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Abstract

The level of evidence (LOE) grading system for European Society of Cardiology (ESC) Clinical Practice Guidelines (CPG) classifies the quality of the 
evidence supporting a recommendation. However, the current taxonomy does not fully consider the optimal study design necessary to establish 
evidence for different types of recommendations in ESC guidelines. Therefore, two separate task forces of clinical and methodological experts were 
appointed by the CPG Committee, with the first tasked with updating the LOE grading system for therapy and prevention and the second respon
sible for developing a LOE grading system for diagnosis and prediction. This report from the second of these Task Forces develops a new system for 
diagnostic tests and prediction models which maintains the three-level grading structure to classify the quality of the evidence but introduces new 
definitions specific for diagnosis and prediction. For diagnostic tests, LOE A represents conclusive evidence of adequate diagnostic ability from at 
least two high-quality studies. Level of evidence B represents suggestive evidence from one high-quality or at least two moderate-quality studies. 
Level of evidence C represents preliminary evidence not classified as A or B, including evidence from less than two moderate-quality studies, or 
from expert consensus. For prediction models, LOE A represents conclusive evidence of adequate predictive ability from at least one high-quality 
derivation and two or more external validation studies of at least moderate quality. Level of evidence B represents suggestive evidence in one or 
more derivation studies and one or more external validation studies of at least moderate quality. Level of evidence C represents preliminary evi
dence not classified as A or B, including evidence from a derivation study of at least moderate quality, but with low quality or no external validation, 
or a derivation study of low quality.
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Graphical Abstract

Level A

Level B

Level C

Diagnostic
test

Conclusive evidence of adequate
diagnostic ability from at least
two high-quality studies.

Suggestive evidence of adequate
diagnostic ability from a single high-
quality or at least two moderate-
quality studies.

Preliminary evidence of adequate
diagnostic ability from a single
moderate-quality study, any number
of low-quality studies, or expert
consensus.

Prediction model (including 
diagnostic and prognostic models)

Conclusive evidence of adequate predictive 
ability from at least one high-quality derivation
study, and two or more external validation 
studies of at least moderate quality.

Suggestive evidence of adequate predictive 
ability from one or more derivation and one
or more external validation studies of at least 
moderate quality.

Preliminary evidence of adequate predictive 
ability from a derivation study of at least 
moderate quality, but with external validation 
absent or in a low-quality study; or a derivation 
study of low quality (irrespective of external 
validation).

Level of 
evidence

Revised levels of evidence grading system

The revised level of evidence grading system.
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Introduction
The European Society of Cardiology (ESC) is a professional medical 
society that has published Clinical Practice Guidelines (CPG) on the 
prevention, diagnosis, and treatment of cardiovascular diseases since 
1994.1 These cover a wide range of topics, including the management 
of stable and acute coronary syndromes, heart failure, arrhythmias, 
hypertension, valvular heart disease, congenital heart disease, and 
cardiovascular prevention. Each guideline is developed by a task force 
composed of experts in the relevant area, including as necessary cardi
ologists, surgeons, allied healthcare professionals, patients, clinical trial
ists, epidemiologists, and methodologists. Each guideline undergoes a 
rigorous review process involving experts and representatives from 
up to 57 National Cardiac Societies of the ESC. A strict declaration 
of interest policy is enforced for both task force members and re
viewers. All recommendations must receive at least 75% of the task 
force members’ votes to be approved.

The ESC uses a three-tiered level of evidence (LOE) grading system, 
which classifies the quality of the evidence supporting each recommenda
tion in a guideline. The current criteria for each LOE was first published in 
2000 as part of the ESC guidelines on the management of acute coronary 
syndromes without persistent ST segment elevation2 based on written re
commendations of the ESC Committee for Scientific and Clinical Initiatives 
which were made available on the ESC website in the same year.1 Since 

then, the LOE system has been widely adopted and used in nearly all sub
sequent ESC guidelines without major adaptations.3

A limitation of the current LOE system is that it is uniformly applied to 
recommendations covering therapy, prevention, diagnosis, and predic
tion.4 However, the optimal study designs necessary to establish evidence 
for therapy and prevention vary from those necessary to establish evi
dence for diagnosis or prediction, where randomized controlled trials 
are not central. For example, in relation to diagnostic tests and prediction 
models the current LOE does not specify the appropriate study design, 
methodology, and the quality needed to classify the evidence for such re
commendations. As a result, with the current system, LOE A is rarely 
achieved for diagnostic tests and prediction models, while LOE B might 
be achieved by underpowered studies of suboptimal quality.

In view of these limitations, the ESC CPG Committee appointed a 
methodology task force and requested its members revise the LOE 
grading system as it relates to therapy and prevention (Part I) and to 
diagnostic tests and prediction models (Part II). The objective of the se
cond phase of the task force’s work was to develop a new LOE concept 
to inform guideline recommendations for diagnostic tests and predic
tion models. The concept was collaboratively developed through a pro
cess that involved six collective meetings of the task force members 
over a span of eight months. The drafting of the text was undertaken 
by a writing group (E.D.A., L.P., C.B., and E.B.P.), and subsequently re
viewed by all members of the task force. The new LOE system was 
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subjected to an impact assessment to evaluate its influence on LOE in 
previous guidelines. The document underwent a rigorous peer review 
process involving expert methodologists and the CPG Committee, and 
the final document was approved by the ESC Board.

Definitions of diagnostic tests and 
prediction models
Diagnostic tests
A diagnostic test is a measurement or a combination of measurements 
which is used to help make a diagnosis of a given disease or condition. 
Diagnostic test studies commonly focus on evaluating the accuracy and 
reliability of the test in making a disease diagnosis, i.e. the focus is on as
sessing the performance of the test where the ‘true’ disease status is 
determined using a reference standard approach.

