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T he future is not what it used to be. health plans and physician 
groups increasingly use sophisticated tools to predict individual 
patient outcomes,1,2 and such analytics will rapidly expand as 

US medicine enters the digital age. Over the coming decade, the afford-
able care act will spawn new healthcare organizations and existing ones 
will convert to electronic health records (Ehrs). These stakeholders will 
dip into the burgeoning reservoir of health data to make predictions that 
advance their organizational agendas and financial well-being. 

Despite widespread and increasing adoption,1,2 the use of “healthcare 
forecasting” to predict outcomes of individual patients has received lit-
tle attention in the health policy community. This commentary reviews 
potential unintended consequences of such profiling, outlines policies to 
maximize benefits, and suggests innovative uses. 

INTRODUCTION
Three related fields—healthcare forecasting, risk adjustment, and ac-

tuarial science—use similar statistical techniques to predict the future 
behavior of patients, but for different reasons. healthcare forecasting 
generally implies predicting an individual’s costs or healthcare utiliza-
tion for interventional purposes such as proactive disease management, 
patient education, or surveillance to promote population health. risk 
adjustment refers to determining comparability between patient popula-
tions based on current or predicted healthcare utilization or expenditures. 
It is most often used to compensate health plans or physician groups fairly 
based on their patients’ morbidity. actuaries use similar statistical meth-
ods to set insurance premiums and to determine coverage eligibility. 

Previous literature has explored the uses and pitfalls of actuarial tech-
niques and risk adjustment3; this article instead focuses on the use of 
healthcare forecasting to intervene (eg, using disease management) with 
individual patients at risk of high costs or suboptimal outcomes. 

HEALTHCARE FORECASTING:  
BACKGROUND AND TRENDS

healthcare forecasting of this type—often called “predictive model-
ing”—is used by all major health 
insurers, integrated delivery sys-
tems, and many other health-
care organizations (table).1,2 at 
present, these stakeholders are 
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primarily known to use predictive mod-
eling for disease management—identi-
fying and intervening with individuals 
likely to incur high costs.1,2,4,5 For ex-
ample, statistical tools might detect 
the diabetic patients with the highest 
probability of hospitalization in the fol-
lowing year based on age, coexisting 
chronic illnesses, medication adher-
ence, and past patterns of care. Less 
common predicted end points include 
achievement of specific medical outcomes, process quality in-
dicators, or patient behavior changes.2,6,7 

The variables in statistical prediction models usually come 
from computerized medical and pharmacy insurance claims 
and other administrative sources. Data are less commonly 
drawn from surveys, laboratory results, or Ehrs.

healthcare reform is likely to increase the use of healthcare 
forecasting. The affordable care act includes multiple provi-
sions intended to accelerate quality improvement.8 medicare 
will expand performance-based physician compensation by 
2014 and initiate pilot projects that bundle hospitalization and 
peri-hospitalization payments.8 Physician groups will therefore 
have greater incentives to “know the future” (ie, determine 
how their patient populations will affect relevant outcomes 
and payments). The legislation also creates accountable care 
organizations that can receive substantial compensation based 
on attaining risk-adjusted cost and quality-of-care targets.8 
These groups will have incentives to anticipate and prevent 
high-cost events and nonadherence to evidence-based care. 

PITFALLS AND CHALLENGES
Contributing to Adverse Selection  
and Increased Disparities

Some predictive model vendors openly acknowledge that 
their forecasting tools can be used to avoid high-risk patients 
or to identify those that will remain healthy.2,9,10 moreover, 
because forecasts are used to include patients in interven-
tions, they can also be viewed as excluding the persons not 
identified. For example, using forecasting or other structured 
case-finding methods, some health plans explicitly exclude 
patients with mental health diagnoses, addictions, and lan-
guage barriers from disease management, because these fac-
tors might “predict” a minimal impact of interventions.2 
more broadly, even in an environment where persons with 
preexisting conditions are guaranteed coverage and where 
performance monitoring and payment are risk adjusted, both 
insurers and physicians can benefit financially from selecting 
healthier patients to serve. 

Propagating Disease Management  
With Limited Effectiveness

There is little evidence regarding how or whether forecast-
ing improves healthcare value.11 This is due to both the mod-
est level of research and what is termed the “impactibility” 
problem.2 That is, even if prediction algorithms accurately 
identify at-risk patients, intervening to achieve desired out-
comes is often inhibited by limitations of current disease man-
agement approaches or the general state of medical science. 

Lack of Transparency and Standardization
Private companies often develop and sell statistical pre-

diction algorithms and therefore have strong incentives to 
keep “recipes” proprietary. Furthermore, standards do not ex-
ist for governing key forecasting realms such as appropriate 
patients and outcomes to target, risk factors that should be 
considered, appropriate structures of forecasting equations, 
and acceptable levels of accuracy. This lack of transparency is 
reminiscent of the 1990s, when insurers often treated criteria 
for medical necessity coverage as proprietary, likely contribut-
ing to the managed care backlash. 

Short-Term Focus
Because of the rapid turnover of insurance coverage and 

current rules allowing some high-risk individuals to be denied 
coverage, most health plans and employers have tended to 
forecast short-term, high-cost outcomes such as rehospitaliza-
tion or next year’s utilization. But predictive techniques could 
also identify patients who need care that has longer-term 
benefits; for example, identifying persons especially in need 
of interventions such as cancer screening, obesity prevention, 
or cholesterol control. 

