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Rampant overuse of health care in the US is plain to see. The traditional explanation from health
economics is straightforward: bad incentives. Paying physicians too much leads to more care—
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whether patients need it or not. But paying physicians too little risks limiting patients’ access to care.
There is a similar trade-off in patient cost-sharing. This suggests that health policy, from insurance
design to payment models, should calibrate payments to be high enough to discourage stinting and
promote access, but low enough to avoid overuse of low-value care that threatens affordability and
financial sustainability.
But mounting evidence suggests this trade-off is not so simple. Across vastly different settings
and incentive schemes, there is both overuse and underuse at the same time. The traditional lever of
dialing payments up or down is thus likely to mitigate one problem while exacerbating the other.
Instead, new tools are required to help physicians do better, rather than do more or do less across
the board.
Emerging research blending behavioral economics with cutting-edge data analytics paints a
vivid picture of coexisting overuse and underuse—and suggests novel ways to counter both. For
example, in a recent study, we built a machine learning algorithm to study how physicians test for
acute coronary syndrome (ACS) in the emergency department.1 Algorithms are well suited to this
task: they can predict which patients have such low likelihood of testing positive that it is not worth
doing the test and which patients have such high risk of ACS that swift diagnosis and treatment can
be lifesaving. Knowing which patient is which, drawing on rich data available at decision time, can
help focus testing on patients who are most likely to benefit.
Comparing algorithmic predictions to physicians’ decisions reveals substantial overtesting.1
About two-thirds of tests were performed on patients with predictably low risk, making the tests
extremely low value—some costing up to $1 million per life-year saved. But, critically, we also find
substantial undertesting, with predictably high-risk patients going untested and then having adverse
outcomes of missed ACS, including death. These findings suggest that reallocating low-value tests
to high-risk untested patients could save lives, at a cost of only $46 017 per life-year.
These numbers point to potential large-scale inefficiency, but more direct evidence comes from
a “natural experiment” leveraging the fact that different teams of clinicians order tests at higher or
lower rates. Such widespread variation in care practices, occurring even within a given hospital from
1 emergency department shift to the next, means the likelihood of a given patient getting tested
depends on the idiosyncratic arrival time at the emergency department. This design, increasingly
popular in health research because it simulates a randomized trial,2,3 lets us measure the effect of
testing on health outcomes.
If we simply ask whether there is too much or too little testing, the answer is clear: on average,
patient outcomes are no better on high-testing vs low-testing shifts—we would be better off cutting
those extra tests. This average effect, though, lumps the handful of high-risk patients together with
relatively low-risk patients. Fine-grained machine learning predictions can tell these apart—and tell a
different story. Low-testing shifts appear efficient on average, but cut back on testing for both highrisk patients (for whom tests have large benefits) and low-risk patients (for whom tests have little or
no benefit). High-testing shifts similarly test both high-risk and low-risk patients more.
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So it is no surprise that higher across-the-board testing has little aggregate health benefit
because most patients are low risk. But for the small fraction of predictably high-risk patients, we find
a dramatic reduction in adverse events and death—34% lower 1-year mortality—when they arrive
during higher-testing shifts.1 We estimate that the optimal policy would cut testing by 46.8% overall,
but with a 62.4% reduction in the tests physicians currently do and a 15.6% increase in testing for
patients who currently go untested.
Importantly, these suboptimal testing patterns exist in both top-ranked academic medical
centers and nationally representative samples. A study of computed tomography pulmonary
angiography in national Medicare emergency department visits demonstrates similarly large-scale
overuse and underuse.4 Another study shows how variation in radiologists’ diagnostic skill can drive
both overdiagnosis and underdiagnosis of pneumonia.5 Yet another study shows that hospitals’
relative level of specialization in invasive vs medical management of ACS can give rise to what
amounts to both overuse and underuse.6
The simultaneous presence of overuse and underuse poses a challenge for traditional
incentive-based economic models: physicians prescribe more care when they are paid more for it,
and patients use more care when they pay less for it. Although this can explain overuse, it cannot
explain widespread underuse of care that is both high-value and highly reimbursed. An emerging
literature in behavioral economics illustrates the important role of nonfinancial as well as financial
factors in driving care decisions, a phenomenon referred to as “behavioral hazard” (vs the core
economics principle of “moral hazard” driven by misaligned financial incentives).7
Some behavioral factors, such as physicians’ skill, specialization, or intrinsic motivation, can
enhance performance.5,6,8 Others, such as cognitive limitations and biases, can worsen performance.
We found that physicians’ ACS testing decisions rely on an overly simple risk model that focuses on
a handful of variables closely linked to ACS risk but neglects hundreds of others—ones that a machine
learning model can capture. Physicians also put too much weight on salient variables, such as chest
pain, relative to those variables’ actual predictive value. This complexity illustrates the value of
machine learning–based decision aids, which can be used to construct risk scores that capture the
richness of individual patients’ histories to help physicians deploy tests more effectively.
The combination of behavioral economics and machine learning can not only generate new
insights into observed patterns of care, but also inform redesign of both payments and decision aids
to better target care in real time. We believe this approach holds great promise for reducing waste
while improving outcomes. But rigorous real-world testing is crucial before widespread adoption,
and we are currently undertaking a randomized trial for the algorithm we developed.
Rigorous evaluation is important because these new tools, for all their promise, have major
limitations. Like other statistical approaches, algorithms can only learn from the data they have.
These data are inherently incomplete because they come from the existing health system and
existing physician decision-making patterns. For example, our natural experiment1 indicates that
increasing testing from the lowest rate we observed (18.1%) to the highest (32.3%) would reduce
mortality, but we cannot recommend testing all high-risk patients, because we do not see what
would have happened at even higher rates.
This is not an abstract statistical point: physicians may leave many high-risk patients untested
because they have access to important information that the algorithm does not, including the
physical examination findings (eg, the bruise on a high-risk patient’s chest that explains the chest
pain) or results of specialized tests (eg, troponin levels) that are not present for all patients and thus
cannot be included in a broadly applicable algorithm. Thus, while algorithms can substantially
improve decision-making, the inherent limitations of the data they learn from means that physicians’
knowledge and insights will remain an important complement to these powerful tools.
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