Prediction models
Prediction models include any statistical model that uses single or 
multiple measurements to give a probability estimate or other 
probability-related quantity and includes both diagnostic and prognostic 
models. A diagnostic prediction model estimates the probability that a 
target disease or condition is already present in an individual (e.g. the 
Wells criteria for pulmonary embolism5), whereas a prognostic model 
estimates the probability a target disease will occur in the future (e.g. 
SCORE26 or CHA2DS2-VASc7). The statistical modelling commonly in
volves regression approaches, but may only provide a ‘scoring’ or classi
fication rule to guide diagnosis or quantify future risk. As previously 
described,8,9 diagnostic and prognostic prediction models have similar 
characteristics, with both aiming to estimate the probability of a clinical 
condition, either being currently present or potentially occurring in the 
future, and similar considerations are necessary when evaluating the evi
dence for their adequate performance. In contrast to diagnostic tests, as
sessing the evidence for prediction model quality involves two-fold 
consideration of (i) the quality of the data and methods used to create 
the model (derivation) and (ii) the quality of the data and methods 
used in the independent assessment of predictive ability (validation).

The current guidance relates to the assessment of evidence relating 
only to the ability of a diagnostic test or prediction model to identify 
the current or future presence of a clinical condition. It does not relate 
to the ability of the test or model usage to improve or prevent the clinical 
outcome through resulting intervention. Such a connection between 
tests/models and clinical outcomes typically operates indirectly, mediated 
by these treatment choices, and unlike therapeutic interventions (i.e. 
treatments), diagnostic tests and prediction models are seldom subjected 
to randomized controlled trials where outcome prevention is assessed.10

Therefore, the appraisal of the evidence for tests or models requires a 
different approach than the assessment of the evidence for treatments, 
which are mostly tested using randomized clinical trials. However, if a 
diagnostic test or prediction model is an integral part of an intervention 
strategy, directly influencing treatment decisions and risk of outcomes, 
evidence supporting its use in preventing or improving outcomes should 
be assessed according to the same standards as for other therapeutic in
terventions. This aligns with the principles outlined in Part I of the up
dated ESC LOE grading system (insert ref when available).

Overview of the new level of 
evidence grading system
The LOE grading system for diagnostic tests and prediction models is 
presented in Table 1. It provides a standardized approach for evaluating 
the strength of evidence in ESC guidelines relating to the use of diagnos
tic tests or prediction models. Accompanying criteria for defining qual
ity of studies and diagnostic or predictive ability are described in the 
‘Explanatory notes’.

Description of levels of evidence for 
diagnostic tests
Level of evidence A
Level of evidence A applies to conclusive evidence of the diagnostic ability 
of a test, which is unlikely to be refuted in a future study of the same test 
in a similar population of individuals that are representative of the target 

Table 1 New levels of evidence grading system for diagnostic tests and prediction models

A study is defined as a single dataset from a distinct study population.
Level of evidence C includes all forms of evidence that are not classed as A or B.
The given criteria can also be applied to evidence comparing diagnostic tests or prediction models to assess evidence for preferential use of one test or model over another.
aCriteria for defining quality of studies and adequate diagnostic or predictive ability are described in the ‘Explanatory notes’.
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clinical population. A conclusion of adequate diagnostic ability from at 
least two independent high-quality studies is required to merit LOE 
A. Each study should be assessed for quality, to confirm there is no im
portant source of bias resulting from study design and participant selec
tion, practical execution of study methods, or analysis of data. What 
constitutes adequate diagnostic ability, high-quality data (including data 
size and statistical power), and lack of bias is context specific, and criteria 
for defining these requirements are provided in the ‘Explanatory notes’.

Level of evidence B
Level of evidence B applies to evidence that is suggestive but not con
clusive, and further research, if conducted, could conceivably result in 
changes to the recommendation. Here, the demonstration of adequate 
diagnostic ability is limited to either a single high-quality study (and 
therefore generalizability of findings is not ensured) or two or more 
studies of at least moderate quality, in which each has a non-negligible 
potential for bias but when combined the replication of adequate diag
nostic ability reduces the chance of clinically important bias.

Level of evidence C
Level of evidence C is the lowest LOE and represents preliminary find
ings on diagnostic ability from studies and scenarios that do not meet 
the criteria for LOE A or B, including findings based on expert consen
sus. Either bias cannot be ruled out or generalizability to the clinically 
relevant population is not ensured, or both. Further studies are needed 
to determine true diagnostic ability.

Description of levels of evidence for 
prediction models
Level of evidence A
Level of evidence A applies to conclusive evidence of the predictive abil
ity of a prognostic model, which is unlikely to be refuted in a future 
study of the same model in a population of individuals that are repre
sentative of the same target clinical population. Derivation of the model 
should be from at least one high-quality study. In addition, to ensure evi
dence is reliable, demonstrating adequate predictive ability in external 
validation studies is also necessary. External studies should be from 
data sources collected independently from those used for model devel
opment, and a withheld portion of data (split sample) from the original 
development dataset is not classed as an external study. A conclusion of 
adequate predictive ability from two or more external studies of at least 
moderate quality is required. All derivation and external validation stud
ies should be assessed to confirm there is no important source of bias 
resulting from study design and participant selection, practical execu
tion of study methods, or analysis of data. What constitutes adequate 
predictive ability, high-quality data (including data size), and lack of 
bias is context specific, and criteria for defining these requirements 
are provided in the ‘Explanatory notes’.

