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ARTICLE INFO ABSTRACT
Key words: Robust assessment of artificial intelligence (AI) models in medical imaging is paramount for reliable clinical
Artificial Intelligence integration. This international collaborative review paper provides an overview of key evaluation metrics across

Diagnostic Imaging
Machine Learning
Computer-Assisted

diverse tasks, including classification, regression, survival analysis, detection, and segmentation, as well as
specialized metrics for calibration, foundation models, large language models, and synthetic images. Challenges
Algorithms of comparing models statistically and translating metric scores to clinical practice are also discussed. For each
Reproducibility of Results section, the paper outlines fundamental metrics, identifies common pitfalls and misapplications, and offers
Evaluation Studies as Topic recommendations for more robust evaluations. Key recommendations often involve utilizing multiple, comple-
Sensitivity and Specificity mentary metrics tailored to the specific task and dataset properties, transparent reporting of methodology, and
critically, considering the clinical utility and real-world implications of model performance. Ultimately, effective
evaluation requires a comprehensive, context-aware approach that goes beyond statistical metrics to ensure
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model trust and clinical relevance. The authors hope this review will serve as a practical reference for researchers
aiming to implement robust and clinically meaningful Al evaluations in medical imaging.

Introduction

Artificial intelligence (AI) has rapidly become a transformative force
in medical imaging, enabling diverse applications such as disease clas-
sification, lesion detection, image segmentation, prognosis estimation,
and synthetic image generation [1-3]. As these AI tools are being
increasingly adopted in clinical practice, the need for rigorous, reliable,
and context-sensitive evaluation is not merely important but essential
for ensuring their safe and effective deployment [4-6].

The current performance evaluation of AI models predominantly
relies on quantitative metrics. However, the utility of these metrics is
often constrained by their variability across different task types, data-
sets, and underlying methodological assumptions [7-10]. This challenge
is further compounded by the recent advent of foundation models and
generative Al, which introduce novel complexities for robust perfor-
mance measurement [11]. Crucially, inappropriate metric selection or
flawed application can lead to misleading interpretations of model
performance, potentially impacting downstream clinical decisions and
patient care [8,10].

A comprehensive understanding of evaluation metrics, including
their strengths, inherent limitations, and appropriate use-cases, is
indispensable. This review aims to bridge the current gap by providing a
structured overview of key performance metrics relevant to most com-
mon Al tasks in medical imaging. For each section, we will introduce
fundamentals about metrics, delineate common pitfalls in metric
application, and offer actionable recommendations for robust and clin-
ically meaningful model assessments.

Classification metrics
Fundamentals

The robust assessment of classification models is paramount in
medical imaging Al, as the choice of metrics can considerably influence
the interpretation of model performance and subsequent decision-
making. Classification metrics evaluate how well a model assigns in-
puts to appropriate categories and are typically divided into those
derived from a fixed decision threshold (often confusion matrix-based)
and those that summarize performance across multiple thresholds
(Table 1) [8].

The confusion matrix compares model predictions to a reference
standard, yielding values such as true positives, false positives, true
negatives, and false negatives. From these, commonly used fixed-
threshold metrics, such as accuracy, sensitivity, specificity, predictive
values (positive and negative), F1-score, and Matthews correlation co-
efficient (MCC), are derived. Definitions and characteristics are pro-
vided in Table 1.

In binary classification tasks, models produce probability scores
(either directly or through post hoc calibration) for each class. By
varying the decision threshold, one can compute multi-threshold (or
threshold-agnostic) metrics, such as the area under the receiver oper-
ating characteristic curve (AUROC) and the area under the precision-
recall curve (AUPRC) [12]. While these metrics aggregate perfor-
mance across all thresholds, they do not reflect performance at a specific
operating point, unlike fixed-threshold metrics such as accuracy or
F1-score.

Pitfalls and misapplications

A primary pitfall in evaluating classification models stems from class
imbalance within the dataset (Fig. 1), which often reflects the natural

prevalence of the conditions being studied. When one class substantially
outnumbers the other(s), accuracy can be directly skewed, presenting a
deceptively optimistic view if the model simply predicts the majority
class [13].

Similarly, AUROC can be misleading in imbalanced scenarios. While
it offers a threshold-independent measure of overall discrimination, it
may remain high even if the model performs poorly on the minority
(often critical) class. This is because AUROC includes true negatives,
which dominate in such datasets, thus inflating the score [14].

The underlying population prevalence of the condition under study is
a critical factor, particularly when assessing a model’s real-world clin-
ical utility. Positive and negative predictive values (PPV/NPV) are
inherently dependent on this prevalence [15]. Ignoring this dependency
when interpreting PPV/NPV or applying them to populations with
different prevalences without appropriate consideration constitutes a
significant misapplication and can lead to erroneous conclusions about a
model’s performance in specific clinical contexts.

In multiclass classification, a common pitfall is the uncritical use of
averaging strategies (macro, micro, weighted) for metrics such as pre-
cision, recall, F1-score, and AUROC. Without specifying these methods,
results can misleadingly suggest balanced performance while masking
poor outcomes in underrepresented classes [16].

Recommendations

In imbalanced classification tasks (Fig. 1), relying solely on accuracy
is inadvisable because of its tendency to be misleadingly high. Given
AUROC’s potential to mask poor minority class performance, as previ-
ously discussed, a more insightful evaluation can be achieved using
AUPRC, which better reflects a model’s ability to identify rare positive
instances [14,17].

AUPRC emphasizes the trade-off between precision (the proportion
of true positives among all positive predictions, also called PPV) and
recall (the proportion of actual positives correctly identified, equivalent
to sensitivity). Because it excludes true negatives, it is often more
informative than AUROC when the positive class is rare. As shown in
Fig. 2, the baseline for AUPRC (random performance) corresponds to the
prevalence of the positive class, providing a clearer benchmark for
evaluating model performance in rare event detection.

When evaluating performance at a specific decision threshold, which
is often crucial for practical applications, the F1-score offers a balanced
assessment of the positive class by harmonizing precision and recall.
MCC provides another robust, threshold-dependent measure, yielding a
high score only if the model performs well across all four confusion
matrix elements relative to class sizes [18,19].

PPV and NPV should be considered when clinical decision thresholds
and disease prevalence are relevant, such as in screening or triage ap-
plications [20].

In multiclass setting, one should specify the averaging method used
and align it with the task [16]. Macro-averaging is suited for imbalanced
data where all classes are equally important. Micro-averaging captures
overall performance but may hide minority class deficiencies.
Weighted-averaging reflects real-world class distribution. Reporting
per-class metrics and confusion matrices is also essential for trans-
parency in multiclass setting.

Regression metrics
Fundamentals

Regression analysis is used in machine learning to predict a
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Table 1
Overview of the common classification metrics.
Category Metric Definition and Formula
Characteristics
Confusion Accuracy Proportion of correct (TP + TN) / (TP +
matrix- predictions TN + FP + FN)
based (fixed Sensitivity True positive rate TP / (TP + FN)
decision (Recall)
threshold) Specificity True negative rate TN / (TN + FP)
Balanced Mean of sensitivity and (Sensitivity +
accuracy specificity; useful for Specificity) / 2 =
imbalanced datasets (TP / (TP + FN) +
TN /(TN +FP)) /2
Positive Probability of disease TP / (TP + FP)
predictive given a positive test
value (PPV;
Precision)
Negative Probability of no TN / (TN + FN)
predictive disease given a negative
value (NPV) test
Fl-score Harmonic mean of 2xTP/(2x TP+
precision and recall; FP + FN))
balances FP and FN
Matthews Balanced measure of ((TP x TN - FP x
correlation binary classifications; FN) / \/ [(TP + FP)
coefficient considers all four x (TP + FN) x (TN
(MCCQ) confusion matrix + FP) x (TN +
elements (TP, TN, FP, FN)]D)
FN)
Multi- AUROC Area under the receiver  See formula in[17]
threshold operating characteristic
curve; threshold-
independent; measures
overall discriminative
ability
AUPRC Area under the See formula in[17]

precision-recall curve;
threshold-independent;
emphasizes model’s
performance on
positive class

TP, true positive; FP, false positive; TN, true negative; FN, false negative

continuous target variable from a set of predictors. Unlike binary clas-
sification, where the target is limited to discrete categories (e.g., benign
vs. malignant), continuous regression output values can span a wide
range. However, the selection of an appropriate evaluation metric is not
straightforward because no single metric universally captures all aspects
of model performance, particularly in contexts with significant clinical
implications.

Positives TN FP FN TP

Balanced 500 450 50 50 450
Imbalanced 1 100 850 50 50 50
Imbalanced 2 50 900 50 25 25
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Commonly employed metrics include mean absolute error (MAE)
[21], root mean squared error (RMSE) [22], derived from mean squared
error (MSE), R-squared [23], and mean absolute percentage error
(MAPE) [24]. Definitions and characteristics are presented in Table 2.

Pitfalls and misapplications

Understanding the pitfalls of common regression metrics is crucial,
especially in clinical contexts, where misinterpretation can have sig-
nificant consequences.

MAE can oversimplify error assessment by treating all errors uni-
formly, potentially underestimating the clinical relevance of large de-
viations in critical diagnostic settings (Fig. 3). For example, consider
Patient A (actual: 6, prediction: 1) and Patient B (actual: 36, prediction:
31), both of whom have an MAE of 5 months. However, a 5-month error
for Patient A, whose actual progression free survival is only 6 months,
represents a gross misestimation with potentially severe clinical conse-
quences (e.g., inappropriate treatment de-escalation). In contrast, the
same 5-month error for Patient B, with an actual progression-free sur-
vival (PFS) of 36 months, might be clinically less impactful in relative
terms. MAE treats both these 5-month errors equally, despite their vastly
different clinical implications.

