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BACKGROUND: To optimize preventive strategies for coronary heart 
disease (CHD), it is essential to understand and appropriately quantify 
the contribution of its key risk factors. Our objective was to compare the 
associations of key modifiable CHD risk factors—specifically lipids, systolic 
blood pressure (SBP), diabetes mellitus, and smoking—with incident CHD 
events based on their prognostic performance, attributable risk fractions, 
and treatment benefits, overall and by age.

METHODS: Pooled participant-level data from 4 observational cohort studies 
sponsored by the National Heart, Lung, and Blood Institute were used to 
create a cohort of 22 626 individuals aged 45 to 84 years who were initially 
free of cardiovascular disease. Individuals were followed for 10 years from 
baseline evaluation for incident CHD. Proportional hazards regression was 
used to estimate metrics of prognostic model performance (likelihood ratio, C 
index, net reclassification, discrimination slope), hazard ratios, and population 
attributable fractions for SBP, non–high-density lipoprotein cholesterol (non–
HDL-C), diabetes mellitus, and smoking. Expected absolute risk reductions 
for antihypertensive and lipid-lowering treatment were assessed.

RESULTS: Age, sex, and race capture 63% to 80% of the prognostic 
performance of cardiovascular risk models. In contrast, adding either SBP, 
non–HDL-C, diabetes mellitus, or smoking to a model with other risk 
factors increases the C index by only 0.004 to 0.013. However, primordial 
prevention could have a substantial effect as demonstrated by population 
attributable fractions of 28% for SBP≥130 mm Hg and 17% for non–
HDL-C≥130 mg/dL. Similarly, lowering the SBP of all individuals to <130 
mm Hg or lowering low-density lipoprotein cholesterol by 30% would 
be expected to lower a baseline 10-year CHD risk of 10.7% to 7.0 and 
8.0, respectively (absolute risk reductions: 3.7% and 2.7%, respectively). 
Prognostic performance decreases with age (C indices for age groups 
45–54, 55–64, 65–74, 75–84 are 0.75, 0.72, 0.66, and 0.62, respectively), 
whereas absolute risk reductions increase (SBP: 1.1%, 2.3%, 5.4%, 
10.3%, respectively; non–HDL-C: 1.1%, 2.0%, 3.7%, 5.9%, respectively).

CONCLUSIONS: Although individual modifiable CHD risk factors contribute 
only modestly to prognostic performance, our models indicate that 
eliminating or controlling these individual factors would lead to substantial 
reductions in total population CHD events. Metrics used to judge 
importance of risk factors should be tailored to the research objectives.
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Historically, the importance of individual risk fac-
tors has often been quantified by measures of 
association such as the hazard ratio (HR). More 

recently, researchers began quantifying the importance 
of these factors based on their ability to increase the 
overall prognostic performance (eg, area under the 
receiver operating characteristic curve or C index) of 
a multivariable risk prediction model.1,2 Alternatively, 
population attributable fractions (PAFs), which incorpo-
rate both the strength of association between the risk 
factor and disease outcome, as well as the prevalence of 
the risk factor, have been used to reflect the risk factor’s 
public health burden with a focus on primordial pre-
vention.3,4 Primordial prevention refers to preventative 
efforts intended to eradicate risk factors before they oc-
cur, such as elimination of smoking. In contrast, primary 
prevention is focused on reducing levels of risk factors 
that already exist. In the last few years, several authors 
have stressed the importance of the concept of treat-
ment benefit in primary prevention.5,6 Treatment benefit  

because of reduction of risk factor levels estimated by 
the absolute risk reduction (ARR) and number needed 
to treat (NNT) offers another framework through which 
to evaluate the importance of a risk factor.

Given that different measures of association and 
model performance address different questions, it is 
conceivable that they might give different impressions 
regarding the relative importance of various coronary 
heart disease (CHD) risk factors. We sought to quan-
tify and compare the relative importance of modifiable 
CHD risk factors (lipids, systolic blood pressure [SBP], 
diabetes mellitus, and smoking) on the likelihood of 
CHD events in a large cohort of individuals free of 
cardiovascular disease by utilizing several widely used 
metrics of association, including change in prognostic 
performance of risk models, PAF, and treatment ben-
efit. We also investigated how these measures changed 
as a function of age and risk-factor thresholds applied.