Level of evidence B
Level of evidence B applies to evidence that is suggestive but not con
clusive, and further research, if conducted, could conceivably result in 
changes of the recommendation. Here, adequate predictive ability is de
monstrated in (i) one or more risk model derivation studies of at least 
moderate quality and (ii) one or more external validation studies of at 
least moderate quality. The presence of only one external validation 
study reduces confidence in the generalizability of findings to other ex
ternal clinically relevant populations. Nevertheless, in this situation 

predictive ability will have been demonstrated in both derivation and 
external validation studies, thereby providing some evidence of gener
alizability and consistency across two independent studies. Likewise, for 
each individual study of moderate rather than high quality the potential 
for bias may be non-negligible, but replication of adequate predictive 
ability in two settings reduces the chance of clinically important bias.

Level of evidence C
Level of evidence C is the lowest LOE and represents preliminary find
ings on predictive ability from studies and scenarios that do not meet 
the criteria for LOE A or B. These may include findings of adequate pre
dictive ability in a single model derivation study only, with external val
idation either absent or in a low-quality study, or any situation where 
the derivation study is of low quality (irrespective of external valid
ation). In this case, optimism and bias cannot be ruled out, and gener
alizability to the clinically relevant population is not ensured. Further 
studies are needed to determine true predictive ability.

For each LOE, the commonality across diagnostic tests and prediction 
models is the number of external validation studies which demonstrate 
adequate diagnostic or predictive ability. Level of evidence A requires 
two external validation studies and LOE B only one. Validation across 
at least two external validation studies provides evidence of generalizabil
ity, which is particularly important when a test or model is recommended 
for use in multiple populations or countries. However, the required qual
ity of these studies differs between the diagnostic test and prediction 
model categories. Lower quality is accepted for external validation of 
prediction models, since adequate performance must also be demon
strated in the model derivation study; the demonstration of predictive 
ability in both derivation and external validation data sources increases 
generalizability, provides evidence against overfitting, and lowers the 
chance of clinically relevant bias, therefore offsetting the need for the 
more stringent study quality criteria used for diagnostic tests. It should 
also be noted that the term study implies analysis of a single data source 
from a distinct population. Some single publications may report findings 
on diagnostic or predictive ability from multiple distinct data sources, 
each of which should be classed as a separate study for the purposes 
of determining the LOE. For example, the publication describing devel
opment of the SCORE2 10-year risk prediction algorithms includes evi
dence of predictive ability from several high-quality derivation and 
external validation data sources6 and so is sufficient to conclude LOE A.

Explanatory notes
Guidance is provided in the following sections on criteria relevant for 
assessing data quality, and the diagnostic ability of tests and predictive 
ability of models. Tables 2 and 3 summarize key criteria and include sep
arate sections on (i) data quality and (ii) diagnostic or predictive ability. 
Each section contains a list of criteria that are classified as either essen
tial or desirable. Criteria can be used to determine adequate diagnostic/ 
predictive performance and data quality in the following way.

Determination of data quality
A study dataset can be defined as: 

(1) High quality: if all essential and most desirable data quality criteria 
are met.

(2) Moderate quality: if all essential but only some desirable criteria are 
met.

(3) Low quality: if not all essential criteria are met.
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Determination of diagnostic or predictive 
ability
Adequate diagnostic or predictive ability can be concluded only if all es
sential criteria are met.

Diagnostic tests: guidance on assessment 
of diagnostic ability
Metrics to assess the diagnostic ability of a test are primarily focused on 
measures of accuracy such as sensitivity, specificity, positive predictive 

value (PPV), and negative predictive value (NPV). Measures of reliability 
may also be reported when repeat testing is available (these include, for 
example, Cohen’s kappa and coefficient of variation). Where a test is 
used to classify patients into categories (e.g. positive, negative, and un
certain), accuracy statistics for more than one threshold can be consid
ered. The combination of sensitivity and specificity as an area under the 
receiver operating characteristic curve may also add confidence to con
clusions since this can demonstrate diagnostic ability over the full range 
of test values. Accuracy metrics will commonly be calculated based on 
the ability of the test to detect the presence of a condition that is de
fined in the study using a measured reference standard. The alignment 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 2 Summary of criteria for assessing data quality and diagnostic ability of diagnostic tests

Domain Criteria Classification: Essential 
(E); Desirable (D)

Data quality Patient selection/study design • Cross-sectional study—consecutive or randomly selected 
individuals with appropriate inclusion/exclusion criteria

E

• Sufficient sample sizea E

• Representative of the target population in terms of disease or 
condition prevalence

E

• Representative of target population in terms of absolute values and 
variance of measurements recorded by the diagnostic test

E

• Representative of the target population in terms of characteristics 
not included in the test measurement (e.g. age, comorbidities, 
socio-demographic characteristics, recent calendar period of data 
collection)

E

Index test • Blinding of ‘true’ disease status/diagnosis when applying the testb D

• Pre-specification of test threshold—rather than determination 
according to test ability (sensitivity/specificity)

D

• Test characteristics (e.g. technology used, consistency, execution, 
interpretation) consistent with that which will be used in practice

D

Reference standard • Reference standard test used to assess the research test under 
study is sufficiently accurate in defining/identifying true presence of 
the condition/outcome

E

• Reference standard results blinded to index test result (i.e. 
reference standard test applied similarly, regardless of index test 
result)b

D

• Condition identified by reference standard is aligned to that which 
will occur in practice, in terms of severity and other relevant 
condition/disease-specific characteristics

E

Flow and timing • Reference standard consistently applied to define true status of 
study participants in terms of timing and standardized application 
methods

D

• All patients included in the analysis with minimal risk of informative 
drop out

D

Diagnostic 
ability

Measure of diagnostic accuracy 
reported: sensitivity, specificity, 
PPV, NPV, AUROC

• Metric of diagnostic ability is quantified and appears sufficientc given 
the clinical context