MSE calculates the average of squared differences between predicted
and actual values, giving more weight to larger errors. RMSE, the square
root of MSE, expresses the error in the same unit as the target, making it
more interpretable in practical terms. However, RMSE emphasizes large
errors and becomes vulnerable to outliers, such as data entry errors or
patients with atypical disease progression, which can skew model
evaluation [21]. For example (Fig. 3), for Patient C (actual: 12, pre-
diction: 3), the model is off by 9 months. The squared error for this single
patient is a substantial 81, heavily penalizing this mistake and signifi-
cantly impacting the overall RMSE. This heightened sensitivity to large
clinical errors can be desirable in high-stakes decisions, where such
deviations are unacceptable.

MAPE becomes unstable when the true target value is close to zero
and is undefined when the true value is exactly zero (as illustrated in the
left panel of Fig. 4, where MAPE explodes as actual PFS approaches 0).
For instance, a model predicting 6 months when the true PFS is 3 months
results in a 100 % prediction error. However, MAPE is undefined when
the true PFS is 0 and becomes unstable when the true PFS is very low,
which may occur in patients with highly aggressive disease. MAPE can
also be biased because the actual value is in the denominator, it tends to
penalize under-predictions (prediction < actual) more heavily than
over-predictions (prediction > actual) of the same absolute magnitude.

Accuracy AUROC S:(:re MCC AUPRC
0.9 0.99 0.9 0.8 0.991
0.9 0.972 0.5 0.444 0.833

0.925 0.974 0.4 0.37 0.75

Fig. 1. Impact of class imbalance on classification metrics. While accuracy and area under the receiver operating characteristic curve (AUROC) remain high across
scenarios, increasing imbalance leads to sharp declines in F1 Score, Matthews correlation coefficient (MCC), and area under the precision-recall curve (AUPRC),
revealing deteriorated performance on the positive class. This highlights the limitations of AUROC and accuracy in imbalanced settings, where metrics focused on the
minority class provide a more informative evaluation. Please note that the AUROC and AUPRC values shown are illustrative and not derived from the confusion
matrix alone. TN, true negative; FP, false positive; FN, false negative; TP, true positive.
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Model 1: PR (Positive Class Focus)
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Fig. 2. Comparison of receiver operating characteristic (ROC) and precision-recall (PR) curves for two models under class imbalance. Model 1 shows high AUROC
(0.95) indicating strong overall separation, but lower AUPRC (0.58) due to reduced precision on rare positives. Model 2, an ideal (and unrealistic) classifier, achieves
perfect AUROC and AUPRC (1.00), consistently identifying positives with no false positives. PR curve baseline reflects the prevalence of the positive class (0.05),

while the ROC diagonal indicates random performance.

Table 2
Overview of common regression metrics.

Metric Definition and Characteristics

Mean absolute error (MAE)  Average of absolute differences between predictions

and true values

Root mean squared error Square root of the mean squared differences
(RMSE)

Mean absolute percentage
error (MAPE)

R-squared (R?)

Average of absolute percentage errors

Proportion of variance in the target explained by the
model; indicates goodness of fit (proportion of
variance explained, 0 —1)

R-squared might appear high even if predictions are clinically
inadequate, especially when the dataset contains a narrow range of
target values (as depicted in the right panel of Fig. 4). Conversely,
extreme outliers can substantially reduce R-squared, even when most
predictions are accurate. R-squared can also be inflated by including
many irrelevant features, which may lead to overfitting. Importantly, R-
squared does not indicate whether the model’s predictions are biased (i.
e., systematically too high or too low).

Recommendations

Given the distinct sensitivities and limitations of each metric, relying
on a single metric can be misleading. A comprehensive evaluation
typically involves a combination of metrics interpreted within a specific
clinical or research context. The following recommendations address the
specific pitfalls discussed.

To address MAE’s insensitivity to error magnitude and its potential
to overlook critical large errors, it is recommended to combine MAE
with clinically weighted error metrics or integrate domain-specific
thresholds that reflect real-world implications [25].

To mitigate RMSE’s disproportionate sensitivity of RMSE to outliers,
which can distort the perceived model performance, robust pre-
processing methods, such as outlier detection and removal, or employ-
ing robust variants of RMSE, such as Huber loss [26], are advisable.

To counteract MAPE’s instability with low or zero true values and its
asymmetric penalization, modified metrics like symmetric MAPE
(sMAPE) or mean absolute scaled error (MASE), which handle zero and
near-zero values more robustly, are recommended [27].

For R-squared, especially given its potential for misinterpretation
with narrow data ranges or inflation due to many predictors, using
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MAE treats errors for Pt A (Actual: 6, Pred: 1.0) and

Pt B (Actual: 36, Pred: 31.0) equally (5.0 months), despite different clinical implications. 70
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Fig. 3. Pitfalls of mean absolute error (MAE) and root mean squared error (RMSE) in progression-free survival (PFS) prediction as an example use-case. The scatter
plot illustrates predicted vs. actual PFS for five patients (Pt). Although MAE treats all absolute errors equally, it overlooks their differing clinical significance. In
contrast, RMSE disproportionately penalizes larger errors, as seen in Patient C, increasing the overall error estimates owing to its squared component. AE, absolute

error; SE, squared error.
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Fig. 4. Limitations of mean absolute percentage error (MAPE) and R-squared in progression-free survival (PFS) prediction. Left: MAPE becomes unstable and un-
defined as actual PFS values approach zero, exaggerating error estimates for fixed absolute deviations. Right: R-squared can appear high even in clinically unhelpful
models when the outcome range is narrow, potentially masking poor predictive precision within a limited clinical context.

adjusted R-squared, which accounts for the number of predictors,
alongside additional metrics such as RMSE or MAE, is recommended to
obtain a more holistic view of model performance [28]. Visual inspec-
tion of predicted versus actual plots is also vital for detecting biases or
non-linearities not captured by R-squared alone.

Survival metrics
Fundamentals
Survival analysis refers to statistical modeling of time-to-event data,

typically focused on binary outcomes such as death or disease recur-
rence [29]. In medical imaging, Al holds promise for individualized
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Table 3
Key concepts and metrics in survival analysis.

Key Concept/Metric Definition and Characteristics

Event not observed within study time; includes
right, left, or interval censoring.

A single risk score per subject, regardless of time;
used with static models; does not capture
temporal changes.

Risk predictions vary over time (e.g., survival
curves, hazard functions).

Discrimination metric estimating concordance

Censoring

Time-independent output

Time-dependent output

Harrell’s C-index
between predicted and observed outcomes; valid
for time-independent predictions.

Variant of C-index using inverse probability
weighting; preferred when censoring is
substantial or uneven.

AUC computed at specific time points for dynamic
predictions.

Graphical comparison of predicted vs observed
risks.

Statistical test for calibration across risk groups.

Uno’s C-index

Time-dependent AUC
Calibration plot

Hosmer-Lemeshow Test
Brier score Mean squared difference between predicted
probabilities and actual outcomes; combines
calibration and discrimination.

Brier score summarized over time; lower values
indicate better performance across time horizon.
Statistical test comparing AUCs from two models;
not valid for time-varying AUCs.

Measures correct reclassification of risk categories
by a new model.

Quantifies gain in sensitivity minus 1-specificity.

Integrated Brier score
DeLong test

Net reclassification
improvement (NRI)

Integrated discrimination
improvement (IDI)

AUC, area under the curve

prognostication, but robust evaluation of survival models is critical
before clinical use. Evaluation focuses on discrimination (how well the
model distinguishes between outcomes) and calibration (how well pre-
dicted probabilities reflect actual outcomes). Key concepts and metrics
and their definitions are provided in Table 3.

For discrimination, Harrell’s C-index applies to time-independent
risk scores, while time-dependent area under the curve (AUC) is

European Journal of Radiology Artificial Intelligence 3 (2025) 100030

suitable for dynamic predictions [30].

Calibration is commonly assessed via calibration plots, which
compare predicted and observed risks visually. The Brier score provides
a unified measure that reflects both calibration and discrimination.

To compare models, tests such as the DeLong test (for AUCs), net
reclassification improvement (NRI), and integrated discrimination
improvement (IDI) are used to evaluate performance improvements
when adding new predictors.

Pitfalls and misapplications

A major pitfall of the C-index lies in its multiple definitions and
implementations. Harrell’s C-index, though the most commonly adop-
ted, is sensitive to censoring and excludes non-comparable patient pairs,
leading to biased estimates in heavily censored datasets (Fig. 5).
Different C statistics capture distinct aspects of discrimination and those
should not be interchanged or compared without careful consideration
[31].

Time-dependent AUC, while better suited for dynamic predictions,
also suffers from ambiguities in defining event (e.g., death) and no event
groups (e.g., survival) at specific follow-up time. Multiple definitions,
such as cumulative/dynamic (C/D), incident/dynamic (I/D), and inci-
dent/static (I/S), can yield diverging results for the same data, compli-
cating interpretation and reproducibility (Fig. 6) [32].

Calibration plots, while intuitive, are highly sensitive to sample size
and risk group stratification. The Hosmer-Lemeshow test demonstrates
limited sensitivity to calibration issues, tending to yield non-significant
results in small samples and overly significant results in large cohorts
(Fig. 7) [33].

The Brier score, although widely used, depends on prevalence, which
can lead to misleading rankings of models across datasets with different
event rates. This makes direct comparisons challenging, unless addi-
tional decision-analytic measures (e.g., net benefit) are used to evaluate
model’s clinical value [34].

