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Abstract
Most randomized controlled trials evaluating medical interventions have a pre-specified hypothesis, which is
statistically tested against the null hypothesis of no effect. In diagnostic accuracy studies, study hypotheses are
rarely pre-defined and sample size calculations are usually not performed, which may jeopardize scientific rigor and
can lead to over-interpretation or “spin” of study findings. In this paper, we propose a strategy for defining
meaningful hypotheses in diagnostic accuracy studies. Based on the role of the index test in the clinical pathway
and the downstream consequences of test results, the consequences of test misclassifications can be weighed, to
arrive at minimally acceptable criteria for pre-defined test performance: levels of sensitivity and specificity that
would justify the test’s intended use. Minimally acceptable criteria for test performance should form the basis for
hypothesis formulation and sample size calculations in diagnostic accuracy studies.

Introduction
The randomized controlled trial (RCT) has become the
undisputed cornerstone of evidence-based health care
[1]. RCTs typically evaluate the benefits and harms of
pharmaceuticals (and other interventions) by comparing
health outcomes between one group of participants who
receive the drug to be evaluated, and a second group of
participants who receive a placebo or an alternative drug
[2]. Most RCTs have as a pre-specified hypothesis that
the intervention under evaluation improves health outcomes, which is statistically tested against the null hypothesis of no effect (Table 1). The sample size of the
trial is then calculated based on this pre-specified hypothesis and on the desired magnitude of the type I and
type II errors [3]. Based on the collected data, investigators then typically calculate a test statistic and the corresponding p value. This is done alongside estimating
effect sizes, such as the mean difference, relative risk, or
odds ratio, and their precision, such as confidence
intervals.
The situation is very different for diagnostic tests.
Comparative trials that focus on the effects of testing on
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patient outcomes are relatively rare [4]. There is, in general, no requirement to demonstrate a reasonable
benefits-to-harms balance for new tests before they can
be introduced to the market [5]. The clinical performance of medical tests is often evaluated in diagnostic accuracy studies. Such studies evaluate a diagnostic test’s
ability to correctly distinguish between patients with and
without a target condition, by comparing the results of
the test against the results of a reference standard
(Table 2) [6].
Diagnostic accuracy studies typically report results in
terms of accuracy statistics, such as sensitivity and specificity. Many fail to report measures of statistical precision [8]. Somewhat surprisingly, most diagnostic
accuracy studies do not pre-specify a study hypothesis;
they are usually reported without any explicit statistical
test of a null hypothesis. In an analysis of 126 published
diagnostic accuracy studies, Ochodo and colleagues observed that only 12% reported any statistical test of a hypothesis somewhat related to the study objectives, and
no more than 11% reported a sample size justification
[9]. Similar evaluations found that only 5% of diagnostic
accuracy studies published in eight leading medical journals reported a sample size justification, and 3% of diagnostic accuracy studies of depression screening tools,
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Table 1 Commonly used terminology in statistics of
randomized controlled trials
Term

Explanation

Null hypothesis

Claims that there is no difference in outcome
across two or more groups (e.g., drug A is as
good as placebo)

Alternative hypothesis

Claims that there is a difference in outcome
across two or more groups (e.g., drug A is
better than placebo)

Type 1 error (α)

Rejection of a true null hypothesis (i.e., a
false-positive result)

Type 2 error (β)

Failure to reject a false null hypothesis (i.e.,
a false-negative result)

Effect size

A quantitative measure of the magnitude
of the effect (e.g., mean difference, relative
risk, or odds ratio)

p value

Probability of obtaining the identified result
(or something more extreme) under the
assumption that the null hypothesis is true

and 3% of diagnostic accuracy studies in ophthalmology
[10–12].
We believe the logic of having clear and pre-specified
study hypotheses could and should extend to diagnostic
accuracy studies. Scientific rigor is likely to benefit from
this, as explicitly defining study hypotheses forces researchers to express minimally acceptable criteria for accuracy values that would make a test clinically fit-forpurpose, before initiating a study. A clearly defined study
hypothesis also enables an informed judgment of the appropriateness of the study’s design, sample size, statistical analyses, and conclusions. It may also prevent the
authors from over-interpreting their findings [9, 13, 14],
as the absence of a pre-specified hypothesis leaves ample
room for “spin”: generous presentations of the study
findings, inviting the readers to conclude that the test is
Table 2 Diagnostic accuracy studies
In diagnostic accuracy studies, a series of patients suspected of having a
target condition undergo both an index test (i.e., the test that is being
evaluated) and the clinical reference standard (i.e., the best available
method for establishing if a patient does or does not have the target
condition) [6].
Assuming that the results of the index test and reference standard are
dichotomous—either positive or negative—we can present the results
of the study in a contingency table (or “2 × 2 table”), which shows the
extent to which both tests agree (Fig. 1). Discrepancies between the
results of the index test and the reference standard are considered to
be false-positive and false-negative index test results.
Although it is possible to generate a single estimate of the index test’s
accuracy, such as the diagnostic odds ratio [7], it is usually more
meaningful to report two statistics: one for patients with the target
condition, or sensitivity, and one for patients without the target
condition, or specificity (Fig. 1). One reason is that the clinical
consequences of misclassifications from false-positive and false-negative
test results usually differ. As a visual aid, we can picture a test’s sensitivity
and specificity as a point in the receiver operating characteristic (ROC)
space, which has these two dimensions: sensitivity (y-axis) and 1specificity (x-axis) (Fig. 2).
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useful, even though the estimates of sensitivity and specificity do not support such a conclusion.
Below, we propose a strategy for defining meaningful
hypotheses in diagnostic accuracy studies, based on the
consequences of using the test in clinical practice. With
the exposition below, we invite researchers who are designing diagnostic accuracy studies to derive meaningful
study hypotheses and minimally acceptable criteria for
test accuracy: targeted test evaluation.

