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Abstract: Validation metrics are key for the reliable tracking of scientific progress and for bridging
the current chasm between artificial intelligence (Al) research and its translation into practice.
However, increasing evidence shows that particularly in image analysis, metrics are often chosen
inadequately in relation to the underlying research problem. This could be attributed to a lack
of accessibility of metric-related knowledge: While taking into account the individual strengths,
weaknesses, and limitations of validation metrics is a critical prerequisite to making educated
choices, the relevant knowledge is currently scattered and poorly accessible to individual researchers.
Based on a multi-stage Delphi process conducted by a multidisciplinary expert consortium as well
as extensive community feedback, the present work provides the first reliable and comprehensive
common point of access to information on pitfalls related to validation metrics in image analysis.
Focusing on biomedical image analysis but with the potential of transfer to other fields, the
addressed pitfalls generalize across application domains and are categorized according to a newly
created, domain-agnostic taxonomy. To facilitate comprehension, illustrations and specific examples
accompany each pitfall. As a structured body of information accessible to researchers of all levels
of expertise, this work enhances global comprehension of a key topic in image analysis validation.
Keywords: Validation, Evaluation, Pitfalls, Metrics, Good Scientific Practice, Biomedical Image Processing,

Challenges, Computer Vision, Classification, Segmentation, Instance Segmentation, Semantic Segmentation,
Detection, Localization, Medical Imaging, Biological Imaging
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MAIN

Measuring performance and progress in any given field critically depends on the availability of
meaningful outcome metrics. In a field such as athletics, this process is straightforward because the
performance measurements (e.g., the time it takes an athlete to run a given distance) exactly reflect
the underlying interest (e.g., which athlete runs a given distance the fastest?). In image analysis,
the situation is much more complex as, depending on the underlying research question, vastly
different aspects of an algorithm’s performance might be of interest (Fig. 1) and meaningful in
determining its future practical, for example clinical, applicability. If the performance of an image
analysis algorithm is not measured according to relevant validation metrics, no reliable statement
can be made about the suitability of this algorithm in solving the proposed task, and the algorithm
is unlikely to ever reach the stage of real-life application. Moreover, unsuitable algorithms could
be wrongly regarded as the best-performing ones, sparking entirely futile resource investment
and follow-up research while obscuring true scientific advancements. In determining new state-of-
the-art methods and informing future directions, the use of validation metrics actively shapes the
evolution of research. In summary, validation metrics are the key for both measuring and informing
scientific progress, as well as bridging the current chasm between image analysis research and its
translation into practice.

In image analysis, while for some applications it might, for instance, be sufficient to draw a box
around the structure of interest (e.g., a polyp in colonoscopic polyp detection), other applications
(e.g., tumor volume delineation for radiotherapy planning) could require determining the exact
structure boundaries. The suitability of any individual validation metric thus depends crucially on
the properties of the driving image analysis problem. As a result, numerous metrics have so far been
proposed in the field of image processing. In our previous work, we analyzed all biomedical image
analysis competitions conducted within a period of about 15 years [57]. We found a total of 97
different metrics reported in the field of biomedicine alone, each with its own individual strengths,
weaknesses, and limitations, and hence varying degrees of suitability for meaningfully measuring
algorithm performance on any given research problem. Such a vast lake of options makes tracking
all related information impossible for any individual researcher and consequently renders the
process of metric selection error-prone. Thus, the frequent reliance on flawed, historically grown
validation practices in current literature comes as no surprise. To make matters worse, there is
currently no comprehensive resource that can provide an overview of the relevant definitions,
(mathematical) properties, limitations, and pitfalls pertaining to a metric of interest. While taking
into account the individual properties and limitations of metrics is imperative for choosing adequate
validation metrics, the required knowledge is thus largely inaccessible.

As a result, numerous flaws and pitfalls are prevalent in image analysis validation, with re-
searchers often being unaware of them due to a lack of knowledge of intricate metric properties and
limitations. Accordingly, increasing evidence shows that metrics are often selected inadequately in
image analysis (e.g., [34, 48, 83]). In the absence of a central information resource, it is common for
researchers to resort to popular validation metrics, which, however, can be entirely unsuitable, for
instance due to a mismatch of the metric’s inherent mathematical properties with the underlying
research question and specifications of the data set at hand (see Fig. 1).

The present work addresses this important roadblock in image analysis research with a crowd-
sourcing-based approach that involved both a Delphi process undergone by a multidisciplinary
expert consortium as well as a social media campaign. It represents the first comprehensive collection,
visualization, and detailed discussion of pitfalls, drawbacks, and limitations regarding validation
metrics commonly used in image analysis. Our work provides researchers with a reliable, single point
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(A) POPULAR VOXEL-BASED METRICS FAIL TO CAPTURE CLINICAL INTEREST

Magnetic resonance imaging, same patient, different slices

Reference Prediction Reference Prediction

Sensitivity =
(voxel-level) x

Sensitivity = 0.50
(instance-level)
Missed lesion!

Example: Medical example - brain tumor segmentation:
A near-perfect voxel-level Sensitivity hides information on missed lesions.

(B) POPULAR RECONSTRUCTION METRICS FAIL TO CAPTURE BIOLOGICAL INTEREST

Fluorescence microscopy

Input Reference Prediction
AT R .

real (fibrillarin) | » < prediction

Zoom Segmentation Zoom Segmentation

Pearson Correlation Coefficient =
Sensitivity = 0.49
Example: Biological example - fibrillarin prediction:
The popular Pearson Correlation Coefficient fails to capture the disagreement of
morphological properties between reference and prediction.

Fig. 1. Examples of metric-related pitfalls in image analysis validation. (A) Medical image analysis example:
Voxel-based metrics are not appropriate for detection problems. Measuring the voxel-level performance of a
prediction yields a near-perfect Sensitivity. However, the Sensitivity at the instance level reveals that lesions
are actually missed by the algorithm. (B) Biological image analysis example: The task of predicting fibrillarin
in the dense fibrillary component of the nucleolus should be phrased as a segmentation task, for which
segmentation metrics reveal the low quality of the prediction. Phrasing the task as image reconstruction
instead and validating it using metrics such as the Person Correlation Coefficient yields misleadingly high
metric scores [12, 67, 73, 87, 87].
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of access to this critical and yet, until now, poorly retrievable or outright unavailable information.
Owing to the enormous complexity of the matter, the metric properties and pitfalls are discussed in
the specific context of classification problems, i.e., image analysis problems that can be considered
classification tasks at either the image, object, or pixel level. Specifically, these encompass the
four problem categories of image-level classification, semantic segmentation, object detection, and
instance segmentation. Our contribution includes a dedicated profile for each metric (Suppl. Note 3)
as well as the creation of a new common taxonomy that categorizes pitfalls in a domain-agnostic
manner (Fig. 2). Depicted for individual metrics in tables provided in this paper (see Extended
Data Tabs. 1-5), the taxonomy enables researchers to quickly grasp whether using a certain metric
comes with pitfalls in a given use case. While our work grew out of image analysis research and
practice in the field of biomedicine, a field of high complexity and particularly high stakes due
to its direct impact on human health, we believe the identified pitfalls to be transferable to other
application areas of imaging research. It should be noted that this work focuses on identifying,
categorizing, and illustrating metric pitfalls, while the sister publication of this work gives specific
recommendations on which metrics to apply under which circumstances [58].

RESULTS
Information on metric pitfalls is largely inaccessible

Researchers and algorithm developers seeking to validate image analysis algorithms frequently
face the problem of choosing adequate validation metrics while at the same time navigating a
range of potential pitfalls. Following common practice is often not the best option, as evidenced
by a number of recent publications [34, 48, 57, 83]. Making an educated choice from a vast array
of possibilities requires a researcher to be aware of not only the definitions and mathematical
properties of different metrics but also their strengths and weaknesses, as well as limitations related
to their use under certain conditions. The endeavor is notably complicated by the absence of any
comprehensive databases or reviews covering the topic and thus the lack of a central resource for
reliable information on validation metrics.

This lack of accessibility is considered by experts to be a major bottleneck in image analysis
validation [57]. To illustrate this point, we searched the literature for available information on
commonly used validation metrics. The search was conducted on the platform Google Scholar
using search strings that combined different notations of the metric name, including synonyms
and acronyms, with search terms indicating problems, such as “pitfall” or “limitation”. The mean
and median number of hits for the metrics addressed in the present work were 159,329 and
22,100, respectively, and ranged between 49 for centerline Dice Similarity Coefficient (cIDice)
and 962,000 for Sensitivity. Moreover, despite valuable literature on individual relevant aspects
(e.g., [14, 15, 36, 48, 79, 80, 83]), we did not find a common point of entry to metric-related pitfalls
in image analysis in the form of a review paper or other credible source. It is thus unfeasible for any
individual researcher to, within reasonable time and effort, retrieve comprehensive information
on properties and pitfalls pertaining to one or multiple metrics of interest from the current body
of research literature. We conclude that the key knowledge required for making educated decisions
and avoiding pitfalls related to the use of validation metrics is highly scattered and not accessible by
individuals.
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Historically grown practices are not always justified

To obtain an initial insight into current common practice regarding validation metrics, we prospec-
tively captured the designs of challenges organized by the IEEE Society of the International
Symposium of Biomedical Imaging (ISBI), the Medical Image Computing and Computer Assisted
Interventions (MICCAI) Society and the Medical Imaging with Deep Learning (MIDL) foundation.
The organizers of the respective competitions were asked to provide a rationale for the choice of
metrics in their competition. An analysis of a total of 138 competitions conducted between 2018 and
2022 revealed that metrics are frequently (in 24% of the competitions) based on common practice in
the community. We found, however, that common practices are often not well-justified, and poor
practices may even be propagated from one generation to the next.

One remarkable example for this issue is the widespread adoption of an incorrect naming
and inconsistent mathematical formulation of a metric proposed for cell instance segmentation.
The term "mean Average Precision (mAP)" usually refers to one of the most common metrics in
object detection (object-level classification) [56, 72]. Here, Precision denotes the Positive Predictive
Value (PPV), which is "averaged" over varying thresholds on the predicted class scores of an object
detection algorithm. The "mean" Average Precision (AP) is then obtained by taking the mean
over classes [29, 72]. Despite the popularity of mAP, a widely known challenge on cell instance
segmentation! introduced a new "Mean Average Precision" in 2018. Although the task matches
the task of the original "mean" AP, object detection, all terms in the newly proposed metric (mean,
average, and precision) refer to entirely different concepts. For instance, the common definition
of Precision from literature TP/(TP + FP) was altered to TP/(TP + FP + FN), where TP, FP, and
FN refer to the cardinalities of the confusion matrix (i.e., the true/false positives/negatives). The
latter formula actually defines the Intersection over Union (IoU) metric. Despite these problems,
the terminology was adopted by subsequent influential works [46, 76, 78], indicating widespread
propagation and usage within the community.

A multidisciplinary Delphi process reveals numerous pitfalls in biomedical image
analysis validation

With the aim of creating a comprehensive, reliable collection and future point of access to biomedical
image analysis metric definitions and limitations, we formed an international multidisciplinary
consortium of 62 experts from various biomedical image analysis-related fields that engaged in a
multi-stage Delphi process [9] for consensus building. Further pitfalls were crowdsourced through
the publication of a dynamic preprint of this work [72] as well as a social media campaign, both
of which asked the scientific community for contributions. This approach allowed us to integrate
distributed, cross-domain knowledge on metric-related pitfalls within a single resource. In total,
the process revealed 37 distinct sources of pitfalls (see Fig. 2). Notably, these pitfall sources (e.g.,
class imbalances, uncertainties in the reference, or poor image resolution) can occur irrespective of
a specific imaging modality or application. As a result, many pitfalls generalize across different
problem categories in image processing (image-level classification, semantic segmentation, object
detection, and instance segmentation), as well as imaging modalities and domains. A detailed
discussion of all pitfalls can be found in Suppl. Note 2.

https://www.kaggle.com/competitions/data-science-bowl-2018/overview/evaluation
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A common taxonomy enables domain-agnostic categorization of pitfalls

One of our key objectives was to facilitate information retrieval and provide structure within this
vast topic. Specifically, we wanted to enable researchers to identify at a glance which metrics
are affected by which types of pitfalls. To this end, we created a comprehensive taxonomy that
categorizes the different pitfalls in a semantic fashion. The taxonomy was created in a domain-
agnostic manner to reflect the generalization of pitfalls across different imaging domains and
modalities. An overview of the taxonomy is presented in Fig. 2, and the relations between the
pitfall categories and individual metrics can be found in Extended Data Tabs. 1-5. We distinguish
the following three main categories:



10

[P1]
Pitfalls related to
the inadequate

Wrong choice of

choice of the
problem category
(Fig. 4)

[P2.1]
Disregard of the
dom erest

(Fig. 5)

[P2.2]
Disregard of the
properties of
the target
structure

P2] (Fig. 6)

Pitfalls related to

poor metric
selection

[P2.3]
Disregard of the
properties of
the data set
(Fig. 7)

[P2.4]
Disregard of the
properties of
the algorithm
output
(Fig. 8)

[P3.1]
Inadequate
metric
implementation

[P3.2]
Inadequate
metric
[P3] aggregation
Pitfalls related to
poor metric
application
(Fig.9) [P3.3]
Inadequate
ranking
scheme

[P3.4]
Inadequate
metric
reporting

[P3.5]
Inadequate
interpretation
of metric values

problem
category (Fig. 10)

Importance of
structure boundaries
(Fig. 12)

Importance of
‘s comparability across
data sets (Figs. 16)

Small structure sizes

Reinke/Tizabi et al.

SOURCES OF POTENTIAL PITFALLS

Lack of matching
problem category
(Fig. 11)

Importance of
structure volume
(Fig. 13)

Unequal severity
of class confusions
(Figs. 17)

High variability of

N

Size-related 5 — structure sizes
(Fig. 19) (Fig. 20)
Stapeang | ol ocrencedowp
COROIOVIEIated (Fig.21) structures (Fig. 22)
High class Small test set size
(Fig. 24) (Fig. 25)
Possibility of Possibility of
empty licti — ing predictions
(Fig. 27) (Fig. 28)

metric definition
(Figs. 30)

Hierarchical label

Classrel structure (Fig. 34)

Non-independence

TS ———
issues (Fig. 31)

Multi-class problem
(Figs. 35)

Data set-related of test cases “= Risk of bias (Fig. 37)
(Figs. 36)
Metric i Ranking uncertainty
(Fig. 39) (Fig. 40)
N (U]
—_— visualization
(Fig.41) (Fig. 42)
Low resolution rackoiuereld
(Fig.43) — lower bounds
- (Fig. 44)

Importance of
= structure center(line) =
(Fig. 14)

Importance of
confidence
awareness (Fig. 15)

Importance of
= cost-benefit analysis
(Fig. 18)

Occurence of
disconnected
structures (Fig. 23)

Occurence of cases with
an empty reference
(Fig. 27)

Imperfect reference
standard (Fig. 26)

Lack of predicted
class scores
(Fig. 29)

Sensitivity to
hyperparameters
(Fig.32)

Metric-specific
issues (Fig. 33)

Possibility of
invalid prediction
(Fig. 38)

Insufficient domain relevance of
metric score differences
(Fig. 45)

Fig. 2. Overview of the taxonomy for metric-related pitfalls. Pitfalls can be grouped into three main categories:
[P1] Pitfalls related to the inadequate choice of the problem category, [P2] pitfalls related to poor metric
selection, and [P3] pitfalls related to poor metric application. [P2] and [P3] are further split into subcategories.
For all categories, pitfall sources are presented (green), with references to corresponding illustrations of
representative examples. Note that the order in which the pitfall sources are presented does not correlate

with importance.
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[P1] Pitfalls related to the inadequate choice of the problem category. A common pitfall lies
in the use of metrics for a problem category they are not suited for because they fail to fulfill crucial
requirements of that problem category, and hence do not reflect the domain interest (Fig. 1). For
instance, popular voxel-based metrics, such as the Dice Similarity Coefficient (DSC) or Sensitivity,
are widely used in image analysis problems, although they do not fulfill the critical requirement
of detecting all objects in a data set. In a cancer monitoring application they fail to measure
instance progress, i.e., the potential increase in number of lesions (Fig. 1), which can have serious
consequences for the patient. For some problems, there may even be a lack of matching problem
category (Fig. SN 2.4), rendering common metrics inadequate. We present further examples of
pitfalls in this category in Suppl. Note 2.1.

[P2] Pitfalls related to poor metric selection. Pitfalls of this category occur when a validation
metric is selected while disregarding specific properties of the given research problem or method
used that make this metric unsuitable in the particular context. [P2] can be further divided into the
following four subcategories:

[P2.1] Disregard of the domain interest. Commonly, several requirements arise from the domain
interest of the underlying research problem that may clash with particular metric limitations. For
example, if there is particular interest in the structure boundaries, it is important to know that
overlap-based metrics such as the DSC do not take the correctness of an object’s boundaries into
account, as shown in Fig. 4(a). Similar issues may arise if the structure volume (Fig. SN 2.6) or
center(line) (Fig. SN 2.7) are of particular interest. Other domain interest-related properties may
include an unequal severity of class confusions. This may be important in an ordinal grading
use case, in which the severity of a disease is categorized by different scores. Predicting a low
severity for a patient that actually suffers from a severe disease should be substantially penalized.
Common classification metrics do not fulfill this requirement. An example is provided in Fig. 4(b).
On pixel level, this property relates to an unequal severity of over- vs. undersegmentation. In
applications such as radiotherapy, it may be highly relevant whether an algorithm tends to over- or
undersegment the target structure. Common overlap-based metrics, however, do not represent over-
and undersegmentation equally [95]. Further pitfalls may occur if confidence awareness (Fig. SN 2.8),
comparability across data sets (Fig. SN 2.9), or a cost-benefit analysis (Fig. SN 2.11) are of particular
importance, as illustrated in Suppl. Note 2.2.1.

[P2.2] Disregard of the properties of the target structures. For problems that require capturing
local properties (object detection, semantic or instance segmentation), the properties of the target
structures to be localized and/or segmented may have important implications for the choice of
metrics. Here, we distinguish between size-related and shape- and topology-related pitfalls. Common
metrics, for example, are sensitive to structure sizes, such that single-pixel differences may hugely
impact the metric scores, as shown in Extended Data Fig. 1(a). Shape- and topology-related pitfalls
may relate to the fact that common metrics disregard complex shapes (Extended Data Fig. 1(b))
or that bounding boxes do not capture the disconnectedness of structures (Fig. SN 2.16). A high
variability of structure sizes (Fig. SN 2.13) and overlapping or touching structures (Fig. SN 2.15)
may also influence metric values. We present further examples of [P2.2] pitfalls in Suppl. Note 2.2.2.
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[P1]

Pitfalls related to
the inadequate

choice of the
problem
category

Inadequate choice of the problem category returns misleading results

Reference Prediction 1 Prediction 2

1 object detected ¥ 3 objects detected

>> DSC=0.79

Fig. 3. [P1] Pitfalls related to the inadequate choice of the problem category. Wrong choice of problem
category. Effect of using segmentation metrics for object detection problems. The pixel-level Dice Similarity
Coefficient (DSC) of a prediction recognizing every structure (Prediction 2) is lower than that of a prediction
that only recognizes one of the three structures (Prediction T).

[P2.3] Disregard of the properties of the data set. Various properties of the data set such as class
imbalances (Fig. 5(a)), small sample sizes (Fig. 5(b)), or the quality of the reference annotations, may
directly affect metric values. Common metrics such as the Balanced Accuracy (BA), for instance, may
yield a very high score for a model that predicts many False Positive (FP) samples in an imbalanced
setting (see Fig. 5(a)). When only small test data sets are used, common calibration metrics (which
are typically biased estimators) either underestimate or overestimate the true calibration error of a
model (Fig. 5(b)) [37]. On the other hand, metric values may be impacted by reference annotations
(Fig. SN 2.19). Spatial outliers in the reference may have a huge impact on distance-based metrics
such as the Hausdorff Distance (HD) (Fig. 5(c)). Additional pitfalls may arise from the occurrence
of cases with an empty reference (Extended Data Fig. 2(b)), causing division by zero errors. We
present further examples of [P2.3] pitfalls in Suppl. Note 2.2.3.

[P2.4] Disregard of the properties of the algorithm output. Reference-based metrics compare the
algorithm output to a reference annotation to compute a metric score. Thus, the content and format
of the prediction are of high importance when considering metric choice. Overlapping predictions
in segmentation problems, for instance, may return misleading results. In Extended Data Fig. 2(a),
the predictions only overlap to a certain extent, not representing that the reference instances
actually overlap substantially. This is not detected by common metrics. Another example are empty
predictions that may cause division by zero errors in metric calculations, as illustrated in Extended
Data Fig. 2(b), or the lack of predicted class scores (Fig. SN 2.22). We present further examples of
[P2.4] pitfalls in Suppl. Note 2.2.3.
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[P2] [P2.1]
Pitfalls related to Disregard of

poor metric th.e domain
selection interest

(a) Overlap-based metrics disregard structure boundaries

Reference Prediction 1 Prediction 2

DSC=0.78 DSC=0.78

(b) Common multi-class metrics ignore ordinal grading

Reference Prediction 1 Prediction 2
Patient 1

Ordinal classes

J A Patient 2

Class 1 Class 1 Class 1

Patient 3

@ Class 2 b 4 Class 1

Accuracy =0.67 = Accuracy =0.67
EC=0.83 EC=0.33

Fig. 4. [P2.1] Disregard of the domain interest. (a) Importance of structure boundaries. The predictions
of two algorithms (Prediction 1/2) capture the boundary of the given structure substantially differently, but
lead to the exact same Dice Similarity Coefficient (DSC), due to its boundary unawareness. This pitfall is also
relevant for other overlap-based metrics such as centerline Dice Similarity Coefficient (cIDice), pixel-level Fg
Score, and Intersection over Union (loU), as well as localization criteria such as Box/Approx/Mask loU, Center
Distance, Mask loU > 0, Point inside Mask/Box/Approx, and Intersection over Reference (IoR). (b) Unequal
severity of class confusions. When predicting the severity of a disease for three patients in an ordinal
classification problem, Prediction 1 assumes a much lower severity for Patient 3 than actually observed. This
critical issue is overlooked by common metrics (here: Accuracy), which measure no difference to Prediction
2, which assesses the severity much better. Metrics with pre-defined weights (here: Expected Cost (EC))
correctly penalize Prediction T much more than Prediction 2. This pitfall is also relevant for other counting
metrics, such as Balanced Accuracy (BA), Fg Score, Positive Likelihood Ratio (LR+), Matthews Correlation
Coefficient (MCC), Net Benefit (NB), Negative Predictive Value (NPV), Positive Predictive Value (PPV),
Sensitivity, and Specificity.
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[P2] [P2.3]
Pitfalls related to Disregard of the

poor metric properties of the
selection data set

(a) Common metrics yield implausible (b) Common calibration metrics
results in the presence of class imbalance depend on sample size

Perfectly calibrated model
PREDICTED
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n=10,000
00000000000000000000
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(c) Annotation errors may have huge impact on metric scores

Reference Prediction

[l < Annotation O
error

HD =11.31
HD95 =6.79

Fig. 5. [P2.3] Disregard of the properties of the data set. (a) High class imbalance. In the case of
underrepresented classes, common metrics may yield misleading values. In the given example, Accuracy
and Balanced Accuracy (BA) have a high score despite the high amount of False Positive (FP) samples. The
class imbalance is only uncovered by metrics considering predictive values (here: Matthews Correlation
Coefficient (MCC)). This pitfall is also relevant for other counting and multi-threshold metrics such as Area
under the Receiver Operating Characteristic Curve (AUROC), Expected Cost (EC) (depending on the chosen
costs), Positive Likelihood Ratio (LR+), Net Benefit (NB), Sensitivity, Specificity, and Weighted Cohen’s
Kappa (WCK). (b) Small test set size. The values of the Expected Calibration Error (ECE) depend on the
sample size. Even for a simulated perfectly calibrated model, the ECE will be substantially greater than zero
for small sample sizes [37]. (c) Imperfect reference standard. A single erroneously annotated pixel may
lead to a large decrease in performance, especially in the case of the Hausdorff Distance (HD) when applied
to small structures. The Hausdorff Distance 95th Percentile (HD95), on the other hand, was designed to deal
with spatial outliers. This pitfall is also relevant for localization criteria such as Box/Approx Intersection over
Union (loU) and Point inside Box/Approx. Further abbreviations: True Positive (TP), False Negative (FN), True
Negative (TN).
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[P3] Pitfalls related to poor metric application. Once selected, the metrics need to be applied
to an image or an entire data set. This step is not straightforward and comes with several pitfalls.
For instance, when aggregating metric values over multiple images or patients, a common mistake
is to ignore the hierarchical data structure, such as data from several hospitals or a varied number
of images per patient. We present three examples of [P3] pitfalls in Fig. 6; for more pitfalls in this
category, please refer to Suppl. Note 2.3. [P3] can further be divided into five subcategories that are
presented in the following paragraphs.