The DeLong test assumes independence between samples (i.e., Sub-
ject 1 should be independent of Subject 2, etc.), as violations can lead to
incorrect variance estimates and p-values. It also requires model-level

Conceptual Impact of Censoring on C-index Estimates

0.90

0.85 1

0.80 \

0.75 A

0.70 A

C-index Value

0.65 A

0.60 -

Harrell's C-index
== Uno's C-index (IPCW)

0.55 T T
0 20

40 60 80

Percentage of Censoring (%)

Fig. 5. Conceptual illustration of how increasing censoring affects C-index (concordance Index) estimates. As censoring increases, Harrell’s C-index shows a pro-
nounced decline, reflecting its sensitivity to incomplete outcome data. In contrast, Uno’s C-index remains relatively stable due to its adjustment for censoring using

inverse probability weighting (IPCW).
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Divergence of Time-Dependent AUC Definitions
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Fig. 6. This conceptual plot illustrates how three definitions of time-dependent area under the curve (AUC), cumulative/dynamic (C/D), incident/dynamic (I/D),
and incident/static (I/S), vary across follow-up time. At time t* = 6.5, each AUC type yields a different value, reflecting differing assumptions about risk sets and
event handling. These distinctions underscore the importance of selecting and reporting an AUC definition aligned with the prediction target and clinical context.
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Fig. 7. Hosmer-Lemeshow test sensitivity to sample size. Calibration plots for small (N = 100) and large (N = 10,000) samples. Despite visible miscalibration, the
small sample yields a non-significant test (p = 0.25), while the large sample shows near-perfect calibration but a significant result (p = 0.01), highlighting the test’s

sensitivity to sample size. Note: A low p-value indicates significant miscalibration.

pairing (i.e., Model A’s prediction for Subject 1 is paired with Model B’s
prediction for Subject 1) to ensure a fair comparison by evaluating both
models on the exact same set of predictions. Also, this test is not directly
applicable to time-dependent AUCs because it is designed for a single,
static AUC value rather than an AUC that changes over time. Similarly,
the use of NRI and IDI in survival settings requires careful methodo-
logical adaptation, particularly when censoring is present [35], because
censoring means event times are not observed for all subjects, compli-
cating the classification of improvement or worsening of risk.

Recommendations

Primary evaluation metrics and their specific variants (e.g., which C-

index, which time-dependent AUC definition) should be pre-specified
prior to analysis. This selection should be justified based on the type
of model output, censoring patterns, and the intended clinical applica-
tion. All chosen metrics should be reported transparently, and their
interpretation must be contextualized within their statistical limitations
[36].

When using time-independent risk scores, Harrell’s C-index remains
an appropriate measure, but it requires cautious interpretation in
datasets with heavy censoring. In such scenarios, Uno’s C-index is rec-
ommended due to its enhanced robustness to censoring patterns (Fig. 5)
[301.

For time-dependent AUCs, researchers must explicitly state the
chosen variant (C/D, I/D, or 1/S), specify the time point(s) of evaluation,
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Table 4
Overview of common detection metrics.

Metric Definition and Characteristics

Precision TP / (TP + FP); measures correctness of detected positives;
high precision = few false positives

TP / (TP + FN); measures completeness; high recall = few
missed detections

Interpolated average of precision values across different
recall levels; summarizes detection performance at various
thresholds; localization evaluated via IoU; different
methods for "interpolated average" (e.g., 11-point
interpolation, or all-points interpolation which is
equivalent to the area under the P-R curve); a way to
summarize the precision-recall curve into a single number.
Mean of AP across all object classes or IoU thresholds;
reflects both precision and localization quality; can be
calculated at a single IoU threshold (e.g., mAP@0.5) or as
an average over multiple IoU thresholds (e.g., mAP@

Recall (Sensitivity)

Average precision (AP)

Mean average
precision (mAP)

[.5:.05:.95])
Intersection over union  Area of overlap / area of union between predicted and true
(IoU) boxes; common criterion for determining correct

localization; typically > 0.5 indicates TP.

Sensitivity vs. average FP per image or patient; suitable for
multi-lesion tasks; more clinically intuitive for tasks where
there can be multiple findings and the negative space is
vast.

Free-response ROC
(FROC)

TP, true positive; FP, false positive; FN, false negative

and provide a clear rationale for these choices. This rationale should be
grounded in the clinical setting and the specific prediction target, given
that interpretations can vary significantly depending on the definition
employed (Fig. 6) [32].

Calibration assessment should prioritize visual inspection of cali-
bration plots, used in conjunction with the Brier score (or the integrated
Brier score for longitudinal assessments). Researchers must exercise
caution and avoid over-reliance on the Hosmer-Lemeshow test p-value,
given its established sensitivity to sample size and binning strategy
(Fig. 7). If this test is utilized, its limitations must be explicitly stated.
The Brier score’s dependence on outcome prevalence should also be
acknowledged, and its interpretability enhanced by contextualizing re-
sults with domain knowledge [34].

Beyond statistical performance metrics, the clinical utility of the
model should be actively assessed. Decision-analytic measures, such as
decision curve analysis for estimating net benefit, provide a valuable
framework for this purpose. Net benefit offers a more clinically relevant
interpretation of a model’s value, especially in comparative model

Large Object Detection
loU = 0.55
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evaluations.

When comparing models, the DeLong test is not suitable for time-
dependent AUCs, requiring different methods [37]. While NRI and IDI
may serve as alternatives, their application requires meticulous
handling of censoring and circumspect interpretation, acknowledging
their respective limitations [35].

Detection metrics
Fundamentals

Evaluating the performance of Al models for detection tasks in
medical imaging, such as identifying lesions or anatomical structures,
requires specialized metrics [38-40]. Unlike simpler classification tasks,
detection involves not only determining the presence of an object but
also its location, often indicated by bounding boxes.

The foundational elements for many detection metrics are based on
the confusion matrix concept [9,41]. In object detection, these are
typically determined by comparing predicted bounding boxes to ground
truth boxes. A prediction is usually considered a true positive if its
intersection over union (IoU) with a ground truth box exceeds a pre-
defined threshold (e.g., 0.5) and it is correctly matched to that ground
truth. A prediction is a false positive if its IoU with all ground truths is
below the threshold, or if it is a duplicate detection of an already
matched ground truth. A false negative occurs when a ground truth
object is not detected by any prediction with sufficient IoU.

A key characteristic of pure object detection problems is the frequent
absence of true negatives, as areas without targets are not explicitly
labeled as such [9,41]. Including true negatives in the evaluation can
artificially inflate metrics like accuracy (which includes true negatives)
and reduce sensitivity to errors in detecting the often much smaller
foreground objects. This is why metrics like accuracy are generally not
suitable for object detection tasks, and why precision-recall based
metrics (like mean average precision (mAP)) are preferred. Common
metrics used in detection evaluation are presented in Table 4.

Pitfalls and misapplications

Evaluating detection models in medical imaging faces several chal-
lenges. There is significant heterogeneity and a lack of standardized
approaches in metric selection and challenge design, making objective
comparisons across studies difficult [9,10,42]. The complex properties
and limitations of various metrics are often not fully understood by

Small Object Detection
loU = 0.12

Result: True Positive
(loU > 0.5)

=0 Ground Truth (50x50 px)
Iz Prediction (50x50 px)

Result: FP/FN
(lou <

=3 Ground Truth (15x15 px)
2 Prediction (15x15 px)

Fig. 8. Illustration of how object size influences intersection over union (IoU)-based evaluation. For large objects, overlapping predictions often exceed the IoU
threshold (>0.5), resulting in a true positive. In contrast, the same degree of misalignment in small objects may reduce the IoU below the threshold, leading to false
positive or false negative classification. IoU, Intersection over Union; FP, False Positive; FN, False Negative.
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Misapplied Segmentation Metric

[ GT BBoxes

Detection Metrics (
GOOD (2 True Positives)

— = Pred. BBoxes Merged Prediction

Segmentation Metric (e.g., Dice):
Potentially HIGH

Detection Outcome: POOR
(e.g., 0 TP, 1 FP, 2 FNs)
Fails to identify distinct instances

MAP):

Fig. 9. Example of metric mismatch in object evaluation. While detection metrics (e.g., mAP) correctly identify two distinct objects, segmentation metrics (e.g., Dice)
may misleadingly report high performance despite merging instances into one region. This highlights the risk of using segmentation metrics for instance detection
tasks. In the misapplied case (right), the merged prediction fails to uniquely match either ground truth object, resulting in O true positives (no prediction sufficiently
overlaps a single ground truth), 1 false positive (merged region does not match any object), and 2 false negatives (both objects remain undetected). mAP, mean
average precision; Dice, Dice similarity coefficient; TP, true positive; FP, false positive; FN, false negative.
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Fig. 10. Free-response receiver operating characteristic (FROC) curve illustrating the performance of a simulated multi-lesion detection model. The curve shows the
trade-off between lesion localization sensitivity (lesion localization fraction, LLF) and average false positives per image or case (FPI). While FROC offers valuable
insight into detection performance, its interpretation can be confounded by several factors (yellow text box in the figure) such as inconsistent true/false positive
definitions, small object sensitivity (e.g., IoU thresholding), and hierarchical data structures. Simply averaging metrics across images without accounting for lesion

counts or localization criteria can lead to misleading conclusions.

researchers and clinicians. Furthermore, no single metric can compre-
hensively capture all desirable aspects of a model’s performance in
terms of detection. Datasets themselves can present challenges, such as
small target structures or high variability in object sizes, which can
disproportionately affect certain metrics [9,39]. For example, Fig. 8 il-
lustrates how a constant pixel offset in a bounding box prediction results
in a much lower IoU for a small object compared to a large one,
potentially leading to the small object detection being misclassified as a
false positive despite reasonable localization accuracy.

