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Patient management relies on diagnostic information to identify appropriate treatment. Standard evaluations of diagnostic tests con-
sist of estimating sensitivity, specificity, positive/negative predictive values, likelihood ratios, and accuracy. Although useful, these
metrics do not convey the tests’ clinical value, which is critical to informing decision-making. Full appreciation of the clinical impact
of a diagnostic test requires analyses that integrate sensitivity and specificity, account for the disease prevalence within the popula-
tion of test application, and account for the relative importance of specificity vs sensitivity by considering the clinical implications
of false-positive and false-negative results. We developed average weighted accuracy (AWA), representing a pragmatic metric of
diagnostic yield or global utility of a diagnostic test. AWA can be used to compare test alternatives, even across different studies.
We apply the AWA methodology to evaluate a new diagnostic test developed in the Rapid Diagnostics in Categorizing Acute Lung

Infections (RADICAL) study.
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The management of infectious diseases relies heavily on diag-
nostic information. There are a tremendous number of disease-
causing etiologies, specifically microorganisms, and a growing
battery of drugs to treat them. Diagnostic testing is critical to
correctly match the right treatment to the disease. In the ab-
sence of this information, management relies on empiricism
and best practices. Enabled by recent technological advances,
the number and capability of diagnostic tests have grown
rapidly. In order to optimally use these diagnostic tests, new
methodologies are needed to better inform their clinical utility.

Standard evaluations of diagnostic tests consist of estimating
sensitivity, specificity, positive/negative predictive values,
likelihood ratios, and accuracy [1]. Although useful, these
evaluations do not effectively convey the clinical value of the
test, which is critical to informing clinical decision-making. In
order to fully appreciate the clinical impact of a diagnostic test,
analyses must integrate test sensitivity and specificity, account
for the prevalence of the disease within the population to which
the diagnostic will be applied, and account for the relative
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importance of specificity vs sensitivity by considering the clin-
ical implications of false-positive and false-negative results.

Typically in diagnostic studies, arbitrary goals for sensitivity
and specificity are defined, for example, each having to exceed
90%. However, it is important to integrate the 2 measures. If sen-
sitivity was extremely high (eg, 98%), then one may be willing
to sacrifice on specificity to a degree. Whereas if sensitivity was
only marginal (eg, 90%), then one may be less willing to sacri-
fice specificity. Consider choosing between 2 tests: one with a
higher sensitivity and one with a higher specificity. Which di-
agnostic test will optimize clinical utility? Here, one must con-
sider the relative importance of false-positive and false-negative
errors based on the clinical consequences. False-positive results
may result in overtreatment, while false-negative results may
result in undertreatment. A test with false-positive and false-
negative error rates of 1% and 11% would not satisty the ar-
bitrary goal noted above. However, if the negative error rate is
much more important than the false-positive error rate, then
the test may have more utility than, for example, a test with
false-positive and false-negative error rates of 9% that would
satisfy the goal. Addressing this challenge requires a global as-
sessment accounting for both sensitivity and specificity.

The prevalence of disease in the population in which the
diagnostic is applied should be considered since the resulting
diagnostic yield depends on that prevalence. For example, con-
sider application of a diagnostic test with a sensitivity and spec-
ificity of 90% and 80%, respectively, to 1000 patients when the
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disease prevalence is 20%. The expected diagnostic yield is 20
false negatives and 160 false positives. If the prevalence was
instead 2%, then the expected diagnostic yield for the same
test is 2 false negatives and 196 false positives. Understanding
this implication is important for clinical decision-making. If
a disease is highly prevalent, then high sensitivity is increas-
ingly important. Otherwise, the low sensitivity would result in
many false negatives. However, if the disease is rare, then even
a modest sensitivity would result in few false negatives while
specificity becomes increasingly important to avoid a high
false-positive rate.