[P3.1] Inadequate metric implementation. Metric implementation is, unfortunately, not standard-
ized. As shown by [35], different researchers typically employ various different implementations for
the same metric, which may yield a substantial variation in the metric scores. While some metrics
are straightforward to implement, others require more advanced techniques and offer different
possibilities. In the following, we provide some examples for inadequate metric implementation:

e The method of how identical confidence scores are handled in the computation of the AP
metric may lead to substantial differences in the metric scores. Microsoft Common Objects in
Context (COCO) [56], for instance, processes each prediction individually, while CityScapes
[18] processes all predictions with the same score in one joint step. Fig. 6(a) provides an
example with two predictions having the same confidence score, in which the final metric
scores differ depending on the chosen handling strategy for identical confidence scores. Similar
issues may arise with other curve-based metrics, such as AUROC, AP, or Free-Response
Receiver Operating Characteristic (FROC) scores (see e.g., [62]).

Metric implementation may be subject to discretization issues such as the chosen discretiza-
tion of continuous variables, which may cause differences in the metric scores, as exemplary
illustrated in Fig. SN 2.24.

e For metrics assessing structure boundaries, such as the Average Symmetric Surface Distance
(ASSD), the exact boundary extraction method is not standardized. Thus, for example, the
boundary extraction method implemented by the Liver Tumor Segmentation (LiTS) challenge
[7] and that implemented by Google DeepMind? may produce different metric scores for the
ASSD. This is especially critical for metrics that are sensitive to small contour changes, such
as the HD.

Suboptimal choices of hyperparameters may also lead to metric scores that do not reflect

the domain interest. For example, the choice of a threshold on a localization criterion (see
Fig. SN 2.25) or the chosen hyperparameter for the Fg Score will heavily influence the
subsequent metric scores [82].

More [P3.1] pitfalls can be found in Suppl. Note 2.3.1.

[P3.2] Inadequate metric aggregation. A common pitfall with respect to metric application is to
simply aggregate metric values over the entire data set and/or all classes. As detailed in Fig. 6(b)
and Suppl. Note 2.3.2, important information may get lost in this process, and metric results can
be misleading. For example, the popular TorchMetrics framework calculates the DSC metric by
default as a global average over all pixels in the data set without considering their image or class
of origin®. Such a calculation eliminates the possibility of interpreting the final metric score with
respect to individual images and classes. For example, errors in small structures may be suppressed
by correctly segmented larger structures in other images (see e.g., Fig. SN 2.28). An adequate

https://github.com/deepmind/surface-distance
Shttps://torchmetrics.readthedocs.io/en/stable/classification/dice.html?highlight=dice
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aggregation scheme is also crucial for handling hierarchical class structure (Fig. SN 2.29), missing
values (Fig. SN 2.31), and potential biases (Fig. SN 2.30) of the algorithm. Further [P3.2] pitfalls are
shown in Suppl. Note 2.3.2.

[P3.3] Inadequate ranking scheme. Rankings are often created to compare algorithm performances.
In this context, several pitfalls pertain to either metric relationships or ranking uncertainty. For
example, to assess different properties of an algorithm, it is advisable to select multiple metrics
and determine their values. However, the chosen metrics should assess complementary properties
and should not be mathematically related. For example, the DSC and IoU are closely related, so
using both in combination would not provide any additional information over using either of them
individually (Fig. SN 2.32). Note in this context that unawareness of metric synonyms can equally
mislead. Metrics can be known under different names; for instance, Sensitivity and Recall refer
to the same mathematical formula. Despite this fact potentially appearing trivial, an analysis of
138 biomedical image analysis challenges [58] found three challenges that unknowingly used two
versions of the same metric to calculate their rankings. Moreover, rankings themselves may be
unstable (Fig. SN 2.33). [57] and [93] demonstrated that rankings are highly sensitive to altering
the metric aggregation operators, the underlying data set, or the general ranking method. Thus,
if the robustness of rankings is disregarded, the winning algorithm may be identified by chance
rather than true superiority.

[P3.4] Inadequate metric reporting. A thorough reporting of metric values and aggregates is
important both in terms of transparency and interpretability. However, several pitfalls are to be
avoided in this regard. Notably, different types of visualization may vary substantially in terms of
interpretability, as shown in Figs 6(c). For example, while a box plot provides basic information, it
does not depict the distribution of metric values. This may conceal important information, such as
specific images on which an algorithm performed poorly. Other pitfalls in this category relate to
the non-determinism of algorithms, which introduces a natural variability to the results of a neural
network, even with fixed seeds (Fig. SN 2.34). This issue is aggravated by inadequate reporting,
for instance, reporting solely the results from the best run instead of proper cross-validation and
reporting of the variability across different runs. Generally, shortcomings in reporting, such as
providing no standard deviation or confidence intervals in the presented results, are common.
Concrete examples of [P3.4] pitfalls can be found in Suppl. Note 2.3.4.

[P3.5] Inadequate interpretation of metric values. Interpreting metric scores and aggregates is an
important step for the analysis of algorithm performances. However, several pitfalls can arise from
the interpretation. In rankings, for example, minor differences in metric scores may not be relevant
from an application perspective but may still yield better ranks (Fig. SN 2.38). Furthermore, some
metrics do not have upper or lower bounds, or the theoretical bounds may not be achievable in
practice, rendering interpretation difficult (Fig. SN 2.37). More information on interpretation-based
pitfalls can be found in Suppl. Note 2.3.5.
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(c) Common visualization schemes hide relevant information
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Fig. 6. [P3] Pitfalls related to poor metric application. (a) Non-standardized metric implementation.
In the case of the Average Precision (AP) metric and the construction of the Precision-Recall (PR)-curve, the
strategy of how identical scores (here: confidence score of 0.80 is present twice) are treated has a substantial
impact on the metric scores. Microsoft Common Objects in Context (COCO) [56] and CityScapes [18] are
used as examples. (b) Non-independence of test cases. The number of images taken from Patient 1is much
higher compared to that acquired from Patients 2-5. Averaging over all Dice Similarity Coefficient (DSC)
values, denoted by @, results in a high averaged score. Aggregating metric values per patient reveals much
higher scores for Patient 1 compared to the others, which would have been hidden by simple aggregation.
(c) Uninformative visualization. A single box plot (left) does not give sufficient information about the
raw metric value distribution. Adding the raw metric values as jittered dots on top (right) adds important
information (here: on clusters). In the case of non-independent validation data, color/shape-coding helps
reveal data clusters.
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The first illustrated common access point to metric definitions and pitfalls

To underline the importance of a common access point to metric pitfalls, we conducted a search for
individual metric-related pitfalls on the platforms Google Scholar and Google, with the purpose
of determining how many of the pitfalls identified through our work could be located in existing
resources. We were only able to locate a portion of the pitfalls identified by our approach in existing
research literature (68%) or online resources such as blog posts (11%; 8% were found in both). Only
27% of the located pitfalls were presented visually.

Our work now provides this key resource in a highly structured and easily understandable form.
Suppl. Note 2, contains a dedicated illustration for each of the pitfalls discussed, thus facilitating
reader comprehension and making the information accessible to everyone regardless of their level
of expertise. A further core contribution of our work are the metric profiles presented in Suppl.
Note 2, which, for each metric, summarize the most important information deemed of particular
relevance by the Metrics Reloaded consortium of the sister work to this publication [58]. The profiles
provide the reader with a compact, at-a-glance overview of each metric and an enumeration of the
limitations and pitfalls identified in the Delphi process conducted for this work.

DISCUSSION

Flaws in the validation of biomedical image analysis algorithms significantly impede the translation
of methods into (clinical) practice and undermine the assessment of scientific progress in the field
[55]. They are frequently caused by poor choices due to disregarding the specific properties and
limitations of individual validation metrics. The present work represents the first comprehensive
collection of pitfalls and limitations to be taken into account when using validation metrics in
image-level classification, semantic segmentation, instance segmentation, and object detection tasks.
Our work enables researchers to gain a deep understanding of and familiarity with both the overall
topic and individual metrics by providing a common access point to previously largely scattered
and inaccessible information — key knowledge they can resort to when conducting validation of
image analysis algorithms. This way, our work aims to disrupt the current common practice of
choosing metrics based on their popularity rather than their suitability to the underlying research
problem. This practice, which, for instance, often manifests itself in the unreflected and inadequate
use of the DSC, is concerningly prevalent even among prestigious, high-quality biomedical image
analysis competitions (challenges) [19, 34, 43, 48, 49, 57, 59, 83]. The educational aspect of our
work is complemented by dedicated ‘metric profiles’ which detail the definitions and properties
of all metrics discussed. Notably, our work pioneers the examination of artificial intelligence (AI)
validation pitfalls in the biomedical domain, a domain in which they are arguably more critical than
in many others as flaws in biomedical algorithm validation can directly affect patient wellbeing
and safety.

We posited that shortcomings in current common practice are marked by the low accessibility
of information on the pitfalls and limitations of commonly used validation metrics. A literature
search conducted from the point of view of a researcher seeking information on individual metrics
confirmed that the number of search results far exceeds any amount that could be overseen within
reasonable time and effort, as well as the lack of a common point of entry to reliable metric
information. Even when knowing the specific pitfalls and related keywords uncovered by our
consortium, only a fraction of those pitfalls could be found in existing literature, indicating the
novelty and added value of our work.
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For transparency, several constraints regarding our literature search must be noted. First, it must
be acknowledged that the remarkably high search result numbers inevitably include duplicates
of papers (e.g., the same work in a conference paper and on arXiv) as well as results that are
out of scope (e.g., [11], [26]), in the cited examples for instance due to a metric acronym (AUC)
simultaneously being an acronym for another entity (a trinucleotide) in a different domain, or
the word "sensitivity" being used in its common, non-metric meaning. Moreover, common words
used to describe pitfalls such as “problem” or “issue” are by nature present in many publications
discussing any kind of research, rendering them unusable for a dedicated search, which could,
in turn, account for missing publications that do discuss pitfalls in these terms. Similarly, when
searching for specific pitfalls, many of the returned results containing the appropriate keywords
did not actually refer to metrics or algorithm validation but to other parts of a model or biomedical
problem (e.g., the need for stratification is commonly discussed with regard to the design of clinical
studies but not with regard to their validation). Character limits in the Google Scholar search bar
further complicate or prevent the use of comprehensive search strings. Finally, it is both possible
and probable that our literature search did not retrieve all publications or non-peer-reviewed online
resources that mention a particular pitfall, since even extensive search strings might not cover the
particular words used for a pitfall description.

None of these observations, however, detracts from our hypothesis. In fact, all of the above
observations reinforce our finding that, for any individual researcher, retrieving information on
metrics of interest is difficult to impossible. In many cases, finding information on pitfalls only
appears feasible if the specific pitfall and its related keywords are exactly known, which, of course,
is not the situation most researchers realistically find themselves in. Overall accessibility of such
vital information, therefore, currently leaves much to be desired.

Compiling this information through a multi-stage Delphi process allowed us to leverage dis-
tributed knowledge from experts across different biomedical imaging domains and thus ensure
that the resulting illustrated collection of metric pitfalls and limitations turned out to be both
comprehensive and of maximum practical relevance. Continued proximity of our work to issues
occurring in practical application was achieved through sharing the first results of this process
as a dynamic preprint [71] with dedicated calls for feedback, as well as crowdsourcing further
suggestions on social media.

Although their severity and practical consequences might differ between applications, we found
that the pitfalls generalize across different imaging modalities and application domains. By catego-
rizing them solely according to their underlying sources, we were able to create an overarching
taxonomy that goes beyond domain-specific concerns and thus enjoys broad applicability. Given
the large number of identified pitfalls, our taxonomy crucially establishes structure in the topic.
Moreover, by relating types of pitfalls to the respective metrics they apply to and illustrating them,
it enables researchers to gain a deeper, systemic understanding of the causes of metric failure.

Our complementary Metrics Reloaded recommendation framework, which guides researchers
towards the selection of appropriate validation metrics for their specific tasks and is introduced in
a sister publication to this work [58], shares the same principle of domain independence. Its recom-
mendations are based on the creation of a ’problem fingerprint’ that abstracts from specific domain
knowledge and, informed by the pitfalls discussed here, captures all properties relevant to metric
selection for a specific biomedical problem. In this sister publication, we present recommendations
to avoid the pitfalls presented in this work. Importantly, the finding that pitfalls generalize and
can be categorized in a domain-independent manner opens up avenues for future expansion of
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our work to other fields of ML-based imaging, such as general computer vision (see below), thus
freeing it from its major constraint of exclusively focusing on biomedical problems.

It is worth mentioning that we only examined pitfalls related to the tasks of image-level clas-
sification, semantic segmentation, instance segmentation, and object detection, as these can all
be considered classification tasks at different levels (image/object/pixel) and hence share similar-
ities in their validation. While including a wider range of biomedical problems not considered
classification tasks, such as regression or registration, would have gone beyond the scope of the
present work, we envision this expansion in future work. Moreover, our work focused on pitfalls
related to reference-based metrics. Including pitfalls pertaining to non-reference-based metrics,
such as metrics that assess speed, memory consumption, or carbon footprint, could be a future
direction to take. Finally, while we aspired to be as comprehensive as possible in our compilation,
we cannot exclude that there are further pitfalls to be taken into account that the consortium and
the participating community have so far failed to recognize. Should this be the case, our dynamic
Metrics Reloaded online platform, which is currently under development and will continuously be
updated after release, will allow us to easily and transparently append missed pitfalls. This way,
our work can remain a reliable point of access, reflecting the state of the art at any given moment
in the future. In this context, we note that we explicitly welcome feedback and further suggestions
from the readership of Nature Methods.

The expert consortium was primarily compiled in a way to cover the required expertise from
various fields but also consisted of researchers of different countries, (academic) ages, roles, and
backgrounds (details can be found in the Methods). It mainly focused on biomedical applications.
The pitfalls presented here are therefore of the highest relevance for biological and clinical use
cases. Their clear generalization across different biomedical imaging domains, however, indicates
broader generalizability to fields such as general computer vision. Future work could thus see a
major expansion of our scope to Al validation well beyond biomedical research. Regardless of this
possibility, we strongly believe that by raising awareness of metric-related pitfalls, our work will
kick off a necessary scientific debate. Specifically, we see its potential in inducing the scientific
communities in other areas of Al research to follow suit and investigate pitfalls and common
practices impairing progress in their specific domains.

In conclusion, our work presents the first comprehensive and illustrated access point to infor-
mation on validation metric properties and their pitfalls. We envision it to not only impact the
quality of algorithm validation in biomedical imaging and ultimately catalyze faster translation
into practice, but to raise awareness on common issues and call into question flawed Al validation
practice far beyond the boundaries of the field.

METHODS
Literature search

The literature search of metric pitfalls and limitations was conducted on the platform Google
Scholar. The checkbox "include patents" was activated and the checkbox "include citations" was
deactivated; other default settings were left unchanged. For each metric, a specific search string
using the Boolean operators OR and AND was generated as follows:

o (Different notations of the metric name, including synonyms and acronyms, enclosed in
quotation marks, respectively, and combined with OR)
e AND "metric"
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o AND (different expressions pertaining to the concept of pitfalls, limitations and flaws, enclosed
in quotation marks, respectively, and combined with OR)

For example, the following search string was used for the literature search of DSC pitfalls: ("DSC"
OR "Dice Similarity Coefficient" OR "Sgrensen-Dice coefficient" OR "F1 score" OR
"DCE") AND "metric" AND ("pitfall" OR "limitation" OR "caveat" OR "drawback" OR
"shortcoming" OR "weakness" OR "flaw" OR "disadvantage” OR "suffer").

A second literature search dedicated to the pitfalls collected during the Delphi process was con-
ducted on the platforms Google Scholar and Google. This search served the purpose of determining
how many of the proposed pitfalls could be found in either existing research literature or online
resources such as blogs, assuming that the issue is already roughly known to the person conducting
the search. We further determined whether or not a found pitfall was presented in a visual manner.
We analyzed the first three results pages (corresponding to thirty results) from each search platform
and excluded our own previous work on metric pitfalls from the analysis.

Delphi process

The collection of pitfalls was achieved via a multi-stage Delphi process conducted among an
international expert consortium comprised of more than 60 biomedical image analysis experts, as
well as community feedback. A Delphi process is a structured group communication process that
serves to pool opinions from an expert panel via a series of individual interrogations, usually in
the form of questionnaires, interspersed with feedback from the respondents [9]. The technique is
widely used for building consensus among experts in medicine, particularly in the development of
best practices in areas where evidence may be limited, conflicting, or absent [65]. Expert selection
was initially based on membership in major relevant societies such as the Biomedical Image
Analysis ChallengeS (BIAS) initiative, the Medical Open Network for Artificial Intelligence (MONAI)
Working Group for Evaluation, Reproducibility and Benchmarks, and the MICCAI Special Interest
Group for Challenges (previously MICCAI board working group), as well as a track record of
expertise in the areas of metrics, challenges and/or best practices. To reflect as broad a range of
application areas and metric pitfalls as possible, the number of consortium members was increased
throughout the process to a final number of 62 members. The Delphi process comprised four
surveys. Each survey was developed by the coordinating team of the process and sent out to the
remaining members of the consortium. Upon completion, the coordinating team then analyzed the
results and iteratively refined the list of pitfalls. The main stages of the compilation and consensus
building process are detailed in the following:

(1) Compilation of pitfall sources: The primary purpose of the first survey was obtaining agreement
on sources of pitfalls.

(2) Collection of pitfalls: The following survey specifically asked for concrete pitfalls in the
presence of those problem characteristics.

(3) Community feedback: The proposed list of pitfalls was further complemented by social media-
based feedback from the general scientific community.

(4) Final agreement on pitfalls: The subsequent survey served to obtain consensus agreement on
which pitfalls to include. For each pitfall, it asked whether the pitfall should be included. In
addition, the experts were given the opportunity to provide feedback on each pitfall and to
suggest further pitfalls. The final collection of pitfalls was illustrated and all metric values
were verified by two independent observers.
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(5) Creation of taxonomy: The collected pitfalls were analyzed and a taxonomy was created. In
the final survey, approval of the consortium for the structure and phrasing of the taxonomy
and the assignment of specific pitfalls to the taxonomy was obtained.

Expert consortium

The expert consortium consisted of a total of 70 researchers (70% male, 30% female) from a total of
65 institutions. The majority of experts (50%) were professors, followed by postdoctoral researchers
(39%). The median h-index of the consortium was 31.5 (mean: 36; minimum: 6; maximum: 113) and
the median academic age was 18 years (mean: 19; minimum: 3; max: 42). Experts were from 19
countries and 5 continents. 60% of experts had a technical, 6% a clinical, 3% a biological, and 23% a
mixed background. Of the 65 institutions, we could identify the number of employees for 89%. Of
those, the majority of institutions had a size between 1,000 and 10,000 employees (57%), followed
by even larger institutions between 10,000 and 100,000 employees (22%), and smaller institutions
below 1,000 employees (20%). Only a small portion of institutions were above 100,000 employees
(2%).
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EXTENDED DATA

Extended Data Fig. 1. [P2.2] Disregard of the properties of the target structures. (a) Small structure
sizes. The predictions of two algorithms (Prediction 1/2) differ in only a single pixel. In the case of the small
structure (bottom row), this has a substantial effect on the corresponding Dice Similarity Coefficient (DSC)
metric value (similar for the Intersection over Union (loU)). This pitfall is also relevant for other overlap-
based metrics such as the centerline Dice Similarity Coefficient (cIDice), and localization criteria such as
Box/Approx/Mask loU and Intersection over Reference (IoR). (b) Complex structure shapes. Common
overlap-based metrics (here: DSC) are unaware of complex structure shapes and treat Predictions 17and 2
equally. The cIDice uncovers the fact that Prediction 1 misses the fine-granular branches of the reference and
favors Prediction 2, which focuses on the center line of the object. This pitfall is also relevant for other overlap-
based such as metrics loU and pixel-level Fg Score as well as localization criteria such as Box/Approx/Mask
loU, Center Distance, Mask loU > 0, Point inside Mask/Box/Approx, and IoR.
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Extended Data Fig. 2. [P2.4] Disregard of the properties of the algorithm output. (a) Possibility of
overlapping predictions. If multiple structures of the same type can be seen within the same image (here:
reference objects R7and R2), it is generally advisable to phrase the problem as instance segmentation (InS;
right) rather than semantic segmentation (SemS; left). This way, issues with boundary-based metrics resulting
from comparing a given structure boundary to the boundary of the wrong instance in the reference can be
avoided. In the provided example, the distance of the red boundary pixel to the reference, as measured by a
boundary-based metric in SemS problems, would be zero, because different instances of the same structure
cannot be distinguished. This problem is overcome by phrasing the problem as InS. In this case, (only) the
boundary of the matched instance (here: R2) is considered for distance computation. (b) Possibility of
empty prediction or reference. Each column represents a potential scenario for per-image validation of
objects, categorized by whether True Positives (TPs), False Negatives (FNs), and False Positives (FPs) are
present (n > 0) or not (n = 0) after matching/assignment. The sketches on the top showcase each scenario
when setting "n > 0" to "n = 1". For each scenario, Sensitivity, Positive Predictive Value (PPV), and the F; Score
are calculated. Some scenarios yield undefined values (Not a Number (NaN)).
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Extended Data Tab. 1. Overview of pitfall sources for image-level classification metrics ((a): counting
metrics, (b): multi-threshold metrics) related to poor metric selection [P2]. A warning sign indicates a potential
pitfall for the metric in the corresponding column, in case the property represented by the respective row
holds true. Comprehensive illustrations of pitfalls are available in Suppl. Note 2. A comprehensive list of
pitfalls is provided separately for each metrics in the metrics cheat sheets (Suppl. Note 3). Note that we only
list sources of pitfalls relevant to the considered metrics. Other sources of pitfalls are neglected for this table.

