International Journal of Medical Informatics 219 (2026) 106538

Contents lists available at ScienceDirect

informatics

Y International Journal of Medical Informatics
ELSEVI

{ 5
ER journal homepage: www.elsevier.com/locate/ijmedinf

L))

Check for

Why almost all ML models for medicine are wrong-and what we need for | dpdete
evidence-based medical Al

Federico Cabitza®"* ©®, Giuseppe Jurman®P, Filippo Molinari9, Riccardo Bellazzi®

a Department of Informatics, Systems and Communication, University of Milano-Bicocca, Viale Sarca 336, 20126, Milano, Italy
b Digital Health and Wellbeing Center, Fondazione Bruno Kessler (FBK), Via Sommarive 18, 38123, Trento, Italy

¢ Department of Biomedical Sciences, Humanitas University, Via Rita Levi Montalcini 4, 20072, Pieve Emanuele, Italy

d Department of Electronics and Telecommunications, Politecnico di Torino, Corso Duca degli Abruzzi 24, 10129, Torino, Italy
¢ Department of Electrical, Computer and Biomedical Engineering, University of Pavia, Via Ferrata 5, 27100, Pavia, Italy

HIGHLIGHTS

« Most medical ML models rest on fragile evidence from noisy labels, poor thresholds, unstable metrics, and weak validation.
« Evidence-based medical Al demands rigorous ground truthing, calibration, uncertainty reporting, and external validation.

« Clinical utility assessment and post-deployment monitoring are essential but largely neglected in current ML pipelines.

« A call to researchers, reviewers, users, and vendors to debate and raise methodological standards in medical Al
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Machine learning (ML) models are increasingly proposed to support clinical decision-making, yet their evidentiary
basis remains weaker than their publication volume suggests. This editorial argues that the problem is not only
translational, regulatory, or infrastructural, but methodological. Many medical ML pipelines rely on uncertain
ground truths, optimize performance around clinically irrelevant thresholds, report unstable or prevalence-
dependent metrics, neglect calibration and uncertainty, and lack rigorous external and temporal validation. These
weaknesses produce optimistic estimates that do not reliably anticipate performance in heterogeneous clinical
settings. We call for an evidence-based medical AI grounded in more reliable annotation practices, explicit model-
ing of uncertainty, clinically meaningful threshold selection, calibration and decision-utility analyses, robustness
testing, external validation on independent datasets, and post-deployment monitoring. The editorial also invites
authors, reviewers, users, and vendors to adopt stricter standards so that predictive models can become credible,
accountable, and clinically useful tools in everyday practice, rather than merely publishable artifacts.

Over the last decade, thousands of Machine Learning (ML) models
have been developed to support medical decision- making. Many of these
studies have been published in high-impact journals, often accompanied
by claims of unprecedented accuracy, and potential clinical utility [1,2].
Yet, very few of these models have been prospectively validated, ex-
ternally replicated, or integrated into routine clinical workflows with
measurable impact on patient outcomes, costs, or satisfaction [3,4]. The
problem is not merely a matter of translation, regulation, or infras-
tructure. It lies at the heart of the current ML development pipeline
itself, which is based on methodological assumptions that are rarely

met in medicine. As a result, most ML models for medicine are method-
ologically fragile: they are trained and evaluated on unreliable ground
truths, optimized on inappropriate decision thresholds, assessed with
inadequate metrics, and validated on datasets that do not represent the
diversity and uncertainty of real clinical settings. In short, they are of-
ten wrong in ways that matter, and their clinical application is therefore
unreliable.

The first and perhaps most fundamental flaw concerns ground
truthing. Supervised ML pipelines assume that correct and objective la-
bels are available, against which models can be trained and predictions
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can be evaluated. This assumption is largely untenable in medicine [5,6].
Diagnostic categories are often fuzzy, operational, or provisional; clini-
cal gold standards frequently rely on subjective expert interpretation;
even laboratory and imaging findings, usually considered objective,
are affected by pre-analytical, analytical, and peri-analytical variabil-
ity [7,8]. Inter-observer variability among specialists is well documented
across domains—from radiology to pathology to clinical examination—
often reaching levels that would be unacceptable in other scientific
fields [9,10]. Reliance on single-expert labels, or on retrospective diag-
noses of uncertain accuracy, introduces irreducible noise and systematic
biases into the training data. Addressing this requires deliberate method-
ological choices: involving multiple expert annotators with appropriate
aggregation schemes, using post-mortem diagnoses when available, and
explicitly modeling the intrinsic uncertainty of medical data instead of
hiding it behind a veneer of categorical labels.