Meaningful hypotheses about diagnostic accuracy
Since there are typically two measures of accuracy in a
diagnostic accuracy study (Table 2 and Fig. 1), we need
a joint hypothesis, with one component about the test’s
sensitivity and a second about its specificity. Having a
hypothesis about sensitivity only is usually pointless for
quantitative tests, since one can always arbitrarily set the
test positivity rate, by changing the positivity threshold,
to match the desired sensitivity. That, in itself, does not
guarantee that the corresponding specificity is sufficiently high for the test to be clinically useful. The same
applies to only having a hypothesis about specificity.
Informative tests produce a higher rate of positive test
results in patients with the target condition than in those
without the target condition. In ROC (receiver operating
characteristic) space, the combination of sensitivity and
specificity for these tests will then be in the upper left
triangle (Fig. 2). Yet, in contrast to RCTs of interventions, where a null hypothesis of “no effect” works quite
well in most cases, a null hypothesis of “not informative”
is not very useful for evaluations of the clinical performance of diagnostic tests. Such a hypothesis may be relevant in the early discovery phase of biomarkers, but it
will no longer be informative when a test has been developed, based on that marker, and when that test is
evaluated for its added value to clinical practice. By the
time a diagnostic accuracy study is initiated, one usually
already knows that the test to be evaluated is more informative than just throwing a dice.
For many tests, both sensitivity and specificity will
be higher than 0.50. A very simple study hypothesis
then stipulates that both sensitivity and specificity be
at least 0.50:
H1: {Sensitivity ≥ 0.50 and Specificity ≥ 0.50}
This could be evaluated against the following joint null
hypothesis:
H0: {Sensitivity < 0.50 and/or Specificity < 0.50}
This hypothesis is also not very helpful in evaluations
of the clinical performance of tests, because it can be
too lenient in some cases and too strict in others. For
example, if a test is meant to rule out disease, the number of false negatives should clearly be low. This means
that a very high sensitivity is required, and a value barely
exceeding 0.50 will not be enough. A useful triage test
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Fig. 1 Typical output of a diagnostic accuracy study: the contingency table (or “2 × 2 table”)

may combine a sensitivity of 0.999 with a specificity of
0.30, since it would mean that the triage test prevents
further testing in 30% of those without the target condition, while missing only 1 in a 1000 in those with the
target condition. If one wants a new, expensive test to
replace an existing, inexpensive test, the accuracy of that

new test should substantially exceed that of the existing
test. Simply concluding that sensitivity and specificity
exceed 0.50 will not be enough.
From these examples, we can conclude that the required levels of sensitivity and specificity will depend on
the clinical context in which the new test will be used.

Fig. 2 Receiver operating characteristic (ROC) space with “target region” based on minimally acceptable criteria for accuracy. ROC space has two
dimensions: sensitivity (y-axis) and 1-specificity (x-axis). When the sum of sensitivity and specificity is ≥ 1.0, the test’s accuracy will be a point
somewhere in the upper left triangle. The “target region” of a diagnostic accuracy study will always touch the upper left corner of ROC space,
which is the point for perfect tests, where both sensitivity and specificity are 1.0. From there, the rectangle extends down, to MAC for sensitivity,
and extend to the right, towards MAC for specificity. The gray square represents the target region of a diagnostic accuracy study with a MAC
(sensitivity) of 0.70, and a MAC (specificity) of 0.60. MAC, minimally acceptable criteria
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This implies that we should explore that context explicitly when specifying hypotheses. Therefore, what would
be more useful to know is not whether tests are informative, but whether they are informative enough, or in
other words, whether the test meets “minimally acceptable criteria” (MAC) for a pre-defined test performance,
i.e., levels of sensitivity and specificity that would justify
the intended use. The study hypotheses then become:
H1: {Sensitivity ≥ MAC (Sensitivity) and Specificity ≥
MAC (Specificity)}
H0: {Sensitivity < MAC (Sensitivity) and/or Specificity <
MAC (Specificity)}
In ROC space, this can be defined as a rectangle in the
upper left corner that corresponds to MAC (Fig. 2). The
test will be considered acceptable if both the sensitivity
and specificity are in this rectangle, which we will refer
to as the “target region” in ROC space.
A diagnostic accuracy study will produce point estimates of sensitivity and specificity, along with confidence
intervals around it. If we position these in ROC space,
then both the point estimates and the confidence intervals should be completely positioned in the target region. If MAC for sensitivity is set at 0.85 and MAC for
specificity at 0.90, the lower limit of the confidence
interval for sensitivity should exceed 0.85, and for specificity, it should exceed 0.90.
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Identify the existing clinical pathway in which the index
test will be used

