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PRACTICAL SCENARIO

From a global public health perspective, a diagnostic 
test that accurately discriminates between positive and 
negative COVID-19 cases is critical to allocate human 
and material resources to manage the pandemic.(1) The 
ongoing COVID-19 pandemic has led to the expeditious 
development of multiple diagnostic tests to detect the 
SARS-CoV-2 infection. Thus, clinicians, researchers, and 
policy makers need to understand how to interpret the 
performance level of such diagnostic tests(1) to support 
the multilevel decision-making process. Here, we provide 
an overview of a commonly used tool to evaluate the 
accuracy of diagnostic or prognostic tests: the ROC curve.

ROC ANALYSIS

We use ROC analysis to graphically display, compare, 
and evaluate the accuracy of current and novel diagnostic 
tests. In order to do so, ROC curves integrate three 
related measures of accuracy: sensitivity (true positives), 
specificity (true negatives), and AUC.(2) These measures 
are calculated for any diagnostic test by comparing the 
test result (positive or negative) against a well-known 
gold standard that determines the true disease status 
in each case.

UNDERSTANDING ROC CURVES

ROC curves are created by plotting sensitivity (true 
positives) on the y axis against 1 − specificity (true 
negatives) on the x axis for every value found in a sample 
of subjects with and without the disease. It is expected 
that higher values would be more common among the 
subjects with the disease, and lower values would be more 
common among the subjects without the disease. In a 
perfect test, an obvious cutoff threshold can be identified 
that differentiates subjects with the disease from those 
without the disease, sensitivity and specificity being both 
100%. Such a perfect differentiation is rarely the case 
for tests in real life, so ROC curves plot the trade-off 
between sensitivity and specificity for all possible cutoffs 
and the overall test accuracy. To express the diagnostic 
accuracy of a test numerically, we calculate the AUC, 
which estimates the probability of a random subject with 
the disease to have a higher value on the test than a 
subject without the disease. The probability ranges from 
0% (AUC = 0) to 100% (AUC = 1). 

Figure 1. Comparative examples of ROC curves. ROC curve 
plots illustrating the accuracy performance of a perfect 
diagnostic test (AUC = 1), a random error line (AUC = 0.5) 
of an uninformative test, and two hypothetical diagnostic 
tests. Red lines depict a clinically relevant threshold of high 
sensitivity range in which the AUC of Diagnostic Test #2 
outperforms Diagnostic Test #1.

1 – specificity

0 1

se
ns

it
iv

it
y

1

Perfect Diagnostic Test (AUC = 1)
Random Error Line (AUC = 0.5)
Diagnostic Test #1
Diagnostic Test #2

USING ROC CURVES

Relative shapes of ROC curves within the plot are a quick 
approach to estimate and compare the accuracy between 
diagnostic tests (Figure 1). A perfect diagnostic test (AUC = 
1.0) correctly identifies all positive and all negative results 
as diseased and non-diseased, respectively, and would 
reach the far top left. In contrast, a test that is inaccurate, 
or similar to flipping a coin, would result in a 45-degree 
line (AUC = 0.5). These two extremes (perfect test and 
uninformative test) are often used as references: ROC 
curves closer to a perfect diagnostic test have a higher 
AUC and are more accurate than are those closer to the 
random error line (AUC ~0.5).(2) Therefore, comparing 
multiple ROC curves may be an intuitive strategy to help 
us decide which the most accurate test for our clinical 
practice is. However, since there is always a trade-off 
between sensitivity and specificity, tests should not be 
evaluated by the AUC alone. In some cases, a test is 
more useful when it has high sensitivity (and, therefore, 
lower specificity), as when you cannot afford to miss 
the diagnosis. An example is when you are using a test 
to diagnose COVID-19. In that case, a test with lower 
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AUC that has a high sensitivity may be more useful in certain clinical scenarios than a test with slightly higher 
AUC with lower sensitivity (and greater specificity).
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