Several pitfalls can compromise the validity of detection evaluation.
One significant pitfall is the inadequate choice of problem category,
such as applying metrics designed for segmentation (which focuses on
exact boundaries) to object detection (which prioritizes localization of

distinct instances) (Fig. 9) [8,9]. As shown in Fig. 9, a segmentation
metric like Dice might yield a high score for a prediction that merges two
distinct objects, whereas a detection evaluation would correctly identify
this as poor performance (e.g., one true positive, one false negative, and
potentially a false positive for the merged area, depending on matching
rules) because it fails to identify distinct instances.

Poor metric selection can occur by disregarding the specific
biomedical domain interest (e.g., not accounting for the clinical impact
of different errors), the properties of target structures (like size sensi-
tivity of some metrics), or dataset properties (such as the issue of empty
references or predictions causing undefined metric values) [9].

Issues with metric application include inadequate implementation,
insufficient reporting of variability, and, crucially for detection,
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Fig. 11. Importance of stratified evaluation for understanding model limitations. Precision-recall (PR) curves illustrating overall model performance and a break-
down by object size. While overall performance provides a general overview, subclass analysis reveals substantial performance disparities. AP, average precision.
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Fig. 12. Example of a semantic segmentation task on a 4 x 4 pixel matrix, with
corresponding pixel-level definition of true and false positive and true and
false negative.

inadequate aggregation of scores [8,9]. Simply averaging metrics across
images without considering the number of objects or hierarchical data
structures can be misleading.

Localization criteria themselves, like IoU, can also have pitfalls,
particularly with small structures [9,39]. For example, the
Free-Response ROC (FROC) curve, a common metric for evaluating
multi-lesion detection tasks, illustrates this complexity. As shown in
Fig. 10, while FROC provides valuable insights into the trade-off be-
tween sensitivity and false positives per image/case, its interpretation
requires careful consideration of several potential pitfalls (please see
them in the figure) related to its definition and application.

Recommendations

It is crucial to use multiple, complementary metrics rather than
relying on a single one, selecting them based on their suitability for the
specific problem, dataset, and clinical goals [38,43].

Leveraging structured frameworks like Metrics Reloaded, which uses
a ‘problem fingerprint’ to guide metric selection, can help avoid com-
mon pitfalls and recommend metrics that align with domain interest [8].
Metrics should be applied properly, including aggregating results
appropriately, often per class or instance where applicable, and ac-
counting for data hierarchies [8,9].

Reporting performance variability (e.g., confidence intervals) and
using informative visualizations are also essential for robust evaluation
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[8,10]. Calculating metrics on blinded data and utilizing standardized
open-source tools can enhance reproducibility and comparability.
Evaluating performance on specific subclasses or challenging cases, like
small objects, can provide deeper insights into model behavior (Fig. 11)
[39].

Segmentation metrics
Fundamentals

Image segmentation is a common task in Al applications within
medical imaging. Even when it is not the main endpoint of a research
study or software tool, automated segmentation of one or more struc-
tures within the image represents a common pre-requisite for further
analyses. Therefore, the need for clear quantitative metrics to assess the
reliability of automated segmentation models is paramount to ensure
the robustness of the entire software stack which depends on this output
[44] and ultimately the trustworthiness of downstream analyses that can
directly impact clinical decisions (e.g., treatment planning based on
tumor volume or radiomics modeling).

From a practical perspective, the easiest way to understand semantic
(i.e., pixel/voxel level) image segmentation accuracy metrics is to
envision it as a direct transposition of classification metrics from a pa-
tient or exam level to the pixel one. Imagine each pixel as an individual
data point. The actual or ground truth mask indicates the true class of
each pixel (e.g., background or lesion), often labeled with "0" and "1"
values on a binary mask. At time of inference, the automated segmen-
tation tool’s output will in turn classify each pixel as belonging to one
class or the other. After this process, matching labels will be true posi-
tives (correctly identified lesion pixels) and true negatives (correctly
identified background pixels), while mismatches will produce false
positive (background pixels incorrectly identified as lesion) and false
negative (lesion pixels missed by the model) (Fig. 12). Notably, true
negatives are typically excluded from the common overlap-based metric
formulas discussed below. In medical imaging, the background (true
negative region) often constitutes the vast majority of pixels. Including
true negatives would make these metrics artificially high and less sen-
sitive to errors in segmenting the usually much smaller foreground re-
gions of interest.

For example, the Dice similarity coefficient (DSC), commonly
employed in medical imaging segmentation, corresponds to the F1 score
[45]. Conceptually, DSC relates twice the intersection (true positive,
correctly identified pixels) to the sum of the total pixels in the ground
truth mask (true positive + false negative) and the predicted mask (true
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loU = TP / (TP + FP + FN)
=2.0/(2.0+ 1.0 + 1.0)
=2.0/4.0 = 0.500

=(2%2.0)/(3.0 + 3.0)

DSC = (2 * TP) / (Ground Truth Area + Prediction Area)
=4.0/6.0 =0.667
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Fig. 13. Conceptual diagram illustrating the components for intersection over
union (IoU) and Dice similarity coefficient (DSC) calculations.

2

DS 0

Fig. 14. Visual comparison of the Dice similarity coefficient (DSC) and inter-
section over union (IoU) formulas. DSC (left) effectively relates twice the
intersection (overlap area) to the sum of the individual ground truth (yellow

circle) and prediction (blue circle) areas. IoU (right) relates the intersection to
their combined union (black shape).

positive + false positive).

An alternative accuracy metric is represented by the intersection
over union (IoU), also known as Jaccard Index. IoU measures similarity
by dividing the size of the intersection (true positive) by the size of the

Small Lesion
DSC: 0.49, loU: 0.32

O
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union of the ground truth and predicted areas (true positive + false
positive + false negative). Fig. 13 illustrates their calculation with
respective formulas.

Fig. 14 visually contrasts the calculations of DSC and IoU. The
metrics are directly related by the formula: DSC = 2 * IoU / (IoU + 1).
This means DSC will generally yield higher values than IoU for any
imperfect segmentation, with both reaching 1 for a perfect match.

It should be noted that other discrimination accuracy metrics, such
as precision and recall, are still applicable to segmentation tasks, and
may be included when reporting performance of such tools.

Pitfalls and misapplications

Users should be aware that segmentation metrics, such as DSC and
IoU, do not represent perfect estimates of performance to be used
blindly. Rather, as is often the case, these are measurement tools to be
used within the context of pre-existing domain knowledge and in light of
the question that we wish to answer.

DSC tends to value overlap between predicted and ground truth label
more than absolute precision, while IoU is a more stringent metric from
this perspective. More specifically, IoU penalizes any misclassified pixel
within the union area somewhat uniformly. Consequently, for small
objects, even minor pixel errors (which represent a larger proportion of
the small object) can lead to a significant drop in IoU (Fig. 15). DSC, by
normalizing against the sum of areas (effectively averaging their sizes),
can be less sensitive to the same absolute error in larger objects
compared to smaller ones (Fig. 15).

Recommendations

For segmenting small structures where high boundary precision is
critical (e.g., small tumors, subtle lesions), IoU provides a stricter eval-
uation. For larger structures where overall volumetric agreement is
more important than pinpoint boundary accuracy, DSC might be more
reflective of perceived quality or less punishing of minor boundary
discrepancies.

A second consideration is the overlap-centric nature of DSC and IoU.
These metrics primarily quantify regional agreement and may not
adequately penalize boundary inaccuracies or differentiate error distri-
butions if overall overlap is similar. Thus, visual inspection of segmen-
tations is essential. For applications demanding high boundary fidelity
(e.g., surgical planning, radiomics analysis), supplementing with
boundary-specific metrics like Hausdorff distance or average surface
distance is also recommended.

Segmentation metric interpretation is context-dependent. A good
score varies with anatomical complexity, image quality, and inter-
observer variability, precluding universal thresholds. For instance, a
DSC of 0.7 might be excellent for a highly complex and variable

Large Lesion
DSC: 0.88, loU: 0.79

B Ground Truth Only
B Prediction Only
Overlap

Fig. 15. Effect of lesion size on segmentation metric sensitivity under fixed misalignment. Illustration compares small and large lesion segmentations with the same
absolute spatial offset (e.g., 3 pixels). Despite equal misalignment, intersection over union (IoU) drops more sharply for the small lesion, while Dice similarity
coefficient (DSC) shows a more moderate change. This indicates IoU’s heightened sensitivity to minor errors in small structures.
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Pred. Prob. Bin Patients in Bins Actual Cases |Observed Inc. (%) Calibration
0-10% 30 2 6.7 Good
10-20% 40 6 15.0 Good
20-30% 35 10 28.6 Good
30-40% 25 1% 60.0 Poor
40-50% 20 9 45.0 Good
50-60% 15 7 46.7 Poor
60-70% 10 6 60.0 Good
70-80% 10 8 80.0 Poor
80-90% 10 8 80.0 Good

90-100% 5 5 100.0 Good

Fig. 16. Calibration plot and table for a disease prediction model (n = 200). Calibration assesses how closely predicted probabilities align with actual outcomes, here
represented by the observed incidence of disease within each predicted probability bin. The red curve shows model calibration across bins, while the diagonal line
represents perfect calibration. The adjacent table summarizes the predicted probability bins, number of patients per bin, actual disease cases, observed incidence (%),

and a qualitative assessment of calibration.
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Fig. 17. Reliability diagrams and their pitfalls. Left panel shows an overconfident model (Model A), where the predicted probabilities are systematically higher than
the observed frequencies of positives across bins. This results in a curve that falls below the diagonal, indicating poor calibration despite seemingly high confidence,
which, if ignored or misinterpreted, can lead to pitfalls in downstream decision-making. Right panel demonstrates the impact of class imbalance and bin sparsity
(Model B). Many bins contain very few samples (e.g., n = 1 or n = 2), especially at higher predicted probabilities. This sparsity can cause misleading interpretations

of calibration performance due to high variability.

structure but mediocre for a simple, well-defined one. Therefore, scores
must be interpreted within the specific application context, establishing
task-specific baselines and, ideally, comparing against human inter-rater
reliability (of segmentation result or subsequent analysis, e.g., repro-
ducibility of extracted features from segmentation) for a robust
assessment.