METHODS
We used publicly available data (therefore, we will not 
be making them available) from four large observational 
cohorts from the National Heart, Lung, and Blood Institute’s 
(NHLBI) Biological Specimen and Data Repository Information 
Coordinating Center7: (1) Atherosclerosis Risk in Communities 
(ARIC) study; (2) Cardiovascular Health Study (CHS); (3) 
Framingham Offspring study; and (4) Multi-Ethnic Study of 
Atherosclerosis (MESA). Patient-level data were pooled to cre-
ate the analytic dataset. Participants aged 45 to 84 years were 
eligible for inclusion if they were free of cardiovascular dis-
ease (myocardial infarction, angina or coronary insufficiency, 
stroke, transient ischemic attack, claudication, peripheral 
arterial disease, or heart failure) at the study examination 
selected as baseline (1992–2002; Table  1). After excluding 
332 individuals with missing covariate information or no fol-
low-up data, 22 626 persons were included in the analysis 
(see Table I in the online-only Data Supplement for detailed 
exclusions by cohort).

Follow-up for new-onset CHD events (defined as myocar-
dial infarction, CHD death, angina, or coronary insufficiency) 
was censored at 10 years, which was the overall median for 
follow-up in the study cohort. A piecewise constant hazards 
model with 1-year intervals was used to evaluate the asso-
ciation between incident CHD and the following prespecified 
risk factors: non–high-density lipoprotein cholesterol (non–
HDL-C; the difference between total cholesterol and HDL-
C), SBP, diabetes mellitus, and smoking (defined as smoking 
within the past year or currently smoking). Given the primary 
interest in the contribution to the model of the underlying 
risk factor, to reduce confounding because of antihyperten-
sive and lipid-lowering therapy, SBP and total cholesterol 
were adjusted for treatment using a nonparametric approach, 
which imputes the most plausible value of the risk factor if 
the person was not on treatment (Methods in the online-only 
Data Supplement).8,9 Models were adjusted for age, sex, and 
black race. We elected to use non–HDL-C (versus total or low-
density lipoprotein-cholesterol [LDL-C] and HDL-C separately) 
to include a composite measure of dyslipidemia with a single 

Clinical Perspective

What Is New?
•	 We estimate that age, sex, and race capture 63% 

to 80% of the prognostic performance of cardio-
vascular risk models.

•	 Adding either systolic blood pressure, non–high-
density lipoprotein cholesterol, diabetes mellitus, 
or smoking to a model with other risk factors 
increases prognostic performance as measured by 
the C index by only 0.004 to 0.013.

•	 Lowering the systolic blood pressure of all individu-
als to <130 mm Hg or lowering low-density lipo-
protein cholesterol by 30% would be expected to 
lower a baseline 10-year coronary heart disease risk 
of 10.7% to 7.0 and 8.0, respectively (absolute risk 
reduction: 3.7 and 2.7%, respectively).

•	 Prognostic performance of risk models decreases 
with age whereas absolute risk reductions increase 
with age.

What Are the Clinical Implications?
•	 Although individual modifiable coronary heart dis-

ease risk factors contribute only modestly to model 
prognostic performance, eliminating or controlling 
these factors would lead to substantial reductions 
in total population coronary heart disease events.

•	 The absolute risk reductions associated with low-
ering the systolic blood pressure of all individuals 
to <130 mm Hg or low-density lipoprotein choles-
terol by 30% correspond to the respective numbers 
needed to treat of 27 and 37. These absolute risk 
reductions increase with increasing risk and age.

•	 Metrics used to judge importance of risk factors 
should be tailored to the research objectives.
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HR which matches the lipid parameters used in the Pooled 
Cohorts Equations.10

Statistical Analysis
Prognostic performance of risk models was assessed for each 
risk factor included in the model as a single predictor (vari-
able-added-first), as well as the loss of performance because 
of omission of the risk factor from the full model (variable-
added-last), which included age, sex, race, adjusted SBP, 
adjusted non–HDL-C, diabetes mellitus, and smoking. Four 
standard metrics of model performance were used: the −2 log 
likelihood ratio,11 discrimination C index, maximum relative 
utility, and discrimination slope. The −2 log likelihood ratio 
is a measure of model fit and is related to the probability of 
observing the data, given the model as specified. The C index 
estimates the probability that given 2 individuals, a model 
assigns a higher risk to a person who experiences an event 
compared with one who experiences an event later in time, or 
does not experience the event.12 The maximum relative utility, 
also called reclassification from the null model, is the differ-
ence in the net proportions of individuals with events versus 

those without events whose predicted risks move higher 
under the full model compared with the null model, which 
assigns everyone the same risk equal to the event incidence 
rate. The difference in maximum relative utilities is a version of 
the net reclassification index with 2 categories defined by the 
event rate, which avoids the limitations of other forms of the 
net reclassification index.13 The discrimination slope estimates 
the difference in mean estimated risks between those who do 
and do not experience the event.14