MAXIMIZING BENEFITS 
Policy makers, tool developers, and health plans should 

consider strategies to enhance the benefits and minimize po-
tential negative consequences of healthcare forecasting. Such 
strategies include the following 4 approaches.

Take-Away Points
Predicting patient outcomes using healthcare forecasting—frequently termed “predictive 
modeling”—will accelerate as US medicine enters the digital age. 

n	 The potential benefit of forecasting is facilitation of innovative patient care improvement 
strategies. 

n	 Possible pitfalls include the exacerbation of health disparities, the propagation of inter-
ventions that have little evidence of effectiveness, lack of transparency, and a short-sighted 
focus. 

n	 Health plans, method developers, and policy makers should adopt strategies that 
address these concerns in order to maximize the benefits of healthcare forecasting for pa-
tients. 
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Increased Transparency and Standardization
health insurers and physician groups should share key in-

formation about their use of healthcare forecasting such as 
data inputs, types of algorithms used, and predicted outcomes. 
This sharing would enable better understanding of the impact 
of predictions on their enrolled populations. Such data collec-
tion could be voluntary and added to existing quality report-
ing that occurs through the centers for medicare & medicaid 
Services and the National committee for Quality assurance. 
as suggested by a recent article critiquing hospital readmis-
sion forecasting,12 the scientific community should establish 
minimum accuracy benchmarks for models predicting various 
established outcomes. additional standards should be devel-
oped for model development and deployment.

Research
In the future, key research priorities should include exam-

ining the impact of predictive models on quality, the contri-
bution of new data sources on forecasting accuracy, and the 
degree to which forecast-based interventions contribute to 
disparities between targeted and excluded patients. Better 
understanding is needed regarding optimum predictive algo-
rithms such as automated approaches that detect patterns and 
correlations (data mining and artificial intelligence) versus al-
gorithms that incorporate investigator hypotheses and itera-
tive feedback (structured and learning models). To improve 
the effectiveness of disease management, continuing research 
on how forecasting can best identify patients amenable to fea-
sible interventions will be essential. 

Incentives for Long-Term Health Maintenance
a full discussion of policies that encourage employers, 

physicians, and health plans to cultivate long-term account-

ability toward patients goes beyond the scope of this commen-
tary. however, such policies could encourage stakeholders to 
expand the application of innovative forecasting tools that 
promote health among patients likely to experience adverse 
health events well into the future, rather than just those at 
short-term “risk.”

Increased Oversight or Self-Regulation
If negative effects as described above are in fact docu-

mented, increased external oversight or self-regulation by 
stakeholders might be needed. For example, regulations could 
address how long-term health should be added to forecasts. 
although the affordable care act proscribes bias against pa-
tients with high predicted morbidity, potential abuses such as 
dropping of vulnerable patients should be monitored. 

INNOVATIVE USES 
The increasing sophistication of predictive modeling and 

the changing health policy environment present opportuni-
ties for innovative forecasting applications that could en-
hance healthcare value and equity.

Personalized Health Insurance Design  
to Reduce Disparities

high cost sharing is a barrier to care for certain populations. 
high-deductible health plans are expanding at unprecedented 
rates, and health reform may further accelerate growth. Pre-
dictive modeling could facilitate targeted identification of at-
risk populations and proactive interventions such as employer 
health savings account contributions or cost-sharing exclu-
sions for relevant services. This type of forecasting application 
might be termed “personalized health insurance,” given that 

n Table. Overview of Healthcare Forecasting
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Uses/Interventions 

Based on Predictions

Goals of  
Interventions  

Based on Predictions

Health plans Health insurance claims 
and administrative data

Costs Disease/care 
management 

Reduce costs

Public insurers Electronic health record 
data

Health services utilization Patient education Improve quality/health 
outcomes

Integrated healthcare  
delivery systems

Health questionnaire/ 
patient self-assessment 
data

Behavior/utilization 
patterns

Healthcare systems/
policy change

Enhance patient safety

Provider groups Laboratory data Quality/evidence-based 
care

Surveillance to  
promote population 
health 

Determine optimal 
policies

Researchers Health outcomes Budget allocation

Employers or coalitions Likelihood of behavior 
change
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coverage levels of individuals or populations could, to some 
degree, be calibrated to their forecasted characteristics.

Clinical Decision Support Systems
The widespread adoption of Ehrs and increasing interop-

erability between health information technology systems 
could enable advanced clinical decision support. Like the 
personalized health insurance described above, such electron-
ically supported predictive modeling systems (e-Pm systems 
for short) could provide tailored, real-time clinical recom-
mendations for individual patients based on predictions about 
their health. If patient outcomes are captured by the Ehr and 
linked to prediction metrics, this feedback loop could also add 
to the evidence base regarding the real-world impact of fore-
casts on clinical decisions and patient benefit.

CONCLUSIONS
The growing use and increased sophistication of electroni-

cally mediated patient-level forecasting presents challenges 
for ethical use and opportunities for innovative applications. 
health plans, method developers, and policy makers should 
adopt strategies that directly address these issues in order to 
maximize the benefit of healthcare forecasting on the long-
term health of patients.
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