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“If it were not for the great variability among individuals, medicine might as well 

be science, not an art.”

- Sir William Osler, 1892.

Introduction

The proliferation of data collected in routine clinical care and advances in quantitative 

analytic methods have created immediate opportunities to individualize cardiovascular care 

through the use of decision tools. Such tools rely on the analysis of simple variables 

collected from medical records or direct patient observation to identify those with most to 

gain or lose from treatment, as determined by the collective experiences of similar patients 

treated previously. However, a number of obstacles limit the creation and utilization of 

decision tools. Here, we review the theoretical foundation of decision tools, highlight 

examples of successful efforts to model heterogeneity in treatment benefit, and suggest 

future goals to better utilize quantitative methods to personalize care.

Identifying Heterogeneous Treatment Reponses

Arguments in favor of decision tools rest on three premises. First, differences in risk 

between patients must be identifiable by the tool more reliably than by clinical judgment 

alone (identifiable heterogeneity). Second, the identified risks should be modifiable by 

clinical decisions (actionability). Third, the tool should be able to be adopted into practice 

without disruption to patient care or work flow (implementability).

While the requirement for patient heterogeneity to enable personalized medicine may be 

self-evident, much of the literature that currently shapes cardiovascular practice fails to offer 

meaningful information to help clinicians identify or act on heterogeneity. Randomized trials 

typically report the overall treatment effect observed in the entire study sample as the top 
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line result, giving an “average” result that may not represent the range of responses that 

could be observed in a diverse population. (Figure 1) Current examinations of heterogeneity 

within trials most often involve subgroup analysis based on individual stratification variables 

(e.g. sex), reported as a Forest plot examining the consistency of treatment effects across 

subgroups. Yet this approach commonly fails to identify meaningful treatment effect 

differences for a number of reasons. First, heterogeneity in treatment response may be best 

identified by stratification based on multiple factors rather than single variables.1, 2 Next, 

studies are rarely powered to examine these effects, resulting in the inability to detect 

statistical interactions between subgroups. Finally, the identification of treatment effect 

heterogeneity within clinical trials, by convention, has generally examined interactions on 

the relative rather than absolute scale. Thus, subgroup analyses of clinical trials can fail to 

identify patient groups with substantially greater or lesser absolute treatment benefit than 

that observed in the overall study population.

Dissociating Risk and Treatment Benefit

The need for decision tools also reflects important shortcomings in risk models, which have 

proliferated rapidly alongside the growth of registries and claims databases. The most 

valuable models accurately predict risk with high fidelity and clearly inform a clinical 

decision that can be made to mitigate that risk. Yet current risk models often fail to meet this 

standard, for several reasons. One, the events studied are frequently a mix of entities without 

a common causal pathway (e.g. all-cause readmission or generalized bleeding), which 

impairs the development of targeted interventions. Two, there may be no evidence that any 

intervention exists to mitigate the risk being predicted. For example, in-hospital mortality 

can be predicted with very high accuracy in patients presenting with acute myocardial 

infarction, but specific treatment strategies such as the use of hemodynamic support devices 

have not been consistently demonstrated to alter this risk. Finally, the use of risk scores to 

inform individual treatment decisions often use predicted risk (i.e. the likelihood of an event 

occurring) as a surrogate for the expected treatment effect (i.e. the change in the likelihood 

of the event occurring with vs. without treatment). This same fallacy may manifest in the 

opposite direction, with very high risk assumed to indicate futility. Risk scores are 

constructed in this manner often by necessity, as observational datasets may lack the ability 

to predict treatment benefit in an unbiased fashion. However, the conflation of patient risk 

with treatment benefit is often erroneous. The finding that the CHA2DS2-VASC score 

predicts stroke even in patients without atrial fibrillation3 highlights the potential pitfalls of 

equating risk and treatment benefit, as (for example) left atrial appendage exclusion would 

likely not improve the outcomes of patients at high risk for stroke from multiple potential 

etiologies

Towards Modeling Treatment Effect Rather Than Risks

The strengths and shortcomings of clinical trials and risk models have informed the 

development of decision tools currently in practice, several of which can identify 

heterogeneity, separate risk and benefits, and provide actionable information. For example, 

the DAPT Score guides decisions regarding the optimal duration of dual antiplatelet 

therapy.4 This score was developed from randomized trial data, used multiple variables to 
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define the subgroups with the greatest or least benefit from treatment, and measured 

treatment differences on the absolute rather than relative scale. This approach integrated the 

combined risks of bleeding and ischemic events in an attempt to uncouple these correlated 

risks, providing information to evaluate potential benefit and harm of therapy, as opposed to 

merely the level of risk of the patient. The analysis of randomized trial evidence in such a 

fashion represents a break from usual conventions, and, we believe, offers the best 

opportunity for trial evidence to support personalized treatment decisions.

For decision tools to influence practice, external validation is critical. The DAPT Score was 

validated using non-randomized data, and its ability to predict events was modest when 

measured by the statistical metrics such as the area under the receiver operating 

characteristic curve (or C-statistic). However, randomized studies demonstrating that the use 

of decision tools has led to an improvement in clinical outcomes compared with usual care 

would be the true test of their value, but have not been performed.

Fulfilling the Promise of Personalized Decision Tools

The challenges in identifying heterogeneity, separating risks and benefits, and demonstrating 

improved outcomes represent substantial hurdles for developing new decision tools. Yet to 

truly individualize care, personalized decision tools should enhance not only clinician 

understanding, but also help to inform patients and promote engagement in shared decision 

making. While decision aids may support these goals, creating instruments that integrate 

more quantitative models while remaining acceptable to practitioners remains difficult – but 

achievable.5 Identifying genetic risk may play an important role in future applications of 

personalized medicine, but more achievable goals are currently within reach. Moving 

beyond conventions of clinical trial subgroup analysis, developing tools that quantify an 

individual’s expected treatment effect rather than risk alone, and implementing these in a 

manner that can engage physician-patient dialogue may ultimately lead to tangible benefits 

to individuals while collectively improving population health.
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Figure 1. 
Figure 1A. Conventional presentation of randomized clinical trial results focuses on average 

treatment effects, despite there being a potentially wide range of treatment responses among 

patients. The resulting estimate may not accurately describe the expected response for 

individual patients.

Figure 1B. Analysis of data that allows for the identification of subgroups of patients with 

the most to gain or lose from treatment can serve as the basis for new personalized decision 

tools.
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