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In late 2006 the New England Journal of Medicine (NEJM) published a paper that evaluated
a series of novel plasma biomarkers for the prediction of cardiovascular disease (CVD)
using data from the Framingham Heart Study.1 The authors concluded that the use of 10
novel biomarkers resulted in only small increases in the ability to assess risk. More recently
in July of 2009, some of the same authors analyzed a set of six biomarkers using data from
Malmo, Sweden.2 The more recent paper again concluded that gains over conventional risk
factors in predicting CVD were minimal. What may not be obvious is that between the first
and second papers, a sea change in the evaluation of biomarkers occurred. While the papers
both concluded that novel biomarkers add little to prediction, the statistical methods they
used were very different; new methods were developed to compare risk prediction models in
the interim. In this perspective the change in methodology will be described and whether the
conclusions are justified will be discussed.

ROC Curves and Model Discrimination
For many years the standard for comparing risk prediction models has been the Receiver
Operating Characteristics (ROC) curve. This is a plot of sensitivity versus 1-specificity
across a range of cut points for a biomarkers or model. It shows how well a model can
discriminate or separate the cases and controls. The area under the curve (AUC) has a value
between 0.50 and 1.0, with 0.5 indicating no discrimination and with 1.0 indicating perfect
discrimination. A good fitting model, at least in the field of cardiovascular disease risk
prediction, has an AUC close to 0.8. This would indicate that the probability of a case being
assigned a higher risk score than a control is 80%.3

Pepe et al showed that it is difficult for an individual biomarker to improve the AUC even if
it has a strong association with disease.4 A factor would have to have a relative risk near 16
per 2 standard deviations to offer adequate discrimination, and this threshold may be higher
when adding biomarkers to a set of established markers. Extremely strong associations are
needed to show improvement based on the AUC.

The limitations of the ROC as a tool for model evaluation have recently been addressed,
however.5 The AUC is, in fact, an insensitive measure of improvement in model accuracy.
Even traditional well-accepted risk factors for cardiovascular disease, such as smoking,
cholesterol measures and blood pressure, would individually have little impact on the AUC.
If these traditional measures were being evaluated using the ROC curve, we wouldn’t
conclude that they added to predictive ability and wouldn’t be treating patients based on
these measures.
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Risk Reclassification
Since publication of the 2006 NEJM paper, a new paradigm for comparing models has been
developed based on the concept of risk reclassification.5-7 Risk strata are frequently used in
clinical research and practice to determine the course of therapy or to determine the cost
effectiveness of various interventions. The ATP III guidelines for cholesterol-lowering
agents use predicted risk strata based on the Framingham risk score.8 The new methods
compare risk strata formed from models with and without the biomarkers or other factors of
interest and determine which model leads to the most accurate classification of risk. The
categories used to form strata should be meaningful such that changes in category reflect
important changes or potential differences in treatment.

An example of a risk reclassification table is shown in Table 1.6 This compares models
predicting CVD with and without systolic blood pressure (SBP) in data from the Women’s
Health Study (WHS).9 Even though blood pressure is one of the strongest and most
important risk factors for CVD, it too has little effect on the ROC curve. The Reynolds Risk
Score,10 which included blood pressure along with several other risk factors for
cardiovascular disease, had an overall AUC of 0.80. A model including all terms except for
SBP had an AUC of 0.79, a difference of only 0.01. If SBP were a novel biomarker, one
could argue that there is no need to measure it due to the small change in the AUC.

The risk reclassification table, however, leads us to a different conclusion. When the women
are classified into categories of <5%, 5 to <10%, 10 to <20% and 20% or greater 10-year
risk, many women fall into different categories depending on which model is used. Among
those at the lowest risk, only 3% move up into a higher category. More changes occur
among those at intermediate risk based on the model without SBP, with over 35% in the two
middle categories changing risk stratum. Among those in the highest stratum of risk, 21%
moved down to a lower category. Thus, a substantial proportion of women at intermediate or
high risk would change risk strata and would potentially receive different treatments.

Evaluating Reclassification
The proportion reclassified by itself, however, is not a sufficient measure of improvement.
To determine whether such changes in risk are more accurate, several measures have been
developed. The first assesses calibration, or how closely the predicted risk agrees with the
observed risk within categories. We can first roughly evaluate how well these agree by
examining the observed proportions that have the event within each cell of the table. For
example, in those who were predicted to have <5% risk by both models the actual
proportion with events was 1.3%, which falls within the 0-5% range. In those who were
predicted to be at 5-<10% risk by the model without SBP but who were reclassified into the
5-10% category by the model including SBP, 6.8% of women experienced the event, so the
observed risk fit into the reclassified 5-10% category. With some exceptions women who
were reclassified had an observed risk closer to that predicted by the new risk stratum.