(a) Counting metrics. Considered metrics: Accuracy (Fig. SN 3.40), Balanced Accuracy (BA) (Fig. SN 3.41), Ex-
pected Cost (EC) (Fig. SN 3.44), Fg Score (Fig.SN 3.45), Matthews Correlation Coefficient (MCC) (Fig. SN 3.48),
Net Benefit (NB) (Fig. SN 3.49), Negative Predictive Value (NPV) (Fig. SN 3.50), Positive Likelihood Ratio (LR+)
(Fig. SN 3.52), Positive Predictive Value (PPV) (Fig. SN 3.53), Sensitivity (Sens) (Fig. SN 3.54), Specificity (Spec)
(Fig. SN 3.55), Weighted Cohen’s Kappa (WCK) (Fig. SN 3.56).

Source of po-  Accuracy BA EC Fg Score LR+ MCC NB PPV/ Sens/ WCK
tential pitfall NPV Spec
Importance A A A A A A A A A A
of  confidence
awareness
Importance of A A A A A A A
comparability (Fig. SN 2.9) (Fig.SN2.9)  (Fig. SN 2.9) (Fig.SN2.9) (Fig.SN2.9) (Fig.SN2.9) (Fig. SN 2.9)
across data sets
Unequal sever- A (Fig. 4b) A A A A A A
ity of class (Fig. 4b) (Fig. 4b) (Fig. 4b) (Fig. 4b) (Fig. 4b) (Fig. 4b)
confusions
Importance of A A A A A A A
cost-benefit (Fig.SN2.11)  (Fig.SN2.11) (Fig.SN2.11)  (Fig.SN'2.11) (Fig. SN2.11) (Fig.SN2.11) (Fig. SN 2.11)
analysis
High classimbal- A (Figs. 5a, A A A A NPV: A A (Sens: A
ance SN 2.17) (Fig. 5a) (Fig. 5a) (Fig. 5a) (Figs. 5a, (Figs. 5a, Fig. 5a, (Figs. 5a,
SN 2.17) SN 2.17) Spec: SN 2.17)
Figs. 5a,
SN 2.17)
Small test set A A A A A A A A A A
size (Fig. SN 2.18)  (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18) (Fig.SN2.18)

* Discrimination metrics do not assess whether the predicted class scores reflect the confidence of the classifier. This is typically achieved with

additional calibration metrics, which come with their own pitfalls (see Figs. SN 2.8 and SN 2.24, Extended Data Fig. 1b and the metric profiles in Suppl. Note 3.2).
** The weights in EC can be adjusted to avoid this pitfall.

*** The hyperparameter [5 can be used as a penalty for class confusions in the binary case. This property is not applicable to multi-class problems.

(b) Multi-threshold metrics. Considered metrics: Area under the Receiver Operating Characteristic Curve
(AUROC) (Fig. SN 3.57) and Average Precision (AP) (Fig. SN 3.58).

Source of potential pitfall AP AUROC
Importance of confidence awareness A A
Importance of comparability across data sets A (Fig. SN 2.9)

High class imbalance A (Fig. 52)
Small test set size A (Fig. SN 2.18) A (Fig. SN 2.18)
Lack of predicted class scores A (Fig. SN 2.22) A (Fig. SN 2.22)

* Discrimination metrics do not assess whether the predicted class scores reflect the confidence of the classifier. This is typically achieved with
additional calibration metrics, which come with their own pitfalls (see Figs. SN 2.8 and SN 2.24, Extended Data Fig. 1b and the metric profiles in Suppl. Note 3.2).
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Extended Data Tab. 2. Overview of pitfall sources for ((a): overlap-
based metrics, (b): boundary-based metrics) related to poor metric selection [P2]. A warning sign indicates a
potential pitfall for the metric in the corresponding column, in case the property represented by the respective
row holds true. Comprehensive illustrations of pitfalls are available in Suppl. Note 2. A comprehensive list of
pitfalls is provided separately for each metrics in the metrics cheat sheets (Suppl. Note 3). Note that we only
list sources of pitfalls relevant to the considered metrics. Other sources of pitfalls are neglected for this table.

(a) Overlap-based metrics. Considered metrics: Considered metrics: centerline Dice Similarity Coefficient
(cIDice) (Fig. SN 3.42), Dice Similarity Coefficient (DSC) (Fig. SN 3.43), F 3 Score (Fig. SN 3.45), Intersection
over Union (loU) (Fig. SN 3.47).

Source of potential pitfall clDice DSC/IoU Fp Score
Importance of structure boundaries (Fig. 4a) (Fig. 4a) (Fig. 4a)
Importance of structure center(line) (Fig. SN 2.7, Extended Data Fig. 1b) (Fig. SN 2.7,
Extended Data Fig. 1b)
Unequal severity of class confusions (Fig. SN 2.10) (Fig. SN 2.10)
Small structure sizes (Fig. SN 2.12, (Fig. SN 2.12 , Extended Data Fig. 1a) (Fig. SN 2.12,
Extended Data Fig. 1a) Extended Data Fig. 1a)
High variability of structure sizes (Fig. SN 2.13) (Fig. SN 2.13) (Fig. SN 2.13)
Complex structure shapes (Fig. SN 2.14) (Fig. SN 2.14)
Occurrence of overlapping or touching structures (Fig. SN 2.15) (Fig. SN 2.15) (Fig. SN 2.15)
Imperfect reference standard (Fig. SN 2.19) (Fig. SN 2.19)
Occurrence of cases with an empty reference (Fig. SN 2.20)) (Fig. SN 2.20)) (Fig. SN 2.20))
Possibility of empty prediction (Fig. SN 2.20)) (Fig. SN 2.20)) (Fig. SN 2.20))
Possibility of overlapping predictions (Fig. SN 2.21, (Fig. SN 2.21, Extended Data Fig. 2a) (Fig. SN 2.21,
Extended Data Fig. 2a) Extended Data Fig. 2a)

(b) Boundary-based metrics. Considered metrics: Average Symmetric Surface Distance (ASSD) (Fig. SN 3.60),
Boundary Intersection over Union (Boundary loU) (Fig. SN 3.61), Hausdorff Distance (HD) (Fig. SN 3.62), Haus-
dorff Distance 95th Percentile (HD95) (Fig. SN 3.65), Mean Average Surface Distance (MASD) (Fig. SN 3.63),
Normalized Surface Distance (NSD) (Fig. SN 3.64).

Source of potential pitfall ASSD Boundary IoU HD HD95 MASD NSD
Importance of structure volume (Fig. SN 2.6) (Fig. SN 2.6)
(Fig. SN 2.6) (Fig. SN 2.6) (Fig. SN 2.6) (Fig. SN 2.6)
Importance of structure center(line) (Fig. SN 2.7, (Fig. SN 2.7,
(Fig. SN 2.7, Extended Data (Fig. SN 2.7, Extended Data (Fig. SN 2.7, (Fig. SN 2.7,
Extended Fig. 1b) Extended Fig. 1b) Extended Extended
Data Fig. 1b) Data Fig. 1b) Data Fig. 1b) Data Fig. 1b)
Occurrence of overlapping or touching (Fig. SN 2.15) (Fig. SN 2.15)
structures (Fig. SN 2.15) (Fig. SN 2.15) (Fig. SN 2.15) (Fig. SN 2.15)
Imperfect reference standard (Figs. 5¢, (Figs. 5¢, SN 2.17) (Figs. 5¢, (Figs. 5¢*, SN (Figs. 5¢,
SN 2.17) SN 2.17) 2.17) SN 2.17)
Occurrence of cases with an empty refer- (Fig. SN 2.20)) (Fig. SN 2.20))
ence (Fig. SN 2.20)) (Fig. SN 2.20)) (Fig. SN 2.20))  (Fig. SN 2.20))
Possibility of empty prediction (Fig. SN 2.20)) (Fig. SN 2.20))
(Fig. SN 2.20)) (Fig. SN 2.20)) (Fig. SN 2.20))  (Fig. SN 2.20))
Possibility of overlapping predictions (Fig. SN 2.21, (Fig. SN 2.21,
(Fig. SN 2.21, Extended Data (Fig. SN 2.21, Extended Data (Fig. SN 2.21, (Fig. SN 2.21,
Extended Fig. 2a) Extended Fig. 2a) Extended Extended
Data Fig. 2a) Data Fig. 2a) Data Fig. 2a) Data Fig. 2a)

* Can be mitigated by the choice of the percentile.
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Extended Data Tab. 3. Overview of sources of pitfalls for object detection metrics ((a): detection metrics,
(b): localization criteria) related to poor metric selection [P2]. A warning sign indicates a potential pitfall
for the metric in the corresponding column, in case the property represented by the respective row holds
true. Comprehensive illustrations of pitfalls are available in Suppl. Note 2. A comprehensive list of pitfalls
is provided separately for each metrics in the metrics cheat sheets (Suppl. Note 3). Note that we only list
sources of pitfalls relevant to the considered metrics. Other sources of pitfalls are neglected for this table.

(a) Detection metrics. Considered counting metrics: Fg Score (Fig. SN 3.45), Positive Predictive Value (PPV)
(Fig. SN 3.53), Sensitivity (Sens) (Fig. SN 3.54). Considered multi-threshold metrics: Average Precision (AP)
(Fig. SN 3.58) and Free-Response Receiver Operating Characteristic (FROC) (Fig. SN 3.59).

Source of potential pitfall Fg Score PPV Sens AP FROC Score
Unequal severity of class confusions A (Fig. 4b) A (Fig. 4b) A (Fig.4b) A (Fig. 4b) A (Fig. 4b)
High class imbalance A (Fig. 52)

Small test set size A (Fig. SN 2.18) A A A A (Fig. SN 2.18)

(Fig.SN2.18)  (Fig.SN2.18) (Fig. SN 2.18)
A A A

Occurrence of cases with an empty reference A (Fig. SN 2.20, A (Fig. SN 2.20,

Extended Data (Fig.SN'2.20,  (Fig.SN2.20, (Fig.SN220, Extended Data Fig. 2b)
Fig. 2b) Extended Extended Extended
Data Data Data
Fig. 2b) Fig. 2b) Fig. 2b)
Possibility of empty prediction A (Fig. SN 2.20, A A A (Fig. SN 2.20,
Extended Data (Fig.SN2.20,  (Fig.SN2.20, (Fig.SN2.20,  Extended Data Fig. 2b)
Fig. 2b) Extended Extended Extended
Data Data Data
Fig. 2b) Fig. 2b) Fig. 2b)
Lack of predicted class scores A A (Fig. SN 2.22)

(Fig. SN 2.22)

* The hyperparameter 5 can be used as a penalty for class confusions in the binary case.

This property is not applicable to multi-class problems.
(b) Localization criteria. Considered localization criteria: Box/Approx Intersection over Union (loU)
(Fig. SN 3.76), Center Distance (Fig. SN 3.74), Mask loU > 0 (Fig. SN 3.77), and Point inside Mask/ Box/
Approx (Fig. SN 3.78).

Source of potential pitfall Box/ Approx IoU Center Distance Mask IoU > 0 Point inside Mask/ Box/ Approx
Importance of structure boundaries A (Fig. 5a) A (Fig. 5a) A (Fig. 5a) A (Fig. 5)
Importance of structure volume A (Fig. SN 2.6) A (Fig. SN 2.6) A (Fig. SN 2.6)
Importance of structure center(line) A (FigSN 2.7, A (FigSN 2.7, A (Fig SN 2.7, Extended Data
Extended Data Extended Data Fig. 1b)
Fig. 1b) Fig. 1b)

A (Fig. SN 2.10) A (Fig. SN 2.10)*
A (Fig. SN 2.12,
Extended Data

Fig. 1a)

Unequal severity of class confusions A (Fig. SN 2.10)* A (Fig. SN 2.10)

Small structure sizes

A (Fig. SN 2.13) A (Fig. SN 2.13) A (Fig. SN 2.13)

Complex structure shapes
(Figs. SN 2.13, SN 2.16)

Point inside Box: A (Fig. SN 2.16)

Occurrence of disconnected structures
Imperfect reference standard

A (Fig. SN 2.16)
A (Fig. 5¢)

* Criterion implies point prediction, thus overlap assessment is not applicable.
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Extended Data Tab. 4. Overview of sources of pitfalls for instance segmentation metrics (Part 1) ((a):
detection metrics, (b): localization criteria) related to poor metric selection [P2]. A warning sign indicates a
potential pitfall for the metric in the corresponding column, in case the property represented by the respective
row holds true. Comprehensive illustrations of pitfalls are available in Suppl. Note 2. A comprehensive list of
pitfalls is provided separately for each metrics in the metrics cheat sheets (Suppl. Note 3). Note that we only
list sources of pitfalls relevant to the considered metrics. Other sources of pitfalls are neglected for this table.

(a) Detection metrics. Considered counting metrics: Fg Score (Fig. SN 3.45), Positive Predictive Value (PPV)
(Fig. SN 3.53), Panoptic Quality (PQ) (Fig. SN 3.51), Sensitivity (Sens) (Fig. SN 3.54). Considered multi-threshold
metrics: Average Precision (AP) (Fig. SN 3.58) and Free-Response Receiver Operating Characteristic (FROC)
(Fig. SN 3.59).

Source of potential pitfall Fp Score PPV PQ Sens AP FROC Score

Unequal severity of class confusions A" (Fig. 4b) A (Fig. 4b) A (Fig. 4b) A (Fig. 4b)

High class imbalance A (Fig. 5a)

Small test set size A (Fig. SN 2.18) A A A A A (Fig. SN 2.18)
(Fig.SN2.18)  (Fig.SN2.18) (Fig.SN2.18) (Fig SN 2.18)

Lack of predicted class scores A A (Fig. SN 2.22)

(Fig. SN 2.22)

* The hyperparameter 5 can be used as a penalty for class confusions in the binary case.
This property is not applicable to multi-class problems.

(b) Localization criteria. Considered localization criteria: Boundary Intersection over Union (Boundary loU)
(Fig. SN 3.73), Intersection over Reference (IoR) (Fig. SN 3.75), Mask loU (Fig. SN 3.47).

Source of potential pitfall Boundary IoU IoR Mask IoU
Importance of structure boundaries A (Fig. 4a) A (Fig. 4a)
Importance of structure volume A (Fig. SN 2.4)

Importance of structure center(line) A (Fig. SN 2.7, Extended A (Fig. SN 2.7, A (Fig. SN 2.7,

Unequal severity of class confusions
Small structure sizes

Complex structure shapes
Imperfect reference standard

Data Fig. 1b)
A (Fig. SN 2.10)

A (Fig. SN 2.19)

Extended Data Fig. 1b)
A (Fig. SN 2.10)

A (Fig. SN 2.12,
Extended Data Fig. 1a)
A (Fig. SN 2.14)

A (Fig. SN 2.19)

Extended Data Fig. 1b)
A (Fig. SN 2.10)
A (Fig. SN 2.12,

Extended Data Fig. 1a)
A (Fig. SN 2.12)
A (Fig. SN 2.19)
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Extended Data Tab. 5. Overview of sources of pitfalls for instance segmentation metrics (Part 2) ((a) per
instance segmentation overlap-based metrics, (b) per instance segmentation boundary-based metrics) related
to poor metric selection [P2]. A warning sign indicates a potential pitfall for the metric in the corresponding
column, in case the property represented by the respective row holds true. Comprehensive illustrations of
pitfalls are available in Suppl. Note 2. Note that we only list sources of pitfalls relevant to the considered
metrics. Other sources of pitfalls are neglected for this table.

(a) Per instance segmentation overlap-based metrics. Considered metrics:centerline Dice Similarity
Coefficient (cIDice) (Fig. SN 3.42), Dice Similarity Coefficient (DSC) (Fig. SN 3.43), Fg Score (Fig. SN 3.45),
Intersection over Union (loU) (Fig. SN 3.47).

Source of potential pitfall clDice DSC/ToU Fp Score
Importance of structure boundaries A (Fig. 4a) A (Fig. 4a) A (Fig. 4a)
Importance of structure center(line) A (Fig. SN 2.7, Extended Data Fig. 1b) A (Fig. SN 2.7, Extended
Data Fig. 1b)
Unequal severity of class confusions A (Fig. SN 2.10) A (Fig. SN 2.10)
Small structure sizes A (Fig. SN 2.12, A (Fig. SN 2.12, Extended Data Fig. 1a) A (Fig. SN 2.12,
Extended Data Fig. 1a) Extended Data Fig. 1a)
Complex structure shapes A (Fig. SN 2.14) A (Fig. SN 2.14)
Imperfect reference standard A (Fig. SN 2.19) A (Fig. SN 2.19)

(b) Per instance segmentation boundary-based metrics. Considered metrics: Average Symmetric Surface
Distance (ASSD) (Fig. SN 3.60), Boundary Intersection over Union (Boundary loU) (Fig. SN 3.61), Hausdorff
Distance (HD) (Fig. SN 3.62), Hausdorff Distance 95th Percentile (HD95) (Fig. SN 3.65), Mean Average Surface
Distance (MASD) (Fig. SN 3.63), Normalized Surface Distance (NSD) (Fig. SN 3.64).

Source of potential pitfall ASSD Boundary IoU HD HD95 MASD NSD
Importance of structure volume A A (Fig. SN 2.6) A A A A
(Fig. SN 2.6) (Fig.SN2.6)  (Fig. SN 2.6) (Fig. SN 2.6)  (Fig. SN 2.6)
Importance of structure center(line) A A (Fig. SN 2.7, A A A A
(Fig. SN 2.7, Extended Data (Fig. SN27,  (Fig.SN27,  (Fig.SN27,  (Fig. SN 27,
Extended Fig. 1b) Extended Extended Extended Extended
Data Fig. 1b) Data Fig. 1b) Data Fig. 1b) Data Fig. 1b) Data Fig. 1b)
Imperfect reference standard A (Figs. A (Figs. 5¢, SN 2.19) A (Figs. A A (Figs.
5¢, SN 2.19) 5c,SN2.19)  (Figs.5¢%, SN2.19) 5c, SN 2.19)

* Can be mitigated by the choice of the percentile.

CODE AVAILABILITY STATEMENT

We provide reference implementations for all Metrics Reloaded metrics within the MONAI open-
source framework. They are accessible at https://github.com/Project-MONAI/MetricsReloaded.
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SUPPLEMENTARY NOTES
1 METRIC FUNDAMENTALS

The present work focuses on biomedical image analysis problems that can be interpreted as
classification tasks at the image, object, or pixel level. The vast majority of metrics for these problem
categories are directly or indirectly based on epidemiological principles of True Positive (TP), False
Negative (FN), False Positive (FP), True Negative (TN), i.e., the cardinalities of the so-called confusion
matrix. The TP/FN/FP/TN are henceforth referred to as cardinalities. In the case of more than two
classes C, we also refer to the entries of the C X C confusion matrix as cardinalities. For simplicity
and clarity in notation, we restrict ourselves to the binary case in most examples. Cardinalities
can be computed at the image (segment), object, or pixel level. They are typically computed by
comparing the prediction of the algorithm to a reference annotation. Modern neural network-based
approaches commonly require a threshold to be set in order to convert the algorithm output
comprising predicted class scores (also referred to as continuous class scores) to a confusion matrix.
For the purpose of metric recommendation, the available metrics can be broadly classified as follows
(see also [10]):

e Counting metrics operate directly on the confusion matrix and express the metric value as
a function of the cardinalities. In the context of segmentation, they are typically referred to
as overlap-based metrics [79]. We distinguish multi-class counting metrics, which are
defined for an arbitrary number of classes and invariant under class order, from per-class
counting metrics, which are computed by treating one class as foreground/positive class and
all other classes as background. Popular examples for the former include MCC or Accuracy,
while examples for the latter are Sensitivity, Specificity and DSC.

e Multi-threshold metrics operate on a dynamic confusion matrix, reflecting the conflicting
properties of interest, such as high Sensitivity and high Specificity. Popular examples include
the AUROC and AP.

¢ Distance-based metrics have been designed for semantic and instance segmentation tasks.
They operate exclusively on the TPs and rely on the explicit definition of object boundaries.
Popular examples are the HD and the NSD.

Depending on the context (e.g., image-level classification vs. semantic segmentation task) and the
community (e.g., medical imaging community vs. computer vision community), identical metrics are
referred to with different terminology. For example, Sensitivity, True Positive Rate (TPR) and Recall
refer to the same concept. The same holds true for the DSC and the F; Score. The most relevant
metrics for the problem categories in the scope of this paper are introduced in the following.

Most metrics are recommended to be applied per class (except for the multi-class counting
metrics), meaning that a potential multi-class problem is converted to multiple binary classification
problems, such that each relevant class serves as the positive class once. This results in different
confusion matrices depending on which class is used as the positive class.

1.1 Image-level Classification

Image-level classification refers to the process of assigning one or multiple labels, or classes, to
an image. Modern algorithms usually output predicted class scores (or continuous class scores)
between 0 and 1 for every image and class, indicating the probability of the image belonging
to a specific class. By introducing a threshold (e.g., 0.5), predictions are considered as positive
(e.g., cancer = true) if they are above the threshold, or negative if they are below the threshold.
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Subsequently, predictions are assigned to the cardinalities (e.g., a cancer patient with prediction
cancer = true is considered as TP) [21]. The most popular classification metrics are counting metrics,
operating on a confusion matrix with fixed threshold on the class probabilities, and multi-threshold
metrics, as detailed in the following.

Counting metrics. As stated previously, counting metrics rely on the confusion matrix. We
distinguish between per-class and multi-class counting metrics. Popular multi-class counting
metrics include:

Accuracy [81]: Fig. SN 3.40

Balanced Accuracy (BA) [81]: Fig. SN 3.41

Expected Cost (EC) (also referred to as Expected Prediction Error or Expected Loss) [8, 31, 41]:
Fig. SN 3.44

Matthews Correlation Coefficient (MCC) (also referred to as Phi Coefficient) [61]: Fig. SN 3.48

Weighted Cohen’s Kappa (WCK) (also referred to as Weighted Cohen‘s Kappa Coefficient,
Weighted Kappa Statistic or Weighted Kappa Score) [17]: Fig. SN 3.56

Popular per-class counting metrics include:

Fg Score [16, 86]: Fig. SN 3.45

Net Benefit (NB) [88]: Fig. SN 3.49

Negative Predictive Value (NPV) [81]: Fig. SN 3.50

Positive Predictive Value (PPV) (also referred to as Precision) [81]: Fig. SN 3.53
Sensitivity (also referred to as Recall, TPR or Hit Rate) [81]: Fig. SN 3.54

Specificity (also referred to as Selectivity or True Negative Rate (TNR)) [81]: Fig. SN 3.55

Multi-threshold metrics. The classical counting metrics presented above rely on fixed thresh-
olds to be set on the predicted class probabilities (if available), resulting in them being based on
the cardinalities of the confusion matrix. Multi-threshold metrics overcome this limitation by
calculating metric scores based on multiple thresholds. Popular examples are:

Area under the Receiver Operating Characteristic Curve (AUROC) (also referred to as
Area under the Curve (AUC), AUC - ROC (Area under the Curve - Receiver Operating
Characteristics), C-Index, C-Statistics) [40]: Fig. SN 3.57

Average Precision (AP) [30, 56]: Fig. SN 3.58

Calibration metrics. While most research in biomedical image analysis focuses on the dis-
crimination capabilities of classifiers, a complementary property of relevance is the calibration
of predicted class scores (also known as confidence scores). Intuitively speaking, a system is well-
calibrated if the predicted class scores (i.e., the output of the model) reflect the true probabilities
of the outcome. In practice, this means that calibrated scores match the empirical success rate
of associated predictions. For a binary classification task, calibration implies that of all the data
samples assigned a predicted score of 0.8 for the positive class, empirically, 80% belong to this class.
Popular examples are:

Brier Score (BS) [33]: Fig. SN 3.66

Class-Wise Calibration Error (CWCE) [53, 54]: Fig. SN 3.67

Expected Calibration Error (ECE) [63]: Fig. SN 3.68

Expected Calibration Error Kernel Density Estimate (ECEXPE) [69] : Fig. SN 3.69
Kernel Calibration Error (KCE) [37, 92]: Fig. SN 3.70
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Negative Log Likelihood (NLL) [20]: Fig. SN 3.71
Root Brier Score (RBS) [37]: Fig. SN 3.72

1.2 Semantic Segmentation

Semantic segmentation is commonly defined as the process of partitioning an image into multiple
segments/regions. To this end, one or multiple labels are assigned to every pixel such that pixels with
the same label share certain characteristics. Semantic segmentation can therefore also be regarded
as pixel-level classification. As in image-classification problems, predicted class probabilities are
typically calculated for each pixel, deciding on the class affiliation based on a threshold over
the class scores [1]. In semantic segmentation problems, the pixel-level classification is typically
followed by a post-processing step, in which connected components are defined as objects, and
object boundaries are created accordingly. Semantic segmentation metrics can roughly be classified
into: (1) counting metrics or overlap-based metrics, for measuring the overlap between the reference
annotation and the prediction of the algorithm, (2) distance-based or boundary-based metrics, for
measuring the distance between object boundaries, and (3) problem-specific metrics, measuring,
for example, object volumes.