The diagnostic accuracy of a test is not a fixed property:
it typically varies depending on the clinical setting in
which it is applied, and on how the test is used [21].
Consequently, the sensitivity and specificity of a single
test are likely to differ across settings and applications.
Consequences of testing may also vary across different
settings. Tests, therefore, should be evaluated in a setting
that mirrors the clinical context in which they will be
used. This can only be done by first defining the existing
clinical pathway.
The identification of a clinical pathway is recommended in the evaluation of a diagnostic test by agencies such as the US Preventive Services Task Force
(USPSTF); the Agency for Healthcare Research and
Quality (AHRQ); the Grading of Recommendations,
Assessment, Development and Evaluation (GRADE)
Working Group; and the Cochrane Collaboration [22,
23]. Likewise, the STARD (Standards for Reporting
Diagnostic Accuracy) 2015 statement recommends authors to report the intended use and clinical role of the
index test [24, 25].
To help define the existing clinical pathway, we
propose a number of guiding questions that authors of
diagnostics accuracy tests can use:
 What is the target condition to be diagnosed? The

Targeted test evaluation: defining minimally
acceptable criteria for diagnostic accuracy
Below, we provide a series of steps that could be used
for defining minimally acceptable criteria for diagnostic
accuracy (Fig. 3). A case example for each of the steps is
reported in Table 3 and Fig. 4.

Fig. 3 Defining minimally acceptable criteria (MAC) for diagnostic accuracy

target condition can be defined as the disease,
disease stage, or severity or, more generally, the
condition that the investigated test is intended to
detect.
 Who are the targeted patients? The patients
undergoing testing can be those presenting with
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Table 3 Working example on how to define minimally
acceptable criteria (MAC) for diagnostic accuracy
Identify the existing clinical pathway in which the index test will be
used
In children with pharyngitis, about one third of cases are due to
bacterial infection with group A Streptococcus (GAS); the remainder
are caused by viral infections [15]. Because of overlapping symptoms,
the distinction between GAS and viral pharyngitis is clinically difficult.
Cohen and colleagues aimed to externally validate existing clinical
prediction rules that combine signs and symptoms for diagnosing
GAS pharyngitis [16]. The existing clinical pathway is defined as
follows:
• Target condition. GAS pharyngitis.
• Targeted patients. Children aged 3–14 years, with a diagnosis of
pharyngitis, who have not yet received antibiotics.
• Setting. Private office-based pediatricians.
• Tests in the existing clinical pathway. Existing guidelines are not uniform
on the clinical pathway for diagnosing and treating GAS pharyngitis.
French guidelines recommend that all patients with pharyngitis
undergo rapid antigen detection testing or throat culture to
distinguish between GAS and viral pharyngitis [17]. North American
guidelines, however, recommend that clinicians select patients for
additional testing based on clinical and epidemiologic ground [18]. In
clinical practice, children with pharyngitis are often treated with
antibiotics without any additional testing [19].
Define the role of the index test in the clinical pathway
In case of a GAS pharyngitis, clinical guidelines recommend treatment
with antibiotics. Misdiagnosis of GAS pharyngitis, however, could lead
to unnecessary initiation of antibiotic treatment. Rapid antigen
detection testing has a high specificity, but a sensitivity around 86%,
which may lead to false-negative results [20]. Throat culture is considered the reference standard for GAS pharyngitis, but it may take up
to 48 h before results are available, which causes delays in the initiation of treatment. The aim of clinical decision rules (the index test) is
to identify patients at very low or very high risk, in whom additional
testing can be safely avoided. In this setting, such a decision rule
would serve as triage test.
Define the expected proportion of patients with the target condition
In establishing MAC for sensitivity and specificity, the authors
assumed “a prevalence of group A streptococcal infection of 35%”
[16], referring to a meta-analysis on the prevalence of GAS pharyngitis
in children [15].
Identify the downstream consequences of test results
The aim of the study is to identify a clinical decision rule that is able
to accurately detect patients at low risk or at high risk of GAS
pharyngitis [16]. Patients at low risk will not receive antibiotics, as GAS
pharyngitis is ruled out with a sufficiently high level of certainty;
patients at high risk will receive antibiotics. No additional testing will
be performed in either of these groups. This implies that patients
falsely considered at high risk (i.e., false-positive results due to suboptimal specificity) will unnecessarily receive antibiotics with the inherent risk of adverse drug reactions, costs, and antibiotic resistance.
Patients falsely considered as at low risk (i.e., false-negative results due
to suboptimal sensitivity) will be withheld from adequate treatment
with the risk of complications (e.g., retropharyngeal abscess, acute
rheumatic fever, rheumatic heart disease), longer duration of symptoms, and risk of transmission of bacteria to others. Patients at intermediate risk based on the clinical prediction rule (neither at high risk
nor at low risk for GAS pharyngitis) would still be selected to undergo
additional testing (rapid antigen detection testing or throat culture),
and a clinical prediction rule would not affect their clinical outcome.
Weigh the consequences of test misclassifications
In weighing the consequences of test misclassifications for sensitivity,
the authors refer to expert opinion in previous literature: “Clinicians
do not want to miss GAS cases that could transmit the bacterium to
other individuals and/or lead to complications. […] Several clinical
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Table 3 Working example on how to define minimally
acceptable criteria (MAC) for diagnostic accuracy (Continued)
experts consider that diagnostic strategies for sore throat in children
should be at least 80–90% sensitive” [16]. They weigh the
consequences of test misclassifications for specificity as follows:
“Assuming a population of a 100 children with pharyngitis and a GAS
prevalence of 35%, a diagnostic strategy with 85% sensitivity would
lead to 30 prescriptions for antibiotic therapy for 100 patients. We
aim to identify a diagnostic strategy that could reduce the antibiotics
consumption (baseline ≥60%). If we set the maximum acceptable
antibiotics prescription rate to 40%, then the maximum acceptable
number of antibiotics prescribed for GAS-negative patients would be
10 for 65 patients, for a specificity of 85%.”
Define the study hypothesis by setting minimally acceptable criteria
(MAC) for sensitivity and specificity
The authors define MAC for sensitivity and specificity as follows: “After
reviewing the literature and discussing until consensus within the
review team, and assuming a prevalence of GAS infection of 35% and
a maximally acceptable antibiotics prescription rate of 40%, we
defined the target zone of accuracy as sensitivity and specificity
greater than 85%. For each rules-based selective testing strategy, we
used a graphical approach to test whether the one-sided rectangular
95% confidence region for sensitivity and specificity lay entirely within
the target zone of accuracy” [16]. This means that the null hypothesis
in this study can be defined as:
H0: {Sensitivity < 0.85 and/or Specificity < 0.85}
Perform a sample size calculation
Since the aim of the study was to externally validate clinical
prediction rules in an existing dataset, no sample size calculation was
performed, which the authors acknowledge as a limitation in their
discussion section: “A further limitation lies in the absence of an a
priori sample size calculation. One of the clinical prediction rules met
our target zone of accuracy based on the point estimates alone
(Attia’s rule), but it was considered insufficient because the
boundaries of the confidence intervals for sensitivity and specificity
went across the prespecified limits for significance. This could be due
to lack of power, and our results should be considered with caution
until they are confirmed with a larger sample of patients” [16].
When using the calculator proposed in Additional file 1, the sample
size calculation could have looked as follows. The MAC for sensitivity
and specificity was set at 0.85; the authors provided no information
on the expected sensitivity and specificity. This can, for example, be
based on previous literature or on a pilot study. Assuming an
expected sensitivity of 0.92 (with α* = 0.05, and β* = 0.90), 179
participants with the target condition (i.e., GAS infection) need to be
included to ensure that the lower limit of the one-sided confidence
interval for sensitivity is at least 0.85. Assuming an expected specificity
of 0.95, 76 participants without the target condition (i.e., no GAS infection) need to be included to ensure that the lower limit of the
one-sided confidence interval for specificity is at least 0.85. Taking into
account an expected prevalence of GAS infection of 35% in the investigated population, this means that a total of at least 511 (= 179 ×
0.35) participants with suspected GAS pharyngitis need to be
included.
Arrive at meaningful conclusions
In their article, the authors graphically illustrate the performance of
the investigated clinical prediction rules in ROC space (Fig. 4) [16].
The graphic shows that for five of the prediction rules, either
sensitivity or specificity is outside the “target region”; for one
prediction rule, both sensitivity and specificity are within the target
zone, but the confidence intervals reach outside, which means that
the null hypothesis cannot be rejected. Based on this, the authors
conclude: “On external validation, none of the rules-based selective
testing strategies showed sufficient accuracy, and none were able to
identify patients at low or high risk whose condition could be managed without microbiologic testing.”
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 An add-on test is used after an existing test to

