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C linical practice guidelines traditionally have spec-
ified levels of biomarkers to determine whether 
or not patients should be treated and to specify 

treatment goals. For example, the Seventh Report of the 
Joint National Committee (JNC-7) guideline for cholester-
ol specifies 3 different risk strata based on LDL cholesterol 
levels.1-3 Traditional guidelines can include other risk fac-
tors that are typically secondary to the biomarker target, 
such as gender or smoking status. A notable exception to 
the traditional approach is the new American College of 
Cardiology (ACC)/American Heart Association (AHA) 
cholesterol guideline. Although not explicitly dropping 
the use of cholesterol treatment goals, these new guide-
lines endorse the use of a risk calculator to guide treat-
ment.4,5 Depending on their risk of a cardiovascular event, 
as estimated by a calculator, patients with high cholesterol 
levels may not be treated and patients with low cholesterol 
levels may be treated. 

We wished to understand the potential implications of 
using risk calculators and risk-based decision tools to help 
risk stratify a population and identify individual patients 
for treatment. In the first part of our study, we evaluated 
the population applicability, discrimination, and predic-
tiveness of an independently developed cardiovascular 
disease (CVD) risk calculator.6 The risk calculator was 
part of a risk-based decision tool under consideration by 
Kaiser Permanente Southern California (KPSC) for use in 
place of standard clinical practice guidelines. The valida-
tion of the risk calculator against outcomes was consid-
ered an essential first step before comparing the risk-based 
decision tool to traditional care. In the second part of our 
study, we tested the potential population impact of the 
risk-based decision tool by comparing actual outcomes in 
patients selected for possible treatment by the risk-based 
decision tool versus those selected by traditional clinical 
practice guidelines. 
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ABSTRACT

Objectives: We evaluated an alternative way to implement guide-
lines using an automated risk calculator and risk-based decision 
tool to calculate patients’ risk of cardiovascular disease (CVD) 
and recommend therapies. We compared such an approach with 
traditional guidelines.

Study Design: A retrospective cohort study of 1,506,109 Kaiser 
Permanente Southern California members 35 years or older.

Methods: We estimated 3-year risks of fatal and nonfatal myocar-
dial infarction and stroke using an independently developed risk 
calculator, then graphically compared risks with observed out-
comes. We used the area under the receiver operating character-
istics curve to assess discrimination, and the Hosmer-Lemeshow 
statistic to test fit. We compared the characteristics and outcomes 
of populations identified for medication therapy by the risk-based 
decision tool and traditional guidelines using bivariate statistics. 

Results: A risk score was obtained in 72% (1,082,158) of members. 
The risk calculator was fairly good in discrimination: the area 
under the curve was 0.774 (95% CI, 0.770-0.779) for myocardial 
infarction and 0.805 (95% CI, 0.801-0.808) for stroke. Predictive-
ness and fit was good based on graphical analysis and Hosmer-
Lemeshow P <.0001. The risk-based decision tool identified high-
risk patients for treatment who were not identified by traditional 
guidelines (3.80% of all those identified for statins, 3.04% for anti-
hypertensives), as well as low-risk patients who were identified by 
guidelines (3.80% for statins, 2.51% for antihypertensives).

Conclusions: The risk calculator provided risk estimates in most 
patients and demonstrated fairly good discrimination and predic-
tiveness. The risk-based decision tool identified high-risk patients 
for treatment not identified by traditional guidelines, as well as 
low-risk patients for whom treatment may be unnecessary. 
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METHODS

Design, Overview
We conducted a retrospective cohort study of KPSC 

members with active membership during 2007 to 2010. 
The ending time point was chosen because at the time 
of initial analyses, government mortality data were not 
available past 2010. In the first part of this study, we de-
termined the proportion of an adult population to which 
the risk calculator could be applied, then we compared 
predicted and observed outcomes. In the second part of 
the study, we determined which patients would be select-
ed for medication therapy by the risk-based decision tool 
and by traditional guidelines, then we compared observed 
outcomes in these groups. Archimedes, Inc developed the 
risk calculator and the risk-based decision tool, and was 
involved in study planning and interpretation, but not in 
data collection or analysis. No data from KPSC were used 
to create the risk calculator or the risk-based decision tool 
evaluated in this study. The study was approved by the 
KPSC Institutional Review Board.