Counting metrics. The most frequently used segmentation metrics are counting metrics. In
the context of segmentation they are also referred to as overlap-based metrics, as they essentially
measure the overlap between a reference mask and the algorithm prediction. Popular examples of
overlap-based metrics include:

Dice Similarity Coefficient (DSC) (also referred to as Serensen-Dice Coeflicient, F; Score,
Balanced F Score) [27]: Fig. SN 3.43

Intersection over Union (IoU) (also referred to as Jaccard Index, Tanimoto Coefficient) [45]:
Fig. SN 3.47

centerline Dice Similarity Coefficient (cIDice) [77]: Fig. SN 3.42

Distance-based metrics. Overlap-based metrics are often complemented by distance-based
metrics that operate exclusively on the TPs and compute one or several distances between the
reference and the prediction. Besides few exceptions, distance-based metrics are often boundary-
based metrics which focus on assessing the accuracy of object boundaries. Popular examples
include:

Average Symmetric Surface Distance (ASSD) (also referred to as Weighted Bilateral Mean
Contour Distance) [94]: Fig. SN 3.60

Boundary Intersection over Union (Boundary IoU) [13]: Fig. SN 3.61

Hausdorff Distance (HD) (also referred to as Maximum Symmetric Surface Distance, Haus-
dorff Metric, Pompeiu-Hausdorff Distance) [44]: Fig. SN 3.62

Hausdorff Distance 95th Percentile (HD95) [44]: Fig. SN 3.65

Mean Average Surface Distance (MASD) (also referred to as Mean Surface Distance) [6]:
Fig. SN 3.63

Normalized Surface Distance (NSD) (also referred to as Normalized Surface Dice, Surface
Distance, Surface Dice, Surface DSC) [66]: Fig. SN 3.64

Problem-specific segmentation metrics. While overlap- and distance-based metrics are the
standard metrics used by the general computer vision community, biomedical applications often
have special domain-specific requirements. In medical imaging, for example, the actual volume of
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an object (e.g., a tumor) may be of particular interest. In this case, volume metrics such as the
Absolute or Relative Volume Error and the Symmetric Relative Volume Difference can be computed
[64].

1.3 Object Detection

Object detection refers to the detection of one or multiple objects (or: instances) of a particular
class (e.g., lesion) in an image [56]. The following description assumes single-class problems, but
translation to multi-class problems is straightforward, as validation for multiple classes on object
level is performed individually per class. Notably, as multiple predictions and reference instances
may be present in one image, the predictions need to include localization information, such that
reference and predicted objects can be matched. Important design choices with respect to the
validation of object detection methods include:

(1) How to represent an object? Representation is typically composed of location information and
a class affiliation. The former may for example take the form of a bounding box (i.e., a list
of coordinates), a pixel mask, or the object’s center point. Additionally, modern algorithms
typically assign a confidence value to each object, representing the probability of a prediction
corresponding to an actual object of the respective class. Note that a confusion matrix is later
computed for a fixed threshold on the predicted class probabilities.*

(2) How to decide whether a reference instance was correctly detected? This step is achieved by
applying the localization criterion. A localization criterion may, for example, be based on
comparing the object centers of the reference and prediction or computing their overlap.

(3) How to resolve assignment ambiguities? The above step might lead to ambiguous matchings,
such as two predictions being assigned to the same reference object. Several strategies exist
for resolving such cases.

The following sections provide details on (1) applying the localization criterion, (2) applying the
assignment strategy, and (3) computing the actual performance metrics.

Localization criterion. As one image may contain multiple objects or no object at all, the
localization criterion or hit criterion measures the (spatial) similarity between a prediction
(represented by a bounding box, pixel mask, center point or similar) and a reference object. It
defines whether the prediction hit/detected (TP) or missed (FP) the reference. Any reference object
not detected by the algorithm is defined as FN. Please note that TNs are not defined for object
detection tasks. Popular localization criteria include:

Box/Approx Intersection over Union (IoU) [45]: Fig. SN 3.76
Mask IoU > 0 [45, 90]: Fig. SN 3.77

Center Distance [39]: Fig. SN 3.74

Point inside Mask/ Box/ Approx °: Fig. SN 3.78

Assignment strategy. The localization criterion alone is not sufficient to extract the final
confusion matrix based on a fixed threshold for the predicted class probabilities (confidence scores),
as ambiguities can occur. For example, two predictions may have been assigned to the same reference
object in the localization step, or vice versa. These ambiguities need to be resolved in a further

4Please note that we will use the term confidence scores analogously to predicted class probabilities in the context of object
detection and instance segmentation.
Shttps://cada.grand-challenge.org/Assessment/
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assignment step. This assignment and thus the resolving of potential assignment ambiguities can
be done via different strategies:

Greedy (by Score) Matching [30]: Fig. SN 3.79

Optimal (Hungarian) Matching [51]: Fig. SN 3.81

Matching via Overlap > 0.5 [28]: Fig. SN 3.82

Greedy (by Localization Criterion) Matching [58]: Fig. SN 3.80

Metric computation. Similar to image-level classification and semantic segmentation algo-
rithms, object detection algorithms are commonly assessed with counting metrics, assuming a fixed
confusion matrix. Popular examples include:

Fg Score [16, 86]: Fig. SN 3.45

False Positives per Image (FPPI) [5, 85]: Fig. SN 3.46

Positive Predictive Value (PPV) (also referred to as Precision) [81]: Fig. SN 3.53
Sensitivity (also referred to as Recall, TPR or Hit Rate) [81]: Fig. SN 3.54

Similarly, multi-threshold metrics rely on a range of thresholds. Popular examples are:

Average Precision (AP) [30, 56]: Fig. SN 3.58
Free-Response Receiver Operating Characteristic (FROC) Score [85]: Fig. SN 3.59

1.4 Instance Segmentation

In contrast to semantic segmentation, instance segmentation problems distinguish different
instances of the same class (e.g., different lesions). Similarly to object detection problems, the
task is to detect individual instances of the same class, but detection performance is measured
by pixel-level correspondences (as in semantic segmentation problems). Optionally, instances can
be applied to one of multiple classes. Validation metrics in instance segmentation problems often
combine common detection metrics with segmentation metrics applied per instance. For instance,
segmentation problems, we consider different localization criteria, namely:

Localization criteria:

Boundary Intersection over Union (Boundary IoU) [13]: Fig. SN 3.73
Mask IoU [45]: Fig. SN 3.76
Intersection over Reference (IoR) [60]: Fig SN 3.75

Additional counting metric: If detection and segmentation performance should be assessed simul-
taneously in a single score, the PQ metric can be utilized [47]: Fig. SN 3.51.

It should be noted that instance segmentation problems are often phrased as semantic segmen-
tation problems with an additional post-processing step, such as connected component analysis
[74].

2 METRIC PITFALLS

This section presents common limitations of image processing metrics related to [P1] an inadequate
choice of problem category (Suppl. Note 2.1), [P2] poor metric selection (Suppl. Note 2.2) and [P3]
poor metric application (Suppl. Note 2.3) in an illustrated manner.
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To preserve visual clarity, the most important of the presented metric values may be highlighted
with color. Green metric values correspond to a "good" metric value (e.g. a high Sensitivity score),
whereas red values correspond to a "bad" value (e.g. a low Sensitivity). Green check marks indicate
desirable behavior of metrics, red crosses indicate undesirable behavior. Please note that a low
metric value is not automatically a "bad" score. A metric value should always be put into perspective
and compared to inter-rater variability. For simplicity, we still use the terms "good" and "bad/poor"
throughout the section. Finally, our illustrations do not provide the concrete class probabilities of
the presented classifiers.

2.1 Pitfalls related to an inadequate choice of the problem category

Performance metrics are typically expected to reflect a domain-specific (e.g., clinical) validation
goal. Previous research, however, suggests that this is often not the case [75]. Before choosing
validation metrics, the correct problem category needs to be defined. In the following, we present
pitfalls related to metrics not being applied to the appropriate problem category. These can either
be associated with a wrong choice of the problem category (here: Figs. 3 and SN 2.3; more examples
are provided in [71]) or the lack of a matching problem category (Fig. SN 2.4).
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Assessing object detection performance at image level yields misleading results
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Extended Data Fig. SN 2.3. Image-level classification metrics such as the Area under the Receiver
Operating Characteristic Curve (AUROC) curve can be used to validate object detection models by
first aggregating predictions to one image-level score (per class). This validation scheme discards
the information on the object matching (localization, number of objects etc.). This leads to several
problems: (a) The image-level Receiver Operating Characteristic (ROC) curve does not measure the
localization performance. Both Prediction 1and 2 are considered as True Positive (TP) due to their
score being very high, although Prediction 2 does not hit the annotated object. (b) The image-level
ROC is invariant to the number of annotated objects in an image. The curve does not discriminate
between a model detecting all positives (Prediction T) and a model detecting only one of the positives
(Prediction 2), as long as the maximum score is the same. (c) The image-level ROC is invariant to the
number of detections in an image. The curve does not discriminate between a model with many False
Positives (FP) (Prediction 2), and a model with just one FP (Prediction 1), as long as the maximum
score is the same. The class probabilities are represented by confidence scores (Conf.).
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Common metrics may not reflect the domain interest

[P1]
Pitfalls related to
the inadequate No matching
choice of the problem category
problem
category

Reference Prediction 1 Prediction 2

DSC(m, DSCm, ) )_
(DSC ,-) 07 = psc ,))—0-7

Ratio(m,m)=1.0 Ratio(m,m)=1.0 # Ratio( ,m)=1.7

Extended Data Fig. SN 2.4. In the absence of a matching problem category for the problem at hand,
it may not be possible to find a common metric that ideally captures the domain interest. In this
example, accuracy of the ratio between two volumes is the property of interest (e.g., the percentage
of blood volume ejected in each cardiac cycle [4]). Using overlap-based segmentation metrics (here:
Dice Similarity Coefficient (DSC)) to measure the volumetric ratio may be misleading. Predictions 1
and 2 result in similar averaged DSC metric values although they result in a different ratio between
structure volumes, which is the parameter of interest. @ refers to the average DSC values.
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2.2 Pitfalls related to poor metric selection

Validation metrics typically assess a specific property of interest. Thus, a metric designed for a
particular purpose often cannot be used to appropriately validate another property. This is due to
both the limitations as well as the mathematical properties of individual metrics, both of which are
often neglected. In this section, we present pitfalls related to poor metric selection.

2.2.1 Pitfalls related to disregard of the domain interest. Several requirements for metric selection
arise from the domain interest, which may clash with particular metric limitations. In the following,
we present pitfalls related to disregard of the domain interest, stemming from the following sources:

e Importance of structure boundaries (Figs. 4a and SN 2.5)

e Importance of structure volume (Fig. SN 2.6)

e Importance of structure center(line) (Fig. SN 2.7)

o Importance of confidence awareness (Fig. SN 2.8)

e Importance of comparability across data sets (Figs. SN 2.9)
e Unequal severity of class confusions (Figs. 4b and SN 2.10)
e Importance of cost-benefit analysis (Fig. SN 2.11)
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Volume-based metrics alone are inadequate for assessing performance

[P2] (P2.1]
Pitfalls related
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the domain
interest

Pitfalls related to Importance of

structure boundaries

poor metric
selection

Reference Prediction 1 Prediction 2

olume = 0.0

r difference
= DSC=0.0

loU =0.0
HD=4.0 HD = 14.1
HD95 = 4.0 HD95 = 14.1
ASSD =3.0 ASSD =12.8
MASD = 3.0 MASD = 12.8
NSD = 0.3 NSD = 0.00

Extended Data Fig. SN 2.5. Effect of only focusing on object volume. Both Predictions 1and 2 result in
the correct volume difference of 0, but do not overlap the reference (Dice Similarity Coefficient (DSC)
and Intersection over Union (loU) of 0). Only the boundary-based measures (Hausdorff Distance
(HD), Hausdorff Distance 95th Percentile (HD95), Average Symmetric Surface Distance (ASSD),
Mean Average Surface Distance (MASD), and Normalized Surface Distance (NSD)) recognize the
mislocalization. This pitfall is also relevant for localization criteria such as Box/Approx/Mask loU,
Center Distance, Mask loU > 0, Point inside Mask/Box/Approx, and Intersection over Reference (IoR)
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oundary-based metrics disregard holes in the segmentation
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Extended Data Fig. SN 2.6. Boundary-based metrics commonly ignore the overlap between structures
and are thus insensitive to holes in structures. In the examples, the Prediction respectively features
a hole or spotted pattern within the object. Boundary-based metrics (here: Normalized Surface
Distance (NSD)) do not recognize this problem, yielding (near) perfect metric scores of 1.0 and 0.9,
whereas the volumetric difference reflects the fact that the inner area is inadequately predicted.
NSD was calculated for z = 2. This pitfall is also relevant for other boundary-based metrics such
as Average Symmetric Surface Distance (ASSD), Boundary Intersection over Union (Boundary loU),
Hausdorff Distance (HD), Hausdorff Distance 95th Percentile (HD95), and Mean Average Surface
Distance (MASD), as well as localization criteria such as Center Distance, Mask loU > 0, Point inside
Mask/Box/Appeox, Boundary loU, Intersection over Reference (loR), and Mask loU.
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Overlap-based metrics are unaware of object centers
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Extended Data Fig. SN 2.7. The most common counting-based metrics are poor proxies for the
center point alignment. Here, Predictions 1and 2 yield the same Dice Similarity Coefficient (DSC)
value although Prediction 1 approximates the location of the object much better. This pitfall is also
relevant for other boundary- and overlap-based metrics such as Average Symmetric Surface Distance
(ASSD), Boundary Intersection over Union (loU), Hausdorff Distance (HD), Hausdorff Distance
95th Percentile (HD95), loU, pixel-level Fﬂ Score, and Mean Average Surface Distance (MASD), and
localization criteria such as Box/Approx/Mask loU, Mask loU > 0, Point inside Mask/Box/Approx,
Boundary loU, and Intersection over Reference (IoR).
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Common calibration metrics falsely imply perfect calibration
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Extended Data Fig. SN 2.8. Effect of different definitions of calibration on the Expected Calibration
Error (ECE) when focusing on confidence or predicted class scores (confidence awareness). For top-
label calibration, only the maximum values of the predicted class scores g(X) are considered, while all
other values are neglected, resulting in a perfect calibration for this example. Similarly, for class-wise
calibration, the predicted class scores are compared class-wise per value, also yielding a perfect score.
Only canonical calibration considers all components of the predicted class score vectors, showing
that the model is not perfectly calibrated [37, 84]. A more detailed insight in different definitions of
calibration is given in [58]. It should be noted that discrimination metrics generally do not assess
calibration performance, i.e., perfect discrimination does not imply good calibration performance.
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Comparison of metric scores across data sets may be misleading
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Extended Data Fig. SN 2.9. Effect of prevalence dependency. An algorithm with specific inherent
properties (here: Sensitivity of 0.9 and Specificity of 0.8) may perform completely differently on
different data sets if the prevalences differ (here: 50% (left) and 90% (right)) and prevalence-dependent
metrics are used for validation (here: Accuracy, Positive Predictive Value (PPV), Negative Predictive
Value (NPV), F1 Score, Matthews Correlation Coefficient (MCC), Cohen’s Kappa «). In contrast,
prevalence-independent metrics (here: Balanced Accuracy (BA), Youden’s Index J, Positive Likelihood
Ratio (LR+), and Expected Cost (EC)) can be used to compare validation results across different
data sets. Used abbreviations: True Positive (TP), False Negative (FN), False Positive (FP) and True
Negative (TN). This pitfall is also relevant for other counting metrics such as Net Benefit (NB).
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Overlap-based metrics prefer oversegmentation over undersegmentation
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Extended Data Fig. SN 2.10. Effect of undersegmentation vs. oversegmentation. The outlines of
the predictions of two algorithms (Prediction 1/2) differ in only a single layer of pixels (Prediction
1: undersegmentation — smaller structure compared to reference, Prediction 2: oversegmentation
— larger structure compared to reference). This has no (or only a minor) effect on the Hausdorff
Distance (HD)/(95%), the Normalized Surface Distance (NSD), MASD, and the Average Symmetric
Surface Distance (ASSD), but yields a substantially different Dice Similarity Coefficient (DSC) or
Intersection over Union (loU) score [79, 95]. If penalizing of either over- or undersegmentation is
desired (unequal severity of class confusions), other metrics such as the Fg Score provide specific
penalties for either depending on the chosen hyperparameter f. This pitfall is also relevant for other
overlap-based metrics such as centerline Dice Similarity Coefficient (cIDice) and localization criteria
such as Box/Approx/Mask loU, Boundary loU, and Intersection over Reference (IoR).
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Common metrics disregard cost-benefit analysis
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Extended Data Fig. SN 2.11. Effect of neglecting a cost-benefit analysis. In a cost-benefit analysis,
clinicians are able to define a risk-specific exchange rate that is used in the computation of the Net
Benefit (NB) metric. Common metrics such as Accuracy do not consider this analysis and would
favor the marker-based decision on biopsy, while NB indicates that biopsies of all patients actually
yield a better clinical outcome [89]. This pitfall is also relevant for other counting metrics such as
Balanced Accuracy (BA), Positive Likelihood Ratio (LR+), Matthews Correlation Coefficient (MCC),
Negative Predictive Value (NPV), Positive Predictive Value (PPV), Sensitivity, and Specificity. For

binary problems, the hyperparameter f of the Fz Score can be used as a dynamic penalty for class
confusions.
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2.2.2  Pitfalls related to disregard of the properties of the target structure. For problems that require
capturing local properties (object detection, semantic or instance segmentation), the properties
of the target structures to be localized and/or segmented may have severe implications for metric
choice. Pitfalls can be further subdivided into size-related and shape- and topology-related pitfalls.
In the following, we present pitfalls stemming from the following sources:

Size-related pitfalls:

e Small structure sizes (Extended Data Fig. 1a and Fig. SN 2.12)
o High variability of structure sizes (Fig. SN 2.13)

Shape- and topology-related pitfalls

e Complex structure shapes (Extended Data Fig. 1b and Fig. SN 2.14)
o Occurrence of overlapping or touching structures (Fig. SN 2.15)
e Occurrence of disconnected structures (Fig. SN 2.16)
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ap-based metrics are sensitive to structure sizes
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Extended Data Fig. SN 2.12. Comparison of Mask and Boundary Intersection over Union (loU)
localization criteria in the case of particular importance of structure boundaries. Overlapping pixels
from the reference and prediction are shown in light blue. The Mask loU (second column) is less
sensitive to boundary errors for large objects. The Boundary loU (third and fourth column) especially
considers contours, (1) yields smaller metric scores, thus penalizing errors in the boundaries, and
(2) is more invariant to structure sizes, leading to very similar values for large and small structures
(fourth column) [13]. This pitfall is also relevant for other overlap-based metrics such as centerline
Dice Similarity Coefficient (cIDice), Dice Similarity Coefficient (DSC), and pixel-level Fg Score, as
well as localization criteria such as Box/Approx loU and Intersection over Reference (loR).
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Effect of high variability of structure sizes
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Extended Data Fig. SN 2.13. Large structures completely dominate overlap-based metrics in semantic
segmentation problems. While Prediction 1 perfectly segments all three small structures, the metric
score (here: Dice Similarity Coefficient (DSC)) is much worse compared to the score of Prediction 2,
with only one perfect prediction for the large structure. This is highlighted by only computing the
metric without the large structure. This pitfall is also relevant for other overlap-based metrics such
as centerline Dice Similarity Coefficient (cIDice), Dice Similarity Coefficient (DSC), and pixel-level
Fg Score, as well as localization criteria such as Mask/Box/Approx Intersection over Union (loU) and
Intersection over Reference (IoR).




Understanding metric-related pitfalls 55

etrics are unaware of
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Extended Data Fig. SN 2.14. Effect of complex shapes. Common overlap-based metrics such as the
Dice Similarity Coefficient (DSC) are unaware of complex structure shapes and treat Predictions 1
and 2 equally. The centerline Dice Similarity Coefficient (cIDice) uncovers that Prediction 1 misses
the fine-granular branches of the reference and favors Prediction 2, which focuses on the object’s
center line and better captures its fine branches. This pitfall is also relevant for other overlap-based
metrics such as Intersection over Union (loU) and pixel-level Fg Score, and localization criteria
such as Box/Approx/Mask loU, Center Distance, Mask loU > 0, Point inside Mask/Box/Approx, and
Intersection over Reference (IoR).
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Common metrics do not account for hierarchical label structure
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Extended Data Fig. SN 2.15. Effect of nested multi-label structures. The requirement of Label 2 being
inside Label 1 is violated by Prediction 2. Nevertheless, Prediction 2 has a higher Dice Similarity
Coefficient (DSC) score compared to Prediction 1, which adheres to the requirement. This pitfall is
also relevant for other boundary- and overlap-based metrics such as Average Symmetric Surface
Distance (ASSD), Boundary Intersection over Union (loU), centerline Dice Similarity Coefficient
(cIDice), Hausdorff Distance (HD), Hausdorff Distance 95th Percentile (HD95), loU, pixel-level F
Score, Mean Average Surface Distance (MASD), and Normalized Surface Distance (NSD).
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Bounding boxes are inadequate for representing complex shapes and disconnected struc-

tures
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Extended Data Fig. SN 2.16. Bounding boxes are not well-suited for representing disconnected shapes,
in particular multi-component structures. Predictions 1and 2 both yield a True Positive (TP) detection,
as the Box Intersection over Union (loU) is larger than the threshold 0.3. However, Prediction 1 does
not hit the real object at all.
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2.2.3  Pitfalls related to disregard of the properties of the data set and algorithm output. Properties of
the data set such as class imbalances or high inter-rater variability may directly affect metric values.
Pitfalls can be further subdivided into class-related and reference-related pitfalls. For reference-based
metrics, the algorithm output will be compared against the reference annotation to compute a
metric score. Thus, the content and format of the prediction is of high relevance for metric choice.
In the following, we present pitfalls stemming from the following sources:

[P2.3] Disregard of the properties of the data set

e High class imbalance (Figs. 5a and SN 2.17)
e Small test set size (Figs. 5b and SN 2.18)
o Imperfect reference standard (Figs. 5¢ and SN 2.19)

[P2.4] Disregard of the properties of the algorithm output

e Possibility of empty prediction (Extended Data Fig. 2b and Fig. SN 2.20)
e Possibility of overlapping predictions (Extended Data Fig. 2a and Fig. SN 2.21)
e Lack of predicted class scores (Fig. SN 2.22)
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lausible results in the presence of class imbalance
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Extended Data Fig. SN 2.17. Effect of class imbalance. Not every metric is designed to reflect class
imbalance [14]. In the case of underrepresented classes, an unsuitable metric, such as Accuracy, yields
a high value even if the classifier performs very poorly for one of the classes (here: Prediction 2). Multi-
threshold metrics, such as the Area under the Receiver Operating Characteristic Curve (AUROC) and
the Average Precision (AP), reveal the weakness, indicating that Prediction 2 is not better than random
guessing. For comparison, a no-skill classifier (random guessing) is shown as a black dashed line. For
the Precision-Recall (PR) curves, the interpolation applied to compute the AP metric is shown as a
dashed grey line. Thresholds used for curve generation are provided as small numbers above the curve.
Further abbreviations: Positive Predictive Value (PPV), Negative Predictive Value (NPV), Matthews
Correlation Coefficient (MCC), Weighted Cohen’s Kappa (WCK). This pitfall is also relevant for other
counting metrics such as Net Benefit (NB).
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Common multi-threshold metrics are not well-suited for small sample sizes

Reinke/Tizabi et al.