An alternative approach to quantifying the importance 
of risk factors focuses on HRs, PAFs, and ARRs or NNTs. The 
same full model described above was used to estimate and 
compare the HRs and PAFs of CHD attributable to each risk 
factor taking into account the time-to-event nature of the 
data described by Laaksonen et al with confidence interval 
for the PAFs derived using the delta method and a normal 
approximation for the sampling distribution of PAFs.4,15 The 
PAF quantifies the percentage decrease in total disease bur-
den across the population, had the risk factor not been pres-
ent (primordial prevention). Reference categories for PAFs 
were <130 mm Hg for SBP and <130 mg/dL for non–HDL-
C—that is, the PAF for SBP at <130 mm Hg is the proportion 

Table 1.  Baseline Characteristics

Characteristic
All Ages  

(N=22 626)

Age Group (yr)

45–54 
(N=5161)

55–64 
(N=8178)

65–74 
(N=7014)

75–84 
(N=2273)

Study

 � ARIC (Examination 3: 1993–95) 10 173 (44.9%) 2281 (44.2%) 5295 (64.7%) 2597 (37.0%) 0 (0.0%)

 � CHS (Visit 3: 1992–93) 2958 (13.1%) 0 (0.0%) 0 (0.0%) 1752 (25.0%) 1206 (53.1%)

 � Framingham Offspring (Examination 6: 1995–98) 2783 (12.3%) 966 (18.7%) 1022 (12.5%) 681 (9.7%) 114 (5.0%)

 � MESA (Visit 1: 2000–02) 6712 (29.7%) 1914 (37.1%) 1861 (22.8%) 1984 (28.3%) 953 (41.9%)

Mean age, y (SD) 62.3 (8.9) 51.0 (2.6) 59.3 (2.9) 69.0 (2.7) 78.3 (2.6)

Female, n (%) 12 614 (55.7%) 2909 (56.4%) 4466 (54.6%) 3908 (55.7%) 1331 (58.6%)

Black, n (%) 4142 (18.3%) 1143 (22.2%) 1603 (19.6%) 1098 (15.7%) 298 (13.1%)

Blood pressure      

 � Mean SBP (SD) 126.8 (20.2) 118.5 (17.3) 124.6 (18.6) 131.7 (20.3) 138.5 (21.8)

 � On antihypertensive medication, n (%) 7217 (31.9%) 1000 (19.4%) 2383 (29.1%) 2785 (39.7%) 1049 (46.2%)

 � Mean treatment-adjusted SBP (SD) 137.0 (27.8) 124.8 (23.8) 133.9 (26.2) 144.2 (27.7) 152.9 (28.2)

Lipids      

 � Mean total cholesterol, mg/dL (SD) 204.1 (37.7) 199.8 (38.4) 206.1 (37.9) 205.7 (36.9) 201.2 (37.3)

 � Mean HDL-C, mg/dL (SD) 52.3 (16.6) 51.5 (16.4) 52.1 (17.4) 52.6 (16.4) 53.6 (14.4)

 � Mean non–HDL-C, mg/dL (SD) 151.8 (38.8) 148.3 (40.2) 154.0 (39.5) 153.1 (37.3) 147.6 (37.2)

 � Mean LDL-C, mg/dL (SD) 124.5 (33.6) 122.0 (33.6) 126.0 (34.0) 125.6 (33.1) 121.6 (33.3)

 � On lipid-lowering medication 2343 (10.4%) 283 (5.5%) 836 (10.2%) 969 (13.8%) 255 (11.2%)

 � Mean treatment-adjusted total cholesterol, mg/dL (SD) 208.2 (38.4) 202.1 (39.1) 210.1 (38.9) 211.3 (37.2) 206.1 (37.0)

 � Mean treatment-adjusted non–HDL-C, mg/dL (SD) 156.0 (39.9) 150.6 (41.3) 158.0 (40.8) 158.7 (38.1) 152.6 (37.3)

 � Mean treatment-adjusted LDL-C, mg/dL (SD) 128.7 (34.4) 124.2 (34.3) 129.9 (34.9) 131.1 (33.7) 126.5 (33.5)

Smoking, n (%) 3357 (14.8%) 1027 (19.9%) 1385 (16.9%) 818 (11.7%) 127 (5.6%)

Diabetes mellitus, n (%) 2808 (12.4%) 449 (8.7%) 1046 (12.8%) 1013 (14.4%) 300 (13.2%)

Observed CHD events at 10 y 2114 (9.3%) 205 (4.0%) 590 (7.2%) 881 (12.6%) 438 (19.3%)