The choice of primary metric, and the interpretation of its value,
should align with the clinical impact of potential segmentation errors.
Small differences might be critical for some applications but negligible
for others. From a practical perspective, DSC is very common in relation
to segmentation while IoU can be found in detection tasks. Being aware
of these conventions can aid in comparing with existing work.
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Calibration metrics
Fundamentals

Calibration metrics play a critical role in evaluating the trustwor-
thiness of probabilistic predictions in medical imaging Al. Calibration
becomes even more crucial when models are deployed in clinical set-
tings where uncertainty quantification is vital, for instance, in triaging
ambiguous cases for expert review or combining Al outputs with clini-
cian assessments [46].

While conventional performance metrics such as accuracy or AUROC
provide insight into a model’s discriminative power, they do not reflect
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Fig. 18. Expected calibration error (ECE)’s sensitivity to binning strategy. Illustrative plot shows ECE varies with the number of bins used. While initially relatively
stable at lower bin counts, ECE becomes increasingly sensitive at higher bin counts, underscoring its dependence on binning strategy.

how well the predicted probabilities align with actual outcomes, which
is an essential aspect in high-stakes medical decisions [46]. Calibration
assesses whether, for example, predictions labeled with a 70 % proba-
bility of disease actually correspond to a 70 % incidence of disease in
reality. Reliability diagrams provide a granular visual tool, plotting
predicted probabilities against observed frequencies to highlight regions
of under- or overconfidence (Fig. 16).

A key metric in this domain is the expected calibration error (ECE),
which summarizes the average discrepancy between predicted proba-
bilities and observed outcomes across multiple bins [47].

Another important measure is the Brier score, which quantifies the
mean squared error between predicted probabilities and actual binary
outcomes [48]. It is a strictly proper scoring rule, meaning it encourages
honest probability estimates by uniquely rewarding the model for
outputting its true estimates about the likelihood of an event.

Various techniques can be applied to improve model calibration,
often post hoc (after initial model training). Common methods include
parametric approaches like Platt scaling [49], non-parametric methods
such as isotonic regression, and Bayesian techniques [50]. These are
increasingly being utilized, particularly when initial model outputs
exhibit poor calibration.

Pitfalls and misapplications

Interpreting calibration plots, such as reliability diagrams, can be
challenging [51]. Visual assessment of deviations from the ideal diag-
onal line can be subjective, varying between observers [52]. Further-
more, the choice of binning strategy for the plot itself (number and
width of bins) can alter its appearance, potentially influencing inter-
pretation [53]. One common pitfall is overconfidence, where predicted
probabilities are systematically higher than observed frequencies,
resulting in a curve falling below the diagonal, as illustrated by Model A
in Fig. 17. This can give a false impression of high confidence despite
poor calibration. Overconfidence may be overlooked, especially when
its effects are subtle or confounded by binning artifacts. Their utility
may also degrade in the presence of class imbalance, very common in
medical datasets [54]. Fig. 17 (right panel, Model B) demonstrates this
impact where, many bins contain very few samples. This sparsity, often
exacerbated by class imbalance, can cause misleading interpretations of
calibration performance due to high variability within those sparse bins,
rendering the perceived fair calibration unreliable [53].

ECE is intuitive and widely used, but it can obscure local mis-
calibrations due to its dependence on binning schemes [55]. Because
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ECE averages errors across all bins, significant miscalibration within a
narrow range of probabilities (i.e., in specific bins) might be numerically
masked or "cancelled out’ by good calibration in other bins, especially if
the overall binning strategy is not granular enough. Fig. 18 graphically
illustrates this sensitivity. This issue highlights the risk of drawing
misleading conclusions about a model’s calibration if the binning
strategy is not carefully chosen, justified, and reported.

The Brier score, while comprehensive, blends calibration and
discrimination [51], limiting interpretability of the model’s calibration
quality unless its decomposed components are analyzed. A lower Brier
score does not necessarily mean better calibration, as it reflects both
discrimination and calibration simultaneously.

Other challenges in calibration for medical imaging AI arise from
small sample sizes, distributional shifts, and overconfident neural net-
works, especially those trained with cross-entropy loss [56-58].

Recommendations

Reporting both ECE and Brier Score (ideally its decomposed com-
ponents: calibration, refinement/resolution, and uncertainty) alongside
visual tools like reliability diagrams is recommended.

The binning strategy (number of bins and how they are defined) used
for ECE and reliability diagrams should always be specified to ensure
transparency and reproducibility.

As Brier score combines calibration with discrimination, extensions
such as the decomposed Brier score can be considered to separate these
components, though this is less frequently reported in medical imaging
literature.

Given the propensity for neural networks, particularly those trained
with cross-entropy loss, to be overconfident, applying post hoc recali-
bration methods is often needed before model deployment in clinical
practice.

Calibration should be rigorously evaluated not only on internal test
sets but also on diverse, representative external datasets. This helps
assess robustness against potential distributional shifts that models are
likely to encounter in real-world clinical scenarios.

Foundation model metrics for medical imaging-related tasks
Fundamentals

Foundation models (FMs) are deep learning models trained on
massive datasets that can flexibly handle various downstream tasks (e.
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Limitations of Task-Based
Evaluation in Foundation Models

Task-specific Metrics
(e.g., accuracy)

y_

- Robustness to distribution shifts
- Sensitivity to prompt variations

Most critical evaluation aspects remain below the
surface, unmeasured by traditional metrics.

Fig. 19. Iceberg illusion in foundation model evaluation. Traditional task-
based metrics may capture only a small visible portion of model perfor-
mance. Critical aspects remain unmeasured and require more comprehensive
evaluation frameworks.

g., classification, segmentation) with minimal task-specific training (i.e.,
continued training on labeled data) [11,59]. Their evaluation introduces
additional complexities compared to traditional AI models, owing to
their scale, emergent properties, and multi-task adaptability. This sec-
tion focuses on image-based and multimodal FMs; text-only FMs (LLMs)
are discussed in the next section.

FMs are typically pretrained using weakly or self-supervised
learning, enabling them to learn generalizable representations without
human-provided labels. These rich representations support performance
across diverse downstream tasks. Their large scale can lead to “emer-
gent” abilities, such as instruction following [60] or zero-/few-shot
generalization [61]. General-purpose FMs can be fine-tuned for medical
domains (e.g., Segment Anything Model [62,63]) and may be uni-modal
[62,64-66] or multimodal, combining images and associated reports
[67-71].

FMs are increasingly being explored for diverse medical imaging
applications, such as disease classification from radiographs [69-71],
segmentation of organs or lesions in MRI or CT [68,72], and genera-
tional tasks like medical report generation or free-text visual question
answering [71]. Each task requires appropriate performance metrics (e.
g., accuracy for classification, IoU for localization). However,
FM-specific attributes, scale, multimodality, zero/few-shot trans-
ferability, and adaptability, necessitate broader evaluations beyond
task-specific metrics, including tests for generalization, representation
quality, and data efficiency.

Emerging benchmarks increasingly cover multiple diverse task types
for the evaluation of a single FM (e.g., segmentation, classification,
outcome prediction). Comprehensive frameworks include the assess-
ment of bias, fairness, toxicity, and robustness [73,74]. Such
multi-dimensional evaluation frameworks are especially important for
clinical AI deployment where safety, bias, and interpretability are
crucial.

The high computational cost of FM training makes studying scaling
laws essential [75]. For medical applications, which are often compute-
or data-constrained, adapting FMs is interesting due to their potential
for greater label efficiency (less labeled training data is needed for
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specific tasks) and computational efficiency (fewer training steps are
needed for adaptation). These can be evaluated by tracking performance
(e.g., accuracy) across decreasing labeled datasets or training steps.
Plotting performance against data, steps, or parameter count then helps
visualize scaling behavior. Additionally, ablation studies can isolate the
contribution of specific components (e.g., attention blocks or
multi-modal inputs).

FM adaptability stems from the quality of their learned representa-
tions. Zero-shot evaluation tests performance on unseen tasks. For
instance, an FM may identify a rare tumor not present in the training
data based on general visual features that favor malignancy. Few-shot
evaluation assesses performance using a small labeled set, via (i)
similarity-based matching, (ii) prompting (without fine-tuning), or (iii)
minimal fine-tuning. In promptable FMs, the choice, type (e.g., text,
points, bounding boxes), and design of prompts can substantially affect
results [62,64,76].

Linear probing evaluates the usefulness of FM features for a specific
task (e.g., classification) by training a simple linear classifier that uses
the FM’s features as input and labeled data as targets [77].