[P2]

Pitfalls related to

poor metric
selection

[P2.3]
Pitfalls related
to disregard of

the properties
of the data set

Small test set size

Data set 1 Data set 2

© Class 1 (positive)
@ Class 1 predicted

class scores

© Class 1 (positive)

Class 1 predicted
@ class scores

A Class 2 (negative)

Class 2 predicted
class scores

@
) |

A Class 2 (negative)

Class 2 predicted
class scores

AO.Z 1 0.21

! 063)| 0.79) 'oog! @79
=) =)
L1 Different sample _ _ _ |
,
’
v
o > ’
s N P
=05 S 05 7 =
7
,
’
0.0 0.0
0.0 05 1.0 0.0 05 1.0
1 - Specificity 1-Specificity
AUROC =0.78 < AUROC =0.89

95% AUROC CI: [0.29, 1.0] 95% AUROC CI: [0.58, 1.0]

Extended Data Fig. SN 2.18. Effect of calculating the Area under the Receiver Operating Characteristic
Curve (AUROC) for very small sample sizes. The AUROC is very unstable for small sample sizes.
Data sets 1 and 2 only contain six samples each, for which only one predicted score differs between
sets. Drawing the Receiver Operating Characteristic (ROC) curve and calculating the AUROC leads
to a large difference in scores between both data sets. The 95% Confidence Interval (Cl) reveals that
there is a large range of possible AUROC values. Cls were calculated based on [25]. This pitfall is
also relevant for other counting metrics such as Accuracy, Average Precision (AP), Balanced Accuracy
(BA), Expected Cost (EC), Fg Score, Free-Response Receiver Operating Characteristic (FROC) Score,
Positive Likelihood Ratio (LR+), Matthews Correlation Coefficient (MCC), Net Benefit (NB), Negative

Predictive Value (NPV), Positive Predictive Value (PPV), Sensitivity, Specificity, and Weighted Cohen’s
Kappa (WCK).
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Common metrics do not account for inter-rater variability
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Extended Data Fig. SN 2.19. Effect of inter-rater variability between two annotators. Assessing
the performance of Annotator 2 while using an reference annotation created by Annotator 1leads
to a low Dice Similarity Coefficient (DSC) score because inter-rater variability is not taken into
account by common overlap-based metrics. In contrast, the Normalized Surface Distance (NSD),
applied with a threshold of 7 = 1, captures this variability. It should be noted, however, that this
effect occurs primarily in small structures as overlap-based metrics tend to be robust to variations
in the object boundaries in large structures. Further abbreviations: Intersection over Union (loU),
Hausdorff Distance (HD), Hausdorff Distance 95th Percentile (HD95), Average Symmetric Surface
Distance (ASSD), Mean Average Surface Distance (MASD). This pitfall is also relevant for other
boundary- and overlap-based metrics Boundary loU, centerline Dice Similarity Coefficient (cIDice),
pixel-level Fg Score and Mean Average Surface Distance (MASD) and localization criteria such as
Mask loU > 0, Point inside Mask, Boundary loU, IoR, and Mask loU.
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Empty reference or prediction leads to invalid scores
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Extended Data Fig. SN 2.20. Effect of empty references or predictions when applying common
metrics per image (here for semantic segmentation). Empty images lead to division by zero for
many common metrics as the numbers of the TPs, FPs, FNs turn zero. Used abbreviations: Average
Symmetric Surface Distance (ASSD), Dice Similarity Coefficient (DSC), Hausdorff Distance (HD),
Hausdorff Distance 95th Percentile (HD95), Intersection over Union (loU), Mean Average Surface
Distance (MASD), Not a Number (NaN), Normalized Surface Distance (NSD). This pitfall is also
relevant for other boundary-based, overlap-based and counting metrics such as Boundary loU,
centerline Dice Similarity Coefficient (cIDice), Fg Score, Negative Predictive Value (NPV), Positive
Predictive Value (PPV), Sensitivity, and Specificity.
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Common segmentation metrics are not well-suited for overlapping structures
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Extended Data Fig. SN 2.21. Effect of overlapping predictions in segmentation problems. In semantic
segmentation problem (SemS; right), overlapping predictions are merged into a single object, yielding
a perfect metric score. Phrasing the problem as an instance segmentation problem reveals that the
dark blue instance is not well-approximated at all. This issue is not revealed by common metrics if
only semantic segmentation is performed (here: Dice Similarity Coefficient (DSC)). This pitfall is
also relevant for other boundary- and overlap-based metrics such as Average Symmetric Surface
Distance (ASSD), Boundary Intersection over Union (loU), centerline Dice Similarity Coefficient
(cIDice), pixel-level Fg Score, Hausdorff Distance (HD), Hausdorff Distance 95th Percentile (HD95),
loU, Mean Average Surface Distance (MASD), and Normalized Surface Distance (NSD).
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Selection of multi-threshold metrics in the absence of predicted class scores
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Extended Data Fig. SN 2.22. Multi-threshold metrics should only be computed if predicted class
scores are available, although an increasing body of work computes multi-threshold metrics such
as AP in the absence of class scores (e.g., [3, 22, 32, 42, 52]). Otherwise, the strategy chosen for
compensating the lack of class scores (here reflected by Implementations 1 and 2) leads to metric
scores that are less well interpretable than those of established counting metrics working on a fixed
confusion matrix (here: Fq Score). This pitfall is also relevant for other multi-threshold metrics such
as Area under the Receiver Operating Characteristic Curve (AUROC) and Free-Response Receiver
Operating Characteristic (FROC) Score.
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2.3 Pitfalls related to poor metric application

A data set typically contains several hundreds or thousands of images. When analyzing, aggregating
and combining metric values, a number of factors need to be taken into account.

2.3.1 Pitfalls related to inadequate metric implementation. The implementation of metrics is, unfor-
tunately, not standardized. While some metrics are straightforward to implement, others require
more advanced techniques and offer a variety of implementation possibilities. Sources of metric
implementation pitfalls include:

e Non-standardized definitions (Figs. 6a and SN 2.23)
e Discretization issues (Fig. SN 2.24)

e Sensitivity to hyperparameters (Fig. SN 2.25)

o Metric-specific issues (Fig. SN 2.26)
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Lack of standardization leads to variation in metric scores
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Extended Data Fig. SN 2.23. Effect of defining different ranges for the False Positives per Image (FPPI)
(which are unbounded to the top) used to draw the Free-Response Receiver Operating Characteristic
(FROC) curve for the same prediction (top). The resulting FROC Scores differ for different boundaries

of the x-axis used for the FPPI ([0, 1], [0, 2] and [0, 4]). Publications make use of different ranges for
the x-axis, complicating comparison between works.
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Common metrics suffer from discretization issues
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Extended Data Fig. SN 2.24. Effect of choosing different bins for calculating the Expected Calibration
Error (ECE) and Maximum Calibration Error (MCE). Three different strategies are chosen for the
binning of the interval [0, 1] of the predicted class scores of the Prediction. The resulting metric scores

are substantially affected by the number of bins [38].
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Choice of hyperparameters mpact metric scores
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Extended Data Fig. SN 2.25. Effect of the Intersection over Union (loU) threshold on the localiza-
tion (here Box loU). (a) When defining a True Positive (TP) by a very loose loU > 0, the resulting
localizations may be deceived by very large predictions. (b) On the other hand, a strict loU criterion
may be problematic when the bounding box does not approximate the target structure shapes well.
Although Predictions 1and 2 are very similar (differing in one pixel in one dimension), only Prediction
1is a TP because the number of bounding box pixels increases quadratically with the size of diagonal
narrow structures. Further abbreviation: False Positive (FP).
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Per-class tuning of the decision threshold yields misleading results
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Extended Data Fig. SN 2.26. Effect of the determination of a global threshold for all classes based on
a single class. In a data set of three classes and nine images, the Area under the Receiver Operating
Characteristic Curve (AUROC) score is 1.0 for every class. In practice, however, a global decision
threshold needs to be set in multi-class problems, which typically renders substantially worse results.
Here, the optimal threshold for Class 1 yields poor results for Classes 2 and 3 (see e.g., [23, 50]).
Used abbreviations: Positive Predictive Value (PPV), Negative Predictive Value (NPV), Matthews
Correlation Coefficient (MCC), Cohen’s Kappa k, and Balanced Accuracy (BA).




70 Reinke/Tizabi et al.

2.3.2  Pitfalls related to inadequate metric aggregation. When aggregating metric values over multi-
ple cases (data points), the method of metric aggregation should be clearly defined and reported
including details for example on the aggregation operator (e.g., mean or median) and missing value
handling. In addition, special care should be taken when aggregating across classes or different
hierarchy levels. Pitfalls can be further subdivided into class-related and data set-related pitfalls. In
the following, we present pitfalls stemming from the following sources:

Class-related pitfalls

e Hierarchical label structure (Fig. SN 2.27)
e Multi-class problem (Fig. SN 2.28)

Data set-related pitfalls

o Non-independence of test cases (Figs. 6b and SN 2.29)
e Risk of bias (Fig. SN 2.30)
e Possibility of invalid prediction (Fig. SN 2.31)
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Standard aggregation schemes disregard hierarchical class structures

[P3] [P3.2]
) Pitfalls related to . .
Pitfalls related to inadequate Class-related Hierarchical label
poor metric metric structure
application aggregation
Reference Prediction (binary) Prediction (multi-class)
° Class 1 Class 2 ACIass 3 O A Prediction positive/negative class © © A Prediction class 1/2/3
(positive) (positive) (negative) O Reference positive/negative class O Reference positive/negative class

A , A A @
A" O @@@
Aas %0 2, A
A A N
A A

Prediction Prediction
OIA 00A
sO|7 ] 3 ® i (2) 0
< s 1
< /|17 \Y\E .

Accuracy = 0.88 ®Accuracy = 0.69
Accuracy = 0.56
A Accuracy =0.88

Extended Data Fig. SN 2.27. Classes in categorical classification may be hierarchically structured,
for example in the form of multiple positive classes and one negative class. The phrasing of the
problem as binary vs. multi-class hugely affects the validation result. Binary classification (middle),
differentiating triangles from circles, yields a good Accuracy, while per-class validation yields a poor

score because the two circle classes cannot be distinguished well. Incorrect predictions are overlaid
by a red shape of the correct reference class.
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Lack of per-class validation conceals important information
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Extended Data Fig. SN 2.28. Effect of ignoring the presence of multiple classes when aggregating
metric values (here: using the mean). The overall average of all Dice Similarity Coefficient (DSC)
scores for the four images is 0.7. Averaging per class reveals a very low performance for Classes 2 and
3. @ refers to the average DSC values.
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Inter-class dependencies are concealed in standard aggregation schemes
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Extended Data Fig. SN 2.29. Effect of interdependencies between classes. A prediction may show a
near-perfect Accuracy score of 0.94 for the dark blue triangle as it frequently appears in conjunction
with the orange square. By calculating the Accuracy in the presence and absence of the orange square
class, it can be seen that the algorithm only works well in the presence of the orange square class.
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Lack of stratification conceal biases
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Extended Data Fig. SN 2.30. Effect of disregarding relevant meta-information (here: gender). When
ignoring the available meta-information of the patient’s gender per image, any metric (here: Accuracy)
fails to reveal that the algorithm performs much better for men compared to women. In this example,
correct predictions are marked by a green check mark, incorrect predictions by a red cross.
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Lack of missing data handling strategy yields misleading results
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Extended Data Fig. SN 2.31. Effect of invalid predictions (missing values) when aggregating metric
values. In this example, ignoring missing values leads to a substantially higher Dice Similarity
Coefficient (DSC)) compared to setting missing values to the worst possible value (here: 0).
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2.3.3  Pitfalls related to inadequate ranking scheme. Rankings are often created to compare algorithm
performances. In this context, we present pitfalls stemming from the following sources:

e Metric relationships (Fig. SN 2.32)
e Ranking uncertainty (Fig. SN 2.33)

Related metrics may yield identical rankings
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Extended Data Fig. SN 2.32. Effect of using mathematically closely related metrics. The Dice Similarity
Coefficient (DSC) and Intersection over Union (loU) typically lead to the same ranking, whereas
metrics from different families (here: Hausdorff Distance (HD)) may lead to substantially different
rankings [79, 80]. Combining metrics that are related will not provide additional information for a
ranking, and having multiple metrics measuring the same properties may overrule rankings of other
properties (here: HD).
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Ranking tables do not reflect ranking uncertainty
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Extended Data Fig. SN 2.33. Effect of ranking uncertainty. The results of two benchmarking experi-
ments with five algorithms A1-A5 differ substantially, as shown by the boxplots of the metric values
for every algorithm. While the left situation introduces a clear ranking visible from the boxplots, the
right use case is not clear as performance is very similar across algorithms. However, both situations
lead to the same ranking [57, 93]. Thus, solely providing ranking tables conceals information on

ranking uncertainty.
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2.3.4  Pitfalls related to inadequate metric reporting. A thorough reporting of metric values and
aggregates is important both in terms of transparency and interpretability. However, several pitfalls
are to be avoided in this regard. Sources of metric reporting pitfalls include:

e Non-determinism of algorithms (Fig. SN 2.34)
o Uninformative visualization (Figs. 6c and SN 2.35)

The non-determinism of neural networks effects metric results
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Extended Data Fig. SN 2.34. Effect of non-determinism of artificial intelligence (Al) algorithms. An
algorithm trained under identical conditions may yield different results when changing seeds (left),
but also with fixed seeds (right). The latter may, for example, be caused by parallel processes, order
of threads, auto-selection of primitive operations, and other factors [68]°. Fixing seeds does not
guarantee reproducibility even for the same hardware/software configuration as many software
libraries have a degree of randomness on their operations.

%See for example: https://pytorch.org/docs/stable/notes/randomness.html


https://pytorch.org/docs/stable/notes/randomness.html
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Common visualization schemes conceal relevant information

[P3] [P3.4]

Pitfalls related to m::g;:l::g 1o Uninformative
poor metric e visualization
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Extended Data Fig. SN 2.35. Effect of different visualization types. A single boxplot (top left) does
not provide sufficient information about the raw metric value distribution (here: Dice Similarity
Coefficient (DSC)). Using a violin plot (top right) or adding the raw metric values as jittered dots
on top (bottom left) adds important information. In the case of non-independent validation data,
color/shape-coding helps reveal data clusters (bottom right).
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2.3.5 Pitfalls related to inadequate interpretation of metric values. Interpreting metric scores and
aggregates is an important step in algorithm performance analysis. However, several pitfalls can
arise from interpretation. In the following, we present pitfalls related to:

e Low resolution (Fig. SN 2.36)
e Lack of upper/lower bounds (Fig. SN 2.37)
e Insufficient domain relevance of metric score differences (Fig. SN 2.38)
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Image resolution affects metric scores

[P3] [P3.5]

itfalls related Pitfalls related to
itfalls related to inadequate

poor metric interpretation of
application metric values

Low resolution

Reference Prediction
5 DSC = 0.84
5 W loU =0.72
2 HD = 1.00
> N HD95 = 1.00
S ASSD = 0.43
| MASD = 0.42
saasss T -
< DSC = 0.82
=R loU = 0.70
° HD =1.41
i’ EE HD95 = 1.41
° ASSD = 1.05
* MASD = 1.05
NSD = 0.96

Extended Data Fig. SN 2.36. Effect of different grid sizes. Differences in the grid size (resolution) of an
image highly influence the image and the reference annotation (dark blue shape (reference) vs. pink
outline (desired circle shape)), with a prediction of the exact same shape leading to different metric
scores. Abbreviations: Dice Similarity Coefficient (DSC), Intersection over Union (loU), Hausdorff
Distance (HD), Hausdorff Distance 95th Percentile (HD95), Average Symmetric Surface Distance
(ASSD), Mean Average Surface Distance (MASD), Normalized Surface Distance (NSD).




82 Reinke/Tizabi et al.

Lower bounds of metrics may not be achievable in practice

[P3]

Pitfalls related to

[P3.5]
Pitfalls related to

inadequate Lack of upper/

lower bounds

poor metric

e interpretation of
application

metric values

Reference Prediction (multi-class)
[. Class 1 Class2  AClass3 J 1 O A Prediction class 1/2/3
¥ Incorrect prediction

all predictions incorrect

C SN
A x

Prediction

0[0]1
0|1]0

MCC=-0.61
#- 1 (lowest value MCC may take)

Actual

flo|1]0
A

Extended Data Fig. SN 2.37. Effect of theoretical bounds that may not be achievable in practice. In
this multi-class example, all samples were predicted incorrectly. However, the theoretical lowest value
for the Matthews Correlation Coefficient (MCC) metric (-1) cannot be achieved in this situation,
rendering interpretation difficult.
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Metric score differences leading to different rankings may be irrelevant

[P3] [P3.5]
Pitfalls related to
L inadequate
poor metric interpretation of
application metric values

Insufficient domain relevance of
metric score differences

Pitfalls related to

Rank Algorithm Aggregated metric score

1 A2 0.9543 } ”
2 Al 0.9542
3 A3 0.8703 } Difference: 0.0839

Extended Data Fig. SN 2.38. Effect of irrelevant metric score differences in rankings. The difference of

However, the numerical difference would assign them different ranks.

the metric score aggregates of algorithms A7and A2 is extremely low and not of biomedical relevance.
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3 METRIC PROFILES

This section presents profiles for the metrics deemed particularly relevant by the Metrics Reloaded
consortium [58]. For each metric, the respective description, formula, and value range (upward
arrow: higher values better than lower values; downward arrow: lower values are better than higher
values) are provided, along with further important characteristics, such as the used cardinalities of
a confusion matrix, or potential prevalence dependency. Finally, relevant pitfalls are highlighted.
Many of the presented metrics rely on the confusion matrix, which is illustrated in Fig. SN 3.39.

BINARY CONFUSION MATRIX MULTI-CLASS CONFUSION MATRIX
Predicted Predicted
Positive  Negative
.g True False NN, | e [Ny
| positive  negative = 0 IB n n'
§ & (TP) (FN) 3 2|22 M| T
ey (@)
E ,% True <
o negative Ner|Nea| - Mg Ne
2 (TN) T|n,n, .. n|N

BINARY EXAMPLE MULTI-CLASS WEIGHT MATRIX

Predicted
A
_ W, W_| .. W
g 1 12 1C
A
k+] W21 sz ch
<
4 FN A ™
W, Wy oo W

Extended Data Fig. SN 3.39. Schematic example of the confusion matrix for two and for C classes. For the
latter case, we also present a weight or cost matrix with weights w;; > 0 without loss of generality. For the
binary confusion matrix, we show an example illustrating the cardinalities for a prediction of triangles and
circles.
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3.1 Discrimination metrics

3.1.1 Counting metrics. +
ACCURACY
Accuracy = [ IS =
Y= TP+TN+FP+FN —

VALUE RANGE: [0, 1] T

CARDINALITIES

2ESCRIPTION " o of s that TP FP FN N

ccuracy measures the ratio of samples that were

correctly classified over all predictions made. ® ® ® ®

DEFINITION METRIC FAMILY

[Tharwat, 2020] Multi- Distance-
Counting  threshold based

MULTI-CLASS DEFINITION IEE MELE EIE

For C classes, Accuracy is defined as: .

1 C
Accuracy=— X n ..
N i=1
n ,,: diagonal entries of the confusion matrix; sum equals number of

correctly classified samples

N: totalnu);nberofsampleg 13 L G 3 G .

RELEVANT PITFALLS

- Accuracy is highly sensitive to class imbalance (Figs. 5a, SN 2.15).

- Accuracy is prevalence-dependent, thus not comparable across data sets with different pre-
valences (Fig. SN 2.7).

- Accuracy does not allow for incorporating unequal severity of confusions across classes. This
implies that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target
classes are related on an ordinal scale (Fig. 4b).

- Accuracy depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.40. Metric profile of Accuracy. The upward arrow in the value range indicates that
higher values are better than lower values. Abbreviations: False Negative (FN), False Positive (FP), Instance
Segmentation (InS), Object Detection (ObD), True Negative (TN), True Positive (TP). Reference: Tharwat,
2020: [81]. Mentioned figures: Figs. 4b, 5a, SN 2.9, SN 2.11, SN 2.17.
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BALANCED ACCURACY (BA)

BA = %(Sensitivity + Specificity) = % +

VALUE RANGE: [0, 1] T

DEFINITION
DESCRIPTION [Tharwat, 2020]
BA measures the arithmetic mean of Sensitivities for
each class, i.e., for each class, it measures the fraction of CARDINALITIES
actual positive samples that were predicted as such. TP FP FN TN
o o o o
MULTI-CLASS DEFINITION PREVALENCE DEPENDENCY

For C classes, BA is defined as the arithmetic mean of

Sensitivities per class: METRIC FAMILY

1< e 1T <n, Multi- Distance-
BA=— = — =L,
E‘I sensitivity C 2:1 n, Counting  threshold based
metric metric metric

n.: diagonal entries of the confusion matrix; sum equals number

of correctly classified samples .
n.: sum ofentries of row iin the confusion matrix

N:  total number of samples

RELEVANT PITFALLS

- BA can be misleading for imbalanced situations (Fig. 5a).

- BA does not allow for incorporating unequal severity of confusions across classes. This im-
plies that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target
classes are related on an ordinal scale (Fig. 4b).

- BAis not well-suited if an unequal treatment of classes is requested (e.g., some classes are
treated as more important than others) [Grandini et al., 2020].

- BAis insensitive to changes in predictive values (PPV and NPV) [Maier-Hein et al., 2022].

- In binary tasks, BA may yield the same value for different Sensitivity and Specificity scores
[Reinke et al., 2021].

