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The pathway from discovery to clinical adoption of
new biomarkers is marked by a series of significant
benchmarksthatrelatively fewcardiovascularbiomark-
ers have successfully navigated (1 ). For those biomark-
ers that do emerge as viable candidates for clinical use,
determining appropriate decision limits takes on sub-
stantial importance. In our experience, this task is de-
manding and is regularly executed poorly. In this issue
of Clinical Chemistry, Tang and colleagues assess the
prognostic performance of myeloperoxidase (MPO)3

as a biomarker for stable ischemic heart disease and
perform internal validation of a cutpoint (2 ). This ex-
ample provides an opportunity to address the clinical
and statistical issues that affect the determination of
clinical decision limits for new biomarkers.

Clinical Considerations

Ambiguity concerning decision limits frustrates clini-
cians and negatively affects the clinical adoption of a
biomarker. At the time of clinical introduction, a new
biomarker ideally should have well-characterized deci-
sion limits that (a) are pragmatic to apply, (b) have
undergone validation in multiple studies, (c) have been
evaluated in the relevant population(s) and applica-
tion(s), and (d) have achieved synergy between avail-
able scientific data and regulatory labeling.

RELEVANCE OF PRAGMATISM

Although it is not always possible in clinical medicine,
practitioners crave certainty in interpreting test results
and much prefer to think in dichotomous terms.
Therefore, a tension sometimes exists between the de-
sire to keep cutpoints simple (so that they are easily
remembered and convenient to apply) and the limita-
tions imposed by the complexity of best capturing the

diagnostic, prognostic, or therapeutic information of-
fered by the biomarker. This tension can create contro-
versy in the modeling of a new biomarker as reason-
able, often opposing, arguments arise from the clinical
and statistical perspectives. We believe that both points
of view should be taken into consideration in the eval-
uation of a new biomarker; however, we assert that a
strong motivation exists in clinical medicine for the
development of dichotomous or categorical cutpoints
to facilitate decision-making.

In some cases, the biology of a biomarker is such
that a clear threshold exists in the relationship between
its concentration and a diagnosis or outcome. In this
situation, a dichotomous cutpoint is preferable from
all perspectives, although the absolute value may con-
fer some additional information. For example, because
cardiac troponin was not detectable in the blood of
healthy individuals until recently, any detectable in-
crease in concentration was indicative of myocardial
injury, diagnostic of myocardial infarction in the ap-
propriate setting, and associated with an adverse prog-
nosis (3 ). More often, however, when a predictor vari-
able is continuous, risk increases throughout the range
of the predictor concentrations (e.g., cholesterol). Nev-
ertheless, despite the near-linear relationship, clinical
guidelines that use cholesterol are based on specific
thresholds rather than on a continuous model (4 ). Dis-
crete decision limits are needed for clinicians to re-
member them, to develop guidelines that are possible
to transmit and implement, and to create benchmarks
for quality of care. Therefore, as for cholesterol, clini-
cians have embraced the convenience of defined cut-
points for most cardiovascular biomarkers to support
decision-making (5 ) and have sometimes used cate-
gorical approaches (e.g., low risk or “rule-out,” inter-
mediate or gray zone, high risk or “rule-in”) to partially
account for the graded nature of the prognostic and
diagnostic relationships (6 ).

CLINICAL REQUIREMENTS FOR VALIDATION

The aim of clinical pragmatism does not supersede the
need for decision limits that adequately reflect the in-
formation offered by the new biomarker and that have
undergone sufficient exploration and validation. Initial
reports typically estimate the risk relationship between
a biomarker and outcomes with cutpoints that have
been optimized for the data set in which they were de-
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rived. This approach is highly likely to overestimate the
strength of the risk relationship, but its use is under-
standable when no prior data are available to prespecify
cutpoints. When subsequent studies perpetuate this
limitation by developing new, internally derived cut-
points rather than providing data for the previously
proposed cutoffs, the practice becomes problematic
from the perspective of developing well-validated deci-
sion limits for clinical application.

Robust validation of decision limits for new bio-
markers typically requires (a) examination in sepa-
rate studies, (b) a sample size sufficient to reliably
discriminate differences in performance between pro-
posed cutpoints, (c) relevance of the studied popula-
tion to the clinical application, and (d) evaluation for
the specific intended indications. These requirements
are intensive with respect to resources. Consequently,
this work frequently is completed after the initial clin-
ical introduction. It is not unusual that pertinent influ-
ences of patient characteristics on the performance of
accepted cutpoints are recognized only after commer-
cial availability of a biomarker test, as exemplified by
studies of natriuretic peptides in women and individu-
als with renal dysfunction (5 ) and studies of C-reactive
protein across race and ethnicity (7 ). In addition, one
cannot assume that a single cutpoint will be useful
across a variety of applications (e.g., for both diagnosis
and risk stratification) and conditions (e.g., stable and
unstable ischemic heart disease). Moreover, the appro-
priateness of these cutpoints for selecting specific ther-
apies is a separate question. Because the risk relation-
ships may vary, it is necessary to study the biomarker
for each of the intended applications and populations
to completely assess the proposed decision limits.