Accuracy, defined as the number of correct test results/
number of tests performed, combines sensitivity and specificity.
However, accuracy cannot be compared across studies unless
the prevalence of disease is similar. Another drawback of the
accuracy statistic is that it does not distinguish different types of
errors assuming that sensitivity and specificity are equally im-
portant. For example, a test with sensitivity of 0.2 and specificity
of 0.8 will have the same accuracy (0.5) as a test with sensitivity
of 0.8 and specificity of 0.2, given a disease prevalence of 0.5.

To address these limitations, we introduce the average
weighted accuracy (AWA) representing a pragmatic metric of
diagnostic yield or global utility of a diagnostic test accounting
for the prevalence of disease and the relative importance of
sensitivity and specificity. AWA can be used to compare test
alternatives across different studies. We apply the AWA meth-
odology to evaluate a diagnostic test developed in the Rapid
Diagnostics in Categorizing Acute Lung Infections (RADICAL)
study [2, 3].

METHODOLOGY

Weighted Accuracy

Weighted accuracy (WA) [4] is interpreted as accuracy adjusted
for the relative importance (r) of false-positive vs false-negative
errors. WA ranges from 0% to 100%, with higher values
indicating better accuracy.

[rp(specificity) + (1 — p)sensitivity]
m+1—p

WA =

where p is the prevalence of the disease. A relative importance
of r = 0.25 means that making 1 false-negative error is equiva-
lent to making 4 false-positive errors (or specificity is 25% as
important as sensitivity).

Average Weighted Accuracy

The specific disease prevalence may be unknown, but the rel-
evant range of the prevalence may be identifiable. The AWA is
the average WA over the relevant prevalence range calculated
as follows given a relevant prevalence p € [a, b|, where a and
b are the lower and upper boundary of the prevalence range,
respectively.

AWA = ¢ Sensitivity + c,Specificity,

1 r ] (r—i—b(l—r)),

T —aa—n \rta(i-n

o= r 1n(r—l—b(l—r))flr

(I—r)(b—a) r+a(l—r) —r
12 r+b(l1—r)
+ (1_r)2(b_a)ln(r+a(1r))‘

where ¢; and ¢, are constants that can be calculated from
a, b and r. The standard error for AWA can be calculated
(Supplementary Materials, Part 1) and used for confidence
interval (CI) estimation and hypothesis testing. AWA has 2
advantages compared with traditional statistics. First, the
relative importance of sensitivity and specificity are incor-
porated. Second, it facilitates a flexible evaluation when the
prevalence cannot be easily summarized by a single number.
Utilizing AWA over a relevant range of prevalence takes into
consideration the heterogeneity of the prevalence across
subpopulations. A step-by-step algorithm implementing
AWA analyses is described.

Implementation of AWA Analyses

Step 1: Determine the Relevant Range of the Prevalence

The relevant prevalence range can often be obtained from ex-
isting literature or a pilot study of the population.

Step 2: Determine the Relative Importance of False-positive and
False-negative Test Results

Relative importance can be formally determined through
cost-effectiveness or benefit-to-risk analysis based on the clin-
ical consequences of diagnostic test results. An outline of this
approach is provided in the Supplementary Materials, Part 2.
In lieu of data to conduct formal cost-effectiveness analyses, a
survey of experts can be conducted.

Step 3: Select a Cutoff for Defining a Diagnostic

For biomarkers that are measured on a continuum, AWA can be
used to select an optimal cutoff for defining a diagnostic test’s
threshold. Given the relative importance of the errors, what is
the cutoff probability that would maximize diagnostic yield,
that is, AWA? AWA can be plotted as a function of the selected
probability to determine the cutoff that maximizes yield.

Step 4: Determine the Hypothesis

Formal hypothesis testing can be performed based on the AWA.
To claim that the diagnostic provides utility or is superior to an
alternative diagnostic, the AWA of a new diagnostic would have
to be shown to exceed the AWA of a diagnostic alternative. If
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an alternative does not exist, then the AWA for the test can be
compared to that of the best random test (BRT).

The Best Random Test.

A random test is a test that indicates a positive test with a fixed
probability regardless of the true disease status. An example
of a random test is flipping a coin to determine disease status,
which uses a fixed probability of 0.5. Other random tests can be
created by varying the fixed probability between 0 and 1.