- BA depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.41. Metric profile of Balanced Accuracy (BA). The upward arrow in the value
range indicates that higher values are better than lower values. Abbreviations: False Negative (FN), False
Positive (FP), Instance Segmentation (InS), Object Detection (ObD), Positive Predictive Value (PPV), True
Negative (TN), True Positive (TP). References: Grandini et al., 2020: [36], Maier-Hein et al., 2022: [58], Reinke
et al., 2021: [71], Tharwat, 2020: [81]. Mentioned figures: Figs. 4b, 5a, SN 2.11.
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CENTERLINE DICE SIMILARITY COEFFICIENT (cIDICE)

f e

N

Topology precision N( Topology sensitivity )

S, .~ Pred|
| Spreg Ref | TS, Pred) = —Ref
| S | SRef|

|—P“"| ™

S SO G

T (S

prec*~ Pred’

Ref)=

Y
. J
B Rt B skeleron of Ref S, cIDice(Ref Pred) = 2 ToerSrers Pred) - T, Sprea Re)
I:l Pred I-" Skeleton of Pred, Spre Y Tsens(SRef’ Pred) + Tprec(SPred’ Ref)
Rt A Pred BSOS,
VALUE RANGE: [0, 1] T
DESCRIPTION DEFINITION
cIDice measures the overlap between two structures, [Shit et al,, 2021]
ideally tubular-shaped. The formula is similar to the
DSC, but relies on the topology precision and topology
sensitivity which are defined based on the skeletons of METRIC FAMILY
the structures. Multi- Distance-
Counting  threshold based
metric metric metric
CARDINALITIES .
TP FP FN TN
[ [ o
RELEVANT PITFALLS
- cIDice penalizes missed pixels more in small objects (Fig. SN 2.10, SN 2.11, Extended Data
Fig. 1a).

- cIDice treats oversegmentation and undersegmentation differently (Fig. SN 2.8).

- cIDice does not compensate for inter-rater variability (Fig. SN 2.17).

- cIDice is undefined if both reference and prediction are empty, and ad hoc rules need to
be established depending on the use case (Fig. SN 2.18).

- cIDice ignores the general overlap and volume of structures.

- cIDice is sensitive to the method of skeleton extraction.

Extended Data Fig. SN 3.42. Metric profile of centerline Dice Similarity Coefficient (cIDice). The upward
arrow in the value range indicates that higher values are better than lower values. Abbreviations: False
Negative (FN), False Positive (FP), True Negative (TN), True Positive (TP). Reference: Shit et al., 2021: [77].
Mentioned figures: Extended Data Fig. 1a, Figs. SN 2.10, SN 2.12, SN 2.13, SN 2.19, SN 2.20.
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DICE SIMILARITY COEFFICIENT (DSC)

Synonyms: Dice, Dice Coefficient, Serensen-Dice Coefficient, F, Score, Balanced F Score

N
2 2 AnB
DSC(AB) = Z = | |
. Ed | |Al+[B]
_ 2PPV-Sensitivity
PPV + Sensitivity
. J
Al s@Aans VALUE RANGE: [0, 1]
DESCRIPTION
DSC measures the overlap between two structures. METRIC FAMILY
DEFINITION Multi- Distance-
[Dice, 1945] Counting  threshold based
metric metric metric
CARDINALITIES o
TP FP FN ™
RELEVANT PITFALLS
- DSCis unaware of shapes, distances and centers (Figs. 4a, SN 2.5, SN 2.12, Extended Data Fig.
1b).
- DSC penalizes missed pixels more in small objects (Figs. SN 2.10, SN 2.12, Extended Data Fig.
1a).
- DSCis undefined if both the reference and prediction are empty, and ad hoc rules need to be
established depending on the use case (Fig. SN 2.18).
- DSC treats oversegmentation and undersegmentation differently (Fig. SN 2.8).
- DSC does not compensate for inter-rater variability (Fig. SN 2.17).
- DSC behaves differently in 2D and 3D settings. In 3D settings, the additional z-dimension re-
sults in a cubical increase in erroneous pixels [Reinke et al., 2021].

Extended Data Fig. SN 3.43. Metric profile of Dice Similarity Coefficient (DSC). The upward arrow in the
value range indicates that higher values are better than lower values. Abbreviations: False Negative (FN),
False Positive (FP), Positive Predictive Value (PPV), True Negative (TN), True Positive (TP). References: Dice,
1945: [27], Reinke et al., 2021: [71]. Mentioned figures: Figs. 4a, SN 2.7, SN 2.10, SN 2.12, SN 2.13, SN 2.14,
SN 2.19, SN 2.20, Extended Data Fig. 1a-b.
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EXPECTED COST (EC)/NORMALIZED EC (ECN)

Synonyms: Expected prediction error, Expected loss

o FN TP+FN _  FP | TP+FN
BC= Yo Tp L EN " TP+ TN+ FP+FN '~ " TN+ FP TP +TN+FP +FN
P p p

miss tar FA tar

= Wmiss. * - + WFA' ° [ —
P . EN (miss) rate, P_,: FP (false alarm) rate VALUE RANGE: [0, ) ¥
P, prior probability (prevalence) EC can be assumed to be positive if costs are non-negative,
w,../W,, : (estimation of) costs of the respective errors; which can be done without loss of generality.
can be adjusted as a weighting of them.
DESCRIPTION

EC is a generalization of the probability of error (which is, in turn, 1 - Accuracy) for cases in which errors cannot all be
considered to have equally severe consequences. It is defined as the expectation of the cost, where the cost incurred on
a certain sample depends on the sample's class and the decision made for that sample. In practice, the expectation can
be estimated as a simple average of the costs over the evaluation samples.

EC describes the weighted sum of error rates. It can be used to measure discrimination and calibration in one score.

VARIANT
Normalized EC (ECN): normalizes EC by the EC of a naive system.

CARDINALITIES

DEFINITION
P FP FN ™
[Bishop and Nasrabadi, 2006; Hastie et al., 2009; Ferrer, 2022] . . ‘ .
PREVALENCE DEPENDENCY? ‘ METRIC FAMILY
’ Counting  Multi-threshold Distance-
metric metric based metric

Both options are possible depending on how the priors are set in
the definition of the metric. ()

n:entry of the confusion matrix for row i and column j, i.e., samples of actual class i that have been
predicted as class j

n ,.:sum of entries of row i of the confusion matrix

B w ,;: costs for the entry of the confusion matrix for row i and column j, i.e, the cost for predicting a

U sample of actual class i that was predicted as class j

i P : prevalence of class i;
usually (n, /N), butin some cases one might want to plug in P directly from a target application

MULTI-CLASS DEFINITION
For C classes, EC is defined as:

n
EC= 2?:1 Zf=‘|Pi.WiJ’.n

RELEVANT PITFALLS

- ECis rather uncommon and can therefore not be used for comparison with other publications.

- EC can be close to optimal even for poor predictive values (PPV and NPV) [Maier-Hein et al., 2022]

- ECN cannot be configured to ensure equal class contribution without losing its ability to ensure high predictive values

[Maier-Hein et al., 2022].

Extended Data Fig. SN 3.44. Metric profile of Expected Cost (EC). The downward arrow in the value range
indicates that lower values are better than higher values. Abbreviations: False Negative (FN), False Positive (FP),
True Negative (TN), True Positive (TP). References: Bishop and Nasrabadi, 2006: [8], Ferrer 2022: [31], Hastie
et al.,, 2009: [41], Maier-Hein et al., 2022: [58].
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FB SCORE

Precision ¢ Sensitivity
= (1+p?
Fp ez (1457 [32+ Precision + Sensitivity

_ (1+B?) = TP 3 (1+p?)
C (14B) s TP+ P2+ FN+FP
. 2
VALUE RANGE: [0, 1] T (1+?) + B + N
DESCRIPTION CARDINALITIES
The F, Score weights PPV (FP) and Sensitivity (FN) TP FP FN N
with the parameter f. o o o

The special case of 3 = 1 is the harmonic mean of PPV PREVALENCE DEPENDENCY o
and Sensitivity and is a common metric in segmenta-

tion problems (here usually referred to as DSC). In METRIC FAMILY

segmentation problems, F_ Score weights the penaliz- ) Multi- Distance-

ation of oversegmentation (FP) and undersegmentati- ~ counting  threshold based
metric metric metric

on (FN) with the parameter .

DEFINITION
[Van Rijsbergen, 1979; Chinchor 1992]

RELEVANT PITFALLS

F,Score for classification/detection assessment:

- F, Score is prevalence-dependent, thus not comparable across data sets with different preva-
lences (Figs. SN 2.7, SN 2.15).

- Compared to other per-class counting metrics (e.g., LR+) it lacks the interpretability with res-
pect to a naive classifier

- FB Score depends on the definition of the positive class [Reinke et al., 2021].

FB Score for segmentation assessment:

- F_ Score is unaware of the structure shape and center (Figs. 4a, SN 2.5, SN 2.12, Extended Data
Fig. 1b).

- F, Score penalizes missed pixels more in small objects (Fig. SN 2.10, Extended Data Fig. 1a).

- F, Score does not compensate for inter-rater variability (Fig. 2.17).

- F, Score behaves differently in 2D and 3D settings. In 3D settings, the additional z-dimension
results in a cubical increase in erroneous pixels [Reinke et al., 2021].

F. Score is undefined if both reference and prediction are empty, and ad hoc rules need to be
established depending on the use case (Fig. SN 2.18, Extended Data Fig. 2b).

Extended Data Fig. SN 3.45. Metric profile of F g Score.[16, 86]. The upward arrow in the value range indicates
that higher values are better than lower values. Abbreviations: Dice Similarity Coefficient (DSC), False Negative
(FN), False Positive (FP), Positive Predictive Value (PPV), True Negative (TN), True Positive (TP).References:
Chinchor 1992: [16], Reinke et al., 2021: [71], Van Rijsbergen, 1979: [86]. Mentioned figures: Figs. 4a, SN 2.7,
SN 2.9, SN 2.12, SN 2.14, SN 2.17, SN 2.19, SN 2.20, Extended Data Figs. 1a-b and 2b.
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FALSE POSITIVES PER IMAGE (FPPI)
y—rl_li Sensitivity required

Image 1 Image n

FP FP

Average FP
perimage (FPPI)

DESCRIPTION

vity, derived from the FROC curve.

DEFINITION

RELEVANT PITFALLS

[Van Ginneken et al., 2010; Bandos et al., 2009]

Sensitivity

E

I
(

by application
nferred FPPI
FPPl@Sensitivity)

FPPI measures the number of FPs per image. It was
originally proposed for the calculation of the FROC
Score. While not yet standardized, FPPI could also be
used as a metric of its own for a given value of Sensiti-

- FPPlis not bounded between 0 and 1 (Fig. SN 2.21).

- FPPI depends on the number of images, which can hide performance differences if many
images are present [Reinke et al., 2021].

- FFPI only measures a single entity (FPs) of the confusion matrix and and should just be used
in combination with other metrics (as done in the FROC Score).

FPPI

VALUE RANGE: [0, ) T

CARDINALITIES

P FP FN N
PREVALENCE DEPENDENCY

METRIC FAMILY

Multi- Distance-
Counting  threshold based
metric metric metric

Extended Data Fig. SN 3.46. Metric profile of False Positives per Image (FPPI). The upward arrow in the value
range indicates that higher values are better than lower values. Abbreviations: False Negative (FN), False

Positive (FP), Free-Response Receiver Operating Characteristic (FROC), True Negative (TN), True Positive (TP).
References: Bandos et al., 2009: [5], Reinke et al., 2021: [71], Van Ginneken et al., 2010: [85]. Mentioned figure:

Fig. SN 2.23.
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INTERSECTION OVER UNION (loU)

Synonyms: Jaccard Index, Tanimoto Coefficient

A loU(AB)= ——m8M8M8M8 ——
H-+-N-=
|A N B] _ 1AnB]
|A|+|B|-|ANB| |A U B
_ PPV . Sensitivity
\ ) PPV + Sensitvity - PPV « Sensitivity
WA e @ ace VALUE RANGE: [0, 1]
CARDINALITIES

DESCRIPTION TP FP FN TN
loU measures the overlap between two structures. It is o o ()

often referred to as Box loU when comparing bounding
boxes, Mask loU when comparing segmentation masks,

or Approx loU when comparing approximations of ob- METRIC FAMILY

jects beyond bounding boxes. Counting th,:’/él;::;d Dilsge;r;(cje—
metric metric metric
DEFINITION
[Jaccard, 1912] .
RELEVANT PITFALLS
- loU is unaware of shapes, boundaries, distances and centers (Figs. 4a, SN 2.5, SN 2.12, Extended
Data Fig. 1b).

- loU penalizes missed pixels more in small objects (Figs. SN 2.10, SN 2.11, Extended Data Fig. 1a).

- loU is undefined if both the reference and prediction are empty, and ad hoc rules need to be
established depending on the use case (Fig. SN 2.18).

- loU treats oversegmentation and undersegmentation differently (Fig. SN 2.8).

- loU does not compensate for inter-rater variability (Fig. SN 2.17).

- loU behaves differently in 2D and 3D settings. In 3D settings, the additional z-dimension results
in a cubical increase in erroneous pixels [Reinke et al., 2021].

Extended Data Fig. SN 3.47. Metric profile of Intersection over Union (loU). The upward arrow in the value
range indicates that higher values are better than lower values. Abbreviations: False Negative (FN), False
Positive (FP), Positive Predictive Value (PPV), True Negative (TN), True Positive (TP). References: Jaccard,
1912: [45], Reinke et al., 2021: [71]. Mentioned figures: Figs. 4a, SN 2.7, SN 2.10, SN 2.12, SN 2.13, SN 2.14,
SN 2.19, SN 2.20, Extended Data Fig. 1a-b.
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93

Synonym: Phi Coefficient
‘] '
/-
VALUE RANGE: [-1, 11T

Avalue of 0 refers to a prediction which is not better than random guessing.

TP-TN-FP-FN
" (TP +FP)(TP + FN)(TN + FP)(TN + FN)

MCC =

DESCRIPTION CARDINALITIES
MCC measures the correlation between the actual and TP FP FN TN

the predicted class. . . . .

DEFINITION METRIC FAMILY
[Matthews, 1975] Multi- Distance-

Counting  threshold based
metric metric metric
PREVALENCE DEPENDENCY ’ .

MULTI-CLASS DEFINITION n,: entry of the confusion

For C classes, MCC can be defined as: RSN -
S € c . M o columnj, i.e., samples

MCC= 2'=12J=12k=1n” ™ Miy* M of actual class i that

were predicted as

‘\/Z?zl (ch:]nij)(z i’|i’¢i2j(‘:=1 ni’j‘) ‘\jzle(zjc:]nj ')(2 i'[i'i ZJC’:1 nJ” i') class

RELEVANT PITFALLS

- MCC is prevalence-dependent, thus not comparable across data sets with different prevalences
(Fig. SN 2.7, [Reinke et al., 2021]).

- MCC does not allow for incorporating unequal severity of confusions across classes. This implies
that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target classes are
related on an ordinal scale (Fig. 4b).

- The theoretical lower bound of MCC (-1) may not always be achievable (Fig. SN 2.35).

- MCCis hard to interpret [Zhu 2020].

- Compared to other metrics like EC, MCC lacks a framework to identify and validate the decision
rule applied to predicted class scores [Ferrer 2022].

- MCC depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.48. Metric profile of Matthews Correlation Coefficient (MCC). The upward arrow in
the value range indicates that higher values are better than lower values. Abbreviations: Expected Cost (EC),
False Negative (FN), False Positive (FP), Instance Segmentation (InS), Object Detection (ObD), True Negative
(TN), True Positive (TP). References: Ferrer, 2022: [31], Matthews, 1975: [61], Reinke et al., 2021: [71], Zhu,

2020: [96]. Mentioned figures: Figs. 4b, SN 2.9, SN 2.11, SN 2.37.
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NET BENEFIT (NB)

- TP ) FP ( P, )
TP+TN+FP+FN  TP+TN+FP+FN \1-P,

S :.(pt)

1-p,
Cost-benefit analysis:
~9 unnecessary biopsies for one
detected lesion are acceptable

= Exchange rate=1/9 6

VALUE RANGE: [-1, 1] 1 0

DESCRIPTION

NB validates the quality of a model intended to support a specific clinical decision. NB gives the
‘net’ proportion of TPs that results from a prediction. This is equivalent to the proportion of TPs in
the absence of FPs. For its calculation, NB considers a task-related risk threshold (= exchange rate
between the benefit of TPs and harm of FPs).

When varying the risk threshold over a ‘reasonable range’ of possible thresholds, plotting NB by
risk threshold yields a decision curve. It is a strictly proper performance measure.

DEFINITION METRIC FAMILY
[Vickers and Elkin, 2006] Counting  Multi-threshold  Distance-based
metric metric metric
CARDINALITIES .
TP FP FN ™
o () () [ ) PREVALENCE DEPENDENCY? @
RELEVANT PITFALLS

- NB requires the availability of predicted class scores. These should reflect the true probabilities
(calibrated scores) (Fig. SN 2.20).

- Decision curves analysis (i.e., NB plotted over a range of decision thresholds) can only be ap-
plied if relevant decision thresholds can be defined [Vickers et al., 2016].

- Compared to other metrics like EC, NB lacks a framework to identify and validate the decision
rule applied to predicted class scores [Ferrer 2022].

- NB is popular in clinical studies but rather uncommon in image analysis, thus potentially pre-
venting an easy comparison with other publications.

Extended Data Fig. SN 3.49. Metric profile of Net Benefit (NB). The upward arrow in the value range indicates
that higher values are better than lower values. Abbreviations: Expected Cost (EC), False Negative (FN), False
Positive (FP), True Negative (TN), True Positive (TP). References: Ferrer, 2022: [31], Vickers and Elkin, 2006:
[88], Vickers et al., 2016: [89]. Mentioned figure: Fig. SN 2.22.
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NEGATIVE PREDICTIVE VALUE (NPV)

N

NPV= ——""——— = if Prevalence =0.5

TN+ FN

3 Specificity ¢ (1 - Prevalence)
corected — Spacificity » (1 - Prevalence) + (1 - Sensitivity) « Prevalence
VALUE RANGE: [0, 1] T

NPV

DESCRIPTION PREVALENCE DEPENDENCY o
NPV represents the probability of a negative prediction
corresponding to an actual negative sample.

DEFINITION METRIC FAMILY
[Tharwat, 2020] Multi- Distance-
Counting  threshold based
CARDINALITIES metric metric metric
TP FP FN TN .

RELEVANT PITFALLS

- NPV is prevalence-dependent, thus not comparable across data sets with different prevalences
if not corrected (Figs. SN 2.7, SN 2.15, [Reinke et al., 2021]).

- The expected value for an uninformed classifier depends on class imbalance. The lower the
prevalence, the higher the expected value (Figs. SN 2.7, SN 2.15).

- NPV does not allow for incorporating unequal severity of confusions across classes. This implies
that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target classes are
related on an ordinal scale (Fig. 4b).

- NPV depends on the definition of TN (undefined for ObD and InS).

- NPV is undefined if the number of TN and FN is zero, and ad hoc rules need to be established
depending on the use case (Fig. SN 2.18, Extended Data Fig. 2b).

- NPV value depends on the definition of the positive class [Reinke et al., 2021].

Extended Data Fig. SN 3.50. Metric profile of Negative Predictive Value (NPV). The upward arrow in the value
range indicates that higher values are better than lower values. Abbreviations: False Negative (FN), False
Positive (FP), Instance Segmentation (InS), Object Detection (ObD), True Negative (TN), True Positive (TP).
References: Reinke et al., 2021: [71], Tharwat, 2020: [81]. Mentioned figures: Figs. 4b, SN 2.9, SN 2.11, SN 2.17,
SN 2.20, Extended Data Fig. 2b.
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PANOPTIC QUALITY (PQ)

VALUE RANGE: [0, 1] T

4l N
Ret P 2(Ref, Pred)eTP IOU(Ref’ Pred)
Pred [TP[+ 0.5 [FP[+ 0.5 [FN|
(TP) Ref
) 2 et precyrp 10U (Ref, Pred) . |TP|
Pred 7P| ITP|+ 0.5 [FP|+ 0.5 |FN|
(TP) N J J
Pred Ref Vv Vv
(FP) (FN) I:;:l Segmentation quality Detection quality
i I Pred loU(IA,[=0) +1ou([ ] B
/= =l K
'I:l-l- Reference (Ref) instances |{gm .}|
E}. Predicted (Pred) instances : |{L'—_|,.}|+o,5 [{E/ 7} +0.5 |
DESCRIPTION

PQ assesses segmentation and detection quality in one metric. The segmentation quality is mea-
sured by averaging the loU scores of all TP instances. The detection quality is measured by the F,
Score. While in the F,Score, each TP counts as "1", PQ replaces this "1" score in the numerator wnth
the loU score of each TP.
The F, Score as a detection metric implies two cutoffs:

1. a prior cutoff on a localization criterion for matching and

2. aprior cutoff on object class scores to generate a confusion matrix.
In this context, PQ can be interpreted as making the localization quality in F, Score explicit (1)
and thus only relying on the cutoff on class scores (2).

DEFINITION METRIC FAMILY

[Kirillov et al., 2019]
Counting Multi-threshold Distance-based

CARDINALITIES metric metric metric
TP FP FN N o

RELEVANT PITFALLS
Only inspecting the PQ value does not show the tradeoff between segmentation and detection
quality. One of the terms may overrule the other without it being noticed [Reinke et al., 2021].

Extended Data Fig. SN 3.51. Metric profile of Panoptic Quality (PQ). The upward arrow in the value range
indicates that higher values are better than lower values. Abbreviations: Average Precision (AP), False Negative
(FN), False Positive (FP), Free-Response Receiver Operating Characteristic (FROC), Intersection over Union
(loU), True Negative (TN), True Positive (TP). References: Kirillov et al., 2019: [47], Reinke et al., 2021: [71].
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POSITIVE LIKELIHOOD RATIO (LR+)

Synonymes: Likelihood ratio positive, Likelihood ratio for positive results

LRy = Sen5|t|.\/|t¥ _ .
1 - Specificity

VALUE RANGE: [0, «) T

DESCRIPTION PREVALENCE DEPENDENCY

LR+ indicates the factor by which a positive prediction

occurs more frequently among actual positive samples METRIC FAMILY

than among actual negative samples. In a clinical ex- Multi- Distance-
ample where the quality of a diagnostic test is to be as- Counting  threshold based
sessed, this could be interpreted as how much more metric metric metric
likely a positive test result is for a diseased person com- o

pared to a healthy person (the higher the better).
CARDINALITIES

DEFINITION TP FP EN N
[Attia, 2003] . ‘ . .
RELEVANT PITFALLS

- LR+ is insensitive to changes in predictive values (PPV and NPV; Fig. 5a).

- LR+ is undefined if the Specificity is 1, and ad hoc rules need to be established depending on
the use case (Fig. SN 2.18, Extended Data Fig. 2b).

- LR+ does not allow for incorporating unequal severity of confusions across classes. This implies
that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target classes are
related on an ordinal scale (Fig. 4b).

- LR+ depends on the definition of the positive class [Reinke et al., 2021].

- LR+ may yield the same value for different Sensitivity and Specificity scores [Reinke et al., 2021].

