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Genome-Wide Association Studies (GWAS) and related whole genome variant analyses 

have provided very compelling insights into the pathobiology of many diseases as well as 

the complexities surrounding general phenotypic expression. Unfortunately, they have not 

led to insights resulting in substantive improvements in health care. The paper by Khera et 

al. suggests, however, that we may be reaching a time when individual whole genome 

variant profiling can be used to assess individual disease risks in an impactful way and as 

part of routine health care. The results of the study by Khera et al. raise a number of very 

important questions about the delivery of genetic risk information in health care settings, 

however, and, along with the results of a number of other recent papers, are very likely to 

motivate additional studies.

Essentially, Khera et al. consider the use of disease risk scores computed from individual 

whole genome genetic variant profiles to identify subgroups of individuals that have a 

clinically significant risk of developing 5 diseases: coronary artery disease (CAD), atrial 

fibrillation (AFIB), type 2 diabetes (T2D), inflammatory bowel disease (IBD), and breast 

cancer (BC). They leveraged massive data sets and sophisticated analytical methods to 

construct ‘genome-wide polygenic risk scores’ or ‘GPS’ for each individual for each 

disease. The accuracy of these GPS in differentiating diseased and non-diseased individuals 

was assessed with both training and independent validation samples to ensure their 

reliability. They found that a large fraction of the individuals assessed with the GPS for each 

disease could be assigned a risk of developing that disease that was as high as the risk 

associated with individual genetic variants known to causally influence rare, monogenic 

forms of the disease that are often routinely considered in clinical diagnostic settings.

Khera et al. also suggested that preventive interventions that have proven to be effective for 

most of the conditions they studied could be deployed or suggested to high risk individuals 

based on their GPS. For example, statins and lifestyle change recommendations could be 

provided to individuals at elevated risk for CAD. In addition, they found that ~20% of all the 

individuals they studied had a 3-fold or greater risk for at least one of the five diseases, and 
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that the number of individuals deemed at high risk from GPS analyses is, for at least CAD, 

20-fold greater than those deemed at high risk via monogenic disease variant analyses. They 

concluded that there is little reason to question the potential utility of GPS and other whole 

genome variant analyses in health care settings.

There are some scientific and social impediments to the adoption of GPS in routine health 

care settings, however. There are also some very exciting directions and opportunities 

involving the use of GPS in health management and maintenance initiatives. Scientifically, 

as acknowledged by Khera et al., the construction of GPS must be pursued in individuals 

exhibiting greater geo-ethnic and ancestral diversity in order to generalize their results to 

large urban communities.(1) In addition, to truly assess risk, longitudinal studies of 

individuals exhibiting variation in GPS values must be pursued in order to establish age-

specific disease incidence rates (and standard errors on those rates as well) for different GPS 

levels.(2) Age-specific risks will not only inform health maintenance practices, but also put 

in perspective individual GPS risks; e.g., if an individual has a high type 1 diabetes (T1D) 

GPS, but is 70 years old and has not yet manifested T1D, then that individual’s risk of 

developing T1D going forward is likely to be minimal given that the peak age-of-onset of of 

T1D is 14 years of age. Finally, GPS should be integrated with other factors that may be 

predictive of risk to improve risk assessment calculations, although, as Khera et al. point out, 

many traditional risk factors correlate with GPS and hence may provide redundant 

information. Genetic risk information, however, which reflects lifetime risk or the ‘trait’ 

health status of an individual, is truly complementary to many biomarkers or assays to 

identify the presence of signs of specific disease pathologies (such as cholesterol level or 

image-based evaluations of a tissue or organ), as these biomarkers reflect an individual’s 

‘state’ health status. Thus, evaluating early signs of a condition using biomarkers reflecting 

an individual’s health state at a time for conditions for which the individual has a high 

lifetime or trait risk simply makes sense. It also reinforces the notion that genetic assessment 

is simply a part of a much greater preventive medicine practice whole for any given patient.