Kaplan–Meier rate at 10 y 10.3% 4.4% 7.7% 14.2% 24.3%

ARIC indicates Atherosclerosis Risk in Communities; CHD, coronary heart disease; CHS, Cardiovascular Health Study; HDL-C, high-density lipoprotein cholesterol; 
LDL-C, low-density lipoprotein cholesterol; MESA, Multi-Ethnic Study of Atherosclerosis; and SBP, systolic blood pressure.
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of incident CHD in 10 years that would have been avoided if 
every person’s SBP were <130 mm Hg. To evaluate the impact 
of varying thresholds on PAF, we evaluated the PAF of SBP and 
non–HDL-C using the 20th through the 90th percentiles of 
their distribution in our sample.

The potential benefits of lipid lowering and blood pres-
sure treatment (primary prevention) were estimated using 
treatment effects observed in randomized clinical trials.5 
For lipids, every 38.7 mg/dL reduction in LDL-C is expected 
to reduce CHD risk by 25%; for SBP, every reduction of 10 
mm Hg is expected to lower risk by 21%.16 To estimate the 
degree of LDL-C lowering, we applied a 30% reduction in 
LDL-C among those with LDL-C >70 mg/dL, consistent with 
what is expected with a moderate intensity statin. We also 
modeled 50% reduction consistent with high-intensity statin 
as a sensitivity analysis. For SBP, we calculated the degree of 
elevation over 130 mm Hg to estimate the impact of treating 
all adults to an SBP <130 mm Hg, a level consistent with the 
most recent guidelines.17 The relative risk reduction was esti-
mated for each individual by combining the expected reduc-
tions in CHD because of LDL-C or SBP lowering. The relative 
risk reduction was then applied to the 10-year estimated risk 
for each individual and ARRs were derived as the average of 
these quantities. The NNTs were computed as the inverse of 
the ARR (see the Methods in the online-only Data Supplement 
for more details).

All analyses were first conducted in the full cohort and 
then repeated separately by age group: 45 to 54, 55 to 64, 65 
to 74, and 75 to 84 years. Two key sensitivity analyses were 
conducted. First, we investigated the impact of study effect 
on the observed results by adding study as a fixed as well as 
a random effect (frailty model). Second, we reran all models 
adjusting for the potential impact of the competing risk of 
noncardiovascular mortality. Finally, we ran models separately 
for women and men. We used SAS version 9.4 (SAS Institute 
Inc, Cary, NC). The study was approved by the Duke University 
Health System Institutional Review Board (Pro00051569). All 
cohorts obtained informed consent from participants for 
inclusion.

RESULTS
Overall, 22 626 individuals free of cardiovascular disease 
at baseline examination between 1992 and 2002 met 
the inclusion criterion. Table 1 summarizes the baseline 
characteristics of the study cohort, overall and by age. 
Mean SBP, the prevalence of blood pressure treatment, 
and the prevalence of diabetes mellitus increased with 
age while smoking declined. Conversely, lipid levels 
were more stable across the age groups, with the high-
est percentage of individuals on lipid-lowering treat-
ment in the 65 to 74 age group.

Risk Factors and Their Effects on Metrics 
of Prognostic Model Performance
Table  2 summarizes prognostic metrics (−2 log likeli-
hood, C index, reclassification from the null, and dis-
crimination slope) for modifiable risk factors, and age, 

sex, and race grouped as 1 nonmodifiable factor. Three 
scenarios are presented with only an individual risk fac-
tor, the full model with all risk factors (age, sex, race, 
SBP, non–HDL-C, smoking, and diabetes mellitus), and 
the full model minus each risk factor. We observed 
that, depending on the metric, nonmodifiable risk fac-
tors (age, sex, and race) account for 63% to 80% of 
the overall prognostic model performance. Among the 
modifiable risk factors, SBP is the strongest predictor 
as assessed by each of the 4 performance metrics; for 
example, a model using SBP alone can achieve >50% 
of the full model’s prognostic value as measured by the 
C index or reclassification from the null.

From the variable-added-last perspective, which 
summarizes the improvement in prognostic value 
achieved when the risk factor of interest is added to 
a model with all other risk factors present, SBP moves 
the C index from 0.721 to 0.734 (∆c=0.013) and the 
reclassification from the null from 0.346 to 0.363 (net 
reclassification index=0.017). This small magnitude is 
consistent when using other metrics (assessed by the 
−2 log likelihood or discrimination slope, the model is 
at ≈89% of its full performance without SBP) or other 
risk factors.

