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With the increasing focus on machine learning
algorithms, the number of risk prediction models for
clinical diagnostic or prognostic outcomes is growing

rapidly. Information on model performance in applied
publications on clinical prediction models is chaotic
with large variation in the number and selection of
reported performance measures. Guidance around
the relevance of available performance measures is
important especially with clinical prediction models
considered as medical devices. Topic group 6 from
the STRATOS initiative provides a network to develop
such guidance.

Together with experts from the machine learning
field, we reviewed 32 key performance measures
and accompanying plots [1]. This project updated an
overview from 2010 that did not cover the machine
learning perspective [2]. We focused on measures
for prediction models with a binary diagnostic or
prognostic outcome that are intended to be deployed
in practice to support clinical decision-making. We
illustrate claims using simulations and a case study
in which the ADNEX risk model for ovarian cancer
diagnosis is externally validated [3].

First, we outlined five domains of model performance
under which individual measures can be classified.
Discrimination addresses the extent to which the
model can distinguish (‘discriminate’) between
patients with the event and patients without the
event. Calibration addresses the extent to which
estimated probabilities are reliable: among individuals
with an estimated probability of the event of 5%,
do we observe that 5/100 have the event? Overall
performance evaluates the closeness of event
probabilities and event status (O or 1). Overall
performance reflects discrimination and calibration.
Classification quantifies the extent to which actual
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event outcomes correspond to classifications of
individuals as low or high risk of the event using a
probability threshold. Clinical utility assesses the
extent to which these classifications may lead to
better decisions. This decision-analytic performance
goes beyond the other domains that focus on
statistical performance.

Performance measures should exhibit two desirable
characteristics: properness and focus. A proper
measure yields the optimal value for the correct
model, i.e. the model that yields correct probabilities
conditional on the predictor variables. For focus,

we consider that performance measures should
either focus solely on a statistical aspect or decision-
analytic performance by properly considering
misclassification costs, i.e. the differential costs of a
false positive (suggesting intervention in someone
without the event) and a false negative (suggesting no
intervention in someone with the event).

Fifteen measures violate one or both key
characteristics. Thirteen of the 32 measures are
improper: all 11 classification measures and 2 out of 9
overall performance measures (discrimination slope and
mean absolute prediction error). Some classification
measures are proper only if the probability threshold is
0.5 or equal to the event proportion, yet this is rarely a
clinically relevant threshold.

Three measures have no clear focus because they
poorly address misclassification costs (AUPRC or the
area under the precision-recall curve, partial AUROC
or the partial area under the receiver operating
characteristic curve, and the F1 score). Notably, the
F1 score violates both characteristics and is therefore
the most misleading performance measure. This

is remarkable since it is commmonly reported in the
machine learning literature.

In the case study, we externally validated the ADNEX
model twice: the ADNEX model as is, and a recalibrated
version of ADNEX. We observed that recalibration
improved or did not change the value of proper
measures. As expected, (semi-)proper measures

whose value did not change were rank preserving
measures such as AUROC. In contrast, recalibration
worsened model performance for 8 of the 13 improper
measures. This illustrates that improper measures can
be misleading by favoring the poorer model.

For reporting, we suggest a set of measures and
plots: (1) a risk distribution plot, (2) the AUROC (or
the c statistic), (3) a flexible calibration plot, and (4) a
clinical utility measure such as net benefit or expected
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cost in combination with a decision curve to evaluate
model-based decision making for a range of relevant
values for the differential costs of false positives and
false negatives. Exception can be motivated, e.g. for
the pair of sensitivity and specificity and the pair

of positive predictive value and negative predictive
value. These four measures are partial classification
measures in that they deliberately condition on event
status (sensitivity and specificity) or classification
status (positive and negative predictive value). In
isolation, these four measures are improper, but

they may be valuable to report descriptively in pairs:
sensitivity and specificity together, and/or positive
and negative predictive value together.