- LR+ depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.52. Metric profile of Positive Likelihood Ratio (LR+). The upward arrow in the value
range indicates that higher values are better than lower values. Abbreviations: False Negative (FN), False
Positive (FP), Instance Segmentation (InS), Object Detection (ObD), Positive Predictive Value (PPV), True
Negative (TN), True Positive (TP). References: Attia, 2003: [2], Reinke et al., 2021: [71]. Mentioned figures:
Figs. 4b, 5a, SN 2.11, SN 2.20, Extended Data Fig. 2b.
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POSITIVE PREDICTIVE VALUE (PPV)

Synonym: Precision

PPV = TP = if Prevalence =0.5

TP + FP

B Sensitivity ¢ Prevalence
corected — Gansitivity « Prevalence + (1 - Specificity) * (1 - Prevalence)
VALUE RANGE: [0, 1]

DESCRIPTION PREVALENCE DEPENDENCY @
PPV represents the probability of a positive prediction

corresponding to an actual positive sample.

DEFINITION METRIC FAMILY
[Tharwat, 2020] . .
Multi- Distance-
Tt B R
TP FP FN TN .
RELEVANT PITFALLS

- PPV is prevalence-dependent, thus not comparable across data sets with different prevalences
if not corrected (Figs. SN 2.7, SN 2.15, [Reinke et al., 2021]).

- The expected value for an uninformed classifier depends on class imbalance (Figs. SN 2.7, SN
2.15). The higher the prevalence, the higher the expected value.

- PPV does not allow for incorporating unequal severity of confusions across classes. This implies
that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target classes are
related on an ordinal scale (Fig. 4b).

- PPV is undefined if the prediction is empty, and ad hoc rules need to be established depending
on the use case (Fig. SN 2.18, Extended Data Fig. 2b).

- PPV depends on the definition of the positive class [Reinke et al., 2021].

- PPV does not penalize FN predictions [Reinke et al., 2021].

Extended Data Fig. SN 3.53. Metric profile of the Positive Predictive Value (PPV). The upward arrow in the
value range indicates that higher values are better than lower values. Abbreviations used in the figure: False
Negative (FN), False Positive (FP), Instance Segmentation (InS), Object Detection (ObD), True Negative (TN),
True Positive (TP). References used in the figure: Reinke et al., 2021: [71], Tharwat, 2020: [81]. Mentioned
figures: Figs. 4b, SN 2.9, SN 2.11, SN 2.17, SN 2.20, Extended Data Fig. 2b.
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SENSITIVITY
Synonyms: Recall, True Positive Rate (TPR), Hit Rate
e . TP
Sensitivity= ————— =
Y= TP +EN
VALUE RANGE: [0, 1] T
DESCRIPTION PREVALENCE DEPENDENCY

Sensitivity measures how good a method is in
classifying truly positive samples as positive.

DEFINITION METRIC FAMILY
[Tharwat, 2020] Multi- Distance-
Counting  threshold based
CARDINALITIES metric metric metric
TP FP FN ™ P
RELEVANT PITFALLS

- Sensitivity is insensitive to changes in predictive values (PPV and NPV).

- Sensitivity does not penalize FP predictions [Reinke et al., 2021]. For example, a trivial classifier
always predicting the positive class yields a Sensitivity of 1 but a Specificity of 0.

- Sensitivity does not allow for incorporating unequal severity of confusions across classes. This
implies that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target
classes are related on an ordinal scale (Fig. 4b).

- Applying Sensitivity for optimization-based decision rules is challenging [Maier-Hein et al.,
2022].

- Sensitivity at image level is undefined in segmentation and ObD tasks if the reference is
empty, and ad hoc rules need to be established depending on the use case (Fig. SN 2.18, Ex-
tended Data Fig. 2b).

- Sensitivity depends on the definition of the positive class [Reinke et al., 2021].

Extended Data Fig. SN 3.54. Metric profile of Sensitivity. The upward arrow in the value range indicates that
higher values are better than lower values. Abbreviations: False Negative (FN), False Positive (FP), Object
Detection (ObD), Positive Predictive Value (PPV), True Negative (TN), True Positive (TP). References: Maier-
Hein et al., 2022: [58], Reinke et al., 2021: [71], Tharwat, 2020: [81]. Mentioned figures: Figs. 4b, SN 2.11,
SN 2.20, Extended Data Fig. 2b.
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SPECIFICITY

Synonymes: Selectivity, True Negative Rate (TNR)

Specificity = ™ =

TN + FP
VALUE RANGE: [0, 1] T -

DESCRIPTION PREVALENCE DEPENDENCY
Specificity measures how good a method is in
classifying truly negative samples as negative.

METRIC FAMILY

DEFINITION
[Tharwat, 2020] Multi- Distance-
Counting  threshold based
CARDINALITIES metric metric metric
TP FP FN TN .
o o
RELEVANT PITFALLS

- Specificity is insensitive to changes in predictive values (PPV and NPV).

- Specificity does not penalize FN predictions [Reinke et al., 2021]. A trivial classifier always pre-
dicting the negative class, for example, yields a Specificity of 1 but a Sensitivity of 0.

- Specificity does not allow for incorporating unequal severity of confusions across classes. This
implies that the metric is not applicable to cost-benefit analyses (Fig. SN 2.9), or when target
classes are related on an ordinal scale (Fig. 4b).

- Specificity at image level is undefined in segmentation and ObD tasks if both TN and FP are
zero, and ad hoc rules need to be established depending on the use case (Fig. SN 2.18, Exten-
ded Data Fig. 2b).

- Specificity depends on the definition of TN (undefined for ObD and InS).

- Specificity depends on the definition of the positive class [Reinke et al., 2021].

Extended Data Fig. SN 3.55. Metric profile of Specificity. The upward arrow in the value range indicates
that higher values are better than lower values. Abbreviations: False Negative (FN), False Positive (FP), True
Negative (TN), True Positive (TP). References: Reinke et al., 2021: [71], Tharwat, 2020: [81]. Mentioned figures:
Figs. 4b SN 2.11, SN 2.20, Extended Data Fig. 2b.
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WEIGHTED COHEN’S KAPPA (WCK)

Synonyms: Weighted Cohen’s Kappa Coefficient, Weighted Kappa Statistic,
Weighted Kappa Score

w. 4W. W, + W,

o WP 4w, TN +w, FP +w, FN U B o+ o

Py= =
TP+TN+FP+FN )

weK=_Po Pe

=

Fem (TP + FP)(TP + FN) (TN + FP)(TN + FN) (FN + FP)(FN +TN) w (FP +TP)(FP +TN)

+ w. + w, +
T TP+TN+FP+FN ™ TP+TN+FP+FN ™ TP+TN+FP+FN ™ TP+TN+FP+FN

= w, + Wy + W,

VALUE RANGE: [-1,1] T
A value of 0 refers to a prediction which is not better than random guessing.
w,, /W, /w,,/w,,: (estimation of) costs of the respective cardinalities; can be adjusted as a weighting of them.

CARDINALITIES
DESCRIPTION TP FP FN TN
WCK calculates the degree of agreement between the
reference and prediction while incorporating the agree- . . . .
ment_ resultlngAfrom chance. WCK is a generalization of PREVALENCE DEPENDENCY .
CK with 0-1 weights.

METRIC FAMILY

Multi- Distance-
DEFINITION Counting  threshold based
metric metric metric

[Cohen, 1960]

MULTI-CLASS DEFINITION c c c c n «n
For C classes, WCK can be defined as: WCK =1 -(Zi:12j:1wi;' n ij)/(2i=12j=1wij. = 'J)

N2
n,:entry of the confusion matrix for row i and columnj,  n : sum of entries of row i of the confusion matrix
i.e. samples of actual class i that were predicted n_: sum of entries of column j of the confusion matrix
as class j w ,;: costs for the entry of the confusion matrix for row i
N: total number of samples and column j, i.e., the cost for samples of actual class i

that were predicted as class j

RELEVANT PITFALLS

- WCK is prevalence-dependent, thus not comparable across data sets and may yield different
rankings than the BA (Figs. SN 2.7, SN 2.15, [Reinke et al., 2021]).

- The theoretical lower bound of WCK (-1) may not always be achievable (Fig. SN 2.35).

- In settings where target classes lie on an ordinal scale, WCK may harshly penalize label shifts
[Reinke et al., 2021].

- WCK is hard to interpret [Delgado and Tibau, 2019].

- WCK was designed for symmetric situations (guesses of two raters) [Powers, 2012].

- Compared to other multi-class metrics like EC, WCK lacks a framework to identify and validate
the decision rule applied to predicted class scores [Ferrer, 2022].

- WCK with quadratic weights may yield “paradoxical results” [Warrens, 2012].

- The selection of weights to different types of mistakes is problem-dependent and requires
domain knowledge.

- WCK depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.56. Metric profile of Weighted Cohen’s Kappa (WCK). The upward arrow in the
value range indicates that higher values are better than lower values. Abbreviations: Balanced Accuracy (BA),
Cohen’s Kappa (CK), Expected Cost (EC), False Negative (FN), False Positive (FP), Instance Segmentation (InS),
Object Detection (ObD), True Negative (TN), True Positive (TP). References: Cohen, 1960: [17], Delgado and
Tibau, 2019: [24], Ferrer, 2022: [31], Powers, 2012: [70], Reinke et al., 2021: [71], Warrens, 2012: [91]. Mentioned
figures: Figs. SN 2.9, SN 2.17, SN 2.37.
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3.1.2  Multi-threshold metrics.

AREA UNDER THE RECEIVER OPERATING CHARACTERISTIC CURVE (AUROC)

Synonyms: AUC (Area under Curve), AUC - ROC (Area Under The Curve - Receiver
Operating Characteristics), C-Index, C-Statistics

Threshold = 0.4

: ROC
] _ 7~ curve
> 7
: j§ _ ~ [Noskill
Scan over g hreshold _
thresholds S =04 -
% AUROC
FN /
T 1T 1T 1T 1T T T T T 1 1- Specificity

00 01 02 03 04 05 06 07 08 09 1.0

Predicted class scores
VALUE RANGE: [0, 1] T
An AUROC value of 0.5 refers to a prediction which is not better than random guessing.

DESCRIPTION CARDINALITIES
AUROC measures the area under the ROC curve and in- TP FP FN TN
dicates how well the probabilities of the positive class () [ ) [ ) [ )

are separated from those of the negative class. In other
words, AUROC represents the probability of a randomly

sampled positive case having a higher predicted class METRIC FAMILY

score than a randomly sampled negative case. ) Multi- Distance-
Counting  threshold based

DEFINITION metric metric metric

[Hanley and McNeil, 1982] .

RELEVANT PITFALLS

- AUROC is not designed for object-level validation, i.e., does not measure localization perfor-
mance, and is invariant to the number of reference and predicted objects (Fig. SN 2.1).

- AUROC tends to be overly optimistic for imbalanced datasets (Fig. 4a).

- Small sample sizes yield large confidence intervals for AUROC (Fig. SN 2.16).

- In the absence of predicted class scores, AUROC should not be calculated, otherwise, ad hoc
rules need to be defined (Fig. SN 2.20).

- Small changes in the predicted class scores may heavily affect the AUROC score [Reinke et al.,
2021].

- Within the ranking, predicted class scores are neglected, not affecting the AUROC score.

- AUROC depends on the definition of TN (undefined for ObD and InS).

Extended Data Fig. SN 3.57. Metric profile of Area under the Receiver Operating Characteristic Curve
(AUROC). The upward arrow in the value range indicates that higher values are better than lower values.
Abbreviations: False Negative (FN), False Positive (FP), Instance Segmentation (InS), Object Detection (ObD),
Receiver Operating Characteristic (ROC), True Negative (TN), True Positive (TP). References: Hanley and
McNeil, 1982: [40], Reinke et al., 2021: [71]. Mentioned figures: Figs. 5a, SN 2.3, SN 2.18, SN 2.22.
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AVERAGE PRECISION (AP)

Threshold = 0.5 Precision-Recall
(PR) curve

S
8, Threshold = 0.5
Scan over S AP
i e thresholds L .
Q inter-
FN Wosm polation
1 T T 1 T T T T 1T Recall
00 01 02 03 04 05 06 07 08 09 10
Predicted class scores VALUE RANGE: [0, 1] 0

DESCRIPTION

AP measures the interpolated area under the PR curve. It differs from the well known ROC curve
and the associated AUROC metric by measuring Sensitivity in combination with PPV instead of in
combination with Specificity. This replacement has the effect that TNs are not explicitly consid-
ered by the PR curve and AP. Ignoring TN can be desirable in settings with a dominating nega-
tive class and thus large amounts of TN suppressing a focus on the rare positive class. A promi-
nent example are tasks with imbalanced classes such as those with retrieval character, where
AUROC is typically not applied, because the large amount of TNs leads to an insensitivity to
subtle performance changes for the rare positive class.

CARDINALITIES METRIC FAMILY
P FP FN ™
() o o Counting  Multi-threshold  Distance-based
metric metric metric
DEFINITION o

[Lin et al., 2014; Everingham et al. 2015]

RELEVANT PITFALLS

- The implementation of AP is not standardized across common libraries (Fig. 6a).

- Unlike AUROC, AP has no fixed random reference value (0.5), but the random reference de-
pends on the prevalence (Fig. SN 2.7).

- In the absence of predicted class scores, AP should not be calculated, otherwise, ad hoc rules
need to be defined (Fig. SN 2.20).

- Within the ranking, predicted class scores are neglected, not affecting the AP score [Reinke et
al.,, 2021].

- AP is computed over the full data set, thus not sensitive to performance on single images [Rein-
ke et al., 2021].

- Compared to AUROC, AP’s interpretability is limited [Maier-Hein et al., 2022].

- For ObD and InS problems, FP predictions with low class scores do not affect the AP score
[Reinke et al., 2021]. For filtering low confidence predictions from the AP calculation, a cutoff on
confidence scores is required [Maier-Hein et al., 2022].

Extended Data Fig. SN 3.58. Metric profile of Average Precision (AP). The upward arrow in the value range
indicates that higher values are better than lower values. Abbreviations: Area under the Receiver Operating
Characteristic Curve (AUROC), False Negative (FN), False Positive (FP), Instance Segmentation (InS), Object
Detection (ObD), Precision-Recall (PR), True Negative (TN), True Positive (TP). References: Everingham et
al., 2015: [29], Lin et al., 2014: [56], Maier-Hein et al., 2022: [58], Reinke et al., 2021: [71]. Mentioned figures:
Figs. 6a, SN 2.9, SN 2.22.
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FREE-RESPONSE RECEIVER OPERATING CHARACTERISTIC (FROC) SCORE

Image 1 Image n
Threshold = 0.5
Sensitivity Sensitivity
UEUSUSEL T 1T T T
00 01 02 03 04 05 06 07 08 09 10 Average
Predicted class scores Sensitivity

perimage

Scan over thresholds

FROC
curve
Threshold

VALUE RANGE: [0, 0*) T
T * Depending on the area of calculation. Versions which
Score use numerical integration have a value range of [0, ),
while often FPPI thresholds are limited to [0, 1].

Sensitivity

DESCRIPTION METRIC FAMILY

FROC Score approximates the area under the FROC Multi- Distance-
curve, which plots the Sensitivity as a function of the Counting  threshold based
average number of FPPI. It thus indicates how well the metric metric metric
probabilities of the positive class are separated from .

those of the negative class while considering object-le-

vel information. CARDINALITIES
DEFINITION TP FP A 1
[Van Ginneken et al., 2010] . . .

RELEVANT PITFALLS

- In the absence of predicted class scores, the FROC score should not be calculated, otherwise,
ad hoc rules need to be defined (Fig. SN 2.20).

- FROC is not standardized, i.e., the FPPI values used to calculate the score differ across studies
and sometimes numerical integration is used instead of discrete FPPI values (Fig. SN 2.21).

- If numerical integration is employed, the FROC Score is not bounded between 0 and 1 (Fig. SN
2.21).

Extended Data Fig. SN 3.59. Metric profile of Free-Response Receiver Operating Characteristic (FROC). The
upward arrow in the value range indicates that higher values are better than lower values. Abbreviations: False
Negative (FN), False Positive (FP), False Positives per Image (FPPI), True Negative (TN), True Positive (TP).
References: Van Ginneken et al., 2010: [85]. Mentioned figures: Figs. SN 2.22, SN 2.23.
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3.1.3 Distance-based metrics.

AVERAGE SYMMETRIC SURFACE DISTANCE (ASSD)

Synonym: Weighted bilateral mean contour distance

e p
d(a,B) = min d(a,b)
beB
D A 2 d(a,B) ;r 2. d(b,A)
aeA €B
[1s ASSDIAR) =TT 18]

— Min. distances from boundary

pixels in Ato B
> Min. distances from boundary

pixelsin B to A VALUE RANGE: [0, »0) {
DESCRIPTION METRIC FAMILY
ASSD measures the average of all shortest boundary di- ) )
stances between contour A to any point on contour B ) Multi- Distance-
and vice versa, symmetricall GoLiug el baee

v SY Y- metric metric metric

DEFINITION ()

[Yeghiazaryan, Varduhi and Voiculescu, 2015]

RELEVANT PITFALLS

- ASSD does not compensate for inter-rater variability (Figs. 5c, SN 2.17).

- Depending on the implementation, ASSD may ignore holes in the segmentation (Fig. SN 2.4).

- ASSD ignores the overlap and volume of structures (Fig. SN 2.4).

- ASSD is undefined if either the reference or the prediction is empty, and ad hoc rules need to be
established depending on the use case (Fig. SN 2.18).

- ASSD weights large object boundaries more than small object boundaries [Yeghiazaryan, Vard-
uhi and Voiculescu, 2015].

- ASSD is unbounded to the top, impeding missing value handling [Reinke et al., 2021]. Ad hoc
rules have been defined in the past based on the use case, e.g., set the largest penalty equal to
the largest distance within an image.

- ASSD scores may differ for different boundary extraction methods.

Extended Data Fig. SN 3.60. Metric profile of Average Symmetric Surface Distance (ASSD). The downward
arrow in the value range indicates that lower values are better than higher values. Abbreviation: Semantic
Segmentation (SemS). References: Reinke et al., 2021: [71], Yeghiazaryan, Varduhi and Voiculescu, 2015: [94].
Mentioned figures: Figs. 5¢, SN 2.6, SN 2.19, SN 2.20.
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BOUNDARY INTERSECTION OVER UNION (BOUNDARY IOU)

Boundary distance d =
. . Boundary -
p ¢ loUAB) = .
A : Pixels of structure A n + I:l T ==
within width d from
bound
oundary |Ad ~ Bd|
B: Pixels of structure B =
within width d from |Ad|+|Bd|-‘AdﬁBd|
boundary
; _ |A, N B,
= A, N B, |A, U B,
VALUE RANGE: [0, 1] T
DESCRIPTION METRIC FAMILY
Boundary loU measures the overlap between the pre- Multi- Distance-
dicted and reference boundaries up to a predefined Counting  threshold based
width d. metric metric metric
DEFINITION o

[Cheng et al., 2021]

RELEVANT PITFALLS

- Depending on the choice of the hyperparameter d, Boundary loU may ignore the overlap and
volume of structures (Fig. SN 2.4).

- Boundary loU is undefined if the reference and prediction are empty, and ad hoc rules need
to be established depending on the use case (Fig. SN 2.18).

- Boundary loU may yield a perfect value for only predicting the boundary pixels, missing the
pixels inside the object [Reinke et al., 2021].

- Boundary loU includes the hyperparameter d, which needs to be chosen wisely (user or use
case-defined threshold) [Reinke et al., 2021]. Depending on the choice of the parameter,
Boundary loU does not compensate for inter-rater variability (Figs. 5¢, SN 2.17).

Extended Data Fig. SN 3.61. Metric profile of the Boundary Intersection over Union (loU). The upward arrow
in the value range indicates that higher values are better than lower values. References: Cheng et al., 2021:
[13], Reinke et al., 2021: [71]. Mentioned figures: Figs. 5¢, SN 2.6, SN 2.19, SN 2.20.
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HAUSDORFF DISTANCE (HD)

Synonyms: Maximum Symmetric Surface Distance, Hausdorff Metric,
Pompeiu-Hausdorff Distance

d(a,B) = min d(a,b)

beB

A HD(A,B)=max{ d(a,B), d(b,A)}

) = Gl 3o

\
— Min. distances from boundary
pixelsin Ato B
> Min. distances from boundary
pixelsin B to A VALUE RANGE: [0, o) ¥
DESCRIPTION METRIC FAMILY
HD is the largest of all the distances from a point on one Multi- Distance-
boundary to the closest point on the other boundary. Counting  threshold based
metric metric metric
DEFINITION .

[Huttenlocher, 1993]

RELEVANT PITFALLS

- Single outliers may substantially influence the HD score (Fig. 7¢).

- HD ignores holes in the segmentation (Fig. 13).

- HD ignores the overlap and volume of structures (Fig. 13).

- HD does not compensate for inter-rater variability (Fig. 26).

- HD is undefined if either the reference or the prediction is empty, and ad hoc rules need to be
defined depending on the use case (Fig. 27).

- HD is unbounded to the top, impeding missing value handling [Reinke et al., 2021]. Ad hoc rules
have been defined in the past based on the use case, e.g., set the largest penalty equal to the
largest distance within an image.

- HD scores may differ for different boundary extraction methods.

Extended Data Fig. SN 3.62. Metric profile of Hausdorff Distance (HD). The downward arrow in the value
range indicates that lower values are better than higher values. Abbreviation: Semantic Segmentation (SemS).
References : Huttenlocher, 1993: [44], Reinke et al., 2021: [71]. Mentioned figures: Figs. 5¢, SN 2.6, SN 2.19,
SN 2.20.
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MEAN AVERAGE SURFACE DISTANCE (MASD)

Synonym: Mean Surface Distance

d(a,B) = min d(a,b)
(Z d@B) X dbA) )
beB

acA

D A MASD(A,B) = %

+
[A] Bl

ik

. S

— Min. distances from boundary
pixelsin Ato B

> Min. distances from boundary
pixels in B to A VALUE RANGE: [0, ) ¥

DESCRIPTION METRIC FAMILY
MASD measures the mean of the averages over all shor-

test distances from all sampled points on one boundary Multi- Distance-

to any other point on another boundary. C%ueqtzzg thr;e:::i(zld r?'naesteri(::

DEFINITION .
[Benes and Zitova, 2015]

RELEVANT PITFALLS

- MASD does not compensate for inter-rater variability (Figs. 5¢, SN 2.17).

- Depending on the implementation, MASD may ignore holes in the segmentation (Fig. SN 2.4).

- MASD ignores the overlap and volume of structures (Fig. SN 2.4).

- MASD only depends on one boundary if the prediction is very small and close to the reference
boundary [Reinke et al., 2021].

- MASD is undefined if either the reference or the prediction is empty, and ad hoc rules need to
be established depending on the use case (Fig. SN 2.18).

- MASD is unbounded to the top, impeding missing value handling [Reinke et al., 2021]. Ad hoc
rules have been defined in the past based on the use case, e.g., set the largest penalty equal to
the largest distance within an image.

- MASD scores may differ for different boundary extraction methods.

Extended Data Fig. SN 3.63. Metric profile of Mean Average Surface Distance (MASD). The downward
arrow in the value range indicates that lower values are better than higher values. Abbreviation: Semantic
Segmentation (SemS). References: Benes and Zitova, 2015: [6], Reinke et al., 2021: [71]. Mentioned figures:
Figs. 5¢, SN 2.6, SN 2.19, SN 2.20.
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NORMALIZED SURFACE DISTANCE (NSD)

Synonyms: Normalized Surface Dice, Surface Distance, Surface Dice, Surface DSC

Maximum tolerated
distance 1

i = e I:I Boundary of A, S,
D Border regions of A, 8,

onl ) ]
ol ---- Boundary outside of (S, N &)
boundary

pixels HH D Boundary of B, S,

FEHHH Border regions of B, ,®

| inE -

---- Boundary outside of (S,n 8,")

W [ .