improve the diagnostic accuracy of the testing
strategy.
 A replacement test aims to replace an existing test,
either because it is expected to have higher
diagnostic accuracy, is less invasive, is less costly, or
is easier to use than the existing test.
 A new test is a test that opens up a completely new
test-treatment pathway. The latter would be the case
with a new population screening strategy, for
example, where, at present, no screening for the
target condition is performed.
Define the expected proportion of patients with the
target condition

Fig. 4 External validation of the diagnostic accuracy of rules-based
selective testing strategies (figure derived from Cohen and
colleagues [16]). Graph shows sensitivity and specificity estimates
with their one-sided rectangular 95% confidence regions. Numbers
indicate the rules-based selective testing strategies

certain signs or symptoms, or those having
undergone specific previous tests, or just selected
based on age, sex, or other risk factors, as in
screening.
 In which setting will the test be used? The setting
may be primary, secondary, or tertiary care, or,
more specifically, the emergency department,
outpatient clinic, or in the general community.
 What are the other tests in the existing clinical
pathway? The test under evaluation may be
positioned before or after other tests in the specific
clinical setting as defined in the guiding question
above. Also, a number of additional testing
procedures may need to be considered, depending
on the results of testing, before the diagnostic workup can be closed and a clinical decision on further
management is taken.
Define the role of the index test in the clinical pathway

Defining the role of the index test in the existing clinical
pathway is critical for defining eligibility criteria for participants for the study. This step involves defining where
in the existing clinical pathway the test under evaluation
will be positioned. There are several possible roles for
diagnostic tests relative to an existing test—triage, addon, replacement, or new test [26, 27]:
 A triage test is used before the existing test(s), and

its results determine which patients will undergo the
existing test.

