extensive misclassification across different types of RWD study variables leads to different types of biases that 
render inferences unreliable: 

●​ Misclassified inclusion/exclusion criteria change the study cohort, resulting in selection bias 
●​ Misclassified exposures change arm assignment (exposed or unexposed), biasing the exposure-outcome 

relationship 
●​ Misclassified prognostic covariates distort the real profiles of confounding factors, making confounding 

control ineffective or inaccurate 
●​ Misclassified outcomes can change the potential efficacy and safety profile across study groups, biasing the 

exposure-outcome relationship 
 
Impact: If misclassification bias cannot be addressed, analyses using RWD will not be robust enough for regulatory 
decision-making and will face rejection. 
 
HANDLING BIAS IN RWD THROUGH QUANTITATIVE BIAS ANALYSIS (QBA) 
Quantitative bias analysis (QBA) is a set of methods to quantify and model the impact of systematic errors on 
inferences [11, 12], yielding a quantitative assessment of how robust (or not) study inferences are to error in the 
underlying data. FDA’s recently finalized RWE guidance recommends performing QBA to evaluate the impact of 
misclassification of all types of RWD-derived study variables (inclusion/exclusion criteria, exposures, covariates, and 
outcomes) on the study findings [8]: 
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QBA generates bias-corrected estimates of treatment effects by utilizing “bias parameters” that quantify the 
misclassification type and extent in each study variable (e.g., sensitivity and specificity) to adjust the inference results 
to account for the estimated error (Figure 3). 
 

 
Figure 3. Illustration of the process to use QBA to evaluate robustness of inferences when using RWD in regulatory 
submissions to FDA. 
 
OBTAINING BIAS PARAMETERS FROM RWD IS CHALLENGING 
Accurate assessment of bias parameters for misclassification in RWD transformations (e.g., sensitivity and specificity) 
through validation studies is critical for conducting QBA with adequate rigor (Figure 4) [8,11]. Validation studies on 
RWD are typically performed using two main approaches: 

1.​ Validation using raw RWD. Validation studies attempting to use raw RWD as a source of truth face 
significant practical challenges due to same data complexity issues that cause information loss in data 
transformations. Traceability of output variables to source data is typically non-existent or limited to field 
level (e.g., table, column) or value level (e.g., source values in OMOP [13]) rather than individually traceable 
elements, making it difficult to discern true and false positives, while the lack of lineage for patient source 
data not used in analysis prevents the determination of true and false negatives. Hence, in this case it is 
nearly impossible to generate an accurate or complete confusion matrix by validating variables directly on 
raw RWD. 

2.​ Validation by manual chart review. Validation studies utilizing manual chart review via source data 
interfaces (e.g., EHR user interfaces) are resource intensive, and the diversity, complexity, and limited 
queryability of such user interfaces makes comprehensive review practically impossible. 

Furthermore, in both approaches, each individual RWD source has a unique site-specific transformation error profile 
due to variations in schemas and clinical/operational workflows, and this variability across sources can induce biases 
in the validation process that impact the validity of the validation study itself. This lack of standard approaches to 
validation studies is a hindrance to effective QBA in studies utilizing RWD. 
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Figure 4. Manual validation on highly variable and complex RWD sources like raw electronic health records (EHR) 
makes a standardized and reproducible validation process nearly impossible. 
 
FDA guidance on the conduct of RWD validation studies notes that a “standard and reproducible process is critical for 
minimizing intra- and inter-rater variability, especially for multi-site studies in which medical records… cannot be 
shared across systems and a centralized medical record review is not possible.” [8] However, as is illustrated in 
Figure 4, this is extremely difficult to achieve in practice on highly messy, noisy, source RWD.  
 
STANDARDIZED AND SCALABLE RWD VALIDATION 
Droice Labs developed SuperLineage (Superset of Positive and Negative Lineage) to solve the challenges in RWD 
validation (Figure 5). SuperLineage contains lossless and comprehensive lineage for each source patient data 
element that specifies either its location(s) in the output analysis dataset (Positive Lineage) or that the element was 
not used in the output analysis dataset (Negative Lineage). Positive Lineage allows for assessment of true and false 
positives, while Negative Lineage allows for assessment of true and false negatives, which are all required to 
adequately assess misclassification of study variables and calculate bias parameters (sensitivity and specificity) for 
QBA. By converting diverse source RWD losslessly into a standard and queryable format, SuperLineage enables 
purpose-built approaches to error quantification in data transformations to scale and reduce bias in validation studies, 
providing a standard solution for RWD reliability. Droice discussed this approach with FDA as a solution to providing 
the accurate bias parameters needed for reliable RWD without the drawbacks of validating raw RWD databases or 
manual chart review [14].  

 
Figure 5. Droice SuperLineage, a standardized and scalable approach to RWD validation. 
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ACHIEVING ROBUST, FASTER, MORE EFFICIENT TRIALS WITH RWD AND QBA 
Droice Labs is developing approaches to use RWD to reduce sample size in RCTs without sacrificing statistical power 
and inference robustness through comprehensive validation and QBA (Figure 6). In this project, participant-level data 
from >60 completed RCTs from multiple pharma are being combined with deidentified patient-level RWD from a 
diverse set of >100 hospitals across the US and Europe to evaluate the potential for RWD to reduce required 
enrollment in RCTs while meeting FDA’s requirements for RWD reliability and inference robustness using QBA. 

 
Figure 6. Droice Labs is developing approaches to leverage its technologies for scalable and reliable RWD to 
accelerate clinical trials using real world data (RWD) from electronic health records (EHR). 

CONCLUSION 
Using RWD in clinical trials for regulatory decision-making requires quantitative assessment of misclassification in 
RWD-derived study variables and its downstream impacts on study inferences to ensure that misclassification bias 
does not invalidate study findings. By modeling how misclassification influences effect estimates, QBA provides a 
framework for assessing whether inferences drawn using RWD are robust. Validation studies are essential for 
measuring the bias parameters that characterize misclassification across study variables so that the impacts of error 
on inferences can be accurately accounted for through QBA. While a standardized and reproducible validation 
process for diverse, messy, and voluminous RWD sources is very difficult to achieve using traditional manual 
approaches, the standardized and scalable approach to RWD validation enabled by SuperLineage allows for efficient 
bias parameter derivations to inform QBA with more extensive and accurate error profiles to achieve robust evidence 
when using RWD to accelerate clinical trials. 
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