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How to reduce diagnostic error: the ‘neutral zone’ approach
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Many diagnostic tests report only positive or negative diagnoses, as if these results were definitive.

Should more tests allow a ‘neutral zone’, corresponding to an uncertain diagnosis?

Diagnostic tests often use single continuous biomarker measurements to return a positive or a
negative result. However, in clinical practice a diagnosis might often be reached based on multiple
signs, symptoms and test results rather than using only a single measurement. These multiple
individual characteristics are sometimes incorporated into a statistical model that aims to estimate
the probability of disease, which helps in making a diagnosis. Guidelines have been published for

optimal development, validation and report of such tools.?

The Receiver Operating Characteristic (ROC) curve remains a popular technique for showing
diagnostic performance in terms of sensitivity and specificity, i.e. how accurately the test can
correctly classify people with and without disease. Traditionally, statistical methods that follow this
approach assume that individuals can be classified into just two categories: either a positive or a

negative diagnosis.

The recent paper by Jeske et al.3 considers methods for identifying what has been termed a ‘neutral
zone’ —that is, the scenario in which the prediction of an individual’s diagnostic category is
uncertain, and cannot be definitively classified as either positive or negative. Their approach is a
two-stage modelling process that aims to improve false positive and false negative rates, and
ultimately to reduce costs by identifying the subset of individuals for whom potentially more

expensive laboratory tests are needed.

This idea is appealing and appears to carry several conceptual advantages. Firstly, it explicitly
recognises the uncertainty inherent in many diagnostic procedures by only offering a firm diagnosis
to those individuals for whom the predicted probability of disease is sufficiently high or low. This
may help to reduce diagnostic error for individuals in the mid-range. Secondly, it gives a more
accurate reflection of the true diagnostic performance in the groups of individuals classified as either

positive or negative, without diluting the estimated sensitivity and specificity. Thirdly, it might



indicate that individuals with a ‘neutral’ diagnosis require additional subsequent tests, while
reducing the need for unnecessary further testing for those in whom a confident diagnosis can
already be made. In this sense, the proposed analytical procedure reflects the way a diagnosis is

often reached in clinical practice.

Multi-stage, or sequential, approaches to diagnostic testing are not new in the diagnostic
methodology literature — see for example the 2003 paper by Thompson* for a discussion of relevant
issues. The method proposed by Jeske et al.? is closely related to simple ‘AND/OR’ rules for
combining diagnostic tests that have been explored elsewhere,>® but formalises the way in which
they are constructed, illustrated using an example for predicting prostate cancer recurrence. Based
on cross-validation results presented for this example, it appears possible that overfitting to the data

may be an issue, and this may require further investigation.

In common with all statistical methods for developing diagnostic or prediction tools for use in clinical
practice, the method requires some consideration of the context in which the prediction will be
used. In the case of a simple positive/negative classifier, this usually means evaluation of the relative
costs (broadly defined) of making false positive and false negative diagnoses, which are not always
equal. The two-stage method would additionally require information about the costs of performing
further tests beyond the first classification stage. If a large number of individuals are classified into
the ‘neutral zone’, performing these extra tests may increase the total financial cost of the
diagnostic test sequence, and this must be balanced against the potential gain in diagnostic
accuracy, while recognising that a certain level of misdiagnosis is unavoidable in many clinical
scenarios. It may therefore be necessary to complement these methods with a health economic

analysis.

The paper by Jeske et al.2 also introduces a 4-way plot that combines the standard ROC plot,
showing how sensitivity and specificity vary together as the threshold for test positivity changes,
with the predictive ROC (pROC) plot, which provides similar information based on positive and
negative predictive values. Each single point in the plot gives information about the four
performance measures at a glance. This plot also makes it possible to read off the probability of a
classification falling inside the neutral zone for disease positive and disease negative cases. Although
useful for illustrating the development of the method, the standard ROC plot is so well established in
the diagnostic research literature that it seems unlikely that the new plot will become widely used in
the near future without additional dissemination and implementation in an easily accessible

statistical package.



VERDICT: When developing or evaluating diagnostic test sequences, formally allowing the possibility
of a ‘neutral zone’ to reflect an uncertain diagnosis may help to reduce rates of misdiagnosis and the
amount of testing required. Following a two-stage method could be helpful but prediction modelling
methodology guidelines, which could help to avoid model overfitting, and the effect on patient

benefit and cost-effectiveness should be considered.
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