Performance Metrics Based on HRs, PAFs, 
and Treatment Benefit
Table 3 provides a different perspective on the relative 
importance of cardiovascular risk factors. Here, the HRs 
for the 4 risk factors are summarized first for univari-
able models, then adjusting for all other risk factors. 
Also summarized are the PAFs for CHD attributable to 
each risk factor. HRs for SBP and non–HDL-C are ex-
pressed per 1 SD increase, whereas those for smoking 
and diabetes mellitus treat them as binary characteris-
tics. Both unadjusted and adjusted HRs are higher for 
SBP than non–HDL-C. However, adjustment substan-
tially decreases the HR for SBP (1.57 to 1.33), but not 
for non–HDL-C (1.19 versus 1.18). Similarly, the unad-
justed HR is higher for diabetes mellitus than for smok-
ing (2.31 versus 1.52), yet the adjusted HRs are similar 
(1.80 versus 2.01).

The PAFs for both SBP ≥130 mm Hg and non–HDL-C 
≥130 are 28% and 17%, respectively, whereas the PAFs 
for diabetes mellitus and smoking are 9.6% and 9.8%, 
respectively. To determine what benefit could be derived 
through treatment of elevated SBP and lipids (primary 
prevention), we estimated the expected risk reduction 
via lowering SBP for all adults with SBP ≥130 mm Hg to 
<130 mm Hg and a 30% reduction in LDL-C. For SBP, 
treating all adults to <130 mm Hg is expected to reduce 
the expected baseline 10-year CHD incidence of 10.7% 
by an ARR of 3.7% (NNT=27). Treatment with a mod-
erate intensity statin is expected to result in an ARR of 
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2.7% (NNT=37) and with a high intensity statin (50% 
reduction in LDL-C) an ARR of 4.1% (NNT=24).

Association of Participant Age and 
Performance Metrics
Figure  1 shows that the prognostic performance of 
the risk model decreases with age when assessed by 
the C index (other metrics of prognostic performance 
yield consistent results; data not shown). In contrast, 
the ARRs that can be achieved with SBP or non–HDL-C 
treatment increase with age. The higher ARRs are con-
sistent with the amount of total average risk in each 
age group; as shown in Table 4, this risk increases with 
age and reaches 24.5% among 75- to 84-year-olds. 

The trend is the opposite for the PAFs, which generally 
decline with age. HRs also decline as a function of age 
for all risk factors, except non–HDL-C, which remains 
flat for the younger 3 age groups.

Sensitivity Analyses
Importantly, the PAFs for continuous risk factors are 
highly dependent on the cut-off selected to define 
high risk, with lower cut-offs associated with higher 
PAFs (Figure 2). Adding study to the model either as 
a stratum or a fixed or random effect had little effect 
on the observed results as demonstrated in Table II in 
the online-only Data Supplement. Similarly, the results 
remained consistent after adjustment for competing 

Table 2.  Contribution of Risk Factors to Prognostic Performance of 10-Year CHD Risk Model

Risk Factor Quantity

Metric

−2 Log Likelihood C Index
Reclassification From  

the Null Model Discrimination Slope

Only 
RF*

All 
(−RF) All

Only 
RF*

All 
(−RF) All

Only 
RF*

All 
(−RF) All

Only 
RF*

All 
(−RF) All

Age, sex, and 
race

Value 938.6 740.4 1482.9 0.685 0.670 0.734 0.290 0.238 0.362 0.057 0.044 0.092

% total† 63.3 49.9 100.0 79.1 72.6 100.0 80.2 65.8 100.0 62.6 47.6 100.0

Treatment-
adjusted SBP

Value 480.0 1320.0 1482.9 0.639 0.721 0.734 0.205 0.346 0.363 0.027 0.082 0.092

% total 32.4 89.0 100.0 59.4 94.4 100.0 56.6 95.3 100.0 29.4 89.1 100.0

Treatment-
adjusted 
non–HDL-C

Value 79.8 1416.5 1482.9 0.560 0.730 0.734 0.095 0.357 0.362 0.004 0.089 0.092

% total 5.4 95.5 100.0 25.6 98.3 100.0 26.1 98.5 100.0 4.3 97.1 100.0

Smoking Value 56.6 1333.0 1482.9 0.530 0.722 0.734 0.061 0.342 0.362 0.003 0.082 0.092

% total 3.8 89.9 100.0 12.8 94.9 100.0 17.0 94.5 100.0 3.3 89.2 100.0

Diabetes 
mellitus

Value 222.2 1363.4 1482.9 0.559 0.725 0.734 0.115 0.343 0.362 0.013 0.083 0.092

% total 15.0 91.9 100.0 25.2 96.2 100.0 31.8 94.7 100.0 14.4 90.2 100.0

CHD indicates coronary heart disease; HDL-C, high-density lipoprotein cholesterol; RF, risk factor; and SBP, systolic blood pressure.
*Only RF refers to a model with a single risk factor; All (−RF) refers to a model with all risk factors except the one in question (sex, race, age, plus 3 out of adjusted 

non–HDL-C, adjusted SBP, smoking, diabetes).
†% of total model prognostic performance achieved relative to a full model. For the C index, the range is from 0.50 (0%) to 1.00 (100%).