Retrieval-based evaluation assesses how well FM representations
capture concepts by using them to find semantically similar items, e.g.,
identifying CT studies with the same findings, using metrics such as
cosine similarity or CLIPScore [78]. In multimodal settings, retrieval
operates across modalities, for instance to assess image-text alignment, a
critical capability for image-report linking in radiology.

Pitfalls and misapplications

FM evaluation in medical imaging poses specific challenges. Key
pitfalls include over-reliance on task-specific metrics (Fig. 19), which
miss generalization and alignment capabilities and sensitivity of few-/
zero-shot performance to prompt design. Users may also assume
generalizability across tasks or modalities without proper validation.

Table 5 summarizes the evaluation strategies and highlights metric-
specific limitations in detail.

Recommendations

To address the challenges, users should complement standard met-
rics with alignment and representation evaluations, assess label and
compute efficiency, and validate generalization across datasets. For
open-ended, generative tasks like image-grounded report generation,
expert review often remains essential.

Large language model metrics for text-based tasks
Fundamentals

Evaluating LLMs for tasks such as translation, summarization, or
open-ended generation requires metrics that capture both surface-level
accuracy and deeper semantic coherence. The evaluation metrics en-
compasses both traditional metrics, primarily focused on surface-level
agreement (e.g., BLEU, ROUGE) or fluency (e.g., Perplexity), and
newer, embedding-based metrics designed to capture deeper semantic
coherence (e.g., BERTScore, BARTScore) [79-86]. When combined,
these metrics may allow for more nuanced evaluation, especially in tasks
involving paraphrasing, abstraction, translation, or creative generation
of, for example, radiology reports or clinical summaries.

Table 6 details these key evaluation approaches, outlining their
definitions and core characteristics.

Pitfalls and misapplications
While widely adopted, traditional n-gram metrics like BLEU and

ROUGE exhibit limitations in semantic evaluation and often fail to
capture meaning when lexical variation is high [81,87]. These metrics
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Table 5
Evaluation methods, metrics, and challenges for foundation models.

Method /
Evaluation

Type

Considerations &
Challenges

Category Metric

k-shot
evaluation

Transferability Task-specific as
appropriate (e.
g., accuracy,

Dice score)

Performance highly
sensitive to prompt/
example selection and
task setup; measures
generalization with no
(zero-shot) or minimal
adaptation (few-shot).
Few-shot evaluation
also assesses label
efficiency and allows
plotting a performance
metric by number of
few-shot examples
curve.

Evaluates the quality of
base model features;
requires labeled data
and training a simple
linear layer on top of a
(frozen) base FM.
Measures how many of
the total known
relevant items in the
dataset were found
within the top k results.
Sensitive to k. Requires
a labeled database (to
know the total of
relevant items) which
can be costly to create.
Often presented
together with
Precision@ k.
Measures the
proportion of relevant
items within the top k
retrieved results. E.g., if
the query is a chest CT
with pneumonia.
Precision@ 5 = 0.8
means 4 out of the top 5
retrieved CTs show
similar cases. Sensitive
to k.

Evaluates relevance
and ranking order for a
single query; balances
precision and recall.
Average of AP scores
over multiple queries;
aggregate metric for
retrieval system
performance.

Evaluates rank of the

Linear probing Task-specific

Semantic Retrieval
quality &
cross-modal

alignment

Recall@k

Retrieval Precision@k

Retrieval /
Ranking

Average
precision (AP)

Retrieval /
Ranking

Mean average
precision (mAP)

Retrieval / Mean reciprocal

Ranking rank (MRR) first relevant item; best
suited when only the
top result matters (e.g.,
QA).

Clustering Visual analysis, Evaluate feature
normalized quality by assessing
mutual separation of learned
information representations,

(NMI) usually in a lower-

dimensional space.
Common methods
include k-nearest
neighbor (KNN), t-
stochastic neighbor
embeddings (t-SNE)
and UMAP. Allows
visual analysis of how
well different classes
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Table 5 (continued)

Category Method / Metric Considerations &
Evaluation Challenges
Type
are separately
represented by FM
features (e.g., clusters
presenting distinct
anatomical structures).
Sensitive to clustering
algorithm &
hyperparameters.
Scaling Computational Performance Theoretical compute
behavior efficiency (task-specific) by  cost for inference or
FLOPs (floating training pass; allows
point hardware-independent
operations) comparison of
computational load.
Parameter Performance by Evaluates trade-off
efficiency model size between model size/
(number of complexity and
parameters) performance. Train

multiple model
variants of different
sizes (e.g., varying
depth, width) on the
same dataset. High
computational cost.
Measures gains from
more training data.
Identifies saturation
points. Requires
training identical
models on varying
dataset fractions.
Challenges include
high cost, need for
representative
sampling, and
ambiguous dataset size
definitions (e.g.,
samples vs. tokens).
Can also be used to
assess label efficiency.

Data efficiency Performance by
training dataset
size (number of
examples or
fraction of full

dataset)

can penalize valid paraphrases or alternate phrasings and are sensitive
to surface form, making them less reliable in contexts involving creative
generation, paraphrasing, or abstraction. This may also limit their utility
in real-world clinical applications that require domain-specific termi-
nology, such as radiology report generation.

Perplexity, although valuable for evaluating fluency and likelihood,
does not assess whether the output is factually correct or contextually
appropriate. Its sensitivity to the underlying language model’s distri-
butional assumptions also limits cross-model comparisons [88].

Even with these more advanced embedding-based metrics like
BERTScore and BARTScore, challenges remain. These metrics depend on
pretrained models that may carry biases or domain misalignments, and
they can be influenced by prompt wording or task framing [89,90].
Moreover, while they correlate better with human judgments, they still
may not fully capture task-specific criteria like factual accuracy,
coherence across multiple sentences, or alignment with clinical context
in specialized domains like medical natural language processing,
particularly in specialized applications like radiology report generation.

Recommendations

Despite the challenges noted, embedding-based neural metrics like
BERTScore and BARTScore generally demonstrate superior correlation
with human judgments compared to traditional approaches, particularly
in scenarios involving paraphrasing and semantic equivalence. The
contextual understanding inherent in these models allows them to
recognize semantic similarities even when lexical overlap is minimal,
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Table 6
Common metrics for evaluating LLMs in text-based tasks.

Metric Definition Characteristics

BLEU Measures n-gram precision Language-independent and
between generated and efficient; limited in capturing
reference text, with a brevity semantics and sensitive to word
penalty to penalize short outputs  order[81,87].

[79,80].

ROUGE Evaluates n-gram recall and Emphasizes recall; ROUGE-N is
overlap between system output commonly used. Provides both
and reference (especially in precision and recall, enabling a
summarization)[81,82]. more comprehensive quality

assessment[81].

Perplexity Assesses how well a model Lower values suggest better
predicts text, defined as the fluency. Common in
exponent of the cross-entropy autoregressive language models;
loss[83,84]. depends on model architecture

and pretraining setup[88]. Only
applicable when the model is
probabilistic and mostly used
during training or on held-out
data.

BERTScore Computes cosine similarity Captures deeper semantic
between contextualized token similarity; more robust to
embeddings of candidate and paraphrasing. Requires
reference using a pretrained pretrained transformer models
BERT model|[85]. [89,90].

BARTScore  Uses BART to compute the log- Provides bidirectional
probability of generating one evaluation (precision and recall).
text given another (candidate Combines generation modeling
-reference)[86]. with similarity assessment.

Table 7

Comparative overview of common LLM evaluation metrics.
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addressing a significant limitation of n-gram-based metrics. Moreover,
both BERTScore and BARTScore exhibit robust performance across
various text generation tasks, including machine translation, summari-
zation, and dialogue generation, demonstrating their versatility as
evaluation metrics for diverse natural language processing applications
[85,86,90]. Their flexibility across various NLP tasks makes them suit-
able for evaluating medical LLMs, though domain adaptation remains
critical.

To ensure robust evaluation of LLM outputs, it is advisable to report
multiple metrics, ideally including one or more contextual embedding-
based scores alongside traditional n-gram or perplexity-based mea-
sures (see Table 7 for a comparative overview to aid selection). Human
evaluation remains critical, especially for open-ended or high-stakes
applications, and task-specific rubrics or qualitative error analysis can
supplement quantitative scores for a more holistic assessment of model
quality.

Evaluating Al-generated synthetic medical images
Fundamentals

The increasing use of Al-generated synthetic medical images in
radiology applications, particularly through generative adversarial
networks (GANSs), variational autoencoders and diffusion models, ne-
cessitates robust evaluation metrics to assess their realism, fidelity, and
clinical utility [91].