Setting, Subjects
KPSC is a prepaid, integrated health system with 3.5 

million members of diverse race and ethnicity at 14 medi-
cal centers and 197 medical offices throughout southern 
California. Members have similar coverage benefits and 
a limited range of co-payments for services and medica-
tions. Subjects 35 years or older were selected from among 
health plan members who were alive on December 31, 
2007, with no gap in enrollment of more than 45 days in 
the year prior to that date. 

Explanatory Variables: Sources, Measures
The electronic health record (EHR) was used to identi-

fy pre-existing conditions using International Classification 
of Diseases, Ninth Revision, Clinical Modification (ICD-9-
CM) codes assigned during inpatient or outpatient health-
care encounters. We collected data on past cardiovascular 
risk–related disease history from January 1, 2004 (up to 

4 years prior to study outcomes), includ-
ing diabetes, stroke, myocardial infarction, 
atrial fibrillation, congestive heart failure, 
and chronic kidney disease. For 2007, 
we extracted all the clinical information 
needed for risk calculation from labora-
tory and pharmacy data files. Laboratory 
data included fasting plasma glucose, gly-
cated hemoglobin, low-density lipoprotein 
cholesterol, high-density lipoprotein cho-

lesterol, total cholesterol, triglycerides, serum creatinine, 
and measures of proteinuria (eg, microalbumin-to-creat-
inine ratio). We identified medication dispensing dates 
for antihypertensives (ie, angiotensin converting-enzyme 
inhibitors and angiotensin receptor blockers, calcium 
channel-blockers, thiazide diuretics, beta-blockers), cho-
lesterol-lowering drugs (ie, statins and non-statins), and 
insulin. We identified additional key risk factors from the 
EHR, including recent smoking, nonprescription aspirin 
use, body mass index, and blood pressure measurements.

Outcomes: Sources, Measures
We identified fatal and nonfatal myocardial infarc-

tion and cerebrovascular (ie, stroke) events from January 
1, 2008, to December 31, 2010. These 3-year outcomes 
were identified from the EHR using ICD-9-CM hospital 
discharge diagnosis codes (myocardial infarction: 410; 
and stroke: 346.6x, 430, 431, 432.x, 433.01, 433.11, 433.21, 
433.31, 433.81, 433.91, 434.x, 436). Hospitalization dis-
charge diagnosis codes were collected from claims data if 
the hospitalization occurred at a non-KPSC facility. The 
date and cause of death were determined from the Cali-
fornia State Death Statistical Master Files and the Mul-
tiple Cause of Death Files for all subjects, regardless of 
health plan membership status.

Risk Calculator and Risk-Based Decision Tool
 We predicted CVD risk for all patients using an updat-

ed version of a previously developed and described risk 
calculator.6 The models used in the risk calculator were 
in the form of a proportional hazards survival model and 
were independently derived using publicly available data 
sets from the following studies: Framingham, Framingham 
Offspring, Atherosclerosis Risk in Communities Study 
(ARIC), and Cardiovascular Health Study (CHS).2,5-18 
The risk calculator was designed to determine the 5-year 
risk of fatal and nonfatal myocardial infarction, and, as a 
separate estimate, fatal and nonfatal stroke. Multiple sta-
tistical imputation is used to handle missing data when 
possible. Confidence guardrails prevent presentation of 

Take-Away Points
Automated risk calculator and guideline decision support tools can move clinical care a 
step closer to systematically individualizing patient therapy and population healthcare.

n	 	 The proportion of the population for whom sufficient electronic data were avail-
able to make risk estimation was good.

n	 	 The risk-based decision tool performed well in discrimination and predictiveness.  

n	 	 The risk-based decision tool identified high-risk individuals missed by traditional 
guidelines, and low-risk individuals who were recommended treatment based on 
traditional guidelines.



