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Abstract

Results of medical tests are the main source to inform clinical decision making. The main information to assess the
usefulness of medical tests for correct discrimination of patients are accuracy measures. For the estimation of test
accuracy measures, many different study designs can be used. The study design is related to the clinical question to
be answered (diagnosis, prognosis, prediction), determines the accuracy measures that can be calculated and it
might have an influence on risk of bias. Therefore, a clear and consistent distinction of the different study designs
in systematic reviews on test accuracy studies is very important. In this paper, we propose an algorithm for the
classification of study designs of test accuracy, that compare the results of an index test (the test to be evaluated)
with the results of a reference test (the test whose results are considered as correct/the gold standard) studies in
systematic reviews.
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Background
Results of medical tests are the main source to inform
clinical decision making. Test accuracy is the ability of a
test to discriminate between different patient groups
(e.g. healthy and diseased). The first step in assessing the
value of a medical test before performing comparative
impact studies (e.g. randomised controlled trials) on
different tests is the assessment of the test accuracy.
Moreover, if impact studies are absent, evidence on test
accuracy can be used to estimate effects on patient im-
portant outcomes by linking the evidence of the different
care pathways (e.g. no treatment vs. treatment) resulting
from the different test-based classifications to the test
accuracy measures (e.g. false negative test results) [1].
The use of test, even the same test in health care can

be manifold regarding the clinical question (e.g. diagno-
sis of a health status, prediction of therapy success) and
purpose (e.g. screening or surveillance, treatment moni-
toring or staging). Moreover, medical tests are usually

not used standing alone but in different constellations
with other tests, including triage before another test,
add-on to another test and parallel testing with another
test.
In addition to the manifold application areas, test ac-

curacy studies are often unclearly labelled in the medical
literature regarding the differentiation between diagno-
sis, prognosis and prediction (for example, see [2–8]),
and regarding the underlying epidemiological study de-
sign (for example, see [8–15]). These aspects complicate
the correct classification of the study design.
Systematic reviews on test accuracy (e.g. on sensitivity

and specificity) summarise test accuracy measures from
several studies. A consistent and clear definition of the
study designs is critical for the quality at several tasks of
the systematic review. This includes selection of studies,
choosing the tool for risk of bias assessment, deciding
which studies should be pooled in the same meta-
analysis and assessing the certainty of the body of
evidence [16].
In the following, we propose an algorithm for the clas-

sification of test accuracy studies in systematic reviews.
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Preliminary considerations
This algorithm only applies to studies comparing the
results of an index test (the test to be evaluated) with
the results of a reference test (the test whose results
are considered as correct/the gold standard). The
tests of interest must allow a binary classification, ei-
ther by using a cut-off for a categorical or continuous
measure (e.g. high vs. low blood pressure, score of a
prognostic model) or be binary in nature. The algo-
rithm can be used for any test used in health care.
This test can be a single test (e.g. imaging) or a pre-
defined combination (AND or OR link) of tests (e.g.
imaging and laboratory) or factors (e.g. symptoms, pa-
tient characteristics) that are formally combined in a
diagnostic or prognostic model [17, 18]. When re-
viewers apply the algorithm, they should be aware
that the test must not be a test in narrow sense (e.g.
laboratory tests, diagnostic devices). It can also be an
observation (e.g. healthy), medical procedure (e.g.
general health check) or clinical assessment (e.g. in-
spection of the corpse).
The algorithm cannot be used for studies on test cali-

bration and studies on test reliability (e.g. test-retest
studies). The algorithm can further not be used for clas-
sifying comparative and impact studies on tests. These
are all studies that compare accuracy of at least to tests
using the same reference standard or studies that com-
pare the impact of different tests on health outcomes
(e.g. a randomised controlled trial of that compares two
different screening strategies regarding the impact on
mortality) [19, 20]. However, it is important to regard
that in comparative studies on tests, single arms of the
study in which a test is performed can be considered as
test accuracy studies (e.g. the arm of a randomised con-
trolled trial in that a screening test is used) and thus
might be (potentially) relevant for the systematic reviews
on test accuracy. Studies in which a relative effect
measures is calculated but no test accuracy measure
can be calculated (e.g. prognostic factor studies) are
also not considered in this paper because this can be
classified as studies on exposures (e.g. case-control
studies) [21]. For this studies on exposures as well as
comparative impact studies, classifications have been
described elsewhere [19, 22, 23].