A second critical issue is threshold optimization and decision pref-
erences. Current ML pipelines tend to optimize global metrics such as
the Area Under the Receiver Operating Characteristic Curve (AUC),
which implicitly assumes that all decision thresholds are equally rel-
evant [11,12]. However, physicians never treat thresholds as neutral.
Different clinical contexts reflect different trade-offs between false pos-
itives and false negatives, often in non-linear and context-dependent
ways. For many tasks, clinicians operate within ranges of acceptable
thresholds, reflecting perceptions of severity, risk, and downstream
consequences rather than point estimates [13,14]. In other words, de-
cision thresholds reflect values and have ethical implications [15].
Consequently, evaluating models on global AUC is misleading. Models
should be selected based on local AUROC values or average net ben-
efit scores computed within clinically meaningful threshold ranges.
Performance reporting should also reflect these ranges, rather than ab-
stract averages across all possible thresholds. Articles should explicitly
state which clinical decision-making trade-offs are implicated by the use
of the ML model, and how these trade-offs informed model development,
threshold selection, and performance reporting.

Third, current evaluation practices rely heavily on threshold-
dependent (e.g., sensitivity, specificity, balanced accuracy) and/or
prevalence-dependent metrics (e.g., positive predictive value, accuracy,
F1 score, MCC). These metrics are unstable: they can change dramat-
ically across settings with different disease prevalence, case mix, or
workflows [16]. For instance, accuracy can be artificially inflated un-
der class imbalance, PPV can drop sharply in low-prevalence contexts,
and MCC varies systematically with the base rate despite its reputa-
tion for robustness. Moreover, threshold-dependent metrics are often
computed at an arbitrary cut-off of 0.5, which rarely corresponds to ac-
tual decision trade-offs. In addition, the prevalence in the evaluation
set may not reflect the real-world event rate, or may even be unknown
or unpredictable ex ante, limiting the practical relevance of these met-
rics for anticipating real-world performance. Reporting net benefit and
accuracy at clinically relevant decision thresholds, and across credible
context-specific prevalence rates derived from sensitivity and specificity
estimates obtained from representative evaluation sets, would be an ob-
vious and reasonable practice; yet it remains rarely adopted. Likewise,
calibration—the agreement between predicted probabilities and ob-
served event frequencies—constitutes a more robust and transportable
property [17]. Calibration should not be assessed globally alone, but lo-
cally, around the decision thresholds that matter for clinical practice.
Models should also be evaluated for clinical utility, through decision-
analytic frameworks, and for robustness, i.e., their ability to maintain
performance on naturally variable, heterogeneous, or out-of-distribution
(OOD) data [18-20].

A fourth methodological weakness lies in the common practice of
reporting performance metrics as point estimates only, thereby over-
looking the statistical uncertainty associated with finite, and often
limited, evaluation samples [21]. Reported values for accuracy, AUC,
sensitivity, or calibration are usually presented as single numbers with
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excessive apparent precision, often to two or three decimal places, with-
out confidence intervals or other measures of variability. Comparisons
between models are then made on the basis of these point estimates, as if
they were exact quantities rather than uncertain statistics derived from
finite samples [22]. This practice is particularly problematic because
many evaluation datasets are both clinically homogeneous, as discussed
above, and too small to provide reliable estimates of model performance.
Without appropriate uncertainty quantification, such as confidence or
credible intervals and statistical tests for paired comparisons, claims of
superiority between models are at best overstated and at worst mislead-
ing. Recognizing and transparently reporting the inherent uncertainty
of performance estimates is essential to avoid spurious conclusions and
to support evidence-based model selection.

Fifth, external validation is rarely conducted properly. Many studies
test their models on held-out splits from the same population used for
training, or on temporally separated but otherwise similar cohorts [23].
Such validation strategies provide little evidence about model perfor-
mance in different hospitals, health systems, or populations. External
validation—performed on datasets collected independently, under dif-
ferent conditions, ideally prospectively—is essential to assess gener-
alizability and to avoid self-referential performance inflation [24,25].
Without rigorous external validation, reported metrics are best inter-
preted as upper bounds under idealized conditions, not as reliable
estimates for deployment.