VOL. 22, NO. 5 n THE AMERICAN JOURNAL OF MANAGED CARE n	 e163

Risk Equations in CVD Guidelines

risk information when the data for a particular patient 
are insufficient for imputation and risk calculation. 

The risk-based decision tool is the set of risk calcula-
tors and additional models that allow computations of 
health outcomes and the effects of interventions on risk 
at a person-specific level. This tool has a software applica-
tion that utilizes EHR data to create an interactive visual 
display that quantifies health risks and the benefits of dif-
ferent healthcare interventions for individual patients.6 
The risk-based decision tool interface can be used to assist 
collaborative provider-patient decision making in place of 
standard clinical practice guidelines. The risk-based deci-
sion tool sets a threshold of expected benefits and, for each 
patient, calculates a Health Impact score—the expected 
gain in 5-year quality-adjusted life-years, depending on 
whether or not they follow a treatment recommendation 
(see eAppendix [available at www.ajmc.com] for details). 
Information on the expected risks and the outcomes as-
sociated with possible therapies is presented to patients 
and physicians for individualized decision making.6 In a 
population management context, the risk-based decision 
tool can be used to prioritize patients by the potential 
benefit of actionable interventions and rank interven-
tions in order of expected benefit. Some of the models for 
intervention impact on risk were derived independently, 
and others were derived from risk equations used in the 
Archimedes Model, which allows computations of health 
outcomes and effects of interventions on a person-specific 
level.6 The model is validated on a continuous basis to 
remain relevant and comply with new medical guidelines. 

All of these models were derived from and validated 
against data from multiple studies and public sources, but 
not data from Kaiser Permanente. 

Identification of Patients for Medication Therapy 
Traditional guidelines and the risk-based decision tool 

were each used to identify patients for medication therapy. 
KPSC traditional guidelines were based on the JNC-7 blood 
pressure guideline and the Adult Treatment Panel III (ATP 
III) cholesterol guideline, which incorporated use of the 
Framingham risk calculator for borderline cholesterol val-
ues. These traditional guidelines were converted into an 
automated algorithm that could be applied to the entire 
population. For the risk-based decision tool, patients were 
chosen using a Health Impact score that resulted in the same 
number of patients being selected for treatment as by tradi-
tional guidelines (the “same-size” population threshold). 

Our focus for this evaluation was therapy with statins 
(HMG-Co-A reductase inhibitors) and antihypertensives 
for CVD event prevention. For both traditional clinical 

practice guidelines and the risk-based decision tool, a pa-
tient was not identified for a medication therapy if they 
were already on it or there was a history of allergy or prior 
adverse events based on EHR data. 

Statistical Analyses
For the first part of this study, we determined the propor-

tion of patients for whom a risk calculation was possible. 
The calculation was not performed if the data required by 
the calculator were not present in the EHR and could not 
be imputed. For comparisons with actual 3-year outcomes, 
we linearly interpolated the risk calculations from the risk-
based decision tool from 5 to 3 years. We used the area un-
der the receiver operating characteristic curve (AROC) to 
assess how well the risk calculator sorted those who had an 
outcome from those who did not (ie, discrimination accura-
cy). We used graphical methods, as described by Pepe et al,19 
to assess the risk calculator predictiveness across a range 
of risk percentiles, which provided a visual calibration and 
goodness of fit assessment. We used the Hosmer-Lemeshow 
statistic to test risk calculator model goodness of fit. 

For the second part of the study, we compared the char-
acteristics of the “same-sized” populations identified for 
medication therapy by the risk-based decision tool and tra-
ditional guidelines using the t test and χ2 test. Any of 1 or 
more antihypertensive medications were counted as a single 
medication recommendation. We determined the outcomes 
(3-year events/1000 persons) of patients who were identified 
for possible treatment or not based on the risk-based deci-
sion tool, with those identified for treatment or not based 
on traditional guidelines. We also determined the outcomes 
in “indeterminate” patients for whom the risk-based de-
cision tool did not calculate a Health Impact score due to 
insufficient data to calculate risk or to support a treatment 
recommendation. These indeterminate cases also included 
patients with medical conditions not modeled (about 5% of 
all patients): advanced heart failure, late-stage kidney dis-
ease, and a CVD event that occurred under age 45. When 
implementing traditional guidelines, if there was insufficient 
data to apply the guidelines, patients were assigned to “no 
treatment” by default since traditional guidelines only speci-
fied when to treat, and this approach was consistent with 
population-based implementation of guidelines. 