(3, 4)

Social impediments to the use of GPS in routine health care settings are also complex. For 

example, physicians need to be able to interpret and understand relevant GPS reports, and 

patients would have to acknowledge GPS-derived information and reporting as having utility 

without suffering from often unwarranted fatalistic fears about their health or fears of 

discrimination at their workplace or by health insurers based on their GPS profiles.(5) In 

addition, payer/payee exchange and pricing standards would have to be established within 

the currently very complicated and burdensome health insurance climate, which may not be 

trivial without additional proof that use of GPS will save the system money. Regulatory 

agencies will have to introduce quality control standards for computing GPS, which is not 

necessarily trivial for available monogenic disease, individual variant diagnostics, let alone 

evaluations involving hundreds of thousands, if not millions, of variants. Standards for 

vetting various GPS products before approving them will have to be established, although 

the use of ‘real world’ data may have great utility in this context.(6) Finally, integration into 

the care stream via appropriate clinical and information workflows, reporting and follow-up 

procedures, will need to occur, and this can be costly and disruptive to legacy ways of 

processing risk-related information in clinical care streams.
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Consideration of GPS in clinical contexts also opens up new ways of thinking about health 

care. Since GPS are derived by interrogating variants across the genome for their 

contribution to disease susceptibility, one could evaluate an individual’s risk for any number 

of diseases by computing the appropriate GPS. Thus, in some sense, individual whole 

genome analysis is a gift to lifetime disease risk assessment that can keep on giving. Being 

able to assess risk for many diseases and conditions simultaneously is of crucial importance 

in managing or seeking to maintain a patient’s health over a long period of time, if not a 

lifetime. This is in distinction to procedures used for making a diagnosis during a health 

crisis or only looking for symptoms and not necessarily evidence for future susceptibility to 

disease, during a routine health exam. Thus, treating a patient for one condition, knowing 

that he or she is susceptible to another, may inform needed treatments and prevention 

decisions.

In addition, it is well known that many diseases exhibit genetic correlations; that is, the sets 

of genes and genetic variants associated with susceptibility to different diseases overlap, 

often substantially.(7–9) This has important implications. For example, two diseases with 

different prevalence rates but with a strong genetic correlation suggests that there may be 

mitigating factors for the disease with lower prevalence but not the other, despite the 

correlation, which could help identify both very specific and more general interventions for 

them. In addition, it may be that aspects of the pathologies associated with each disease 

could be governed or influenced by the genetic variants that do not overlap in the GPS for 

each, which could potentially lead to intervention targets. Finally, if diseases exhibit 

variation in their genetic correlations with most having non-zero genetic correlations, then 

insight into multiple disease risks are inevitable. This is exemplified in Figure 1, which uses 

risk percentiles from their CAD, AFIB and T2D GPS information from Khera et al as well 

as assumptions about their genetic correlations. Sensitivity to the implications of correlations 

among GPS for different diseases is of crucial importance as health care systems move away 

from merely dealing with a patient’s disease at the time towards preventing it in the first 

place. In addition, managing an individual as whole instead of as a set of isolated tissues and 

organs waiting to fail will require comprehensive health risk evaluations of the type 

envisioned.

There are other potential uses of GPS outside of routine clinical care, such as using GPS to 

enrich preventive clinical trials for individuals susceptible to a disease and thereby increase 

the power of the trials,(10) or coupling GPS to other genetic variant analyses, such as drug 

metabolizing enzyme profiling or nutrient use deficiency analyses, in order to craft even 

more individualized, and perhaps optimized, preventive and health maintenance procedures. 

Given the enthusiasm contemporary researchers have shown for genetics, there is little 

reason to doubt that the paper by Khera et al. will be the first of many that will expose the 

utility of genetic findings not only in drug target and clinical development, but also in 

routine health care settings as, e.g., simple prognostic tools – two activities that have been 

decades and hundreds of millions, if not billions, of dollars in the making.
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Figure 1. 
Conditional probability that an individual possesses a risk of coronary artery disease (CAD) 

at least 3 times as high as the average person (y-axis) given that the individual possesses a 

GPS score for atrial fibrillation (AFIB) in the percentiles reflected on the x axis. Left panel: 

the inset numbers give the strength of the genetic correlation between CAD and AFIB. The 

vertical dashed line is the percentile of the AFIB GPS distribution associated with a 3-fold a 

greater risk for AFIB. Right panel: same as the left panel except a third disease, type II 

diabetes (T2D), is included in the calculations in which it is assumed that T2D has genetic 

correlations of 0.2 and 0.1 with CAD and AFIB, respectively, and that the GPS percentile for 

T2D for the individual is the same for AFIB (as given on the x-axis). Note that the shift in 

the curves in right panel simply reflects the information about CAD risk provided by 

information about risk of diabetes even though it has weak assumed genetic correlations 

with CAD and AFIB. All calculations assumed multivariate normality of GPS values. The R 

package ‘condMVNorm’ was used to compute relevant conditional probabilities.(11)
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