Depending on the proportion of tested patients who have
the target condition, absolute numbers of false-positive
and false-negative results will vary. If 100 patients are
tested by a test with a sensitivity of 0.90 and a specificity
of 0.90, and 50 of them have the target condition, one can
expect, on average, 5 false positives and 5 false negatives.
However, when only 10 of the 100 have the target condition, there will only be 1 false negative versus 9 false positives, even if these are tested with the very same test. As a
consequence, the potentially harmful downstream consequences of the test will depend on how many of the tested
patients have the target condition.
Several strategies can be used for defining the expected
proportion of those with the target condition in a specific
clinical setting. Ideally, a systematic review is identified or
performed, to estimate this proportion, and to define relevant determinants. Alternatively, or additionally, a small
pilot study can be performed, or clinical experts
consulted.
Identify the downstream consequences of test results

Bearing in mind the positioning of the index test in the
clinical pathway, the downstream consequences of test
results (i.e., test positives and test negatives) need to be
defined. These refer to clinical management decisions,
such as additional confirmatory tests patients may
undergo if they are considered positive, or treatments
that may be initiated or withheld as a result. Explicitly
defining downstream consequences of the index test is
important as they also determine the extent to which
index test misclassifications (false-positive and falsenegative results) could lead to harm to patients being
tested.
Weigh the consequences of test misclassifications

Defining MAC for sensitivity and specificity comes down
to weighing the downstream consequences of test misclassifications: false-positive results versus false-negative
results. Depending on what role the index test has in the
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clinical pathway, and the downstream consequences of
being falsely positive or negative, this can influence the
weight given to the consequences of being misclassified.
Take for example, triage tests aimed at ruling out disease. These typically need to have high sensitivity, while
specificity may be less important. In such a scenario, the
consequence of being false negative may have the potential of being more detrimental than being false positive
as one might not want to miss any potential true positive
cases at the triage stage of a disease especially if early detection and treatment are crucial. Further down the clinical pathway, however, it may be crucial to keep the
number of false positives to a minimum, since positive
test results may lead to radical treatment decisions with
potentially serious side effects. Therefore, add-on tests
generally require higher specificity than triage tests. In
other words, the weight given to the consequences of being false positive are higher in this scenario. For replacement tests, sensitivity and specificity should, commonly,
be both at least as good as those of the existing test.
When weighing the consequences of test misclassifications, the following should eventually be considered:
 Considering 100 patients suspected of the target

condition, how many false-negative results are acceptable, considering the potential harms of such
misclassifications?
 Considering 100 patients suspected of the target
condition, how many false-positive results are acceptable, considering the potential harms of such
misclassifications?
Define the study hypothesis by setting minimally
acceptable criteria for sensitivity and specificity

Based on the weighted consequences of false-positive
and false-negative test results and taking into account
the expected proportion of patients with the target condition (as defined earlier), MAC for sensitivity and specificity can be defined and the target region in the ROC
space can be drawn (Fig. 2).
Pepe and colleagues recently provided a relatively simple method for specifying MAC that is based on weighing the harms and benefits of being detected with the
target condition [28]. Their approach focuses on the
threshold for starting the next action: the minimally required probability, after testing, of having the target condition that would justify subsequent management guided
by testing, such as starting treatment, or order additional
testing after a positive test result. From this threshold,
and from the proportion of those with the target condition in the group in which the test under evaluation is
going to be used, they derive minimum likelihood ratios:
the combinations of sensitivity and specificity that would
lead to the required post-test probability.
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In their article, Pepe and colleagues argue that such
thresholds can be inferred from comparisons with existing situations in which comparable actions are justified.
An example is the probability of having colorectal cancers or its precursors in those referred for colonoscopy
in a population screening program for colorectal cancer.
A new marker would have MAC for sensitivity and specificity that would lead to a post-test probability that at
least exceeds that probability.
The minimum positive likelihood ratio defines a specific region in ROC space: a triangle that includes the
upper left corner. This area also includes very low values
of sensitivity, which may not be clinically useful. The approach of Pepe and colleagues can be further refined by
defining the acceptable number needed to test. This is
the number of patients that must undergo testing in
order to generate one positive result. It is the inverse of
the positivity rate which depends on the proportion
tested with the target condition and on the sensitivity
and specificity. For expensive, invasive, or burdensome
tests, the acceptable number needed to test will be lower
than for simple, less costly tests.
Our framework focuses on weighing the consequences
of test classifications for arriving at MAC for sensitivity
and specificity. There are obviously other appropriate
methods to define these. One option is to perform a survey among a panel of experts, directly asking what they
would consider an appropriate MAC. Gieseker and colleagues, for example, evaluated the accuracy of multiple
testing strategies for diagnosing Streptococcus pyogenes
pharyngitis (“strep throat”); they performed a sample
survey of pediatricians to identify a MAC for sensitivity
and report: “67 (80%) of 84 were willing to miss no more
than 5% of streptococcal infections” [29]. A similar
method was used to identify minimally acceptable interpretative performance criteria for screening mammography [30]. In some areas, there are clearly established
MAC. In triaging strategies to safely exclude pulmonary
embolism without imaging, for example, it is now a
common practice to require that the 3-month thromboembolic risk does not exceed 3% in test-negatives. This
failure rate corresponds to that observed after a negative
pulmonary angiography [31].
Perform a sample size calculation