RESULTS
Risk Calculator Assessment

The study cohort consisted of 1,506,109 patients who 
met inclusion criteria. Table 1 describes selected character-
istics of the study cohort. A risk calculation was possible 
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for 1,082,158 patients (72% of the cohort). The mean (SD) 
follow-up time for patients in which a calculation was 
possible was 2.61 (0.86) years. 

The risk-based decision tool sorted patients fairly well 
by their propensity to have a myocardial infarction or 
stroke: the AROC was 0.774 (95% CI, 0.770-0.779) for 
myocardial infarction, and 0.805 (95% CI, 0.801-0.808) for 

stroke. The Hosmer-Lemeshow fit statistic indicated good 
fit (P <.0001) for each model.

The Figure shows the predictiveness curves of the risk 
calculator for fatal and nonfatal myocardial infarction 
(graph A) and stroke (graph B) for 20 different ranked risk 
groups. The predicted rates were slightly higher than ob-
served rates for myocardial infarctions in the top 15th risk 

n	 Table 1. Baseline Characteristics of the Study Cohort, the Population Recommended Medications by Only the 
Risk-Based Decision Tool or Only Traditional Guidelines, and the Total Population Recommended Medications by 
Either Approacha,b

Characteristicsc

Overall 
Study 
Cohort 

N = 1,506,109

Statins Antihypertensives

RBDT = yes 
and TG = no
N = 45,662

RBDT = no 
and TG = yes
N = 45,662

RBDT = yes 
or TG = yes
N = 165,004

RBDT = yes 
and TG = no
N = 45,301

RBDT = no 
and  TG = 

yes
N = 37,395

RBDT = yes 
or TG = yes
N = 121,101

Gender, %

Male 47.35 56.20 42.07 56.05 65.32 39.21 52.39

Female 52.65 43.80 57.93 43.95 34.68 60.79 47.61

Race/ethnicity,%

White 39.30 54.24 29.63 44.42 51.92 34.60 45.08

Hispanic 26.46 20.17 36.63 26.61 21.54 29.04 24.34

Black 9.65 8.74 12.84 11.35 11.69 18.28 15.54

Asian 8.02 8.71 9.62 8.54 7.21 8.18 7.50

Other 16.57 8.14 11.28 9.08 7.64 9.90 7.54

Age, years: %

35-49 38.37 1.07 41.71 14.18 2.48 33.15 12.29

50-69 45.98 41.71 57.60 50.95 42.53 61.89 47.23

≥70 15.65 57.22 0.69 64.69 54.99 4.99 40.48

Membership length, 
months (SD)

150.3 (130.3) 212.6 (155.9) 133.7 (111.0) 184.0 (183.3) 207.3 (152.8) 155.6 (124.1) 196.6 (150.6)

BMI (kg/m2) 29.2 (6.3) 27.7 (5.4) 31.5 (6.9) 29.4 (6.2) 29.1 (5.7) 32.8 (7.3) 30.6 (6.7)

LDL-C (mg/dL) 115.2 (36.6) 114.2 (30.4) 151.1 (37.8) 141.7 (30.1) 117.5 (41.5) 112 (35.7) 113.1 (39.7)

HDL-C (mg/dL) 51.0(14.0) 51.2 (15.8) 49.6 (12.4) 49.1 (13.6) 47.8 (13.3) 50.5 (13.4) 48.7 (13.4)