E

Criteria marked as E are considered essential, whereas those considered desirable are marked D. Some desirable criteria may be considered more important or essential depending on 
clinical context.
aSufficient sample size can be judged by justification in the published work or by calculation using published tools.11

bThese criteria may be considered essential for tests where subjective judgment is required.
cWhich statistics are reported and the required value is specific to the clinical context.
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Table 3 Summary of criteria for assessing data quality and predictive ability of risk prediction models

Domain Criteria Classificiation: 
essential (E); 
desirable (D)

Data Quality Participant Selection • Appropriate study design: 
For diagnostic prediction models: cross-sectional cohort, nested case–cohort, or nested case– 
control study or RCT with appropriate inclusion/exclusion criteria 
For prognostic prediction models: cohort, nested case–cohort, or nested case–control study 
or RCT with appropriate inclusion/exclusion criteria. With RCT, any treatment effects must be 
allowed for, either by excluding participants from the model derivation or adjustment for 
treatment at the analysis stage

E

• Individuals in study representative of the target population considering: 
(i) prevalence (diagnostic model) or incidence (prognostic model) of the condition 
(ii) value and variance of measurements used in the model 
(iii) other characteristics not included in the model (e.g. geographical location of residence)

E

Sufficient sample size for model derivation or validationa [see sections ‘Sample size considerations 
for prediction model derivation (both diagnostic and prognostic models)’ and ‘Sample size 
considerations for model validation (both diagnostic and prognostic models)’]

E

Predictors • Predictors defined and assessed in a similar way for all participants D

• Blinding of the outcome applied when measuring the predictors D

• All predictors available to measure in the target population E

• Predictor characteristics (e.g. definition, technology used to measure, consistency, timing of 
measurement, and interpretation) are consistent with that which will be used in clinical practice

E

Outcome/reference 
standard

• Outcome is determined appropriately according to current clinical practice E

• Reference standard used for outcome ascertainment is sufficiently accurate in identifying true 
presence of the condition/outcome

E

• The reference standard/outcome definition is pre-specified E

• The predictors are excluded from the outcome definition (i.e. are not part of outcome 
diagnosis)

D

• The reference standard/outcome is defined and determined in a consistent way for all 
participants

E

• The reference standard/outcome results are blinded to predictor measurement D

• The time interval between predictor measurement and reference standard/outcome 
assessment is appropriately aligned with the time period over which the model predicts

D

• The condition identified by reference standard/predicted in the study is comparable to that 
which will occur in practice, in terms of severity and other relevant condition/disease-specific 
characteristics

D

Predictive 
ability

Analysis • Continuous predictors maintained without unnecessary categorization, with incorporation of 
non-linear effects where relevant through use of splines or fractional polynomials. If 
categorization is applied, this should be predefined rather than chosen to optimize model fit

D

• Predictors defined consistently in derivation and validation datasets D

• All eligible participants included in the analysis (e.g. not excluded due to drop out during follow-up) D

• Missing data appropriately handled (see section ‘Missing data’) D

• Initial selection of candidate predictors not based on univariable association with outcome. 
Rather, prior evidence should be considered regarding clinical relevance, as well as reliability, 
consistency, applicability, availability, and cost of measurement. This should be followed by 
multivariable modelling

D

• Appropriate handling of data complexity in terms of censoring, competing risks, and sampling 
design

E

Continued
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of the reference standard with presence of the condition of interest is 
crucial to consider. Any mismatch between the two should reduce con
fidence in the values of accuracy metrics obtained. Some reference 
standards will be improved over time, and this should be kept in 
mind when assessing diagnostic ability of historical studies.

The diagnostic threshold level and the reliability of these tools should 
be based on consideration of how the test is to be used in the clinical 
context. For example, sometimes it is more important to rule out a par
ticular disease with high risk of a severe adverse clinical outcome (e.g. 
D-dimer for pulmonary embolism). In this case, a high sensitivity and 
NPV may be most important. Tests that are more invasive have higher 
risk of harms, which must be balanced against the harm associated with 
misdiagnosis due to alternative test options that are less invasive but 
also less accurate. These include both the harms of a ‘false-negative’ 
and ‘false-positive’ test result. We acknowledge that this description, 
while illustrative, may be simplistic relative to the complexities of clinical 
practice, where tests are most often used as part of multi-component 
diagnostic and treatment algorithms and do not stand alone.

Diagnostic tests: guidance on determining 
data quality for assessment of diagnostic 
tests
Studies for diagnostic tests can be cross-sectional or prospective/ 
longitudinal (where follow-up may be necessary to determine whether 
a condition was present at the time of the test). While in theory nested 
case–control or case–cohort studies can be used if the sampling frac
tion is known and accounted for in the analysis, such study designs 
may lead to optimistic results.14 High-quality studies are those 
which are: 

(1) Sufficiently large in size,
(2) Representative of the target population in terms of the prevalence 

of the condition that the test aims to diagnose (this is particularly 
important for PPV and NPV),

(3) Representative of the target population in terms of the absolute va
lues and variance of measurements recorded by the diagnostic test,

(4) Representative of the target population in terms of other charac
teristics not included in the test measurement (e.g. geographical lo
cation of residence, socio-demographic and ethnic representation, 
recent calendar period of data collection).