Synthetic images are applied in tasks such as data augmentation,
image-to-image translation, or unsupervised training, and their evalu-
ation must go beyond pixel-level similarity to include diagnostic

Metric Type Semantic Sensitivity ~ Fluency Sensitivity Robustness to Paraphrasing  Requires Reference  Relative Computational Cost
BLEU Surface-based Low Indirect (via n-grams) Low Yes Low
ROUGE Surface-based Low Indirect (via recall) Low Yes Low
Perplexity Likelihood-based None High High No Low
BERTScore  Embedding- High Indirect (via similarity) ~ High Yes High
based
BARTScore  Generation-based  High High High Yes High

Real Medical Image

Synthetic Image #1

Synthetic Image #2

Clear diagnostic feature (lesion)

Baseline for comparison

Potentially High SSIM/PSNR
(similar background structure)
Low Clinical Utility
(missing/obscured lesion, artifact)

Potentially Moderate SSIM/PSNR
(some pixel-level differences)
High Clinical Utility
(diagnostic feature preserved)

Fig. 20. Misalignment between conventional image quality metrics and clinical utility. Standard metrics may not reflect clinical relevance. Synthetic Image #1
shows high structural similarity (SSIM) and peak signal-to-noise ratio (PSNR) despite missing the diagnostic feature, indicating low clinical utility. In contrast,
Synthetic Image #2 preserves the lesion and thus maintains clinical relevance, even with lower SSIM/PSNR values. This highlights the importance of domain-specific
evaluation criteria in medical imaging.
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[ Statistical test J

l

Two models, Three or more models,
multiple datasets multiple datasets

= J

Friedman test
(with post-hoc test)

Two models,
one dataset

Corrected resampled t-test,
5 x 2 F-test,
McNemar's test

Cochran's Q-test,
Wilcoxon's signed-rank test

Fig. 21. Overview of often-used statistical tests. The flowchart guides test se-
lection based on factors like the number of models being compared and the
structure of the data (e.g., single vs. multiple datasets). The analysis of variance
(ANOVA) and Friedman tests are omnibus tests, assessing whether there is any
difference among the models. If a significant difference is detected, post hoc
tests such as the Nemenyi test need to be applied to identify which models differ
significantly. For tests involving human raters, inter-rater reliability measures
such as Cohen’s or Fleiss’s Kappa can be employed. If applying other tests like
the (uncorrected) t-test or the DeLong test, one needs to ensure that the
application is correct, since these tests may have certain assumptions (e.g.,
independent test statistics, or non-nested models). More information on the
tests can be found in [103,110].

credibility and clinical plausibility.

Initially, evaluation often relied on a variety of image quality metrics
employed to assess the similarity between synthetic and real images,
particularly in image-to-image translation tasks. These include tradi-
tional metrics such as structural similarity index measure (SSIM) [92],
MSE, mean absolute error (MAE), peak signal-to-noise ratio (PSNR),
histogram matching scores, and learned perceptual image patch simi-
larity (LPIPS) [93].

To better address the specific requirements of evaluating deep
generative models, dedicated model-based metrics have been devel-
oped. The inception score (IS) [94] and the Fréchet inception distance
(FID) [95] are among the most commonly used for assessing the realism
and diversity of generated images. These metrics evaluate statistical
similarity between synthetic and real image distributions, typically

European Journal of Radiology Artificial Intelligence 3 (2025) 100030

using a pretrained feature extractor.

More recently, domain-adapted metrics such as the Fréchet radio-
mics distance (FRD) have been proposed [96], aiming to bridge the gap
by comparing the distribution of radiomic features, quantitative imag-
ing biomarkers, between real and synthetic images, thus focusing on
clinical and biological relevance.

Pitfalls and misapplications

However, a significant pitfall is that metrics like IS and FID, being
derived from models trained on natural images, may not fully capture
domain-specific features relevant to radiology. Moreover, these metrics
can introduce biases that limit their utility in clinical contexts [97-99].
Likewise, traditional metrics such as SSIM and PSNR, while useful for
quantifying pixel-level similarity, often fail to reflect clinical realism,
anatomical correctness, or perceptual coherence, especially in patho-
logically important regions.

While these metrics provide useful low-level comparisons, they often
fail to align with human judgment of perceptual similarity, particularly
in the complex and nuanced domain of medical imaging. Evaluating
synthetic images in radiology requires metrics that reflect not only
image quality but also clinical interpretability (Fig. 20). Without
incorporating domain-specific criteria, a synthetic image that scores
well in general-purpose metrics might still be diagnostically misleading
or even harmful in downstream applications.

Recommendations

To capture the full range of clinical and perceptual fidelity, human
observer studies remain indispensable. These involve expert radiologists
assessing the realism, diagnostic quality, and anatomical accuracy of
synthetic images, often via visual Turing tests or diagnostic tasks [100].
Additionally, downstream task performance, such as the effect of syn-
thetic data on training classification or segmentation models, provides
indirect but meaningful validation of utility.

In conclusion, no single metric suffices. A comprehensive multi-
metric framework combining traditional, learned, and domain-specific
evaluations, alongside irreplaceable human expertise, is essential for
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Fig. 22. Importance of multiplicity testing. Only one test appears significant under the uncorrected threshold (orange), but none remain significant after correction,

illustrating the method’s control over Type I error inflation.
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Fig. 23. Scatterplot of effect size versus p-value across model comparisons. Orange points represent statistically significant results (p < 0.05) with small effect sizes
(d < 0.1), meaning that statistical significance does not always imply practical relevance.

Decision Curve Analysis (DCA)

0.25
—— Prediction Model
—=- Intervene in All
Model demonstrates clinical utility here: | ... Intervene in None
Net Benefit is highest compared to
0.20 ‘Intervene in All' or 'Intervene in None'.

\ax NB for ‘Intervene in All
al\li,:ﬂ is prevalence (0.20)

0.15 -

0.10 A

Net Benefit (NB):

Measures the value of using the

model (or strategy) for decision-making.
It weighs true positives against

Net Benefit (NB)

0.05 1 | the harms of false positives
(weighted by P's odds).
0.00 -+
—0.051 X Risk Threshold (Po):
\ The probability of the outcome
‘\ at which a clinician would choose
to intervene. This is a preference.
\
-0.10 . : P . .
0.0 0.1 0.2 0.3 0.4 0.5

0.6
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Fig. 24. Basic interpretation of decision curve analysis (DCA). Net benefit (NB) is plotted against varying risk thresholds (Pt), illustrating the clinical utility of a
prediction model. The model is considered beneficial where its curve lies above both “Intervene in All” and “Intervene in None” strategies. NB quantifies the trade-off

between true positives and false positives, adjusted by Pt’s odds.

the rigorous and clinically meaningful assessment of synthetic medical
images.

Comparing metrics across models
Fundamentals

A model’s performance metric, when viewed in isolation, often lacks
meaningful interpretation. Its significance emerges only through
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comparison with alternative models, baseline models (such as a constant
or random model), or established reference standards [101].

Statistical testing is the standard method for formalizing these
comparisons (Fig. 21). In this process, chosen metrics are calculated and
compared for the models on independent, representative test data to
determine if observed differences are significant or likely due to chance.
When dedicated independent test data is scarce, or to make more robust
estimates, resampling methods such as cross-validation or bootstrapping
are commonly used to maximize the use of the data [102]. These
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Enhanced DCA Axes
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Fig. 25. Comparison of standard and enhanced decision curve analysis (DCA) axes. The left panel shows net benefit (NB) across risk thresholds (Pt), while the right
panel presents standardized net benefit (SNB) with Pt reinterpreted as harm-benefit ratios (1:N). This enhances clinical interpretability; for instance, Pt = 0.10
corresponds to a 1:9 trade-off between missing an outcome and unnecessary intervention.

systematically split the data into subsets, ensuring that some parts are
used exclusively for training while others are used for testing. The choice
of resampling method often depends on the data size and the available
computational resources.

Pitfalls and misapplications

One key challenge is identifying the appropriate statistical test [103]
(Fig. 21). Parametric tests, such as the t-test, rely on assumptions about
data distributions that, if unmet, can potentially lead to misleading or
invalid conclusions. Non-parametric alternatives are more robust to
such assumptions but generally have lower statistical power, meaning
they require more data or larger effect sizes to detect a real difference.

Dedicated test data are often not available in sufficient quality and
are instead created by splitting the existing data. While this allows for
independent evaluation, it reduces the sample size available for training.
If too many samples are reserved, the model may underperform; if too
few, the test set may be unrepresentative, reducing generalizability or
statistical power, that is the ability to detect a true difference (Type II
error) [104].

When resampling is applied, the resulting metrics are often not in-
dependent, since the training is often on overlapping data. In this case,
standard tests that assume independence not apply directly and either
corrections, like the corrected resampled t-test, or alternative strategies
such as permutation tests or nested cross-validation, must be applied.
Also, resampling may distort class balance; hence, stratified sampling,
which preserves class distributions across splits, should be used when
applicable, especially for classification tasks with imbalanced datasets.

Attention must also be given to multiple testing, which increases the
risk of observing differences when in reality there are none (Type I
error). Corrections like the Bonferroni-Holm method should be applied
in this case (Fig. 22) [103].

Observed significance can be misleading for several reasons. First,
not all aspects of model quality can be captured adequately by metrics
[105], for example, there is currently no widely accepted metric for the
explainability of a model. Second, for some metrics, a higher score does
not necessarily indicate better performance, or they were designed to be
applied only in specific contexts [106]. In such situations, additional
evaluation using human raters may be beneficial. Third, the choice of
the metric itself can be subjective. Furthermore, other aspects might
play a role that are not directly part of the model. For example, a newly
designed model can perform better than established models, but the
latter could be simpler, more known and trusted, which would affect its
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later use [105]. In addition, when comparing to reference standards,
significance may arise from confounding factors such as differences in
training data or hyperparameter tuning strategies.

Moreover, multiple metrics are often of interest, which may not only
be on different scales but can also favor different models. For instance,
one model might achieve higher precision, while another performs
better in terms of recall, leading to conflicting conclusions about which
model is superior.

Recommendations

To avoid ‘p-hacking’, the set of metrics and the primary metric(s) for
decision-making should be defined in advance, and models should not
be repeatedly improved and re-tested on the same evaluation data until
statistical significance is achieved.

In cases, where multiple metrics yield conflicting results, an analysis
employing weighted aggregation of the metrics can help resolve the
contradictions and support a more balanced model selection [107].

While statistical testing is widely used, it is not without criticism
[108]. A statistically significant result may not translate into practical
relevance [101]. To address this, confidence intervals should be re-
ported to capture the uncertainty surrounding metric estimates, and
effect sizes should be calculated to better understand the magnitude of
the observed differences (Fig. 23) [109].