Based on the MAC for sensitivity and specificity and the
expected proportion of patients with the target condition, a sample size calculation can be performed, which
represents the number of participants (i.e., patients suspected of having the target condition) that need to be included in the study to conclude that the point estimates
and lower limits of the confidence intervals for sensitivity and specificity fall within the “target region,” by
rejecting the null hypothesis that they do not. The
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statistical tests and methods for sample size calculations
have all been defined before in the literature [32].
Additional file 1 provides an example of a sample size
calculator that can be used for this purpose, with background information on the formula used in
Additional file 2. Information that needs to be filled in
are α and β (see Table 1 for details), MAC for sensitivity
and specificity, and the expected value for sensitivity and
specificity. The output of the calculator is the minimal
numbers of participants with and without the target
condition that need to be included; the final sample size
will depend on the expected prevalence of the target
condition.
Arrive at meaningful conclusions

Upon completion of the study, estimates of sensitivity
and specificity are compared with the pre-defined MAC
for sensitivity and specificity. This can be done by (1)
assessing whether the point estimates of sensitivity and
specificity and the lower confidence interval limits are
above MAC, or (2) by performing formal statistical testing of the null hypothesis and arriving at a p value. As
diagnostic accuracy studies have a joint hypothesis (one
for sensitivity and one for specificity), one cannot reject
the null hypothesis if only one of these fulfills the criteria for MAC and the other does not. One can also not
reject the null hypothesis if the lower confidence limit of
sensitivity or specificity is below MAC. Obviously, this
“statistically negative” result does not mean that the
diagnostic test is useless. Firstly, one should consider the
possibility that the study was too small, for example, due
to incorrect assumptions during the sample size calculations, which may have led to wide confidence intervals.
Secondly, one should consider that the pre-specified criteria for MAC may have been too strict, or that the test
may have added value in another clinical setting, or in a
different role in the existing clinical pathway. On the
other hand, a significant p value does not mean that the
test under evaluation is fit-for-purpose; the study may be
biased (e.g., due to many missing results) or have low
generalizability.

Conclusions
Targeted test evaluation will usually require the expertise of multiple professionals. There should be clinical experts to identify the management actions that will result
from positive or negative test results and who can weigh
the downstream consequences of test results. In some
cases, it may be desirable to also include patients or their
advocates in this process. There should also be methodological and statistical experts, to avoid mistakes in
drawing the clinical pathway, to promote consistency in
the process, and to arrive at adequate sample size calculations based on the defined MAC for test accuracy.
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There is a growing recognition that explicitly specifying study hypotheses and how these were specified in
the protocol-development phase of the study is crucial
in test accuracy research. The STARD 2015 statement
for reporting diagnostic accuracy studies now requires
authors to report “study hypotheses” (item 4) and the
“intended sample size and how it was determined” (item
18) [24, 25]. Similar methods for focusing on MAC of
test performance are also increasingly being implemented among systematic reviews and clinical guidelines. The Cochrane Handbook for Diagnostic Test
Accuracy Reviews, for example, now encourages authors
to describe the clinical pathway in which the test under
evaluation will be implemented, including prior tests,
the role of the index test and alternative tests, if applicable [23]. A similar practice is advised by the recently
established GRADE (Grading of Recommendations
Assessment, Development and Evaluation) quality assessment criteria for diagnostic accuracy studies, which
encourages guideline developers to focus on and weigh
consequences of testing [33].
The process described here is not that different
from hypothesis formulation and sample size calculations in RCTs. Even though most superiority RCTs
generally have a simple null hypothesis (i.e., no effect), the calculation of the required sample size depends on the definition of a “minimum important
difference”: the smallest difference in the primary outcome that the trial should be able to detect. The
DELTA (Difference ELicitation in TriAls) group recently provided a systematic overview of methods for
specifying the target difference in RCTs [34]. These
methods are subdivided in those for specifying an important difference (e.g., by weighing resource costs
and health outcomes to estimate the overall net benefit of the intervention), those for specifying a realistic
difference (e.g., through a pilot study), or both (e.g.,
through opinion seeking among health professionals).
We realize that our framework has some potential
shortcomings. We focused on MAC for the sensitivity
and specificity of a new test, and null hypotheses based
on these criteria, to be used in the evaluation of a single
test with dichotomous test results. Defining MAC may
be more difficult in other situations, although the general principles should be the same. In some cases, for example, diagnostic accuracy studies do not focus on a
single test but compare two or more tests or testing
strategies. Hayen and colleagues have described how one
can use meaningful measures and statistics in such studies, such as the relative likelihood ratios [27]. In other
situations, the index test does not produce a dichotomous test result, but a continuous one. This is, for example, often the case with laboratory tests. We believe
that our framework could, with some adaptations, also
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be useful in those cases, as evaluating continuous tests
generally comes down to finding a clinically relevant test
threshold at which the test is useful for ruling in or ruling out the target condition. Currently, studies on continuous test very often select an optimal threshold for
sensitivity and specificity based on, for example, Youden’s index. In many cases, this leads to a test threshold
that is clinically not useful as both sensitivity and specificity are too low for decision-making. An alternative theory would to pre-define MAC for sensitivity and
specificity, as outlined, and investigate whether there is a
test threshold that is able to fulfill these criteria.
Mainly due to technological innovations, the field of
diagnostic testing evolves quickly. Premature incorporation of new diagnostic tests into clinical practice may
lead to unnecessary testing, waste of resources, and
faulty clinical decision-making. Defining MAC before
initiating new diagnostic accuracy studies should improve methodological study quality and help draw more
meaningful evidence synthesis of such studies.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s41512-019-0069-2.
Additional file 1. An example of a sample size calculator.
Additional file 2. Formulas used for the calculator provided in
Additional File 1.
Acknowledgements
None.
Authors’ contributions
All authors contributed to the design of the proposed framework and the
writing of the manuscript. All authors read and approved the final
manuscript.
Funding
None.
Availability of data and materials
Not applicable.
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Author details
1
Department of Respiratory Medicine, Academic Medical Center, Amsterdam
University Medical Centers, Amsterdam, the Netherlands. 2Department of
Epidemiology and Biostatistics, Vrije University Medical Centre, Amsterdam
University Medical Centers, Amsterdam, the Netherlands. 3Department of
General Pediatrics and Pediatric Infectious Diseases, Necker-Enfants Malades
Hospital, APHP, Paris Descartes University, Paris, France. 4Inserm U1153,
Obstetrical, Perinatal and Pediatric Epidemiology Research Team, Centre of
Research in Epidemiology and Statistics Sorbonne Paris Cité (CRESS), Paris
Descartes University, Paris, France. 5Department of Clinical Epidemiology,