Sufficient sample size can be judged based on detail given in the 
study-specific publication as well as published tools.11 Careful consider
ation of points (2), (3), and (4) will be needed in the context of what is 
known about the target population, which is likely to include multiple 
countries. Where possible, reported statistics on disease prevalence 
and test values should be sought in order to judge whether study 
data are representative, although this may not always be available and 
clinical judgement may be needed. A more detailed assessment of po
tential bias and applicability/generalizability can be made for each data 
source, and the way in which it has been utilized, using additional signal
ling questions from the QUADAS-2 tool.14 This tool outlines ap
proaches to assess potential bias and applicability within four 
different domains: (i) appropriate study design and study participant se
lection, (ii) quality and application of the diagnostic test in question (the 
index test), (iii) appropriate definition and use of a ‘reference standard’ 
test to define ‘true’ positives, and (iv) appropriate and consistent appli
cation of study methods to all (flow and timing).

A summary of all the key criteria to be considered in each 
domain, when determining quality of data and diagnostic test ability, 
is given in Table 2, which includes but is not limited to the QUADAS-2 
criteria. Further detail if needed should be sort from the original 
QUADAS-2 publication.14 Supplementary data online, Appendix
contains example applications of these criteria to assess the LOE 
for diagnostic tests.

Prediction models: guidance on 
assessment of adequate predictive ability
Three key criteria should be considered regarding quantitative assess
ment of the performance of prediction model: (i) association of predic
tors with the clinical outcome of interest; (ii) adequate discrimination; 
and (iii) adequate calibration.

Predictors importantly associated with 
the clinical outcome of interest
All included predictors should be individually associated with the out
come being predicted [also see discussion of artificial intelligence 
(AI)-derived models below]. However, the strength and significance 
of the associations is context specific and should not be used in isolation 
to determine the predictive ability of a model. If important non-linear 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 3 Continued

Domain Criteria Classificiation: 
essential (E); 
desirable (D)

• Calibrationb and discrimination assessed using methods appropriate to study design and data 
characteristics (e.g. allowing for time to event, censoring, sampling design, competing risks, etc.)

E

• Optimism allowed for or assessed (model derivation/internal validation only)c E

• Predictor effects/weights fully specified and aligned with final model presented in analysis (e.g. 
not crudely weighted or simplified without re-fitting)

D

Criteria marked as E are considered essential, whereas those considered desirable are marked as D. Some desirable criteria may be considered more important or essential depending on 
clinical context.
aSufficient sample size can be judged by justification in the published work or by calculation using published tools12,13.
bCalibration is only relevant in external validation if the dataset is truly representative of the contemporary target population.
cOptimism assessment may not be necessary for very large studies, or for models developed with simultaneous presentation of results from an external validation in a separate data 
source.
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associations (i.e. stronger associations at certain levels of the predictor) 
and effect modifications (e.g. different associations for men and wo
men) are relevant, these should be included.

Adequate discrimination
Discrimination is the ability of the model to distinguish between indivi
duals who do or do not have the disease outcome of interest. In the 
context of prognostic prediction models, discrimination can include as
sessment of the ability of the model to correctly predict the time order 
of disease outcomes (i.e. to put an individual who has the outcome first 
at higher risk than an individual who has the outcome later). 
Discrimination should be assessed in the context of both (i) internal 
validation in the data used to derive the model and (ii) external 
validation in an independent study.15 Allowance for optimism in dis
crimination should be made in the context of internal validation (see 
section ‘Optimism correction for discrimination or calibration’). 
Demonstration of adequate discrimination using a C-statistic is appro
priate (taking into account the time to event component and censoring 
for survival data with Harrell’s C-index or a time-dependent C-statistic). 
Sensitivity and specificity can be reported if there is a predefined clinic
ally relevant time frame and established risk threshold for risk esti
mates.16,17 Values of C-statistics that constitute adequate predictive 
ability are difficult to define as these will vary with clinical context, 
the consequences of the risk estimate, the disease severity, and poten
tial for harm with inaccurate identification of high- or low-risk indivi
duals. Also of note, differences in C-statistics between models can be 
statistically significant without necessarily being clinically significant 
(see section ‘Assessing evidence for comparison of alternative tests 
or models, or measurement of additional risk predictors’). C-statistic 
values will also vary with the characteristics of the data sample used 
in the way that relative risk estimates do not. For example, among study 
samples that are more homogeneous than those expected in clinical 
practice, discrimination may be lower than might be expected in the 
target population. Also the severity of the observed disease outcome 
(e.g. mortality vs. hospitalization) and timeframe of follow-up may im
pact on observed discrimination (the latter, particularly if risk predic
tors have time-varying effects).18 Testing in a sample representative 
of the target population is therefore ideal.17 A C-statistic value with 
confidence limits overlapping of 0.5 implies that decisions based on 
risk estimation may be no better than chance alone. Values above 0.7 
are typically considered to constitute good evidence for discriminative 
ability; values between 0.5 and 0.7 must be interpreted in the context of 
clinical scenario and representativeness of the sample.

Adequate calibration
Calibration refers to the agreement between the proportion of pre
dicted and observed outcomes. As with discrimination, calibration 
should be checked both in the model derivation study (internal valid
ation) and in an independent external validation data source.15,17 The 
primary aim of internal validation of calibration is to check for model 
mis-specification (e.g. insufficient allowance for non-linear predictor ef
fects or change of effects with age or gender). Allowance for optimism 
in calibration should be made in the context of internal validation (see 
section ‘Optimism correction for discrimination or calibration’). 
External validation of calibration should check for transferability of 
the model to a clinically representative population. External validation 
checks of calibration may result in re-calibrating the model to be 
more appropriate for the target population, in which case this could 
be considered evidence of good calibration for the recalibrated version.