Table 3.  Hazard Ratio, Population Attributable Fraction, and Absolute Risk Reduction With Treatment for 10-Year Risk of CHD

RF

Hazard Ratio (95% CI)
Population Attributable Fraction  

(95% CI)
Total Average 

Risk
ARR With 
TreatmentOnly RF* Fully Adjusted

Treatment-adjusted 
SBP†

  % ≥130 PAF ≥130   

1.57 (1.51–1.63) 1.33 (1.28–1.39) 53.7 28.0 (23.1–32.6) 10.7 3.7

Treatment-adjusted 
non–HDL-C‡

  % ≥130 PAF ≥130   

1.19 (1.15–1.24) 1.18 (1.14–1.23) 74.4 17.0 (10.2–23.2) 10.7 2.7

Smoking   % Yes PAF   

1.53 (1.38–1.70) 2.07 (1.85–2.30) 14.8 9.8 (8.0–11.4)   

Diabetes mellitus   % Yes PAF   

2.30 (2.08–2.55) 1.84 (1.66–2.04) 12.4 9.6 (7.7–11.4)   

ARR indicates absolute risk reduction; CHD, coronary heart disease; HDL-C, high-density lipoprotein cholesterol; PAF, population attributable fraction; RF, risk 
factor; and SBP, systolic blood pressure.

*Only RF refers to a model with a single risk factor; Fully Adjusted refers to a model with all risk factors (sex, race, age, adjusted non–HDL-C, adjusted SBP, smoking, 
diabetes); Average Risk is the mean of all estimated risks; ARR with Treatment refers to the absolute amount of total risk that can be eliminated with treatment.

†Hazard ratio for 1 SD increase in SBP (SD=27.8). 
‡Hazard ratio for 1 SD increase in non–HDL-C (SD=39.91).
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risk of noncardiovascular mortality (Table III in the 
online-only Data Supplement). Table IV in the online-
only Data Supplement presents results separately for 
women and men.

DISCUSSION
In this report, we demonstrate how the assessment of 
importance of cardiovascular risk factors depends on 

0.75 0.72 0.66 0.62

1.1%
2.3%

5.4%

10.3%

1.1%
2.0%

3.7%

5.9%

A B C

Figure 1. Prognostic performance of the full risk model and absolute risk reductions associated with lowering of systolic blood pressure (SBP) and 
non–high-density lipoprotein cholesterol (non–HDL-C) by age group.  
A, C index of models with all risk factors (age, sex, race, SBP, non–HDL-C, diabetes mellitus, and smoking). B, Expected absolute risk reduction associated with low-
ering SBP below 130 mm Hg. C, Expected absolute risk reduction associated with lowering the low-density lipoprotein cholesterol portion of non–HDL-C by 30%.

Table 4.  Hazard Ratio, Population Attributable Fraction, and Absolute Risk Reduction With Treatment for 10-Year risk of CHD by Baseline Age Category

RF
 

Age Group

Hazard Ratio (95% CI)