Statistical Considerations

In their study (2 ), Tang et al. sought to select the best
single cutoff value for MPO. The authors chose a cutoff
that maximized the area under the ROC curve (AUC).
When there is a single dichotomous predictor, this ex-
ercise is the same as maximizing the Youden index
(sensitivity � specificity � 1), which is considered “op-
timal” in the sense that it minimizes the overall mis-
classification rate (8 ). What is optimal in any situation,
however, depends on other factors, such as the relative
costs of false-negative and false-positive classifications.
The best cutoff to use for treatment decisions should
take into account both the prevalence of the disease and
the relative importance of sensitivity vs specificity,
which can be assessed through alternative-weighting
studies (8 ).

Other possibilities for choosing cutoffs can be
based on the shape of the relationship of a predictor
with the disease. If the shape exhibits a threshold, then

that point is a natural choice for a cutoff. If the relation-
ship is monotonic, however, choosing a single cutpoint
can be arbitrary, and from a statistical perspective it is
preferable in such cases to use a continuous measure,
either alone or in a comprehensive model, to estimate
risk. Risk strata for clinical use can then be established
from the predicted risk. Alternatively, thresholds can be
determined at the level of the individual patient via net-
benefit curves, which display the benefit of a particular
treatment strategy across a range of thresholds (9).

ADJUSTING FOR OPTIMISM

Tang et al. use 5-fold cross-validation to select the best
cutpoint for MPO by estimating the AUC in test sam-
ples from the study population. Cross-validation is a
well-known device for internal validation that can lead
to unbiased estimates of performance (10 ). Instead of
evaluating the fit in the test samples, however, the au-
thors used the test data to select the best cutoff based on
the AUC. Whenever the best measure is selected, the
achieved value is optimistic, or too high in the case of
the AUC, because of regression to the mean. If selection
is used to find the final model, even if the selection
occurs in test sets, a separate data set is needed to obtain
an unbiased estimate of fit or of effect. An unbiased
estimate of the AUC could alternatively be obtained by
calculating the mean over all of the test samples.

RECLASSIFICATION ANALYSIS

The authors use reclassification to evaluate model im-
provement with the selected MPO cutoff. Reclassifica-
tion (11 ) was initially described for situations with es-
tablished clinical cutpoints, and the net reclassification
improvement (NRI) (12 ) quantifies the probability
that patients are appropriately assigned to categories of
higher or lower risk. When no prespecified cutpoints
exist, care must be taken in their selection, because the
NRI can vary with the cutpoints chosen. The authors
use a ratio of 6:3:1 to form categories without clearly
justifying their choices of these levels. The alternative
measure of calibrating the predicted-to-observed risks
within categories (13 ) varies less with category defini-
tion and could indicate how accurate the predicted
risks are.

The integrated discrimination improvement (IDI)
is a category-free measure that uses the continuous es-
timates of predicted risk. It is equivalent to a difference
in R2 measures, which are familiar from linear regres-
sion (14 ). Such measures are rarely used for binary or
survival outcomes, however, because their values typi-
cally tend to be very low. The authors’ estimated IDI
(10%) is rather large, but it is unclear whether this mea-
sure is also overestimated with these data. The random
survival forests methodology used in the report to esti-
mate the 3-year risk has, like most data-mining meth-
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ods, more potential for overfitting than the usual Cox
modeling because it incorporates multiway interac-
tions that fit the observed data much more closely.
Therefore, the use of this single cutoff, determined
from a single data set without adequate internal val-
idation, must be regarded as needing additional
investigation.

Summary and Recommendations

The availability of well-validated decision limits is vital
to optimal integration of a new biomarker into clinical
practice. Approaches to internal validation and data-
mining methods, such as those used by Tang et al. (2 ),
lead to overfitting and overestimation of risk relation-
ships and are generally not sufficient for selecting final
clinical cutpoints. Such methods, when applied cor-
rectly, can be reasonable for suggesting cutpoints for
external validation. Biomarkers that have monotonic
linear relationships with risk are best handled as con-
tinuous variables when incorporated into comprehen-
sive risk models. As consistently demonstrated in
clinical practice and professional society guidelines,
however, practitioners will almost always seek thresh-
olds to provide structure for clinical decision-making,
such as those existing for cholesterol. Therefore, such
cutpoints warrant development and validation. Al-
though the approach is demanding, we recommend
assessment of clinical decision limits by external vali-
dation in 2 or more data sets that are appropriate to
each of the proposed clinical application(s), with atten-
tion paid to the possibility of differences in risk rela-
tionships in clinically relevant subpopulations.
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