Calibration should be shown graphically, ideally as a smoothed ver
sion over the possible range of risk predictions, and with confidence in
tervals to indicate precision. This should ideally be accompanied by 
simple metrics to indicate absolute degree of calibration, e.g. the cali
bration slope, the ratio of predicted to observed risks, or a summary 
of absolute differences. A single statistical test (P-value) quantifying evi
dence for concordance between observed and predicted risk is less 
helpful since this summarizes statistical significance and not magnitude 
of miscalibration, nor which risk groups have less accurate predictions 
(low vs. high risk). Any miscalibration identified should be considered in 
terms of clinical relevance and potential impact on diagnostic or treat
ment decisions. For example, if miscalibration is only observed in those 
at the extreme upper end of the risk scale, beyond any clinically relevant 
threshold, this may not impact on the conclusion or resulting action. 
Likewise, many datasets will not represent the entire contemporary 
target population if they represent past periods of time or selected sub
sets of the population (e.g. due to eligibility criteria, or healthy volunteer 
bias) and calibration should be interpreted with this in mind.

Optimism correction for discrimination or 
calibration
Prediction models will often perform better in the data source used for 
their derivation, a phenomenon known as optimism,16 commonly due 
to overfitting (overly tailoring the model to the specific-observed data
set). Therefore, in the context of internal validation optimism correc
tion should be applied as appropriate to study size and design; 
bootstrapping or resampling approaches to internal validation are pre
ferred over crude data splitting which can provide inefficient use of data 
and induce model instability.19 Very large studies may not need cross 
validation if evidence of minimal optimism is provided (e.g. a shrinkage 
factor). Likewise, if, during model derivation, predictive ability is also 
tested in an external validation dataset (independent data source), 
this can provide sufficient evidence that the model performance is 
not optimistic. The section on sample size provides further information 
on determination of sufficient data size to avoid overfitting.

Additional desirable assessments of 
predictive ability
The following additional metrics may reinforce the finding of adequate 
predictive ability.

Measure of overall fit
A measure of R2 indicates the amount of variation in the outcome that 
can be explained by the predictors in the model. Various versions have 
been proposed for binary or survival data; the Cox–Snell version may 
have advantages since it can be used for sample size calculations.17 A 
measure of the mean squared error in prediction may also be useful, 
e.g. the Brier score, which summarizes the absolute difference between 
estimated risks/event probabilities and real observed status (0 or 1) 
across all individuals.17

Measures of clinical utility
Net benefit curves (sometimes known as decision curves) can be helpful 
to assess benefit of the model for clinical decision-making over a range of 
thresholds.17 These provide the balance of true positives, minus the false 
positives across a range of risk thresholds, with threshold-dependent 
weighting applied. The inherent assumption with the weighting is that 
the choice for threshold indicates how much more important it is to iden
tify a case than to incorrectly identify a control.
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Prediction models: guidance on 
determining data quality for assessment of 
prediction models
Various aspects should be considered when determining the data qual
ity of studies including: (i) the study design; (ii) how representative the 
study participants are of the target population; and (iii) the sample size.

Study design: diagnostic prediction models
Studies for diagnostic prediction models can be cross-sectional or pro
spective (where follow-up may be necessary to determine whether a 
condition was present at the time of the test) and should allow accurate 
estimation of the outcome prevalence. Case–control studies are gener
ally unsuitable since prevalence and incidence are impacted by design and 
biases may be introduced by measurement of predictors after case ascer
tainment. Nested case–cohorts or nested case–control studies can be 
used if the sampling fraction is known and accounted for in the analysis.

Study design: prognostic prediction models
Studies for prognostic models should be designed such that incidence 
of the relevant outcome can be accurately observed: prospective/ 
longitudinal cohorts, or nested case–cohorts where the sampling 
faction is known and incorporated appropriately into derivation and 
validation analyses. Clinical trial data can also be used provided that 
any intervention as part of the trial either does not impact on the out
come or is appropriately accounted for (either by exclusion of active trial 
arms or appropriate allowance in analysis). However, clinical trial data 
might not be representative of the population to which the prediction 
model is applied, particularly due to inclusion/exclusion criteria.

Participants representative of the target 
population (both diagnostic and 
prognostic prediction models)
Aside from having appropriate study design, high-quality studies are 
those which are: 

(1) Representative of the target population in terms of the incidence of 
the disease outcome which the model aims to predict;

(2) Representative of the target population in terms of other charac
teristics not included in the model (e.g. geographic location, co
morbidity, socio-demographic characteristics, recent calendar 
period of data collection);

(3) Representative of the target population in terms of the absolute va
lues and variance of the input variables used in the model (particu
larly important for validation since measures of predictive ability are 
very sensitive to the distribution of input variables).

How representative studies are should be considered in the context 
of what is known about the target population, which is likely to include 
multiple countries. Where possible, reported statistics on disease 
prevalence and test values should be sought in order to judge whether 
study data are representative, although this may not always be available 
and clinical judgement may be needed. For model derivation, criteria 1), 
2), and 3) can be relaxed if appropriate steps are taken to ensure trans
lation/recalibration of the model to the target population, e.g. a model 
derived in data from one geographical area can be recalibrated to en
sure relevance to the target geographical area(s) using summary statis
tics from the target population. This does not replace the need for 
external validation in a relevant population.

Sample size considerations for prediction 
model derivation (both diagnostic and 
prognostic models)
Defining a sufficiently large sample size required to derive a risk predic
tion model is context specific and depends on a combination of factors: 
(i) the number of outcomes relative to the number of parameters in
cluded in the prediction model, (ii) the total number of study partici
pants included in the model, (iii) the outcome proportion (incidence), 
and (iv) the expected predictive ability of the model. To determine 
whether a study sample size was sufficient for model derivation, calcu
lations can be made using published tools with accompanying software 
to guide this judgement.12,13,20 Research has shown that the crude rule 
of thumb that 10 events per predictor are needed in the dataset is often 
an underestimation of event numbers required to avoid overfitting the 
model and optimism in apparent performance.12,13,21 Very large sample 
sizes will therefore be required when the outcome prevalence or inci
dence is low; this is further exacerbated if included risk predictors have 
low predictive ability. For machine learning approaches to model deriv
ation, over 200 events per predictor may be required.