Smoker, % 8.69 17.23 12.09 16.52 19.52 9.59 15.45

Blood pressure, %

Normal 51.46 42.12 59.28 45.02 5.27 9.55 6.18

High normal 23.66 30.59 25.16 28.21 39.28 31 31.07

Hypertension stage I 14.62 22.54 13.88 21.81 45.05 47.61 47.41

Hypertension stage 
II-IV

2.69 4.75 1.68 4.97 10.4 11.84 15.33

Charlson  
comorbidity index

0.68 (1.08) 1.02 (1.33) 0.99 (1.08) 1.10 (1.30) 1.42 (1.51) 0.98 (1.10) 1.37 (1.43)

BMI indicates body mass index; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; RBDT, risk-based decision tool; 
TG, traditional guidelines. 
a“YES” and “NO” refer to whether statins or antihypertensives were recommended by the risk-based decision tool or traditional guidelines. 
bGroups were compared using the t test and χ2 test. P <.0001 for comparison between the risk-based decision tool = YES and traditional guidelines = 
NO, and the risk-based decision tool = NO and traditional guidelines = YES.
cBaseline characteristics were compared between selected columns within the statins and antihypertensive subgroups. For these comparisons, the 
“same-sized population” was used in which a threshold of benefit was chosen for the risk-based decision tool such that the total population recom-
mended for treatment matched the population identified by traditional guidelines.
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percentile. The predicted rates for strokes were slightly 
lower than the observed rates in several high-risk groups, 
although not the highest-risk group. 

Treatment Stratification by the Risk-Based Decision 
Tool and Traditional Guidelines 

Table 1 shows the characteristics of 3 subgroups identified 
for possible new medication treatment by: 1) the risk-based 
decision tool but not by traditional guidelines, 2) traditional 
guidelines but not by the risk-based decision tool, and 3) 
both. For almost all characteristics, there were statistically 
significant differences (P <.0001) between the groups. The 
most notable difference was the older age of patients iden-
tified for possible treatment by the risk-based decision tool 
alone versus those identified by traditional guidelines alone. 
Using the “same size” population identified for treatment by 
both approaches, more than 50% of patients to whom medi-
cations were recommended by the risk-based guidelines only 
were 70 years or older. The corresponding percentage was 
less than 5% for those to whom medications were recom-
mended by traditional guidelines only. Compared with tradi-
tional guidelines, the risk-based decision tool also identified 
proportionally more men, more patients with high-normal 
blood pressures, and more smokers. 

Table 2 shows the percentage of the total cohort eligible 
for new medication treatment based on the risk-based de-
cision tool, as well as the percentage based on traditional 
guidelines. The risk-based decision tool made statin rec-
ommendations in 34.85% of patients (8.73% for, 26.12% 
against), and antihypertensive recommendations in 
18.20% of patients (4.82% for, 13.38% against). Traditional 
guidelines made statin recommendations in 9.69% of pa-
tients and antihypertensive recommendations in 4.94% of 
patients, with all others not recommended treatment by 
default. The CVD event rates per 1000 members among 
those to whom statins were recommended were similar us-
ing either approach, and somewhat higher among those 
to whom antihypertensives were recommended using the 
risk-based decision tool (72.0 vs 63.1). The event rates per 
1000 members identified for treatment by both the risk-
based decision tool and traditional guidelines were greater 
than the event rates identified by either approach alone. 

Although there was overlap in the patients identified 
for treatment by the risk-based decision tool and tradi-
tional guidelines, the risk-based decision tool identified a 
number of patients who were at high risk, but who were 
not identified for treatment by traditional guidelines. For 
statins, the risk-based decision tool identified an addi-
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n Figure. Predictiveness Curves for the Risk-Based Decision Tool Risk Calculation of 3-Year Fatal and Nonfatal 
Myocardial Infarction and Fatal and Nonfatal Stroke (n = 1,082,158)

A. Myocardial infarction B. Stroke

MI indicates myocardial infarction. 
The solid line is the predicted risk from the lowest to the highest percentiles of predicted risk. The circles are outcomes plotted for each 5-percentile 
increase in predicted risk, from the bottom 5th percentile group to the top 5th percentile group. 
Source: Authors’ analysis of study cohort data.
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tional 3.80% of the population (beyond 
the 9.69% identified by traditional guide-
lines) who were not identified for treat-
ment by traditional guidelines but who 
had a CVD event rate (45.3 events/1000 
patients) that was not much less than 
that of patients to whom treatment was 
recommended by traditional guidelines 
(50.1/1000 patients). Similarly, for an-
tihypertensives, the risk-based decision 
tool identified an additional 3.04% of 
the population who were not identified 
for treatment by traditional guidelines, 
but who had a similar CVD event rate 
(65.9/1000 patients) to those for whom 
treatment was recommended by tradi-
tional guidelines (63.1/1000 patients).