We hope that focusing on a core set of informative
performance measures with desirable characteristics
will streamline reporting of clinical prediction models,
thereby reducing arbitrariness and deception.
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Table. Recommendations and remarks for different
measures and plots in the context of validating a
prediction model to support clinical decision making.
Reproduced with minor technical or grammatical
adaptations from [1] (CC-BY license), no changes to
the contents or recommendations were made.
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Measure / Plot Recommendation Remark
DISCRINIMATION
This measure quantifies discrimination, which i a key component of
AURQC Recommencied statistical model performance.
1 These measures attempt to move beyond a statistical assessment but
AUPRC and pALIROC Inadvisabile wiolate decision-analytic princpbes.
ROC curve and PR curve Hﬂhﬂ:‘;ilnl lid These plots provide limited additional information over AURGC.
CALIBRATION
O:E ratio Meither inadvisable nor  This measure is interpretable but provides only 8 partial assessment of
) essentaal calibration; O:E ratio is often 1 or ebase to 1 during internal validation,
1 cept Meither inadvizable nor  These measures ane hard to interpret and provide a partial assessmant
gllibl-ﬂtli::lrtﬂl wd essential of calibration; for internal validation, quantifylng calibration slope can
ope be used to gauge averfitting [a need for "shrinkage’).
; inadvicat These measures summarize calibration plots, concealing the nature
ECI, ICI, and ECE HEM“:;;IHE s and direction of miscalibration, and struggle with statistical
ORIy,
Thee st insightful approach to assess calibration, In particular when
" - — smaathing & used rather than grouping; far intermal validation,
?I.h{ plct {or reflability Recommended reporting anly the cabibration slope is acceptable; for external
iagram) walidation, a calibration plot is strongly recommended, with
indications of uncertsinty [e.g. 95% confidence intervals).
OVERALL PERFORMANCE
Loglikelthood, Brier, and R- hisal W adwise to evaluate discrimination and calibration separately, These
squared measures [McFadden, HEI‘I.'I'IE_I'iII'Ii le nor measures are more relevant for moded selection tasks, which are
Can-Snell, Magelkerke] BSSeNIE: beyond the scope of this work.
Discrimination slope and Inadvisable These measunes ane improper; Le. values can be better for incorrect
MAPE imgdels than for the cornect mode.
Displaying the distribution of the risk estimates for each outcome
Risk distribution plots Recommended category provides valuable insights into a models behavior,
Classification accuracy,
balanced accuracy, Youden bnsiiviiiila These measures are improper at clinically relevant decision
index, DOR, kappa, F1, and threshalds; in addition, some measures are hard to inferpret,
MCC

Sensitivity {or recall) and

Mot essential; can be

Although improper on their own, they can be reported descriptively if

Fici descriptive if reported reported together. Howewer, these messures are thearetical as they
sparticiy together condition on the autcome,
Not essential; can be Although improper on their awn, they can be reported descriptively if
PPV (or precision] and NPV descriptive if reported reported together. PPV and NPY are practical measwres because they
“:EE““EF condition on the classification.
e Meither inadvisable nor  Classification plots plot could be presented descriptively, showing
Classification plat atcantial either sensitivity and specificity of PPV and NPV by threshald,
CLIMICAL UTILITY
important measures to guantify to what extent better decisions can
NB, standardized NB, or EC Rdsns ed be made with support of the model. Decision curves of MB allow ane
{with a decision curve) to show potential clinical wtility at various clinically relevant decisian

thresholds relative to default decisions (and competing models).

AURDE, area under the receiver operating characteristic [ROC) curve; AUPRE, area under the precision-recall (PR} curve; pAURDE, partial
AURDC: : BECI, estimated calibration index; 1), integrated calibration index; ECE, expected calibration error; B2, R-squaned; MAPE, mean
absolute prediction error; DOR, diagnestic odds ratio; MCC, Matthew's correlation coefficient; PPV, positive predictive value; NPY, negative
predictive walue; MB, net benefit; EC, expected cost.
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