The classification algorithm
The classification algorithm is presented in Fig. 1.
The study designs that can be classified with the
algorithm are shown in Table 2. In the following par-
agraphs, the application of the algorithm is explained.
For illustration, the reader might imagine a systematic
review on test accuracy of brief cognitive test for
older people for which we provide examples through-
out the description of the algorithm.

Is it a test accuracy study?
It is not always directly obvious if the study under
consideration is indeed a test accuracy study because
studies might not report accuracy measures but only
provide data which enable calculating accuracy measures
(e.g. sensitivity of the cognitive test for the diagnosis of
dementia). In other words, systematic review authors
must check if it is possible to calculate a 2 × 2 cross-
tabulation (see Table 1). Therefore, the first criterion of
the algorithm is the question, whether the study is a test
accuracy study.

Diagnostic, prognostic or predictive test accuracy (cross-
sectional or longitudinal)?
Tests in healthcare can be used for diagnosis, prognosis
and/or prediction. Diagnosis refers to the “probability
that a specific outcome or disease is present (or absent)
within an individual, at this point in time” [24]. This
means, in diagnostic accuracy studies, the test informa-
tion is used to make a classification of a current health
status (e.g. cognitive impaired vs. healthy). In contrast,
“prognosis refers to the risk of (any) future health
outcomes in people with a given disease or health condi-
tion” (e.g. high risk vs. low risk to die within 1 year)
[25]. For tests, this means prognostic and predictive
accuracy studies classify the risk for developing an out-
come in the future, which is not present at the time the
test is applied. Prognosis can be further subdivided in
prognostic and predictive research. Prognosis considers
the natural course of diseases and thus answers the
question who needs treatment (e.g. there is only a need
for treatment if there is a risk for developing dementia).
Prediction aims to predict the outcome in treated pa-
tients and thus answers the question who and how
should be treated (e.g. cognition training in people with
mild cognitive impairment is only necessary if there is a
chance of improvement) [24]. In the following, we will
consider prognosis and prediction tests together because
both have a longitudinal view from present in the future
and therefore their test accuracy can be assessed with
the same study designs. Nevertheless, systematic review
authors should carefully consider if the study under
assessment considers the natural course of diseases
(prognosis) or considers treated patients (prediction).
The second criterion of the classification algorithm is

the question if the objective of the study under consider-
ation is to assess the diagnostic accuracy or the prognos-
tic/predictive accuracy of a test. As the main difference
between these two is the time component (current vs.
future status), the second classification criterion con-
siders the time interval between index and reference test.
A diagnosis is the classification of a current status. All
information on an individual participant refers to the
same time-point (e.g. cognitive test indicates that the
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patient currently has dementia). This implies that all
diagnostic accuracy studies are cross-sectional in nature
[26, 27]. Because a diagnosis provides information on a
current status, the reference test and the index test
should be performed at the same time-point. When ap-
plying this criterion, it is important to refer it to the
time-point of collecting information on index and refer-
ence test for an individual study participant and not to
the time-point of data collection for the study (e.g. chart
review to verify the diagnosis of dementia) to avoid con-
fusion. For example, a patient might receive an index
test (e.g. brief cognitive test) in primary care and the ref-
erence test (e.g. comprehensive cognitive assessment) at
a hospital stay several months later. The information on

both test results is collected from routinely collected
health care data at the same time point (e.g. a patient
registry of geriatric patients). Although the data for the
study are collected at the same time-point from the
registry, the study is not cross-sectional because index
and reference test are not performed at the same time at
the individual participant level. In practice, the time-
points at which the tests are performed are usually not
exactly the same. Thus, the same time-point can mean
almost at the same time-point (e.g. brief cognitive test
and comprehensive cognitive assessment at the same
visit) or that one test is performed nearby the other (e.g.
brief cognitive test and comprehensive cognitive assess-
ment at the same hospital stay). One should judge if the
time interval in the study under assessment was
adequate, considering the probability that the patient’s
status (e.g. no cognitive impairment) has not changed
between the index and the reference test [28]. Conse-
quently, the acceptable delay depends on the condition
and is larger in slowly progressing conditions than in
fast progressing conditions. For the study design classifi-
cation, this means, if it can be justified that is improb-
able that the status has changed (e.g. diagnosis of