The risk-based decision tool also made 
recommendations against therapy for a 
number of patients for whom treatment 
was recommended by traditional guide-
lines. For statins, the risk-based decision 
tool made recommendations against 
treatment for 3.80% of the population. 
These patients had a CVD event rate 
that was relatively low (15.5/1000 pa-
tients), and virtually identical to the risk 
among patients to whom treatment was 
not recommended by traditional guide-
lines (14.3/1000 patients). For antihy-
pertensives, the risk-based decision tool 
made recommendations against treatment 
in 2.51% of the population; this group’s 
CVD event rate (19.9/1000 patients) was actually lower 
than that of patients to whom treatment was not recom-
mended by traditional guidelines (22.7/1000 patients). 

DISCUSSION
We undertook this study to evaluate an alternative 

way to implement guidelines using an automated risk 
calculator and decision support tool that captures EHR 
data to calculate patients’ risk of CVD outcomes, and 
identifies the impact of potential treatments. Our ob-
jectives were to determine its applicability, the useful-
ness of its predictions, and how patient identification 
for possible treatment compares with traditional guide-
lines. In doing so, we hoped to assess the implications 
of using a risk-based decision tool for both individual 
and population care.

The risk calculator was widely applicable to the health 
plan’s general adult population (72% had a risk estimate 
given 1 year of clinical data) and demonstrated fairly good 
discrimination and predictiveness. Our results indicate that 
when tuned to treatment in the same number of patients as 
traditional guidelines, the risk-based decision tool identifies 
a group of individuals who are likely to benefit from treat-
ment but who are missed by current guidelines, even when 
those guidelines include Framingham risk. It also identifies 
a group of individuals for whom treatment is recommend-
ed by current guidelines, but have risks that are sufficiently 
low enough that they may safely be left untreated. 

In a similar type of comparison, the newer ACC/AHA 
guideline for statin therapy based on a risk calculator was 
compared with ATP III guidelines with its cholesterol 
targets supplemented by Framingham risk in an existing 
community-based cohort.20 This study compared a differ-

n	 Table 2. Percent Recommended for Treatment and the 3-Year 
Event Rate

Risk-Based 
Decision Tool: 
Recommended 
for Treatment

Traditional Guidelines: Recommended for Treatment

NO YES Total

%a

Event 
Rateb %a Event Rateb %a

Event 
Rateb

Statins (N = 1,202,707)

Indetermi-
natec 64.19

15.0 
(14.7-15.3)

0.96
153.9 

(146.8-161.1)
65.15

17.1 
(16.8-17.3)

NO 22.32
7.1 

(6.8-7.4)
3.80

15.5 
(14.3-16.6)

26.12
8.3 

(8.0-8.6)

YES 3.80
45.3 

(43.4-47.3)
4.93

56.6 
(54.7-58.5)

8.73
51.7 

(50.3-53.1)

Total 90.31
14.3 

(14.1-14.6)
9.69

50.1 
(48.8-51.4)

100
17.8 

(17.3-18.3)

Antihypertensivesd (N = 1,490,917)

Indeterminatec 81.16
22.5 

(22.2-22.7)
0.64

178.5 
(170.0-186.9)

81.8
23.7 

(23.4-24.0)

NO 10.87
12.5 

(12.0-13.1)
2.51

19.9 
(18.5-21.4)

13.38
13.9 

(13.4-14.4)

YES 3.04
65.9 

(63.6-68.3)
1.79

82.2 
(78.8-85.7)