Where applicable, results should also be compared on standardized
benchmark datasets to enhance transparency and reproducibility. Ulti-
mately, performance comparisons should be designed with careful
attention to test conditions, the nature of the metrics used, the as-
sumptions of statistical methods, and the clinical or research context in
which the models are applied.

Translating metric-based evaluations to real-world clinical
practice

Fundamentals

In an era of abundant medical data, translating this information into
actionable knowledge remains challenging. Clinical utility was devel-
oped to aid in bridging the gap between researchers who design these
novel prediction tools and the decision makers, including clinicians,
who would like to apply them in practice [111]. Commonly used sta-
tistical methods for quantifying clinical utility, such as decision curve
analyses (DCA), are simplified versions of cost-benefit analyses, as they
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Table 8

Summary of key pitfalls and recommendations.

Metric Key Pitfalls Key Recommendations

Category

Classification — Accuracy can be misleading ~ — Avoid relying solely on
in imbalanced datasets. accuracy, especially in

— AUROC may overestimate imbalanced data.
performance on minority — Use AUPRC over AUROC
class. when the positive class is

— Predictive values are rare.
prevalence-dependent and — Report F1-score and MCC
often misinterpreted. at chosen thresholds.

— In multiclass settings, — Interpret PPV/NPV with
inappropriate selection or population prevalence in
reporting of averaging mind.
methods (e.g., macro, — In multiclass settings,
micro, weighted) can clearly specify the chosen
obscure poor performance averaging method (macro,
on rare or clinically critical micro, weighted) and
classes. ensure it aligns with the

task objectives and class
distribution.

Regression — MAE treats large and small — Use multiple metrics (MAE,
errors equally. RMSE, R?, MAPE) together.

— RMSE is overly sensitive to — Replace MAPE with sMAPE
outliers. or MASE in low-value

— MARPE is unstable near zero contexts.
and penalizes under- — Use adjusted R? and
prediction more. visualize predictions vs.

— R? can appear good despite actual.
poor clinical performance. — Consider clinical relevance

of error.

Detection — No consensus on metric use ~ — Use multiple, problem-
limits cross-study tailored detection metrics.
comparisons. — Avoid segmentation

— IoU is highly sensitive to metrics for instance
object size. detection.

— Segmentation metrics can — Account for object size
be misused for detection. sensitivity in IoU.

— Improper averaging — Report variability and
misrepresents performance. stratify performance.

Survival — C-index is affected by — Specify the variant of C-
censoring. index or AUC used.

— Time-dependent AUC — Use Uno’s C-index in high-
definitions vary. censoring datasets.

— Hosmer-Lemeshow is — Avoid overreliance on
sensitive to binning. Hosmer-Lemeshow.

— Brier score conflates — Use net benefit to assess
discrimination and clinical utility.
calibration.

Segmentation — DSC may under-penalize — Use IoU for small and DSC
boundary errors. for large structures.

— IoU is overly sensitive for — Supplement with
small structures. boundary-specific metrics.

— Overlap metrics ignore — Interpret within
boundary accuracy. anatomical/clinical

— Scores lack context context.
sensitivity. — Compare to inter-observer

variability.

Calibration — ECE may hide local — Report both ECE and Brier
miscalibrations. score with binning details.

— Reliability diagrams can be — Include reliability
misleading in imbalance. diagrams.

— Brier score blends — Apply recalibration
calibration and methods pre-deployment.
discrimination. — Assess calibration

— Overconfident models often internally and externally.
go unchecked.

Foundation — Overreliance on task — Report setup details and

Models metrics hides prompt sensitivity.

generalization gaps.
Prompt sensitivity distorts
few-/zero-shot evaluations.
Setup transparency often
lacking.

Generalizability assumed
without validation.

— Include transferability,
alignment, and scaling
behaviors.

— Use retrieval and probing
metrics.

— Validate cross-domain
generalization explicitly.
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Table 8 (continued)

Metric Key Pitfalls Key Recommendations
Category
LLMs — BLEU/ROUGE fail at — Combine traditional and
capturing semantics. contextual metrics.
— Perplexity does not reflect — Add human evaluations for
correctness. critical tasks.
— Embedding metrics can be — Monitor for domain
biased. mismatch and bias.
— Factual consistency hard to
measure.
Synthetic — SSIM/PSNR do not reflect — Combine traditional and
Images diagnostic fidelity. learned metrics.
— IS and FID use non-medical ~ — Include expert assessments
pretrained models. for realism and value.
— Metrics miss clinical — Use downstream task
plausibility. performance.
— No single metric is — Do not rely solely on SSIM/
sufficient. PSNR.
Model — Wrong tests invalidate — Predefine metrics and
Comparison comparisons. decision criteria.
— Small sets reduce power. — Use statistical tests with
— Multiple tests inflate false correction.
positives. — Report effect sizes and
— Conflicting metrics confuse confidence intervals.
interpretation. — Use weighted aggregation
when metrics conflict.
Clinical — Risk thresholds — Use decision curve analysis
Translation misunderstood as model — Prefer standardized over
parameters. absolute net benefit.

— Net benefit does not reflect
individual utility.

— Decision curve analysis can
be misinterpreted without

— Reframe thresholds as
harm-benefit ratios.

— Clearly state assumptions
and decision thresholds.

context.
— Oversimplified usage
undermines value.

AUROC, Area Under the Receiver Operating Characteristic Curve; AUPRC, Area
Under the Precision-Recall Curve; MCC, Matthews Correlation Coefficient; PPV,
Positive Predictive Value; NPV, Negative Predictive Value; MAE, Mean Absolute
Error; RMSE, Root Mean Squared Error; MAPE, Mean Absolute Percentage Error;
SMAPE, Symmetric Mean Absolute Percentage Error; MASE, Mean Absolute
Scaled Error; IoU, Intersection over Union; DSC, Dice Similarity Coefficient;
ECE, Expected Calibration Error; LLMs, Large Language Models; SSIM, Struc-
tural Similarity Index Measure; PSNR, Peak Signal-to-Noise Ratio; IS, Inception
Score; FID, Frechet Inception Distance; DCA, Decision Curve Analysis.

indirectly account for the clinical consequences of medical decisions
[112-114]. These simplifications have led to frequent mis-
interpretations of the methods [115,116].

DCA is a graphical approach to characterize the clinical utility of a
prediction tool under multiple intervention strategies (Fig. 24). Three
strategies are typically considered: one guided by the prediction tool and
two reflecting the extremes where the intervention is applied to either
all patients or none [114].

The x-axis of this figure denotes a clinician’s risk threshold [115].
This represents the probability of an outcome at which a clinician (or
patient/policy) would choose to intervene. It is quantified using the risk
threshold and reflects how the clinician weighs the outcomes associated
with intervening or not [112,114,115].

The y-axis denotes the net benefit of administering the intervention
when utilizing a treatment strategy. It is defined:

sensitivity x prevalence — (1-specificity) x (1-prevalence) x the odds
of the risk threshold [115].

Essentially, net benefit measures the value of using the model or
strategy, by weighting true positives against the harms of false positives,
where the weighting is determined by the chosen risk threshold’s odds.

If the difference in net benefits between a prediction tool and a
comparator strategy is positive, then this is evidence of its clinical utility
for a predefined risk threshold.
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Pitfalls and misapplications

Vickers et al. note that confusion around DCA often stems from
misinterpreting its core metrics [115].

A significant pitfall relates to the risk threshold. It is not a value
derivable from the model’s performance data itself. Instead, it reflects
subjective factors including the perceived severity of the outcome, the
effectiveness and side effects of the treatment, patient preferences, and
resource availability. Misunderstanding it as an objective model output
rather than a subjective preference can lead to flawed interpretations of
clinical utility.

Similarly, net benefit has its interpretational challenges. It is a
population-level metric, often conceptualized in terms of net true posi-
tives gained per patient. This means it does not directly translate to the
benefit for an individual patient but rather reflects the overall advantage
of a strategy across a population. These limitations, if not properly un-
derstood, can result in DCA being designed or interpreted superficially
in many studies.

Recommendations

To enhance the interpretability and practical application of DCA,
several modifications and alternative conceptualizations have been
recommended.

As a more intuitive alternative to the risk threshold, the harm-benefit
ratio (the odds of the risk threshold) can be used (Fig. 25); for instance, a
10 % threshold corresponds to a 1:9 ratio, meaning missing an outcome
is considered nine times worse than an unnecessary intervention [115].

Standardized net benefit, defined as the net benefit divided by
prevalence, may be preferred since the maximum net benefit equals the
prevalence. A standardized net benefit of 75 % indicates that the pre-
diction tool achieves 75 % of the maximum possible utility [116].
Together, these axis modifications enhance DCA interpretability
(Fig. 25).

Additional details regarding DCA assumptions, other common mis-
interpretations, and further nuances of its application have been well
documented [112,114,115,117].

Final thoughts

Robust model evaluation in medical imaging Al requires more than
reporting frequently used standard metrics. As summarized in the
Table 8, each metric type presents distinct pitfalls that may lead to
misinterpretation if unaddressed. To mitigate these, the authors offer
task-specific recommendations that support more reliable and mean-
ingful assessments (see Table 8 for summary of recommendations as
well). Overall, evaluators should align metric selection with the clinical
question, dataset characteristics, and intended use. Using multi-metric
strategies, clarifying assumptions, and avoiding common mis-
applications are essential for trustworthy model evaluation. We hope
this review serves as a practical reference for researchers striving to
implement rigorous and clinically relevant Al evaluations in medical
imaging.
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