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A s the population of the United States ages, and more and
more people live with multiple chronic conditions, the

issue of complex patients is receiving increasing attention.1,2

Physicians have recognized that disease-centric approaches to
clinical management have serious limitations for patients
with multiple co-occurring medical conditions. This di-
alogue has been broadened to include multiple sources
of complexity, moving well beyond pathophysiology and
multiple co-occurring medical conditions, to behavioral
and psychosocial sources of complexity that often over-
shadow physiology as a barrier to achieving optimal
health.3,4

In this issue of JGIM, Hong, et al. cite their earlier studies
demonstrating that this broad conceptualization of complexity
resonates with primary care physicians.5,6 In those studies,
primary care physicians recognized multiple influences on
what makes a patient complex, including psychosocial and
behavioral domains, not just medical comorbidities. The fact
that these doctors considered the ‘whole patient’ in their
conceptualizing of complexity is reassuring and bodes well
for primary care.
This broad primary care perspective raises interesting issues

for scientists wishing to develop tools to identify complex
patients using data extracted from the electronic health record
and insurance claims. The novel prediction tool developed by
Hong et al. and reported in this issue of JGIM was designed to
mimic physician designation of complexity, and it did indeed
identify many individuals not identified by more established
tools specifically designed to predict utilization—including
the Charlson index modified for use in ambulatory care data
and a commercial risk prediction tool.7–9 An important finding
of the study by Hong et al. is that these established tools did
very well in predicting emergency department (ED), hospital
utilization, and 30-day readmission rates. It is perhaps not
surprising that these older tools were not as good at predicting
other processes (primary care visits and no-shows) and out-
comes of care (cancer screening, risk factor control), for which
they were, after all, not designed. The authors rightly conclude
that their novel approach may be utilized as a complement to

other methods to identify additional at-risk patients, depending
on the context.
However, all of the methods evaluated in the report by

Hong et al. have important limitations for identifying complex
patients. For example, the novel prediction tool demonstrated
low sensitivity (<50 %) for identifying patients with
physician-designated complexity. The more established
tools in this study were designed primarily to identify
high utilizers, but additional endpoints, such as preven-
tive services and risk factor control, are important in
primary care. On the other hand, the tool described by
Hong et al. missed many patients identified by the more
established risk-prediction tools. Each of these ap-
proaches, considered alone, may be insufficient to meet
the needs of ambulatory population health managers.
One potential strategy to overcome these limitations would

be to recognize that one tool is unlikely to suffice for identi-
fying all complex patients. Indeed, especially from the broad
perspective of primary care physicians, it quickly becomes
clear that interventions will likely differ dramatically depend-
ing on which aspect of complexity is the primary driver. For
example, a patient who is complex because of multiple end-
stage conditions, such as co-occurring heart failure and chron-
ic obstructive lung disease, is likely to require very different
interventions to preserve health and functioning than one who
is complex because of depression. And these patients will
require altogether different approaches than a patient who is
complex due to homelessness. It therefore follows that we
need more work to reliably identify at-risk patients for specific
influences along a spectrum of complexity—e.g., psychoso-
cial influences, biological influences, environmental
influences—in addition to more generic tools such as the one
presented in the study by Hong et al. Of course, in many cases,
there will not be a single driver, and amore individualized case
management approach may be most effective.
To some extent, health system leaders are already

employing strategies to identify and manage complex patients.
For example, patients who frequently use the ED are being
identified for case management using the simple approach of
creating a registry of patients who use the ED frequently.
Managers of patient-centered medical homes identify patients
who miss appointments as targets for outreach and problem-
solving. This straightforward approach is most useful when
one particular type of complexity is the main driver of un-
wanted outcomes—e.g., homelessness and high ED use in
winter—and the reason for unwanted outcomes is obvious.Published online August 11, 2015
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However, it is clearly preferable to identify ‘pivotal prob-
lems’ that represent upstream opportunity points from which
numerous downstream consequences such as high utilization
of costly health services follow. Depression is a good example
of a ‘pivotal problem’. A recent study demonstrated that a peer
coaching intervention designed to help diabetic patients with
self-management to achieve glycemic control also substantial-
ly reduced hospital use in patients with depressive symp-
toms.10 This intervention did not address hospitalization use,
but effectively addressing the ‘pivotal problem’ through fre-
quent supportive telephone contacts created unintended bene-
ficial downstream consequences. Lack of stability in meeting
core physiologic requirements such as food, water, or shelter
are likely additional ‘pivotal problems’ that, if addressed, may
prevent a host of unwanted downstream consequences. Be-
cause of the fragmented nature of our health care system,
incentives for understanding key ‘pivotal problems’ have been
limited, but as the enthusiasm and support for population
health management grows, so does the opportunity to better
understand these upstream nodes.
Indeed, the ideal risk prediction tool would identify indi-

viduals well before they experience ‘pivotal problems’ and
subsequently become high utilizers or have uncontrolled risk
factors. In addition to research that identifies ‘pivotal prob-
lems’, more work to identify individuals at high near-term risk
for experiencing ‘pivotal problems’ is also needed.
Where does this leave more generic, blanket approaches

such as the novel one presented by Hong et al.? It is likely that
tools like this (as well as the other two) identify too heteroge-
neous a group of complex patients to point the way to the
immediate action that would improve their situation. Blanket
approaches may be more helpful in monitoring progress at the
population level, and less so in identifying an at-risk popula-
tion for specific intervention. From this perspective, Hong
et al.’s tool, when used in combination with other risk predic-
tion tools intended to identify individuals at risk for high
health care utilization, may be useful for monitoring popula-
tion health in ambulatory settings with a broader focus that
moves beyond ED and hospital use. As such, their paper
contributes to the growing body of research intended to pro-
vide tools to optimize population health management. The
paper also anticipates the move beyond the hospitalization
and readmission outcomes that are currently the main focus
of many population health managers, providing an approach

that is more germane to monitoring population health in the
ambulatory setting. From this perspective, it is a welcome and
needed contribution to the growing field of population health
management.
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