Given the relevant prevalence range and relative importance,
the AWA for all random tests can be calculated by varying the
fixed probability between 0 and 1. The BRT is the random test
with the largest AWA. One can then compare the AWA of a new
test vs the AWA of the BRT (Supplementary Materials, Part 3).

Step 5: AWA Analyses

Analyses consist of calculating the point and CI estimates for
the AWA of the new test and comparator test and calculating
the point and CI estimates for the difference in AWA between
the new test and comparator test. Sensitivity analyses to varying
relative importance are recommended. A plot of (i) the AWA
and associated confidence bands for each test can be plotted vs.
the relative importance and (ii) the difference in AWA between
the new test and comparator with associated confidence bands
vs the relative importance.

Example: Rapid Diagnostics in Categorizing Acute Lung Infections
RADICAL represents a series of studies designed to discover
and validate host gene expression signatures for acute respira-
tory illness. RADICAL-2 is a single-visit, multisite clinical val-
idation study designed to evaluate the performance of a host
gene expression-based diagnostic test (TEST) that categorizes
acute respiratory illness (ARI) as being due to bacterial infec-
tion, viral infection, coinfection, or no infection. Clinical adju-
dication is utilized as the reference standard. The study collects
blood, nasal swabs, throat swabs, and urine from up to 1200
patients who present to the emergency department with ARI
symptoms [2, 3].

The TEST is comprised of 2 host gene expression signatures;
one measures the response to bacterial infection and the other
measures the response to viral infection. In each case, the sig-
nature is trained to discriminate the specified condition vs
alternatives. For example, the bacterial signature discriminates
bacterial infection from nonbacterial infection (eg, viral or
noninfectious illness). The viral signature discriminates viral
infection from nonviral infection (eg, bacterial or noninfec-
tious illness). The test works by measuring expression levels of
prespecified mRNA targets in a peripheral whole blood sample.
The mRNA targets on the TEST include previously described
signatures [2, 3]. After quantifying the levels of each mRNA in
the signature, a logistic regression model converts the data into
a probability. Incorporation of both the bacterial and viral host
response signatures into the TEST enables the identification

of bacterial infection (bacterial signature detected), viral in-
fection (viral signature detected), coinfection (both signatures
detected), or no infection (neither signature detected). Here, we
focus exclusively on the accuracy of the bacterial test given the
primary interest in antibiotic stewardship.

Step 1: Determination of the Relevant Range of the Prevalence of
Bacterial Etiology

Recent studies suggest that the prevalence of bacterial etiology
is approximately 25% among patients with ARI. To account for
the potentially lower prevalence in children, a relevant range of
prevalence was selected to be 10% to 30% [5, 6].

Step 2: Determination of the Relative Importance of False Bacterial
vs False Nonbacterial Test Results

An online survey was conducted among 88 clinicians to eval-
uate the distribution of perceived relative importance of a false
bacterial (false-positive) vs a false nonbacterial (false-negative)
determination. The clinicians represented multiple specialties
including emergency medicine, hospital medicine, infectious
diseases, pediatrics, and pulmonary/critical care medicine.
Participants were presented with a clinical vignette about a pa-
tient with ARI for whom a hypothetical test could result in ei-
ther a false-positive or a false-negative bacterial diagnosis. They
were then asked, “How many patients with a viral infection
would you be willing to unnecessarily treat with antibiotics to
avoid missing 1 patient with a bacterial infection?” The median
result was 4, indicating a relative importance of 0.25 (interquar-
tile range, 0.125-0.5). Thus, 0.25 was selected as the value for r
given its robustness to extreme perspectives.

Step 3: Select a Cutoff for Defining the Diagnostic
In the RADICAL study, the probability of bacterial etiology
is estimated. Given the relative importance of the errors, the
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Figure 1. AWA as a function of test threshold for a test that diagnoses bacterial
infection. In this manner, a threshold can be selected that maximizes the AWA of
the test. Abbreviation: AWA, average weighted accuracy.
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cutoff probability that maximizes AWA can be identified by
plotting AWA as a function of the cutoff probability. Using data
based on an earlier study of 385 samples, AWA is maximized at
a cutoff probability of 0.25 (Figure 1).