A further striking but often overlooked weakness is the disregard
for the temporal dimension of clinical data and the inevitable perfor-
mance degradation over time. Most models are developed and evaluated
on historical datasets as if data distributions were static. In reality,
clinical practice, diagnostic criteria, population characteristics, labora-
tory technologies, and disease prevalence all evolve. These temporal
shifts, well documented in empirical studies [26], can rapidly erode
model performance after deployment. Yet most development pipelines
do not include temporal validation, prospective evaluation, or post-
deployment monitoring, implicitly treating accuracy as an intrinsic and
stable property of the model rather than a contingent and time-sensitive
one. Incorporating temporal validation strategies and mechanisms for
recalibration and continuous monitoring is both feasible and essential to
produce models that remain reliable over time. In other words, Machine
Learning Operations (MLOps) are an essential requirement for the suc-
cessful deployment of any machine-learning model in real-world clinical
settings [27].

Taken together, these flaws undermine the credibility, replicability,
and practical relevance of a large share of the current literature on
ML for medicine. They lead to optimistic but fragile findings, overfit-
ted to methodological conventions rather than clinical needs. Worse,
they waste time, data, and human effort, contributing to a literature
that accumulates more claims than evidence.

A core but often underappreciated implication follows from the
widely endorsed call to train models on real-world clinical data.
If supervised ML is expected to make predictions from measure-
ments and records as they are produced in routine practice—with all
their operational constraints, heterogeneous workflows, and imperfect
documentation—then the training signal should also be understood as
intrinsically imperfect. In medicine, this imperfection is not an exception
but a structural feature: measurements embed random and systematic
errors; labels are frequently provisional, ambiguous, or contingent on
evolving diagnostic criteria; and the same clinical state can legitimately
be associated with different codes depending on context and expertise.
Paradoxically, many current pipelines seek clinical realism in the in-
puts while implicitly assuming quasi-experimental cleanliness in the
targets. This mismatch motivates a more explicit methodological re-
search agenda in medical ML, including: (i) robust learning under noisy,
incomplete, or corrupted data; (ii) learning under dataset shift, including
distributional and covariate shift adaptation; (iii) uncertainty quantifi-
cation and propagation in supervised and unsupervised learning; (iv)
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learning from noisy, soft, probabilistic, or partially labeled data; (v) prin-
cipled modeling of annotator disagreement and label aggregation; (vi)
calibration, reliability analysis, and evaluation metrics aligned with clin-
ical decision-making; and (vii) out-of-distribution detection and robust
generalization. Without sustained progress on these fronts, real-world
datasets risk becoming a rhetorical requirement rather than serving
as a foundation for reliable, transportable, and clinically accountable
evidence.

If medical Al is to deliver on its promises, we need to rethink the
pipeline. This involves: (i) improving ground truthing through multiple
expert annotations [10] and the explicit modeling of uncertainty [28];
(ii) aligning optimization objectives with clinically meaningful thresh-
old ranges; (iii) shifting evaluation from threshold-dependent accuracy
metrics to calibration, utility, reliability, and robustness [19,29]; (iv)
explicitly reporting the decision-making trade-offs associated with the
clinical application of the learned model, including their implications
for threshold selection; (v) mandating rigorous external validation [24];
and (vi) transparently reporting all these aspects [30]. But this is not
merely a technical upgrade to adopt. Scientific communities and their
main venues of dissemination—especially leading journals in medical
informatics and biomedical engineering—must assume responsibility
for increasing methodological rigor. Specifically, we argue that top-tier
journals should require stricter acceptance criteria, mandating exter-
nal validation on adequately large independent datasets, robustness
analyses across diverse clinical settings, and transparent reporting of
calibration and uncertainty. At a minimum, studies should include ex-
ternal validation on sufficiently large independent datasets, robustness
analyses across heterogeneous subgroups and settings, and transparent
reporting of calibration and uncertainty [29]. These requirements would
help shift the field from the proliferation of unverified claims to the
consolidation of reliable evidence, enabling the scientific community to
identify truly promising models worthy of further clinical investigation
and adoption.

In short, we need to move from a publication-driven model de-
velopment culture to an evidence-based medical AI [31], one that
accumulates credible and actionable findings to inform design, regu-
lation, and adoption decisions. This editorial is also intended as an
invitation to research groups that share these concerns, in medical Al
as well as in machine learning applied to other critical domains, to pro-
mote initiatives that raise awareness among colleagues, reviewers, users
of predictive models, and institutional decision-makers; to encourage
more rigorous development and validation practices; to demand stricter
methodological standards in the review of specialized articles; and to re-
quest greater transparency from vendors that embed predictive models
in decision-support tools. Only through explicit scholarly positions and
candid debate can we improve the quality of our work and its impact
on the everyday practices of professionals who make critical decisions,
increasingly also in light of the outputs of Al-enabled systems. This is
a necessary agenda to produce ML systems that actually improve out-
comes, reduce costs, and increase the satisfaction of clinicians, patients,
and health systems alike.
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