4.82
72.0 

(70.0-73.9)

Total 95.06
22.7 

(22.5-23.0)
4.94

63.1 
(61.3-64.9)

100
24.7 

(24.5-25.0)
aThe percentage of total population cohort (number given in parentheses next to each 
medication category) not on at least 1 of the recommended medications and without a 
contraindication to that medication.
bEvents include fatal and nonfatal myocardial infarction and stroke per 1000 persons.  
cThe risk-based decision tool's “indeterminate” patients are composed of individuals 
for whom data does not exist to support a yes or no treatment recommendation. The 
risk-based decision tool also identified, as indeterminate, those patients who did not have 
a cardiovascular disease (CVD) event risk calculation: (ie, those with insufficient data and 
those with special medical conditions not modeled [heart failure, late-stage kidney disease, 
and a CVD event under age 45]). For traditional guidelines, subjects to whom therapy was 
not recommended were assigned a recommendation of “no” treatment by default.
dIncludes beta-blockers for antihypertensive use but not post-myocardial infarction because 
myocardial infarction is a clinically different indication on which the risk-based decision tool 
and KPSC guidelines agree.
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ent risk-based calculator (ACC/AHA) with essentially the 
same traditional guidelines as used by KPSC. The findings 
mirror ours in that the calculator had “greater accuracy 
and efficiency in identifying increased risk of incident CVD 
and subclinical coronary artery disease”20—similarly, more 
higher-risk patients were identified. Additionally of note, 
the risk-based approach of the ACC/AHA guidelines was 
deemed, in a simulation study, to have an acceptable cost-
effectiveness profile.21 In this simulation study, the cost-ef-
fectiveness of the ACC/AHA risk-based approach varied 
with risk cut points.21 In our study, the Health Impact score 
was used to introduce the variation of risk to the popula-
tion affected in place of pure risks.

A significant problem facing all risk-based calculators 
and decision support tools that use EHR data is that they 
might not be able to perform the desired calculations, 
either because of missing data or limitations in patient 
groups to which they are applicable (eg, late-stage kidney 
disease). Some of the patients who are excluded from 
risk models are at higher risk due to relatively infrequent 
medical conditions; in these situations, decisions are left 
to the discretion of the treating physician. Hopefully, fu-
ture risk calculators will address this restricted scope of 
application. Risk-based decision tools also suffer from the 
same lack of evidence about treatment as do traditional 
guidelines. This is especially evident when considering 
that 72% of patients had a risk calculation, but among pa-
tients potentially eligible for a medication, 65% (statins) 
and 82% (antihypertensives) could not be definitively clas-
sified into treatment or no treatment groups.

Limitations
Our study has several limitations, including that the 

KPSC system may differ in patient outcomes from other 
health delivery models. Our determination of who would 
be recommended for treatment was based solely on EHR 
data and automated guideline implementation rather than 
clinical practice. Use in practice may increase or reduce 
the identification of high-risk patients and the differences 
between approaches. Not all potentially relevant charac-
teristics of a patient, or clinical actions, are captured in 
the EHR. Additionally, prediction accuracy was not ad-
justed for subsequent changes in risk factors or clinical 
treatments. Our results may vary somewhat over shorter 
or longer follow-up time frames. The risk-based decision 
tool identified some patients at increased risk who were 
not identified by traditional guidelines; however, we did 
not assess the separate contributions of imputation, cal-
culator variables, and estimator accuracy in determining 
this difference in identification. 