The agreement can more formally be assessed by the reclassification calibration (RC)
statistic, which is a chi-square test of how well the average predicted risk within each cell
agrees with the observed proportion of individuals who experience the event in cells with at
least 20 people.6 For the model without SBP the value of the RC statistic was 68.3, leading
to a p-value of <0.001. This indicates that this model did not provide a good fit since the
observed and predicted risks were significantly different. On the other hand, the model
including SBP had a chi-square value of 22.9 (p=0.006). While this still exhibits a deviation
in fit, the observed and average predicted values were much closer and the value of the chi-
square statistic much smaller.
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Another way to compare models based on the reclassification table breaks up the data into
cases and controls as in Table 2. If a model is better, we would expect cases to move up in
risk category and controls or non-cases to move down. In this table, 99 cases moved to a
higher risk category but 40 moved down, leading to a net improvement of 50/560 = 10.5%
among the cases. Among the controls, 821 moved down, which is an improvement, but 992
moved up, leading to a net worsening of 71/23,611 = 0.7%. Altogether the net improvement
is 10.5% - 0.7% = 9.8% (p<0.001), which is called the net reclassification improvement, or
NRI.7

Unlike the RC statistic which assesses calibration, the NRI is a measure of discrimination, or
separation of cases and controls. Only the ranks of the categories are needed in its
calculation. Some authors have used quantiles, such as quartiles to define the risk strata; the
NRI could be computed using these in a case-control study. Since estimates of absolute risk
are generally not available in a case-control study, however, the RC statistic cannot be used
in that setting.

On the other hand, the RC statistic is more readily adapted to survival data. Cox models and
Kaplan-Meier survival curves can be used to assess calibration. It is more difficult to adapt
the NRI since it inherently separates the data into cases and controls, and censored
observations are not taken into account. Some corrections for this have recently been
proposed.11

An alternative measure not based on categories is called the integrated discrimination
improvement (IDI).7 This measure is based on the Yates slope, or the difference in predicted
probabilities for cases and controls. Ideally the predicted risk would be much higher in
cases. The IDI is the difference in such slopes between models. While this measure has
some attractive statistical properties,12 it is difficult to interpret because the size of effect is
typically very small. In the WHS data, the IDI comparing models with and without SBP was
0.5% (p=0.001),6 meaning that the net difference in predicted probabilities of cardiovascular
disease was only 0.005 between the two models.

Do Novel Biomarkers Make a Difference?
In evaluating the ten novel biomarkers, the analysis of Wang et al used differences in the
AUC to determine whether the new markers improved risk prediction. As described above,
however, this measure does not directly translate into clinical use.13 In the same paper the
authors showed survival curves by level of the multi-marker score. There was a clear
separation of curves, and those with high scores had risks that were at least four times that of
those with the lowest scores; risk of mortality over eight years varied from approximately
3% to 20% across score groups, a substantial difference in risk.

The 2009 paper from Malmo instead used the newer methods of comparing models. Besides
computing the AUC, it also evaluated discrimination using the NRI and IDI. They again
found that there was no overall improvement with the addition of six biomarkers, two of
which remained statistically significant in multivariable models.

Can we conclude that novel biomarkers are not effective in risk prediction based on these
data? The answer is yes and no. While the methods used now directly relate to clinical utility
in terms of potential treatment of patients, there are some caveats to consider when
interpreting these analyses. First, the power of the study to detect differences is unclear.
While 418 total CVD events occurred in the Malmo study, only 364 of these had all
biomarkers, and only 238 of these (65%) were included in the analysis of the NRI and IDI.
This may explain some of the discrepancy in the significance of results from the Cox model
and the IDI, which should usually be quite similar.12
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Second, it would be preferable to also report the NRI and IDI associated with the traditional
risk factors, such as blood pressure and cholesterol measures. The purpose would not be to
judge the importance of these well-established risk factors or to provide substitutes, but
rather to provide a basis of comparison for the new markers.14 If an analysis cannot detect
the usual strong importance of these well-known and established factors, then there is little
hope for novel markers, which are likely to be less strong.

Third, the categories used can make a difference in the analyses. The original papers
discussing risk reclassification5, 10 used category cut points at 5, 10, and 20%, while others
use three categories with cutoffs at 5 and 20%.2, 7 The category definitions can change the
estimated effects, especially the percent reclassified and the NRI.6 For example, the percent
reclassified in models with and without SBP was 8.2% using four categories and 6.2% using
three. The NRI was 9.8% (p<0.001) using four categories as described above, but half that,
or only 5.0% (p=0.005) using three.6 The reclassification calibration test is less affected by
these changes since it is a test rather than an effect estimate, and the degrees of freedom are
adjusted along with the number of cells. Whether using four or three categories, the test
provided evidence that the model with SBP was better calibrated for individuals within these
categories. Ideally the categories would correspond to those used for clinical decisions and
could aid in cost-effectiveness analyses. However, even if categories change, the RC statistic
can assess calibration within categories of potential clinical importance.

Finally, the results found by Melander et al for the set of biomarkers in Malmo is in contrast
to results from other studies, including the WHS,10 the Physicians’ Health Study,15 and the
Framingham Heart Study.16 Similar reclassification analyses were conducted for CRP alone
in each of these studies and found a significant improvement in reclassification, whether
assessed with the RC statistic or the NRI. It is thus surprising that a similar analysis
involving CRP along with other biomarkers showed no improvement overall. This is
perhaps due to the smaller size of the Malmo Study along with an associated lower power.

Conclusion
Risk reclassification measures are now being used in a variety of fields to assess the addition
of markers or other predictors to risk prediction equations. While the ROC curve and its
summary AUC can provide useful information and should not be abandoned, the new
measures can more directly assess the clinical implications and consequences of a new
model. They may be particularly useful for cost-effectiveness analyses since they can easily
show how many patients would fall into differing treatment groups with a new model along
with the actual absolute risk among each group of patients. The ultimate goal of risk
prediction is to assign the right therapy to the right group of patients. Risk reclassification
measures offer an advance in model evaluation by more directly addressing this goal.
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