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 Over the last decade advances in our understanding of the human genome and biology 
more generally have facilitated the development and commercialization of therapies that, 
when combined with some form of biomarker diagnostic, are able to identify subpopulations of 
patients that are likely to respond differentially – either positively or negatively – to the 
therapy.  This combination of biomarker and therapy has been given a variety of names – e.g., 
personalized medicine, precision medicine, tailored medicine, and stratified medicine.  
Although some truly personalized medicines have been launched, such as Provenge that 
extracts and harvests human tissues, exposes them to external treatment, and then infuses or 
injects them back into the patient1, a more common approach involves probabilistically 
identifying subpopulations of patients who are likely to respond to the therapy with differential 
positive outcomes, or differentially negatively with adverse reactions.  Because such a 
procedure involves identification of sub-strata of populations, we have dubbed this 
phenomenon stratified medicine ([1],[9]).  Others, such as researchers at Eli Lilly and Company, 
have called attention to the fact that the combination of a companion diagnostic along with a 
therapeutic typically does not lead to mechanical, automaton-like decision making, but still 
involves physician choice and art, and therefore have called it tailored medicine.  Policy 
advocates for more funding of the underlying scientific research have apparently chosen 
instead to emphasize the science, and have accordingly called it precision medicine. 

Regardless of what one calls it, the combination of a therapy and a companion diagnostic relies 
critically on the ability ex ante to distinguish responders from non-responders to treatment.  In 
practice, no diagnostic can perfectly identify the differential responders; the specificity and 
sensitivity performance of diagnostic tests are typically considerably less than 100%, yielding 
both false positives and false negatives.   

After a brief review of the existing literature, in the first part of our proposed paper we will 
address the question, “What if precision medicine is not precise?”  In practice, a cut-off value of 
the diagnostic test (typically yielding a continuous test score rather than a binomial zero or one 
value) must be chosen that balances including more of those patients who respond with 
including some of those who do not.  Our previous work ([2], [3], [5], [6]) suggests that this 
choice involves more than scientific criteria since it also invokes ethical concerns of exposing 
patients unlikely to respond to risk of harm along with knowingly denying access to patients 

                                                           
1 We are aware that while Dendreon launched Provenge to much public acclaim, it has been a commercial failure 
for Dendreon, who later in 2014 were acquired by Valeant.  We do not know the current list price for Provenge. 



who have a non-zero statistical chance of responding.  The cut-off threshold decision also 
involves the economic interests of therapy and companion diagnostic innovators seeking to 
maximize their profits through premium pricing ([1], [8]), and the competing economic interests 
of payers/insurers attempting to reduce insurance premium costs and optimize the health 
impact per dollar spent.  These economic considerations become more complex under dynamic 
competition among drug innovators, both during the initial race to be first and best in a novel 
drug class, and subsequently as new competitors enter, or are anticipated to enter the market 
for a drug class or therapeutic area. 

The dynamics we propose to consider involve opportunities for prisoners’ dilemma and similar 
game situations to emerge.2   Game theory can rationalize seemingly paradoxical behavior 
among a small number of firms such as drug developers successively actively choosing a high 
companion diagnostic cut-off value that dramatically reduces the potential patient pool (and 
likely denies access to some potential responders) but which also results in a greater drug 
efficacy reported response rate leading to superiority labeling claims compared to incumbent 
competitors and potentially higher prices and mixed impacts on market shares.  While none of 
the drug developers prefers this outcome, it is the best each can do given the behavior of their 
competitors, i.e. it is a Nash equilibrium.  

In our proposed research, we will develop more completely these economic outcomes that may 
occur when stratified medicine is less than perfectly precise.  We will characterize the choices  
created by stratified medicine for both developers and payers, the challenges faced by 
regulators, and the multi-round and dynamic game effects as the game structure evolves over 
time both naturally and due to the choices made by the players in the initial rounds.  Consistent 
with the existing game theory literature in economics, we will also examine how a prisoners’ 
dilemma-like Nash equilibrium can be disrupted such as by a change in the rules of the game.  
For example, suppose a savvy payer leveraged a lower-priced, low cut-off drug/companion 
diagnostic combination against a high priced drug by substituting/switching the low price drug 
while still using the high price cut-off value.  In such a case, both the low- and high-priced drug 
developers will be harmed, and the payers/insurers will be able to capture the majority of the 
rents. 

Emerging movements in patient advocacy and clinical trial designs may also disrupt the historic 
stratified medicine game. Platform trials and clinical trial transparency efforts both serve to 
disrupt the game through standardization of protocols to increase drug comparability and so 
improve the payer bargaining position ([11] – [15]).  ‘Real world data’ regarding patient 
treatments and outcomes gathered through formal patient registries or more informal social 
media reporting may similarly provide drug effectiveness evidence that could disrupt later stage 
game iterations ([16], [17], [18]). We will examine whether such information eliminates the 

                                                           
2 For an introductory overview of game theory in economics, see the textbook treatment by Pindyck and Rubinfeld 
[10]. 



asymmetries that drive the current game and so resolves it in the payer’s favor or simply 
changes the game. 

Payers could also act more directly on their own behalf to create information for their 
advantage in the current game or to change the game.  Payers could better mine the big data 
sets available to them, require drug developers to provide more information, or invest in 
collecting and analyzing more complete, comparable real world evidence themselves or in 
collaboration with patients, providers and researchers ([19]).  Beyond simple data collection, 
payers could support the development of predictive diagnostics to independently stratify 
treatments.  They could do this indirectly through higher reimbursement for diagnostics that 
aid them or directly by commissioning the clinical studies or even diagnostic research, as they 
did historically with mammograms ([5]). 

Finally, we will examine how the game might change if payers behaved more like buyers who 
set explicit performance criteria and solicited bids or held auctions for products meeting those 
criteria.  Developed country government payers routinely do this for military and space 
products they acquire, but rarely for the health products they reimburse.  This approach has, 
however proven effective for vaccines in the US; and in developing countries through GAVI and 
advance market commitments ( [20], [21]). 

In terms of methodology, we envisage a chapter that lays out various possible scenarios of 
outcomes with dynamic competition among developers and rules of the game strongly 
influenced by payers/insurers and regulators.  Although we plan to illustrate using some 
historical examples, we do not envisage employing either a highly formalized theoretical 
modeling effort nor a detailed econometric and data-intensive analysis.  
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