Sample size considerations for model 
validation (both diagnostic and prognostic 
models)
Previous rules of thumb that >100 events and >100 non-events are 
needed for assessment of discrimination and >200 events and >200 
non-events are needed for calibration assessment are a helpful starting 
point but may be simplistic, and published tools to estimate the necessary 
sample size for a given clinical circumstance are available and ideally pre
ferred.12 To assess calibration of a prognostic model in particular, add
itional consideration of the number of people followed up for the time 
frame of the prediction estimate is important. Observed risk can vary 
widely if few individuals remain in the study at the time point of interest. 
Examination of confidence intervals for observed risks in calibration as
sessments across the range of risk predictions can also reveal precision 
in estimation and whether sufficient data have been included.

A more detailed assessment of potential bias and applicability/ 
generalizability of the studies for prediction model assessment can be 
made using signalling questions from the PROBAST tool.16 This tool 
can be applied after careful definition of the intended use of the predic
tion test, the target population, the predictors that can be measured 
in the target population, and the disease/condition outcome that 
is to be diagnosed or predicted and the reference standard 
approach to outcome determination. A summary of criteria that are 
helpful to assess when determining the data quality and predictive abil
ity of a risk model, including the PROBAST criteria and additional 
points from other relevant published guidance,12,15–17 is given in 
Table 3. Further detail if needed should be sort from the original 
PROBAST publication.16 Supplementary data online, Appendix con
tains example applications of these criteria to assess the LOE for risk 
prediction models.

Additional considerations
Artificial intelligence methods for 
diagnostic tests and risk prediction
Recent years have seen substantial increases in the number of 
AI-based methods proposed for disease diagnosis and prediction of 

Diagnostic tests and prediction models                                                                                                                                                        1903

http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehaf016#supplementary-data


medical outcomes (e.g. AI assessment of medical images for disease 
diagnosis). Such approaches are based on computerized learning of 
trends in the data that are related to the outcome of interest and it
erative minimization of the differences in predicted and observed 
outcomes.

Methodology for AI-based diagnostic testing and prediction model 
development and validation is a developing area of research with 
wide-reaching areas of application. Formal guidance for the use and 
reporting of AI approaches for medical diagnoses and risk predictions 
are under development (STARD-AI, TRIPOD-AI, QUADAS-AI, and 
PROBAST-AI) and should be consulted when available.21–23 The cur
rent report is primarily focused on guidance relevant to non-AI meth
ods for diagnostic tests and prediction modelling. Much of the guidance 
is transferable to AI-based approaches, although some context-specific 
adaptation and additional information may be needed. In particular, the 
sample size needed for model derivation with AI approaches may be 
substantially larger than that needed for traditional statistical models 
to avoid optimism in apparent performance and ensure generalizability 
to target clinical populations.19 Likewise, internal validation approaches 
utilized in the model derivation stage may be different for AI prediction 
schemes. Transparent reporting and justification of the chosen ap
proaches and sample sizes are important considerations when assessing 
the quality of published evidence. Transparent reporting is also import
ant to facilitate the practical implementation of AI-based models and 
improve trust and uptake of these somewhat ‘black box’ style calcula
tions. The initial selection of potential risk predictors may be deter
mined in a more agnostic way for AI models, and prior knowledge of 
association with the outcome and clinical rational for inclusion may 
be less relevant. This is particularly true for large panels of predictors 
(e.g. metabolite assays) or imaging features. In such circumstances, dem
onstration of model stability (consistency in the derived model over 
multiple samples) is particularly pertinent and can be shown using boot
strapping or resampling techniques.19

Missing data
Incomplete data concerning risk predictors and diagnostic features 
within datasets used to either derive or evaluate risk prediction models 
should be appropriately addressed, as relevant to the particular con
text. Missing data in a dataset used to derive a prediction model can 
lead to bias in estimated model parameters and inaccurate prediction 
model derivation. Similarly, missing data in datasets used to validate a 
model can yield biased estimates of model performance. Therefore, 
strategies for managing missing data are imperative. Various methods 
to impute data are possible, with multiple imputation using chained 
equations (MICE) known to be a robust approach when relevant as
sumptions about the ‘distribution of missingness’ are met.24 This assess
ment is context specific. Other imputation approaches can be 
preferred given the specific context, source of data, and characteristics 
of the missing predictors. For all approaches, reporting should be trans
parent with appropriate justification and relevant testing/exploration of 
assumptions whenever possible, particularly when the amount of miss
ing data is substantial. There may be situations where data are likely to 
be missing in patients from the target population when the model is ap
plied in clinical practice. It may therefore be relevant for assessments of 
predictive ability to apply the same approach to dealing with missing 
data as will be used in clinical practice. For example, if a risk predictor 
will be set to a standard value when missing in clinical practice, a similar 
approach applied when validating the model is reasonable, assuming the 
degree and cause of missingness in the validation dataset is similar to 
that expected in practice.