CONCLUSIONS

We found that the automated risk calculator can be 
applied to a large proportion of a population with 1 or 
more years of EHR data with fairly good discrimina-
tion and predictiveness. This finding indicates a useful 
application to risk stratify large populations. We also 
found that a risk-based decision tool identified for pos-
sible treatment a group of patients at higher risk of CVD 
events than traditional guidelines, even without any in-
crease in the number of patients treated. There thus ex-
ists the potential to further reduce population risk using 
such a tool. Automated risk calculators combined with 
decision support can individualize therapy for patients 
in a way that focuses on overall risk reduction rather 
than just biological targets. Further exploration of risk-
based decision tools—with and without data imputa-
tion—compared with usual practice will help determine 
the value of such an approach. Ultimately, the use of 
such tools may depend on implementations that save ef-
fort in clinical practice. 
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eAppendix 
 
 
Additional Details About the Risk-Based Decision Tool  

When quantifying the health risks and benefits of different interventions for individual 
patients, the risk-based decision tool calculates a Health Impact score.  This score can be set to 
determine when a recommendation for a medication is brought to the attention of the provider.  
The Health Impact score is the average difference in expected quality-adjusted life years for the 
patient 5 years in the future depending on whether or not they “perform” the evidence-based 
intervention (take the medication, or maintain the lifestyle change) on a scale of 0 to 1000.  It is 
calculated by estimating the patient’s risk of outcomes with and without the recommended 
clinical care and then combining outcomes using weights that reflect the associated mortality and 
morbidity.1-3  

For this study, we chose a Health Impact score threshold that resulted in the same number 
of patients identified for treated by the risk-based decision tool as were recommended for 
treatment by the standard guidelines.  The “same-size” threshold Health Impact scores 
determined for each treatment by this method were as follows: statin = 2.95, Angiotensin-
Receptor Blocker/Angiotensin-Converting Enzyme (ARB/ACE) inhibitor = 5.01, calcium 
channel-blocker = 4.23, thiazide diuretic = 5.33, beta-blocker = 2.28. 
 
Example Parameters for the Myocardial Infarction Risk Calculator Equation 

An example of the risk-based decision tool fatal and nonfatal myocardial infarction (MI) 
risk calculation is shown in the table below. This particular calculation applies to a sedentary 
Caucasian patient, not taking medications, and without atrial fibrillation, family history of CVD, 
or history of coronary revascularization. The formula as noted above was developed using data 
from the Framingham Study, Framingham Offspring, Cardiovascular Health Study (CHS), and 
Atherosclerosis Risk in Communities Study (ARIC). For non-diabetics with fasting plasma 
glucose (FPG) but not glycated hemoglobin (A1C) values, A1C is calculated from their FPG. 
The full formula incorporates, when available, patient physical activity, race, current and 
historical medications, atrial fibrillation and history of revascularization. (Physical activity was 
not used for the validations in this paper because insufficient patient data was available as of the 
study baseline date.) When individual data elements are not available, multiple statistical 
imputation from a baseline distribution (modeled primarily on National Health and Nutrition 
Examination Survey) is used to calculate the expected distribution of possible risk.   

A simplified version of the CVD (hard MI plus stroke) risk calculator that does not use 
all the above listed inputs is publicly available at www.hearthealthmobile.com. Anyone 
interested in using the calculator for research purposes should contact Symphony Performance 
Health Analytics. 

 
 
 
 
 
 
 
 



 
 
 

Table. Example of the Risk-Based Decision Tool Myocardial Infarction Risk Equation 

Parameter Hazard Ratio Effective Population Mean 
Baseline 0.00616 – 
Male sex 3.4378 0 
Diabetes diagnosis 0.9322 0 
Male sex with history of MI 2.3919 0 
Female sex with history of MI 3.1795 0 
Family history of CHD 1.0971 0 
Current smoker 1.6475 0 
Left ventricular hypertrophy 2.2505 0 
Revascularization history 3.970 0 
Age 1.0625 56.33 
SBP*(male sex) 1.0076 126.75 
SBP*(female sex) 1.0222 126.75 
A1C*(male sex) 1.2466 5.43 
A1C*(female sex) 1.080 5.43 
Total cholesterol 1.0068 206.32 
Transformeda HDL-C 0.9787 52.19 
A1C indicate glycated cholesterol; CHD, congenital heart disease; HDL, high-density lipoprotein 
cholesterol; MI, myocardial infarction; SBP, systolic blood pressure. 
aHDL-C values are transformed by the function T(HDL-C) = min(HDL-C, 45 + .25*HDL-C) 
prior to inclusion in the model. 
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