PAF (95% CI)
 Total Average 

Risk
 ARR With 
TreatmentOnly RF* Fully Adjusted

Treatment-adjusted 
SBP†

   % ≥ 130 PAF ≥ 130   

45–54 1.81 (1.58–2.06) 1.69 (1.46–1.96) 34.5 34.4 (22.8–44.3) 4.3 1.1

55–64 1.46 (1.35–1.58) 1.36 (1.25–1.48) 49.2 23.6 (15.4–31.1) 7.8 2.3

65–74 1.34 (1.26–1.43) 1.31 (1.22–1.40) 65.3 28.0 (19.7–35.5) 14.5 5.4

75–84 1.19 (1.09–1.31) 1.20 (1.09–1.32) 77.6 18.1 (2.6–31.3) 24.5 10.3

Treatment-adjusted 
non–HDL-C‡

   % ≥ 130 PAF ≥ 130   

45–54 1.24 (1.16–1.32) 1.18 (1.09–1.29) 69.0 32.8 (10.1–49.9) 4.3 1.1

55–64 1.26 (1.18–1.35) 1.21 (1.13–1.30) 75.9 18.8 (4.5–31.0) 7.8 2.0

65–74 1.16 (1.09–1.24) 1.19 (1.11–1.28) 77.6 16.3 (5.2–26.2) 14.5 3.7

75–84 1.06 (0.96–1.17) 1.11 (1.00–1.23) 72.2 8.7 (0.0–20.4) 24.5 5.9

Smoking    % Yes PAF   

45–54 2.17 (1.63–2.90) 2.13 (1.59–2.85) 19.9 17.5 (9.4–24.8) … …

55–64 2.42 (2.03–2.88) 2.47 (2.07–2.94) 16.9 17.9 (13.7–21.9) … …

65–74 1.67 (1.40–1.99) 1.88 (1.57–2.25) 11.7 7.5 (5.0–9.9) … …

75–84 1.23 (0.83–1.81) 1.38 (0.93–2.03) 5.6 1.5 (0.0–3.6) … …

Diabetes mellitus    % Yes PAF … …

45–54 3.37 (2.44–4.65) 2.16 (1.54–3.02) 8.7 11.9 (5.5–17.9) … …

55–64 2.85 (2.38–3.41) 2.29 (1.90–2.77) 14.8 14.9 (10.9–18.7) … …

65–74 1.92 (1.64–2.24) 1.65 (1.40–1.94) 14.4 8.2 (5.2–11.1) … …

75–84 1.51 (1.18–1.94) 1.48 (1.15–1.90) 13.2 4.8 (1.4–8.2) … …

ARR indicates absolute risk reduction; CHD, coronary heart disease; HDL-C, high-density lipoprotein cholesterol; PAF, population attributable fraction; RF, risk 
factor; and SBP, systolic blood pressure.

*Only RF refers to a model with a single risk factor; Fully Adjusted refers to a model with all risk factors (sex, race, age, adjusted non–HDL-C ratio, adjusted SBP, 
smoking, diabetes); Total Average Risk refers to the mean of all estimated risks in each age group; ARR with Treatment refers to the absolute amount of total risk 
that can be eliminated with treatment.

†Hazard ratio for 1 SD increase in SBP (SD=27.8). 
‡Hazard ratio for 1 SD increase in non–HDL-C (SD=39.91).
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the research question. Different answers might be de-
rived depending on whether the main objective is to 
study association, to assess contribution to the prog-
nostic value of a model, or to evaluate the impact of 
altering the risk factor through an intervention. Appro-
priately adjusted HRs are best suited to quantify asso-
ciations between the risk factor and outcome. Focusing 
on metrics of prognostic performance is the preferred 
approach when the clinical goal of measuring a risk 
marker is better risk stratification. This is the case for 
biomarkers or genetic factors where in most instanc-
es we cannot eliminate mutations or treat levels that 
are associated with increased risk. The order in which 
variables are entered into the model also matters: the 
conservative variable-added-last approach seems well-
suited for applications involving new biomarkers or ge-
netic factors. On the other hand, we have shown how 
applying this approach to established risk factors, of 
which modification with treatment is known to reduce 
risk, can mask important benefit to individuals and 
populations. Indeed, we have shown that the major-
ity of prognostic information included in the 10-year 
CHD risk models is dominated by nonmodifiable factors 
such as age, sex, and race, with only 20% to 37% (de-
pending on the metric used) of the overall prognostic 
performance attributed to modifiable CHD risk factors. 
However, our models indicate that primary prevention 
of CHD through control of either hypertension or lipids  

could reduce the 10.7% 10-year incidence of CHD by 
more than a third or a quarter. In other words, to pre-
vent 1 additional CHD event, we need to treat 27 of 
37 adults with blood pressure/lipid lowering agents. 
Thus, our models suggest that when making individ-
ual treatment decisions, clinicians and patients should 
consider not only the 10-year risk of CHD, but also the 
expected benefit from the intervention best expressed 
as the ARR, which when inverted provides the number 
needed to treat to avert 1 bad outcome.5

We also observed that prognostic performance 
of risk models and the strength of association of risk 
factors with CHD decrease with age, suggesting that 
risk stratification becomes harder at older ages. This, 
coupled with the stronger association between risk fac-
tors and CHD at younger ages and higher PAFs, high-
lights the need for more effective primordial prevention 
efforts and targeted risk factor management in early 
adulthood. Indeed, it has been shown that prolonged 
elevation of risk factors over time results in a substantial 
increase in CHD risk.18 On the other hand, the absolute 
benefit from treatment is highest in the older age groups 
as the baseline risk increases with age. Our models sug-
gest that the strategy of recommending treatment to 
older adults without overt elevations of the modifiable 
risk factors outlined by the American Heart Association/
American College of Cardiology cholesterol guidelines19 
is likely to result in meaningful benefit. At the same 