Step 4: Determination of the Hypotheses

The AWA for the TEST can be compared with that of the BRT
and a diagnostic alternative, procalcitonin (PCT), which is a
marker frequently used to distinguish between a bacterial vs
nonbacterial etiology [7].

Step 5: Hypothetical AWA Analyses

We conducted hypothetical analyses from the RADICAL study
to illustrate AWA application. Calculations and R code are pro-
vided in the Supplement Materials, Parts 4 and 5.

The relevant prevalence range (10%-30%) and the relative
importance of a false bacterial determination compared to a
false nonbacterial determination (r = 0.25) were determined as
above. Suppose that the sample size for RADICAL is 1200 and
the observed prevalence is 25%; thus, there are 300 with a bacte-
rial etiology and 900 without a bacterial etiology. Assuming that

estimated sensitivity and specificity of the TEST for a bacterial
etiology are 0.90 and 0.80, respectively, the estimated AWA for
the TEST is 0.849 (0.828, 0.870).

The AWA of the BRT was calculated to be 0.51 (see
Supplementary Figure 1 in Supplementary Materials, Part 4).
The 95% CI for the difference between the AWA for the TEST
and the BRT is 0.339 (0.318, 0.360), P < .001.

With respect to PCT as a diagnostic alternative, a
threshold of 0.25 ng/mL generated an estimated sensi-
tivity and specificity of Sepy = 66.9%(60.6% — 72.9%) and
SP pex = 66.5%(61.7% — 71.1%), respectively [7]. This results in
an estimated AWA of 0.667 (0.629, 0.704) based on the sample
size in the Self study [7]. The 95% CI for the difference between
the AWA for the TEST and PCT is 0.182 (0.139, 0.225), P < .001.

The AWA for the TEST, the BRT, and PCT are presented
as a function of the relative importance, r, in Figure 2A. The
estimated difference (and 95% CI) in AWA between the TEST
and the BRT (Figure 2B) and between the TEST and PCT
(Figure 2C) are shown as a function of r. The TEST is superior
to the BRT as long as the relative importance is greater than 2%.
The TEST is consistently superior to PCT regardless of relative
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Figure 2. A, Estimated AWA for the TEST, BRT, and PCT as a function of the relative importance, r. Estimates with 95% confidence bands for the differences between the
AWA for the TEST with the BRT (B) and PCT (C). Abbreviations: AWA, average weighted accuracy; BRT, best random test; Cl, confidence interval; PCT, procalcitonin; TEST,

host gene expression—based diagnostic test.
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importance since the sensitivity and specificity of the TEST are
higher than that of PCT.

Consider a second hypothetical example for which the per-
formance of the test is less optimistic (Figure 3A). Here, we as-
sume that the second TEST, TEST2, has a sensitivity of 90% but
a specificity of 55%. Thus, it has higher sensitivity than PCT
but lower specificity. In this case, TEST2 is superior to the BRT
when the relative importance, r, is greater than 4% but less than
50% (Figure 3B). TEST2 is superior to PCT when the relative
importance, 1, is less than 50% (Figure 3C). Note a relative im-
portance of 50% implies that clinicians would be willing to un-
necessarily treat 2 patients with antibacterials to avoid missing
1 patient with a true bacterial infection.

DISCUSSION

There has been a call for greater pragmatism in clinical trials,
acknowledging that despite the rigor with which they are
conducted, they suboptimally inform clinical practice [8].
Academics have been challenged to explore scholarly questions,
not motivated by regulatory approval or profit, but from an

interest in public health [9]. Greater pragmatism and leadership
from academics in pursuing practical public health questions
are needed in diagnostic studies as well.