Table 1 2 × 2 cross table for calculation of test accuracy
measures

Reference test

Positive Negative

Index test

Positive True positive False positive

Negative False negative True negative

Fig. 1 Algorithm for classification of test accuracy study desings
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Alzheimer dementia), studies with a delay between index
and reference test might also be classified as cross-
sectional. As it cannot be excluded that the patient’s
status has changed between the two tests, there is a risk
of misclassification bias in diagnostic accuracy studies
because the ratio of patient groups (e.g. proportion clas-
sified as cognitive impaired or not cognitive impaired)
resulting from the test classification might have changed
in the meantime [29]. We suggest that two time-
intervals between index and reference test are pre-
specified in systematic reviews on diagnostic test
accuracy. One for the decision about inclusion in the
systematic review and another criterion (usually a
smaller time interval) for judging low/moderate risk of
delayed verification bias [29]. The specification of the
thresholds would usually require the expertise of a
methodologist and a clinician.
A prognosis/prediction is a classification of a future

status. In studies on prognosis/prediction, the index test
is used to classify participants according to their risk for
developing a certain outcome (e.g. progression of mild
cognitive impairment to dementia), or therapy response
(e.g. a response to cognitive training). Here, the refer-
ence test is used to assess the outcome status. The infor-
mation of index and reference test results for an
individual participant refer to different time-points. This
implies that studies on prognosis/prediction are always
longitudinal because there are repeated observations,
namely the result of the index test and later on the re-
sults of the reference test for each participant [24]. In
contrast to diagnostic accuracy studies, the time interval
between index test and reference test should not be too
short but “sufficiently” long. The time interval should be
chosen in such a way that, if the outcome of interest has
not occurred (e.g. negative test for dementia), it is im-
probable that it will occur soon thereafter (e.g. the mild
cognitive impairment will probably not progress to de-
mentia in the next months). In addition to a lifetime
period, often information on certain pre-defined time in-
tervals is clinical relevant (e.g. developing dementia in
the next 5 years). However, in research practice, the
choice of the time interval can be driven rather by the
availability of data (e.g. length of follow-up) than by
clinical importance. In addition to the judgement of clin-
ical relevance, the time interval in the study under
consideration is critical for the risk of bias assessment.
An insufficient length of follow-up can cause lead-time
bias in studies with unblinded index test results because
in participants with a positive index test (e.g. indication
for cognitive impairment), the occurrence of an event is
suspected (e.g. developing dementia). Therefore, partici-
pants with a positive index test often have a higher
chance to be monitored more closely, and consequently
also have a higher chance for receiving the reference test

earlier (e.g. through more intensive monitoring of cogni-
tive function) than participants with a negative index test
result. Moreover, the observation of fewer events in one
group can be spurious if the test result is only associated
with a delay of events but actually not lowers the event
rate considering a lifetime period. Therefore, as for diag-
nosis, we suggest that systematic review authors pre-
specify two time intervals. One for selecting studies that
should be chosen depending on the time horizon of
interest (e.g. early or late progression) and one for judg-
ing the studies’ risk of bias [30]. It is important to note
that to our knowledge for studies on prognostic accur-
acy, no tool for assessing the methodological quality
exists.
Systematic review authors will regularly be interested

in either diagnostic accuracy (e.g. diagnosis of mild cog-
nitive impairment) or prognostic/predictive accuracy
(e.g. predicting dementia in patients with mild cognitive
impairment). A pre-specification of the time intervals for
selecting studies is therefore very important to distinct
diagnostic from prognostic/predictive studies, in particu-
lar, because the same test can often be used for diagnosis
as well as prognosis/prediction (see for example [31,
32]). This means that the clinical question cannot be al-
ways deduced from the test itself but that only the time
interval between the index test and reference test
indicates if the study is on concurrent or predictive
accuracy. Moreover, the distinction might be difficult be-
cause the passage from delayed verification to prognosis/
prediction can be fluent.
If systematic review authors are convinced that the test

can exclusively be used for either diagnosis or progno-
sis/prediction, they can use only the respective (diagno-
sis, prognosis/prediction) path of the algorithm.