Assessing evidence for comparison of 
alternative tests or models, or 
measurement of additional risk predictors
There may be circumstances where a diagnostic test or prediction 
model should be assessed against alternative tests/models, e.g. adding 
a risk predictor to an existing prediction model. This may be relevant 
for only a subset of the population (e.g. those that are assessed to be 
at intermediate risk using the initial risk assessment model). In such in
stances, the evidence should be evaluated using the same process and 
criteria outlined for diagnostic tests and prediction models, with em
phasis on the evaluation data being representative of the specific target 
population. To quantify improvement in predictive ability, clinically as 
well as statistically significant improvement in measures of discrimin
ation (e.g. C-statistics, sensitivity, specificity) should be demonstrated. 
These metrics can potentially be accompanied by improvements in net 
benefit (e.g. comparison of net benefit curves),19 in absolute risk predic
tion (e.g. using the integrated discrimination improvement), and in risk 
classification [e.g. using the net reclassification index (NRI)].25 Such add
itional assessments should not be used in isolation and are relevant only 
where the dataset is truly representative of the target population. Use of 
the NRI should be limited to situations there are existing clinical risk 
thresholds already proposed or in use.26 What constitutes a clinically 
relevant improvement in discrimination is often difficult to define, and 
modelling to translate potential statistically significant improvements 
into tangible benefits to case identification may be necessary. Benefits 
to clinical performance should ideally be weighed against feasibility, ac
ceptability, infrastructure needed for, and cost of risk assessment.

Consideration of competing risks
In the context of prognostic models, the presence of competing events in 
the derivation dataset may influence the risk estimates provided by the 
fitted model.27 A competing event is that which precludes the occur
rence of the event of interest.28 For example, a non-cardiovascular death 
would be considered a competing event if it occurs before, and therefore 
precludes the observation of a cardiovascular disease event. There may 
be circumstances where the incidence of competing events is substantial 
enough to importantly inflate the risk estimates provided by the model, 
and correction for this in the statistical modelling may be appropriate. 
Such a correction allows risk estimates to be interpreted as ‘the probabil
ity of the relevant outcome occurring in a certain period of time given 
that the competing event may happen first’. Without a competing risk 
adjustment, estimates from the model can be interpreted as ‘the prob
ability of the relevant outcome occurring in the theoretical situation in 
which experiencing the competing event is impossible’. The choice of 
model may be context specific. If a true event probability is desired 
and competing event occurrence is substantial, then competing risk ad
justment should be applied. Conversely, a more accurate picture of an 
individual’s underlying disease-specific health status may be captured by 
a model that is not adjusted for competing risks. Likewise, if the incidence 
of competing risks is small, then models without competing risk adjust
ment are sufficient. If a prediction model has been derived using ap
proaches that adjust for competing risks, then any accompanying 
validation approaches (i.e. discrimination and calibration assessment) 
should account for competing risks in a similar manner.

Discussion
In this paper, we present a new system for assessing and grading evi
dence relating to diagnostic tests and prediction models to be applied 
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in future ESC guidelines. The task force acknowledged and valued the 
widespread acceptance of ESC three-tiered system, which has been 
used in ESC guidelines for over 20 years, and the proposed system 
therefore retains the hierarchical three LOEs ranging from A to 
C. The new system provides specific criteria for each LOE, considering 
factors such as adequate study design, methodology, quality, and the ab
sence of major bias (Graphical Abstract). The proposed system aims to 
improve the reliability and accuracy of guideline recommendations in 
cardiovascular medicine. ‘Explanatory notes’ provide additional infor
mation to enable guideline task force members to understand the ra
tionale of the grading system and use it appropriately.

The new LOE grading system for diagnostic tests and prognostic 
models could lead to upgrading of the evidence for some recommenda
tions from LOE B to A, as well as to downgrading of the evidence for 
some recommendations from LOE B to C. These changes in LOE could 
potentially reflect the uncertainty derived from applying a grading sys
tem that was originally designed for evidence related to interventions to 
evidence related to diagnosis and prediction.

While the upgrading of the evidence for diagnosis and prediction 
from LOE B to A reflects the quality of the underlying evidence and 
the recognition of the specific methods and study design necessary 
to establish evidence for diagnosis or prediction, the downgrading for 
some recommendations from LOE B to C could be perceived as a 
weakness. However, it is essential to understand that this is not a short
coming of the current guidelines themselves but rather a reflection of 
the limitations of the underlying evidence and tools used for evaluation 
of evidence that become more evident when applying the revised LOE 
grading system. Therefore, no change to previously published guidelines 
is needed; the upgraded LOE will be implemented in future guidelines 
only, starting with those published in 2026.

Limitations of the revised level of evidence 
grading system
The focus of the revised LOE does not address in detail new analytical 
methods for diagnosis and prediction, such as those based on AI. As 
more experience is gained on this type of methodology, the grading sys
tem and the accompanying guidance might need to be adapted. 
Furthermore, the task force emphasized stringent criteria, recognizing 
that this approach might sometimes result in assigning a lower LOE 
than that which could be inferred from the overall body of evidence. 
The task force preferred to err on the side of caution rather than assigning 
an inappropriately high LOE to a recommendation. These priorities were 
closely linked to the need for a grading system that can be used relatively 
easily by clinical experts who contribute to the development of ESC CPG.

It is important to note that the LOE provided here may not offer a clear 
classification in every instance. There will be areas open to interpretation, 
which is an inherent challenge. While the class of recommendation should 
generally align with the LOE, other considerations can and should be fac
tored in. Each guideline’s task force will need to offer recommendations 
and guidance based on their best assessment of the evidence and their un
derstanding of clinical realities. The ESC guideline development process, 
which involves the careful selection of experts for each task force and a 
rigorous review process, ensures that the final recommendations and 
corresponding LOE are robust and well-informed.

Conclusions
The ESC has recognized the limitations of the current LOE grading sys
tem and developed a revised, standardized approach to evaluate the 

strength of evidence in their guidelines. The proposed system for the 
first time provides specific criteria for assessing evidence of diagnostic 
tests and prognostic models. The proposed system considers quality 
of studies, external validation, and presence of bias and is accompanied 
by guidance on how to apply these criteria for future ESC guidelines 
task forces.
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Supplementary data are available at European Heart Journal online.
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