The clinical impact of diagnostic application can be evaluated
through evaluation of diagnostic yield. Diagnostic yield
depends not only on the test’s ability to discriminate disease
from nondisease but also on the prevalence of disease and the
relative importance of a false-positive vs false-negative result.
AWA is a measure of diagnostic yield that incorporates these
components, providing pragmatic evaluation of the diagnostics
under investigation. AWA has been applied in the evalua-
tion of rapid molecular diagnostics for infections caused by
Acinetobacter spp. and Pseudomonas aeruginosa [10, 11]. We
applied the methods to host response biomarkers for the differ-
entiation of bacterial and viral infection.

When planning a pragmatic diagnostic study, the rele-
vant range of disease prevalence, the relative importance of
false-negative determination relative to a false-positive deter-
mination, and the hypothesis to be tested are evaluated and
prespecified for transparency. A reasonable range of disease
prevalence can often be derived from the medical literature.

A AWA for BRT, PCT, and TEST 2
o
- BRT

— PCT

o — TEST?2
@ |

< (=)

=

< [
~
. ‘\\
©
w
©

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

C Difference of AWA between TEST2 and PCT with 95% CI

04

— AWArgsT2 ~AWARCT
95% ClI

0.2

0.0

AWATEST2 - AWARCT
0

i ‘\\

0.1

-0.2
1

0.0 0.2 0.4 0.6 0.8 1.0

B Difference of AWA between TEST2 and BRT with 95% ClI
<
e —— AWATEggT2 - AWAgGRT
95% CI
=
14
{‘ o]
g o
<
:ﬁ _
i
o
( /
S
(o]
o

Figure 3. A, Estimated AWA for the second TEST (TEST2 with sensitivity of 90% and specificity of 55%), BRT, and PCT as a function of the relative importance, r. Estimates
with 95% confidence bands for the differences between the AWA for TEST2 with the BRT (B) and PCT (C). Abbreviations: AWA, average weighted accuracy; BRT, best random
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The relative importance of false negative vs false positive is
evaluated based upon the clinical consequences of misdiagnoses
via cost-effectiveness studies or surveys of experts. In the
RADICAL study example, survey results suggested that failing
to identify a bacterial etiology was a more important error than
failing to identify nonbacterial etiologies (eg, viral or noninfec-
tious). If there is a standard diagnostic to serve as a comparator,
then a comparison of AWA of the investigational diagnostic
can be compared to the standard. If no standard exists, then a
comparison of AWA of the investigational diagnostic test can be
compared to the BRT.

Typically, diagnostic studies are designed to test sensitivity
and specificity. If the disease is rare, then the power for testing
sensitivity may be limited, as the total number of disease-
positive patients may be small. Researchers can enrich the pop-
ulation to recruit trial participants who are more likely to be
disease-positive though at the expense of time and cost. AWA
analyses may mitigate recruitment challenges since instead of
segregating patients by disease status to estimate sensitivity and
specificity separately, data from all patients are used to globally
evaluate the test’s performance.

When conducting AWA analyses, it is important to con-
duct supporting analyses including CI estimates of sensitivity/
specificity (or positive/negative percent agreement) and posi-
tive and negative likelihood ratios, plots of the estimated posi-
tive/negative predicted values as a function of assumed disease
prevalence with associated confidence bands, and a plot of the
difference between AWA of the investigational test and the
AWA of the reference with relevant confidence bands as a func-
tion of the relative importance.

AWA can be used as a tool to define diagnostic tests. Many
diagnostic tests are based upon a biomarker measured on a
continuum. A cutoff is selected whereby higher values are
interpreted as either a positive or negative test, and lower
values as the opposite. One challenge is selecting the optimal
cutoff to balance sensitivity and specificity. If one defines
the relevant range of prevalence and the relative importance,
then the optimal cutoff in a pragmatic sense can be selected
by identifying the cutoff that results in the largest AWA.

AWA provides a pragmatic evaluation of diagnostic utility.
Additional research is needed to inform the relative importance
of false-positive vs false-negative diagnostic results to help eval-
uate diagnostic utility and optimize clinical decision-making
regarding diagnostic selection and application for different
diseases.

Supplementary Data

Supplementary materials are available at Clinical Infectious Diseases online.
Consisting of data provided by the authors to benefit the reader, the posted
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