Page 9 of 10

Biostatistics and Bioinformatics, Academic Medical Center, Amsterdam
University Medical Centers, Amsterdam, the Netherlands.
Received: 3 October 2019 Accepted: 4 December 2019

References
1. Smith R, Rennie D. Evidence-based medicine--an oral history. JAMA. 2014;
311(4):365–7.
2. Kendall JM. Designing a research project: randomised controlled trials and
their principles. Emerg Med J. 2003;20(2):164–8.
3. Jones SR, Carley S, Harrison M. An introduction to power and sample size
estimation. Emerg Med J. 2003;20(5):453–8.
4. Bossuyt PM, Reitsma JB, Linnet K, Moons KG. Beyond diagnostic accuracy:
the clinical utility of diagnostic tests. Clin Chem. 2013;58(12):1636–43.
5. Ferrante di Ruffano L, Davenport C, Eisinga A, Hyde C, Deeks JJ. A capturerecapture analysis demonstrated that randomized controlled trials
evaluating the impact of diagnostic tests on patient outcomes are rare. J
Clin Epidemiol. 2012;65(3):282–7.
6. Linnet K, Bossuyt PM, Moons KG, Reitsma JB. Quantifying the accuracy of a
diagnostic test or marker. Clin Chem. 2012;58(9):1292–301.
7. Glas AS, Lijmer JG, Prins MH, Bonsel GJ, Bossuyt PM. The diagnostic odds
ratio: a single indicator of test performance. J Clin Epidemiol. 2003;56(11):
1129–35.
8. Korevaar DA, van Enst WA, Spijker R, Bossuyt PM, Hooft L. Reporting quality
of diagnostic accuracy studies: a systematic review and meta-analysis of
investigations on adherence to STARD. Evid Based Med. 2014;19(2):47–54.
9. Ochodo EA, de Haan MC, Reitsma JB, Hooft L, Bossuyt PM, Leeflang MM.
Overinterpretation and misreporting of diagnostic accuracy studies:
evidence of “spin”. Radiology. 2013;267(2):581–8.
10. Bachmann LM, Puhan MA, ter Riet G, Bossuyt PM. Sample sizes of studies
on diagnostic accuracy: literature survey. BMJ. 2006;332(7550):1127–9.
11. Bochmann F, Johnson Z, Azuara-Blanco A. Sample size in studies on
diagnostic accuracy in ophthalmology: a literature survey. Br J Ophthalmol.
2007;91(7):898–900.
12. Thombs BD, Rice DB. Sample sizes and precision of estimates of sensitivity
and specificity from primary studies on the diagnostic accuracy of
depression screening tools: a survey of recently published studies. Int J
Methods Psychiatr Res. 2016;25(2):145–52.
13. Lumbreras B, Parker LA, Porta M, Pollan M, Ioannidis JP, Hernandez-Aguado
I. Overinterpretation of clinical applicability in molecular diagnostic research.
Clin Chem. 2009;55(4):786–94.
14. McGrath TA, McInnes MDF, van Es N, Leeflang MMG, Korevaar DA, Bossuyt
PMM. Overinterpretation of research findings: evidence of “spin” in
systematic reviews of diagnostic accuracy studies. Clin Chem. 2017;63(8):
1353–62.
15. Shaikh N, Leonard E, Martin JM. Prevalence of streptococcal pharyngitis and
streptococcal carriage in children: a meta-analysis. Pediatrics. 2010;126(3):
e557–64.
16. Cohen JF, Cohen R, Levy C, Thollot F, Benani M, Bidet P, Chalumeau M.
Selective testing strategies for diagnosing group A streptococcal infection
in children with pharyngitis: a systematic review and prospective
multicentre external validation study. Can Med Assoc J. 2015;187(1):23–32.
17. Group ESTG, Pelucchi C, Grigoryan L, Galeone C, Esposito S, Huovinen P,
Little P, Verheij T. Guideline for the management of acute sore throat. Clin
Microbiol Infect. 2012;18(Suppl 1):1–28.
18. Shulman ST, Bisno AL, Clegg HW, Gerber MA, Kaplan EL, Lee G, Martin JM,
Van Beneden C. Clinical practice guideline for the diagnosis and
management of group A streptococcal pharyngitis: 2012 update by the
Infectious Diseases Society of America. Clin Infect Dis. 2012;55(10):1279–82.
19. Linder JA, Bates DW, Lee GM, Finkelstein JA. Antibiotic treatment of children
with sore throat. JAMA. 2005;294(18):2315–22.
20. Cohen JF, Bertille N, Cohen R, Chalumeau M. Rapid antigen detection test
for group A streptococcus in children with pharyngitis. Cochrane Database
Syst Rev. 2016;7:CD010502.
21. Irwig L, Bossuyt P, Glasziou P, Gatsonis C, Lijmer J. Designing studies to
ensure that estimates of test accuracy are transferable. BMJ. 2002;324(7338):
669–71.
22. Gopalakrishna G, Mustafa RA, Davenport C, Scholten RJ, Hyde C, Brozek J,
Schunemann HJ, Bossuyt PM, Leeflang MM, Langendam MW. Applying
Grading of Recommendations Assessment, Development and Evaluation