Figure 2. Population attributable fraction (PAF) for blood pressure and lipids as a function of percentage of individuals below the classification 
threshold. 
The 2 curves present PAFs as a function of risk factor level threshold (ie, the percentage of coronary heart disease risk that could be eliminated if systolic blood 
pressure [SBP] or non–high-density lipoprotein cholesterol levels never exceeded the numbers given in the table at the bottom [which correspond to the percentiles 
of risk factor distribution in our sample]). For example, the PAF associated with keeping SBP <125 mm Hg (40th percentile) is 29.9%, but it drops to 21.8% for SBP 
<142 mm Hg (60th percentile).
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time, our results support incorporating risk and benefit 
considerations when making recommendations with 
regard to blood pressure treatment.20

We also investigated how control or elimination of a 
given risk factor can have significant impact on popula-
tion CHD risk (as assessed by PAFs). However, interpre-
tation of these findings has 3 important caveats. First, 
the PAF is an estimate of the percentage risk reduction 
expected if the risk factor had not been present at the 
start. But this statistic may not accurately estimate the 
effects of treatment used to control a risk factor that is 
present. As an example, the long-term CHD risk of an 
adult with previous hypertension who is pharmacologi-
cally treated to 130 mm Hg is different from someone 
whose SBP never crossed 130 mm Hg in the first place. 
Similarly, while smoking cessation reduces subsequent 
risk, it may not wipe out the effect of previous smok-
ing. Thus, PAFs are more appropriately interpreted as 
the potential benefit achievable through primordial pre-
vention of risk factors. The second caveat for estimat-
ing treatment benefits of continuous variables such as 
blood pressure or cholesterol levels using PAF is that the 
measured benefit is highly dependent on the threshold 
used. As demonstrated in Figure 2, the PAF attributed 
to SBP and non–HDL-C control can change 4-fold de-
pending on the thresholds used. Finally, both PAFs and 
ARRs are functions of statistical modeling and should 
be interpreted as such.

A key strength of this investigation lies in the high-
quality data obtained by pooling multiple studies avail-
able through the NHLBI Biological Specimen and Data 
Repository Information Coordinating Center repository, 
which contains publicly accessible datasets from NHLBI-
sponsored cohort studies and randomized trials. The 
main limitation of our study is that some of our data 
come from the 1990s and thus may not fully reflect 
changes that have occurred in the past 15 years. How-
ever, while this may affect individual estimates, it is un-
likely to impact the main conclusions of the analysis—
that different ways of assessing risk factors can lead to 
different conclusions about their relative importance, 
and that variables with poor model performance, such 
as lipids, may have dramatic relevance when assessed 
using PAF or ARR. Moreover, we could not account for 
potential treatment initiation during follow-up because 
risk prediction is based on the information available at 
baseline. Additionally, as noted, calculations of PAFs 
had to rely on arbitrary classification thresholds. In cal-
culation of the PAF for smoking, we used “not smoking 
currently” as the reference category. This categoriza-
tion mixes never smokers and former smokers, possibly 
diluting the modeled associations in primordial preven-
tion (and exaggerating those in primary prevention). 
Furthermore, estimates of the expected ARR assume 
that the benefits of treatment with statins extend over 
a 10-year period, and that all individuals can achieve an 

SBP of or below 130 mm Hg or a 30% reduction in lip-
ids, and they do not account for potential side effects, 
discontinuations, and variability between individuals. 
Still, the assumed treatment goals are moderate, so on 
the average they should be achievable; we conserva-
tively ignored potentially higher relative risk reductions 
associated with lipid treatment at lower risk levels and 
younger ages.5 We focused on risk over a 10-year time 
period; with a longer horizon, the benefits of preven-
tion and treatment at younger ages might be higher. 
Finally, although the list of metrics considered is com-
prehensive, it is by no means exhaustive. For example, 
estimating the numbers of years gained through risk 
factor control offers an appealing metric for risk com-
munication and may enable better estimation of ben-
efits over the longer horizon.21

Conclusions
Our study demonstrates that assessing the importance 
of cardiovascular risk factors using improvement in 
prognostic performance does not adequately reflect 
the risk reduction that can be expected as a result of 
primordial or primary prevention. Moreover, the prog-
nostic ability of cardiovascular risk models and PAFs de-
crease with age, whereas the risk itself and potential 
ARRs associated with treatment increase with age.
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