
Dear Editor,
Machine learning (ML) is increasingly proposed for clin-
ical risk prediction in emergency and critical care, includ-
ing the triage of undifferentiated patients,1 yet reported 
performance may be inflated by avoidable methodolog-
ical weaknesses. A systematic review found that studies 
of supervised ML models were frequently poorly report-
ed, methodologically weak, and at high risk of bias.2 
Overfitting, in which a model captures sample-specific 
noise rather than reproducible signal, is a recurrent cause 
of this over-optimism.3,4 Of 606 COVID-19 prognostic 
models in a living systematic review, 545 were at high 
risk of bias, inadequate sample size being the common-
est cause (n=408, 67%),5 a concern reiterated in recent 
guidance on sample size for artificial intelligence-based 
models.6 High reported discrimination should therefore 
be read with caution.

A frequent, under-recognised source of bias is data 
leakage. When class-imbalance correction, feature se-
lection, or normalisation is applied to the whole dataset 
before cross-validation rather than within each fold, the 
held-out observations contaminate model development. 
In radiomics, oversampling before cross-validation pro-
duced a positive bias of up to 0.34 in the area under the 
receiver operating characteristic curve (AUROC), attrib-
utable purely to this leakage.7 All preprocessing, feature 
selection, resampling, and hyperparameter tuning should 
therefore be confined to the training data and repeated 
within each resampling iteration, as the signalling ques-
tions of PROBAST+AI now make explicit.3,4,8 If a hold-
out set is nonetheless used, partitioning should be at the 

patient level, so that all records from one individual, such 
as repeated images or admissions, stay within a single 
partition; otherwise information leaks across sets and per-
formance is again overestimated7.

Randomly splitting a single dataset into training and 
test subsets does not constitute external validation, be-
cause both subsets share one data source, and it is statis-
tically inefficient, particularly in small or moderate-sized 
datasets.3,9 Splitting removes data from development, 
increases overfitting, and leaves a test set too small for 
reliable estimation; it can also be repeated until favour-
able results emerge, an approach analogous to p-hacking.3 
These problems are magnified in small samples, where 
predictions become unstable and the estimated risk for 
one individual may span almost the entire probability 
scale.6 Where feasible, bootstrapping, with every model-
ling step repeated in each bootstrap sample, or properly 
nested repeated cross-validation uses the available data 
more efficiently.3,4

Evaluation based solely on AUROC or accuracy is 
inadequate. A model may discriminate well yet be badly 
miscalibrated, systematically overestimating or underesti-
mating risk and, in critical care, prompting inappropriate 
escalation or withholding of care; calibration is never-
theless assessed far less often than discrimination.10 The 
Hosmer–Lemeshow test is sensitive to arbitrary grouping 
and sample size and does not describe the extent or di-
rection of miscalibration; calibration curves are therefore 
preferable.10,11 Authors should instead report a flexible 
calibration curve, calibration-in-the-large, and the cali-
bration slope.10,11 The Brier score may be added as a mea-
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sure of overall prediction error, but because it captures 
discrimination and calibration jointly, it should not be in-
terpreted as a pure measure of calibration.4,12

Accuracy is particularly misleading under class im-
balance, which is common for outcomes such as in-hos-
pital cardiac arrest. Although imbalance corrections are 
routinely imported into ML pipelines, evidence from 
standard and ridge logistic regression shows that random 
undersampling, random oversampling, and SMOTE can 
substantially worsen calibration without improving dis-
crimination, thereby reducing clinical utility.12 Clinical 
usefulness should additionally be assessed through deci-
sion curve analysis.4,10

Model complexity should be justified rather than as-
sumed. A systematic review of direct comparisons found 
no consistent evidence that ML outperforms logistic re-
gression for clinical prediction,13 while flexible algo-
rithms have greater sample-size requirements to achieve 
comparable stability and calibration.6 Where strategies 
perform similarly, the simpler model is preferable at the 
bedside.4 Comparisons must also be fair: setting a new 
model’s internally validated performance against an es-
tablished score’s externally validated performance is 
inappropriate, and head-to-head comparison should be 
performed in a dataset independent of both development 
cohorts.9

We therefore urge editors and reviewers to promote 
consistent use of two complementary resources: TRI-
POD+AI for transparent reporting,14 and PROBAST+AI 
for assessing methodological quality, risk of bias, and 
applicability.8 Claims of clinical readiness should be 
constrained until a model has been externally validated, 
ideally by independent investigators, and, where feasible, 
prospectively evaluated for clinical impact.3,9 External 
validation has historically been uncommon: in a PubMed 
search covering 1961 to 2019, only 5% of prediction 
model studies mentioned it in the title or abstract.9 One 
performed within the development programme should not 
preclude subsequent independent assessment.3,9 Applying 
these standards would help ensure that reported perfor-
mance reflects genuine clinical value for critically ill pa-
tients rather than an artefact of study design.
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