Cohort type or case-control selection of participants?
The second criterion distinguishes cohort type studies
from case-control type studies and can be applied for
diagnostic accuracy studies in a similar way than for
prognostic/predictive accuracy studies.
In general, cohort type studies and case-control type

studies are distinguished by the method of selecting the
participants for the study [33, 34]. In cohort type test ac-
curacy studies, the participants are recruited based on
suspicion. By suspicion we mean, that there is an indica-
tion to perform the test, including signs and symptoms,
the presence of risk factors (e.g. patient characteristics,
environment) or results of previous medical tests.
Theoretically, in population screening, people might

be selected regardless whether there is an indication to
do so or not. However, in practice, this is not the usual
case, but also in most population-based screening pro-
grams, there is at least a vague indication to perform a
test (e.g. certain age group, gender). In cohort designs,
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all suspicious participants receive the index test and the
reference test to determine their current status (diagno-
sis) or to assess their outcome status (prognosis/predic-
tion). In diagnostic cohort type studies, the index test
and the reference test are performed at the same time.
This cross-sectional relationship implies that the order
of the reference and the index test can differ as long as
the tests are performed at (almost) the same time or
without too much delay (see above). Thus, the reference
and the index test can be performed simultaneously, the
reference test can be performed after the index test or
the index test can be performed after the reference test.
For cohort type studies on prognostic/predictive accur-
acy, the longitudinal relationship implies that the index
test is always performed before the reference test.
In case-control designs, the selection of participants is

based on the health status/outcome. The results of the
index test of participants with a positive reference test
result/event (cases) are compared to the results of the
index test of participants with a negative reference test
result/no event (controls). Similar to case-control studies
on exposures or interventions, cases and controls might
come from the same source (e.g. a registry) or different
sources (e.g. cases from an Alzheimer registry and con-
trols form an administrative database). In case-control
diagnostic accuracy studies, the reference test on the in-
dividual participant level is always performed before the
index test but the view/interpretation (e.g. retrospective
record review) on the results of the index test is always
retrospective. It is important to note that in case-control
designs, no predictive values can be calculated because
the prevalence/incidence (column sum in the 2 × 2 table
of participants classified positive and negative with the
reference test) is an artificial result of the design (e.g.
50% in 1:1 case-control matching).
We suggest labelling diagnostic accuracy studies with

patient selection based on suspicion “cohort selected
cross-sectional studies” and studies with case-based sam-
pling “case-control selected cross-sectional studies”. This
labelling ensures a clear differentiation to longitudinal
study designs and indicates the participant selection
method. Although, we are aware that combining the la-
bels cohort and cross-sectional virtually appears to be
contrary, we believe that labelling it like this is preferable
to a completely new labelling because most reviewers
are familiar with these standard selection methods.
Figure a and c in Table 2 illustrate the design of a “co-

hort selection cross-sectional study” and “case-control
selection cross-sectional study”, respectively.
The classifications (e.g. positive versus negative) result-

ing from an index test to judge prognosis/prediction can
be considered as different exposures (e.g. high risk for
developing dementia vs. low risk for developing demen-
tia) and the observation period is longitudinal. The only

difference to the classical cohort and case-control study
in epidemiology is the effect measure (test accuracy
measures instead of risk ratios). Therefore, we suggest
labelling prognostic/predictive accuracy studies in the
same way, namely “cohort studies” and “case-control
studies”.
Figure b and d in Table 2 illustrate the design of a “co-

hort study” and a “case-control study”, respectively.
Either test accuracy studies might be based on data

specifically collected for the study (i.e. a study database)
or on already existing data sources (e.g., routinely
collected data). Often the classification retrospective/
prospective is used to distinct if the data were specific-
ally collected for the study or an already existing data
source was used. We recommend avoiding this classifi-
cation for two reasons. Firstly, often studies have
prospective (e.g. analysis plan) as well as retrospective
aspects (e.g. data collection) [35]. Secondly, especially for
diagnostic accuracy studies, this would lead to cumber-
some classifications (e.g. retrospective cross-sectional
study). Instead, the data source used for the study should
be clearly described in the systematic review.