Korevaar et al. Diagnostic and Prognostic Research

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

(2019) 3:22

(GRADE) to diagnostic tests was challenging but doable. J Clin Epidemiol.
2014;67(7):760–8.
Deeks JJ, Wisniewski S, Davenport C. Chapter 4: guide to the contents of a
Cochrane Diagnostic Test Accuracy Protocol. In: Deeks JJ, Bossuyt PM,
Gatsonis C (editors), Cochrane Handbook for Systematic Reviews of
Diagnostic Test Accuracy Version 1.0.0. The Cochrane Collaboration; 2013.
Available from: http://srdta.cochrane.org/.
Bossuyt PM, Reitsma JB, Bruns DE, Gatsonis CA, Glasziou PP, Irwig L, Lijmer
JG, Moher D, Rennie D, de Vet HC, et al. STARD 2015: an updated list of
essential items for reporting diagnostic accuracy studies. BMJ. 2015;351:
h5527.
Cohen JF, Korevaar DA, Altman DG, Bruns DE, Gatsonis CA, Hooft L, Irwig L,
Levine D, Reitsma JB, de Vet HC, et al. STARD 2015 guidelines for reporting
diagnostic accuracy studies: explanation and elaboration. BMJ Open. 2016;
6(11):e012799.
Bossuyt PM, Irwig L, Craig J, Glasziou P. Comparative accuracy: assessing
new tests against existing diagnostic pathways. BMJ. 2006;332(7549):
1089–92.
Hayen A, Macaskill P, Irwig L, Bossuyt P. Appropriate statistical methods are
required to assess diagnostic tests for replacement, add-on, and triage. J
Clin Epidemiol. 2010;63(8):883–91.
Pepe MS, Janes H, Li CI, Bossuyt PM, Feng Z, Hilden J. Early-phase studies of
biomarkers: what target sensitivity and specificity values might confer
clinical utility? Clin Chem. 2016;62(5):737–42.
Gieseker KE, Roe MH, MacKenzie T, Todd JK. Evaluating the American
Academy of Pediatrics diagnostic standard for Streptococcus pyogenes
pharyngitis: backup culture versus repeat rapid antigen testing. Pediatrics.
2003;111(6 Pt 1):e666–70.
Carney PA, Sickles EA, Monsees BS, Bassett LW, Brenner RJ, Feig SA, Smith
RA, Rosenberg RD, Bogart TA, Browning S, et al. Identifying minimally
acceptable interpretive performance criteria for screening mammography.
Radiology. 2010;255(2):354–61.
Righini M, Van Es J, Den Exter PL, Roy PM, Verschuren F, Ghuysen A,
Rutschmann OT, Sanchez O, Jaffrelot M, Trinh-Duc A, et al. Age-adjusted Ddimer cutoff levels to rule out pulmonary embolism: the ADJUST-PE study.
JAMA. 2014;311(11):1117–24.
Pepe MS. The statistical evaluation of medical tests for classification and
prediction. New York: Oxford University Press; 2003. Chapter 8: Study design
and hypothesis testing, Section 8.2: Sample sizes for phase 2 studies.
Available online at https://research.fhcrc.org/content/dam/stripe/diagnosticbiomarkers-statistical-center/files/excerpt.pdf
Schunemann HJ, Oxman AD, Brozek J, Glasziou P, Jaeschke R, Vist GE,
Williams JW Jr, Kunz R, Craig J, Montori VM, et al. Grading quality of
evidence and strength of recommendations for diagnostic tests and
strategies. BMJ. 2008;336(7653):1106–10.
Hislop J, Adewuyi TE, Vale LD, Harrild K, Fraser C, Gurung T, Altman DG,
Briggs AH, Fayers P, Ramsay CR, et al. Methods for specifying the target
difference in a randomised controlled trial: the Difference ELicitation in
TriAls (DELTA) systematic review. PLoS Med. 2014;11(5):e1001645.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 10 of 10

