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ABSTRACT  
Measuring true effects of a treatment is foundational to assessing a drug product’s efficacy.  In 
clinical trials, researcher rely on a biomarker explicitly measured at baseline to determine any 
change throughout trial.  This measurement is a point estimate at best; it is not confirmed with 
another reading or measurement. Furthermore, it is not known if this is a patient’s normal value 
or if it is an abnormal value for that patient. Clinical trials do not currently account for intrapersonal 
variability in biomarker measurements.  Thus, efficacy is prone to the impact of unmeasured 
variability and introduction of error and potential bias. This discussion aims to explore options and 
methods that could mitigate this conundrum.  Leveraging machine learning methods to assess 
and predict intra-patient variability on a given measurement using a patient’s longitudinal 
Electronic Medical Record (EMR) allows researchers to evaluate a more accurate efficacy of a 
drug product.  Moreover, researchers could further stratify likelihood of efficacy of a treatment 
compared to a real baseline adjusted for within subject variability allowing for more personalized 
medicine.  Study designs could accommodate and account for this more precise measurement of 
a primary or secondary variable with more sophisticated methods and technology. The natural 
and ethical evolution of efficacy assessment warrants researchers to capitalize and leverage 
novel methods that are no longer a theory but available to put into practice. 

INTRODUCTION (HEADER 1) 
Measuring true effects of a treatment is foundational to assessing a drug product’s efficacy.  In 
clinical trials, researchers rely on a biomarker explicitly measured at baseline to determine any 
change throughout trial.  This measurement is a point estimate at best; it is not confirmed with 
another reading or measurement. Furthermore, it is not known if this is a patient’s normal value 
or if it is an abnormal value for that patient. Clinical trials do not currently account for intrapersonal 
variability in biomarker measurements.  Thus, efficacy is prone to the impact of unmeasured 
variability and introduction of error and potential bias. This discussion aims to explore options and 
methods that could mitigate this conundrum. For example, Tacrolimus, a calcineurin inhibitor, is 
an immunosuppressant used in post-transplantation maintenance therapy. The drug has a narrow 
therapeutic range and requires periodic therapeutic drug monitoring. Although many studies have 
reported the effects of intra-patient variability of tacrolimus on survival, rejection, and 
complications in renal transplant recipients, very few studies have reported these effects in liver 
transplant recipients. In another study by Polidori et al (Polidori 2018), the results show that intra-
patient variation accounts for about 15.8% of the total variation, inter-patient variation accounts 
for about 84.2% of the total variation, and the coefficient of variation (CV) in intra-patient variation 
is 15.8%.  In this study, the variability associated with intra-patient variation demonstrates that 
there may be clinically significant impacts related it that may need to be addressed or at least 
considered in reviewing efficacy. 
 
These considerations are even more pertinent when considering personalized precision medicine 
as proposed in the work of Park et al in 2021.  Identifying and addressing pronounced differences 
across and within individuals is crucial when considering the impact of each patient’s uniqueness 
on their treatment options and efficacy.  Factoring in intra-patient variability allows physicians and 
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researchers to identify natural clusters and subtypes of patients to adequately treat them and 
optimize the best possible outcome. 
 
When EHRs are adapted to FHIR standards, the data are structured and semantically 
interoperable, making it easier to aggregate and analyze.  FHIR adaptor technology yields 
opportunities for researchers across the healthcare and life sciences continuum to more readily 
access and analyze RWD, especially data sourced from EMRs.  With the volumes of data 
available in these formats, Artificial Intelligence and machine learning systems are becoming 
more prevalent in clinical research, from running predictive models to performing image analytics 
to aid in diagnoses. 
 

 

Guillermo E. Umpierrez, Boris P. Kovatchev, Glycemic Variability: How to Measure and Its Clinical 
Implication for Type 2 Diabetes, Am J of the Med Sci, Volume 356, Issue 6, 2018, 518-527, ISSN 
0002-9629, https://doi.org/10.1016/j.amjms.2018.09.010. 
 
METHODS  
 
Synthetic patient EMR data was generated using SytheticMass to mimic in FHIR format using 
opensource and SAS® code.  The data was later ingested into an advanced analytics platform 
that supports multilingual programming including R, Python and SAS as well as a graphical user 
interface.  Data were directly connected to using the FHIR adaptor on the analytics platform.  
 
Patient information was then visually analyzed to assess diversity, equity and inclusive 
representation of the study population.  Geographic distribution of patients was assessed and 
differences in demographic distribution were noted.  These data were analyzed using more 
advanced predictive and machine learning methods. 

https://doi.org/10.1016/j.amjms.2018.09.010
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IMPORTANCE OF A HIGH COMPUTING PLATFORM 
  
A high computing platform is essential for running complex analytics and RWD analysis because 
it provides the computational power, memory capacity, scalability, and reliability required to 
process large datasets, perform advanced calculations, and derive valuable insights efficiently 
and effectively. 
SAS Health offers an extraordinary opportunity to advance patient care and treatment through 
improved efficiencies in data and analytics frameworks, which ultimately will allow health care 
payers and providers to deliver better outcomes, more quickly. 
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CONCLUSION  
 
In an age where we are witnessing an explosion of data volumes and formats, bigger compute 
engines and best-in-class emerging analytical methods, it is unethical for researchers and drug 
manufacturers to continue developing medicines the same way we have been for the last 30 
years. The opportunities presenting themselves with novel sources of data, compute power and 
innovative analytical methods lend to more accurate and diverse trials, real-time insights, more 
precise personalized medicines and shorter time to market.   
 
Instead of taking simple snapshots in time, we are now able to analyze and consider the whole 
physiological pattern of an individual patient throughout a clinical trial.  Medicines that target 
disease states with narrow treatment windows or subtypes of patients will especially benefit from 
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the novel data sources, powerful compute and emerging complex advanced analytics to generate 
robust insights from intricately linked federated data. 
 
Leveraging machine learning methods to assess and predict intra-patient variability on a given 
measurement using a patient’s longitudinal Electronic Medical Record (EMR) allows researchers 
to evaluate a more accurate efficacy of a drug product.  Moreover, researchers could further 
stratify likelihood of efficacy of a treatment compared to a real baseline adjusted for within subject 
variability allowing for more personalized medicine.  Study designs could accommodate and 
account for this more precise measurement of a primary or secondary variable with more 
sophisticated methods and technology. The natural and ethical evolution of efficacy assessment 
warrants researchers to capitalize and leverage novel methods that are no longer a theory but 
available to put into practice. 
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