Illustrating examples
Table 3 shows an illustrating example for each test
accuracy study type. In example study 1 [36], all kidney
transplant recipients of at least 50 years received a faecal
immunochemical test (index test) for colorectal cancer
screening. Following the faecal immunochemical test,
patients were referred to colonoscopy (reference test). In
this study, the sampling was based on suspicion (kidney
transplant recipients). The index test and the reference
test were performed at the same time (disease has prob-
ably not progressed). Consequently, this study is a co-
hort sampling cross-sectional study on diagnostic
accuracy (see Table 2 figure a).
In the second example [37], patients with a clinical

diagnosis (reference test) of Alzheimer (cases) attended a
memory clinic were matched to participants without
Alzheimer, who were recruited from relatives accom-
panying patients to the memory clinic (no disease,
controls). Patients as well as relatives received a cogni-
tive test (index test) during the visit at the memory
clinic. The participant sampling was based on disease in
one group and absence of diseases in the other. Al-
though, the reference test was performed at another
time as the index test, it can be considered as the same
time-point because the disease could not have been re-
solved, i.e. is still a current status. Consequently, this
study is a case-control sampling cross-sectional diagnos-
tic accuracy study (see Table 2 figure c).
The third example [38] examines all patients between

50 and 90 years (suspicion) in a payer provider health
organisation. In the study, patient characteristics and
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other factors were formally combined in a prognostic
model. The prognostic model calculates a score that is
dichotomised using different cut-offs (index test). For
each participant, the risk for developing fractures within
5 years (future event) was predicted. Sampling was based
on suspicion and a future outcome was predicted. Al-
though it is not fully clear from the publication, it can
be assumed that most patients were not treated for
osteoporosis. Consequently, the study is a cohort study
to assess prognostic accuracy (see Table 2 figure b).
The last example study [39] included men of at least

40 years (suspicion), who had results of a blood draw
from a larger population-based cohort study. Patients

with prostate cancer (outcome event) were sampled and
matched to patients without prostate cancer (no out-
come event, controls). The prostate-specific antigen levels
(index test) of the prior blood draw were categorised and
compared. Participants were untreated, sampling was based
on outcome and a future outcome is predicted. Conse-
quently, the study is a (nested) case-control study to assess
prognostic accuracy (see Table 2 figure d).

Limitations
Our algorithm only covers the basic design features of
test accuracy studies. Further criteria exist that are
important for the risk of bias assessment and for

Table 3 Examples for the different accuracy study types

Example
study

Population Diseases
/outcome

Index test Reference
test/outcome

Time between
Index and
reference test

Sampling Type

1 [30] Kidney
transplant
recipients
aged ≥
50 years

Colorectal
caner

Faecal
immunochemical
testing

Colonoscopy
with
histological
evaluation

Directly referred to
reference after
receiving the index
test

All kidney transplant
recipients aged ≥ 50 years

Diagnostic
accuracy cohort-
type cross-sectional
study

2 [31] Attended a
memory clinic

Alzheimer
dementia

Cognitive test Clinical
diagnosis of
Alzheimer’s

Reference test and
index test during
outpatient visit

Three age matched
controls were selected for
each patient with
Alzheimer’s disease

Diagnostic
accuracy case-
control type cross-
sectional study

3 [32] Age 50–
90 years

Osteoporotic
fractures

Prognostic model Hip fracture 5 years All patients in a payer
provider health
organisation

Prognostic
accuracy cohort
study

4 [33] Men ≥
40 years

Prostate
cancer

Prostate specific
antigen screening
using blood
draws

Prostate
cancer
diagnosed
using biopsy

Mean 7.1 years 540 cases and 1034
controls matched for age
and date of blood draw

Prognostic
accuracy case-
control study

Table 2 Study designs to assess test accuracy
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assessment of confidence in the body of evidence. In
particular, the sampling method is important in this re-
spect. Cohort type studies with a consecutive or random
sample (e.g. one arm of a randomised controlled trail) are
considered to provide least biased information on test
accuracy. In addition, the study population should be rep-
resentative for the target population so that externally
valid accuracy measures can be obtained [27, 29, 33, 40].

Conclusion
We suggest an algorithm for the classification of test ac-
curacy studies in systematic reviews. We hope that it will
facilitate and improve consistent classification of test ac-
curacy studies in systematic reviews. Future studies
should test the practicability and reliability of the classi-
fication algorithm.
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