NSD(A,B)® S0 &0 IHIS, N 6,

=t _
+[] ISul+1S, VALUE RANGE: [0, 1] 1

DESCRIPTION

NSD measures the DSC on boundary pixels with an uncertainty margin. The degree of strictness
for what constitutes a correct boundary is represented by the tolerance parameter t. Only
boundary parts within the border regions defined by tare counted as TP. NSD therefore captu-
res known uncertainties in the reference and allows acceptable deviations from the reference for
the predicted boundary.

METRIC FAMILY

DEFINITION Counting Multi-threshold Distance-
[Nikolov et al.,, 2021] metric metric based metric

RELEVANT PITFALLS

- NSD ignores the general overlap and volume of structures (Fig. SN 2.4).

- NSD is undefined if the reference and prediction are empty, and ad hoc rules need to be estab-
lished depending on the use case (Fig. SN 2.18).

- NSD may yield a perfect value for only predicting the boundary pixels, missing the pixels inside
the object [Reinke et al., 2021].

- NSD includes the hyperparameter T, which needs to be chosen wisely (user or use case-defined
threshold) [Reinke et al., 2021].

Extended Data Fig. SN 3.64. Metric profile of Normalized Surface Distance (NSD). The upward arrow in
the value range indicates that higher values are better than lower values. Abbreviation: Dice Similarity
Coefficient (DSC). References: Nikolov et al., 2021: [66], Reinke et al., 2021: [71]. Mentioned figures: Figs. SN 2.6,
SN 2.20.
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X™ PERCENTILE OF HAUSDORFF DISTANCE

e ™ EXAMPLE: 95th percentile
d,(AB) = min d(a,b)}
beB

A
e HD95(A B) = max { d,,(AB), d,,(BA) }

o Ll 3

\ J
— Min. distances from boundary
pixelsin AtoB
> Min. distances from boundary
pixelsin B to A VALUE RANGE: [0, ) ¥
DESCRIPTION METRIC FAMILY

The x*" percentile of the Hausdorff Distance (HD) mea-

sures the x™ percentile of all the distances from a point Multi- Distance-
on one boundary to the closest point on the other Counting  threshold based
boundary. A common value is x = 95 (HD95). metric metric metric

DEFINITION o
[Huttenlocher, 1993]

RELEVANT PITFALLS

- Depending on the implementation, the xt" Percentile of HD ignores holes in the segmentation
(Fig. SN 2.4).

- The xt" percentile of HD ignores the overlap and volume of structures (Fig. SN 2.4).

- The xt" Percentile of HD does not compensate for inter-rater variability (Fig. SN 2.17).

- The xt" Percentile of HD is undefined if either the reference or the prediction is empty, and ad
hoc rules need to be defined depending on the use case (Fig. SN 2.18).

- The x* Percentile of HD is unbounded to the top [Reinke et al., 2021], impeding missing value
handling. Ad hoc rules have been defined in the past based on the use case, e.g., set the largest
penalty equal to the largest distance within an image.

- The scores of the xth percentile of the HD may differ for different boundary extraction methods.

Extended Data Fig. SN 3.65. Metric profile of Xt Percentile of Hausdorff Distance (HD). The downward
arrow in the value range indicates that lower values are better than higher values. Abbreviations: Hausdorff
Distance (HD), Semantic Segmentation (SemS). References: Huttenlocher, 1993: [44], Reinke et al., 2021: [71].
Mentioned figures: Figs. SN 2.6, SN 2.19, SN 2.20.
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3.2 Calibration metrics

BRIER SCORE (BS)/BRIER SKILL SCORE (BSS)

1 NS ) 5 VALUE RANGE: [0, 2]
BN 5 & P

p,: predicted probability for sample x,and class k

N: number of samples
y,,-outcome; y. = 1ify.is equal to k and 0 otherwise

C: number of classes

DESCRIPTION METRIC FAMILY

BS ist the mean squared error of a predicted class Multi- Distance-

score and the actual outcome, thus assessing discri- ~ Counting threshold based ~ Calibration
mination and calibration in one joint score. It is a s SIS isais es
proper scoring rule. .
VARIANT

Brier Skill Score (BSS): normalizes BS by the BS of a

naive system. TYPE OF CALIBRATION
DEFINITION Top-label  Marginal ~ Canonical
[Gneiting and Raftery, 2007] .
RELEVANT PITFALLS

- BS/BSS simultaneously assess the discrimination and calibration performance in one score and
can thus only be used for relative assessment of calibration.

- BSiis highly prevalence-dependent, implying that scores may drastically change when the pre-
valence changes (Fig. SN 2.7), i.e., predicted class scores linked to sporadic events have little
effect on the score, leading to preference of naive systems in imbalanced settings.

- BS/BSS do not allow for incorporating unequal severity of confusions across classes in discrimi-
nation. This implies that these metrics are not applicable when target classes are related on an
ordinal scale (Fig. 4b, [Reinke et al., 2021]).

Extended Data Fig. SN 3.66. Metric profile of Brier Score (BS). The downward arrow in the value range
indicates that lower values are better than higher values. Abbreviation: Brier Skill Score (BSS). References:
Gneiting and Raftery, 2007: [33], Reinke et al., 2021: [71]. Mentioned figure: Fig. SN 2.9.
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CLASS-WISE CALIBRATION ERROR (CWCE)

1o 2z

- 21 cwee= L5 § Bl l|Accuracy (B_ ) - Confidence (B )||"
- 7L Cc=1m=1 N yc <m c\“em’llp
g 0o —L’.
1
< N: number of samples; C: number of classes

02 |54 B_,:bin m for class c

00 02 0z 05 08 1o Pp:determineswhichL calibration
Confidence error is desired; typically p =1 VALUE RANGE: [0, 1]

DESCRIPTION METRIC FAMILY
CWCE is an estimator of the marginal calibration Multi- Distance-

error applying binning to estimate the observed pro- ~ Counting  threshold ~based  Calibration
babilities corresponding to a confidence range. It can ~ Metric  metric . metric  metric

be reported per class or in an aggregated fashion [ )
with class-specific weights reflecting prevalence or

importance of classes, for example. TYPE OF CALIBRATION
DEFINITION Top-label  Marginal  Canonical
[Kull et al., 2019; Kumar et al., 2019] .

RELEVANT PITFALLS

- The number and size of the bins in the CWCE is not standardized (Fig. SN 2.22).

- CWCE under any binning scheme is biased and underestimates the true CE (Fig. SN 2.6).

- CWCE only measures the calibration quality, not the discrimination.

- Marginal errors do not assess full calibration (Fig. SN 2.6)

- CWCE is dependent on the number of samples (Fig. 5b) and may yield unstable (or arbitrary
high) calibration errors. Even classifiers with an CWCE of zero can be miscalibrated (Fig. SN
2.6).

- For CWCE, there are no systematic studies on behavior for imbalanced data.

Extended Data Fig. SN 3.67. Metric profile of Class-Wise Calibration Error (CWCE). The downward arrow in
the value range indicates that lower values are better than higher values. References: Kumar et al., 2019: [54],
Kull et al., 2019: [53]. Mentioned figures: Figs. 5b, SN 2.8, SN 2.24.
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EXPECTED CALIBRATION ERROR (ECE)

10 /)’
08 /"
- 7 SN B ) - Confidence(8)||”
3 0s R ECE :m§1 S ||Accuracy(B, ) - Confidence( m)||p
S 7
E 0.4 ./ .
I = Weighted Average {— [ | [}
02 |-«
ya
00 02 C 0":,1 d 06 08 10 N:number of samples, B, : binm
onhdence p: determines which L, calibration
error is desired; typically p = 1 VALUE RANGE: [0, 1] 4
DESCRIPTION DEFINITION
ECE is an estimator for the L top-label calibration [Naeini et al., 2015]

error. For a binned estimation, it is the weighted
average of the absolute difference between the
average predicted class score (Confidence) of the ) o
top label per bin B_ and the corresponding fraction et el fer ks EHE LT el

P P L ..m P 9 metric metric  metric metric
of correct predictions (Accuracy). .

METRIC FAMILY
Multi- Distance-

TYPE OF CALIBRATION
Top-label  Marginal ~ Canonical

VARIANT
The marginal variant of ECE is CWCE.

RELEVANT PITFALLS

- The number and size of the bins in the ECE is not standardized (Fig. SN 2.22).

- ECE under any binning scheme is biased and underestimates the true CE (Fig. SN 2.6).

- ECE only measures the calibration quality, not the discrimination.

- ECE is dependent on the number of samples (Fig. 5b) and may yield unstable (or arbitrary high)
calibration errors.

- Top-label errors do not assess full calibration, i.e. even classifiers with an ECE of zero can be
miscalibrated (Fig. SN 2.6). Top-label ECE implies an argmax-based decision rule applied to the
predicted class scores, which is often not optimal [Maier-Hein et al., 2022].

Extended Data Fig. SN 3.68. Metric profile of Expected Calibration Error (ECE). The downward arrow in the
value range indicates that lower values are better than higher values. References: Maier-Hein et al., 2022: [58],
Naeini et al., 2015: [63], Reinke et al., 2021: [71]. Mentioned figures: Figs. 5b, SN 2.8, SN 2.24.
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EXPECTED CALIBRATION ERROR KERNEL DENSITY ESTIMATE (ECE*"F)

ECExoE— 1 zN: Ziijk(f(xj)l f(Xi))eyi °

N = Ziijk(f(xj),f(xi)) o

N: number of samples

k: kernel, e.g. Dirichlet kernel [Popordanoska et al., 2022]

f(x): predicted probability vector, y,: outcome (one-hot encoded)
e : C-dimensional vector with y -th entry being 1, else 0

[

p: determines which Lp calibration error is desired; typically p € {1, 2} VALUE RANGE: [0, 2]
DESCRIPTION METRIC FAMILY

ECE*®E is an estimator for the canonical calibration Multi- Distance-

error. It uses a kernel density estimate in contrast to Counting  threshold based Calibration

metric metric  metric metric

the binning strategy applied by the standard ECE.

TYPE OF CALIBRATION
Top-label  Marginal ~ Canonical

DEFINITION
[Popordanoska et al., 2022]

RELEVANT PITFALLS
- ECE*®E does not scale to a large number of classes (problematic for more than 10 classes).
- ECE®Eis a biased estimator and is particularly unreliable for small sample sizes.

Extended Data Fig. SN 3.69. Metric profile of Expected Calibration Error Kernel Density Estimate (ECEXPE),
The downward arrow in the value range indicates that lower values are better than higher values. Abbreviation:
Expected Calibration Error (ECE). Reference used in the figure: Popordanoska et al., 2022: [69].
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KERNEL CALIBRATION ERROR (KCE)

1/2

KCE = (E (e, - f00)T k(f(), f(x))(e, - fx)))
e L 172
campecsimaor: KE=(() 2 3 (e, oo k(ix), e, - 0x)

2] = j=i+1

N: number of samples; k: matrix-valued kernel; f(x): predicted probability vector;
y;: outcome;e : C-dimensional vector with y -th entry being 1, else 0

VALUE RANGE: Kernel dependent; in expectation > 0 but estimator can be arbitrarily negative

DESCRIPTION METRIC FAMILY

KCE measures a canonical calibration error based on Multi- Distance-

an alternative distance function, the “maximum Counting threshold based Calibration
mean discrepancy” (MMD). It is based on a mat- metric  metric  metric  metric
rix-valued kernel k. .
KCE is an unbiased estimator of the calibration error

measured by MMD. TYPE OF CALIBRATION
DEFINITION Top-label ~ Marginal ~ Canonical
[Widmann et al., 2019; Gruber and Buettner, 2022] '
RELEVANT PITFALLS

- KCE may be hard to interpret, also due to negative output values.

- KCE cannot be used as an interpretable estimate of the calibration error and should only be
used for comparative calibration assessment.

- KCE depends on nontrivial configuration choices of kernels and associated hyperparame-
ters.

- KCE is computationally expensive.

Extended Data Fig. SN 3.70. Metric profile of Kernel Calibration Error (KCE). References: Gruber and Buettner,
2022: [37], Widmann et al., 2019: [92].
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NEGATIVE LOG LIKELIHOOD (NLL)
Synonym: Cross Entropy Loss

N C
NLL = - 1W Z Z .~ log(p,,) VALUE RANGE: [0, =) 4

p,: predicted probability for sample x. and class k

N: number of samples
y,,-outcome; y. = 1ify.is equal to k and 0 otherwise

C:number of classes

DESCRIPTION METRIC FAMILY

NLL is the negative logarithm of a predicted class Multi- Distance-

score and the actual outcome. It is a proper scoring Counting  threshold ~based  Calibration
rule that can be used to measure the discrimination L
and calibration quality in one joint score. o

TYPE OF CALIBRATION
Top-label  Marginal ~ Canonical

DEFINITION
[Cybenko et al., 1998]

RELEVANT PITFALLS

- NLL simultaneously assesses the discrimination and calibration performance in one score and
can thus only be used for relative assessment of calibration.

- NLL introduces a strong penalization of tail probabilities, i.e., overconfident predictions lead to
higher losses and conservative models are favored [Popordanoska et al., 2022].

- NLL does not allow for incorporating unequal severity of confusions across classes in discrimi-
nation. This implies that the metric is not applicable when target classes are related on an ordi-
nal scale (Fig. 4b, [Reinke et al., 2021]).

- NLL is hard to interpret given no fixed upper bound.

Extended Data Fig. SN 3.71. Metric profile of Negative Log Likelihood (NLL). The downward arrow in the
value range indicates that lower values are better than higher values. References: Cybenko et al., 1998: [20],
Popordanoska et al., 2022: [69], Reinke et al., 2021: [71]. Mentioned figure: Fig. 5b.
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ROOT BRIER SCORE (RBS)

VALUE RANGE: [0,+/2 1{

1 N C
RBS=1w 2 2 (P, -Y)*
N i=1 k=1

p,,: predicted probability for sample x, and class k

N: number of samples
y,,-outcome; y. = 1ify.is equal to k and 0 otherwise

C: number of classes

DESCRIPTION METRIC FAMILY

RBS is the square root of the mean squared error of Multi- Distance-

a predicted class score and the actual outcome. Counting threshold based Calibration
metric metric  metric metric

It represents a robust upper bound of the canonical [ )

calibration error.

TYPE OF CALIBRATION

DEFINITION Top-label ~ Marginal  Canonical

[Gruber and Buettner, 2022] .

RELEVANT PITFALLS
It is not clear how tight the upper bound is, especially for models with low accuracy, given that it
is unclear to what extent RBS overestimates the canonical calibration error.

Extended Data Fig. SN 3.72. Metric profile of Root Brier Score (RBS). The downward arrow in the value range
indicates that lower values are better than higher values. Reference: Gruber and Buettner, 2022: [37].
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3.3 Localization criteria

BOUNDARY INTERSECTION OVER UNION (BOUNDARY IOU)

Boundary distance d ~
N . Boundary -
‘ ! loU(AB) = -
l’ A ;: Pixels of structure A u + I:l -
_.' n within width d from
= boundary
- _ |A, N B,
.+ Pixels of structure B =
] |:| within width d from |Ad|+|Bd|-‘AdﬁBd|
boundary
i _ |A,N B,
= A, N B, A, UB,|
VALUE RANGE: [0, 1] 1
LOCALIZATION CRITERION

B
.<‘E:FP

DESCRIPTION METRIC FAMILY

Boundary loU measures the overlap between the pre- Winitfe  Bresiee= o
dicted and reference boundaries up to a predefined Counting threshold based  zation
width d. Combined with a localization threshold t it metric metric metric  criterion
can be used as a localization criterion. . .
DEFINITION

[Cheng et al., 2021]

RELEVANT PITFALLS

- Depending on the choice of the hyperparameter d, Boundary loU may ignore the overlap and
volume of structures (Fig. SN 2.4).

- Boundary loU is undefined if the reference and prediction are empty, and ad hoc rules need
to be established depending on the use case (Fig. SN 2.18).

- Boundary loU may yield a perfect value for only predicting the boundary pixels, missing the
pixels inside the object [Reinke et al., 2021].

- Boundary loU includes the hyperparameter d, which needs to be chosen wisely (user or use
case-defined threshold) [Reinke et al., 2021].

- The localization criterion highly depends on the chosen localization threshold .

Extended Data Fig. SN 3.73. Metric profile of the Boundary Intersection over Union (loU) localization criterion.
The upward arrow in the value range indicates that higher values of Boundary loU are better than lower
values. References: Cheng et al., 2021: [13], Reinke et al., 2021: [71]. Mentioned figures: Figs. SN 2.6, SN 2.20.



Understanding metric-related pitfalls 119

CENTER DISTANCE

. Reference Prediction
>3 .
$% Reference center ¥ Prediction center
d<z VALUE RANGE: [0, )

DESCRIPTION

The Center Distance measures the (typically Euclidean) distance between the reference and pre-

dicted center point of an object. The prediction is considered as a hit if the distance is smaller

than a predefined threshold 1. Depending on what kind of information the center point is deri-

ved from, different definitions are possible, for instance:

- Geometric center of the box/approximation shape,

- Geometric center of a binary mask, i.e., average of positions of all pixels/voxels,

- Center of mass of a binary mask overlaid with the original image, i.e., weighted average of posi-
tions of all pixels/voxels with weight equal to (or derived from) the intensity of a particular pi-

xel/voxel.
METRIC FAMILY
Multi- Distance- Locali-
DAL Counting  threshold based zation
[Gurcan etal, 2010] metric metric metric criterion
RELEVANT PITFALLS

- The Center Distance ignores the overlap between objects [Reinke et al., 2021].

- The Center Distance is often only a rough approximation of the real object center distance
because the object center is often computed imprecisely (e.g., as the bounding box center, in-
tensity maximum position, etc.) [Reinke et al., 2021].

- The Center Distance is an error-prone approximation for complex shapes, e.g., tubular-shaped
structures [Reinke et al., 2021].

- The localization criterion highly depends on the chosen localization threshold .

Extended Data Fig. SN 3.74. Metric profile of the Center Distance localization criterion. The downward arrow
in the value range indicates that lower values of the Center Distance are better than higher values. References:
Gurcan et al., 2010: [39], Reinke et al., 2021: [71].
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INTERSECTION OVER REFERENCE (loR)

Synonyms: Pixel-level Sensitivity

loR(A,B) = . = [AnBI VALUE RANGE: [0, 1] T

B A

LOCALIZATION CRITERION

\ y
Al s@Aans

DESCRIPTION

IoR measures the overlap between two structures. It is defined as the pixel-level Sensitivity and
only considers the FN pixels (not the FPs). The metric is rather uncommon for segmentation as-
sessment, but combined with a localization t threshold it can be used as a localization criterion.

CARDINALITIES METRIC FAMILY
Multi- Distance-  Locali-
DEFINITION T FP FN TN Counting threshold  based zation
[Maska et al., 2014] () () metric metric metric  criterion

RELEVANT PITFALLS

- loR is unaware of shapes, boundaries, distances and centers (Fig. 4a, SN 2.5, SN 2.12, Extended
Data Fig. 1b).

- loR penalizes missed pixels more in small objects (Fig. SN 2.10, Extended Data Fig. 1a).

- loR is undefined if the reference and prediction are empty, and ad hoc rules need to be estab-
lished depending on the use case (Fig. SN 2.18).

- loR treats oversegmentation and undersegmentation differently (Fig. SN 2.8).

- Aloose loR-based localization criterion can be deceived by large predictions (Fig. SN 2.23).

- loR is rather uncommon and can therefore not be used for comparison with other publications.

- The localization criterion highly depends on the chosen localization threshold .

Extended Data Fig. SN 3.75. Metric profile of the Intersection over Reference (IoR) localization criterion. The
upward arrow in the value range indicates that higher values of loR are better than lower values. Abbreviations:
False Negative (FN), False Positive (FP), True Negative (TN), True Positive (TP). References: Maska et al., 2014:
[60], Reinke et al., 2021: [71]. Mentioned figures: Figs. 4a, SN 2.7, SN 2.10, SN 2.12, SN 2.13, SN 2.14, SN 2.20,
SN 2.25, Extended Data Fig. 1b.
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MASK/BOX/APPROX INTERSECTION OVER UNION (MASK/BOX/APPROX loU)

Synonyms: Jaccard Index, Tanimoto Coefficient

) loUAB) = ————8M8 ——
H-N-=
_ |A ~ Bl _ |AnB]
|A|+|B|-|ANB| |A U B]
_ PPV . Sensitivity
L ) PPV + Sensitvity - PPV « Sensitivity
WA McEae
LOCALIZATION CRITERION
.Z T
.< T:FP
DESCRIPTION CARDINALITIES
loU measures the overlap between two structures (see TP FP FN TN
above). Combined with a localization threshold, it is a . . .

common localization criterion. It is often referred to as
Box loU when comparing bounding boxes, Mask loU
when comparing segmentation masks, or Approx loU

when comparing approximations of objects beyond . Multi-  Distance- Locali-
bounding boxes. Counting threshold based  zation

metric metric  metric criterion

METRIC FAMILY

DEFINITION

[Jaccard, 1912] . .

RELEVANT PITFALLS

- loU is unaware of shapes, boundaries, distances and centers (Figs. 4a, SN 2.5, SN 2.12, Extended
Data Fig. 1b).

- loU penalizes missed pixels more in small objects (Figs. SN 2.10, SN 2.11, Extended Data Fig. 1a).

- Box IoU is not a good representation of complex or disconnected structures (Fig. SN 2.14).

- loU is undefined if both the reference and prediction are empty, and ad hoc rules need to be
established depending on the use case (Fig. SN 2.18).

- loU treats oversegmentation and undersegmentation differently (Fig. SN 2.8).

- loU does not compensate for inter-rater variability (Fig. SN 2.17).

- Aloose loU-based localization criterion can be deceived by large predictions (Fig. SN 2.23).

- loU behaves differently in 2D and 3D settings. In 3D settings, the additional z-dimension results
in a cubical increase in erroneous pixels [Reinke et al., 2021].

- An loU-based localization criterion may highly penalize multiple predictions for the same refe-
rence object [Reinke et al., 2021].

- The localization criterion highly depends on the chosen localization threshold .

Extended Data Fig. SN 3.76. Metric profile of the Mask/Box/Approx Intersection over Union (loU) localization
criterion. Abbreviations: False Negative (FN), False Positive (FP), True Negative (TN), True Positive (TP).
References: Jaccard, 1912: [45], Reinke et al., 2021: [71]. Mentioned figures: Figs. 4a, SN 2.7, SN 2.10, SN 2.12,
SN 2.13,SN 2.14, SN 2.16, SN 2.19, SN 2.20, SN 2.25, Extended Data Fig. 1a-b.
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MASK INTERSECTION OVER UNION (MASK loU) > 0

Synonyms: Jaccard Index > 0, Tanimoto Coefficient > 0

. | Mask loU(AB) = ——=
o2
_ |A "B _ 1AnBI
|Al+[B]-[A B |A U B|
_ PPV . Sensitivity
~ PPV + Sensitvity - PPV - Sensitivity

\. J
. A |:| B - AnB Mask loU > 0 Mask loU =0

EXAMPLES
TP FP
DESCRIPTION CARDINALITIES
Mask loU generally measures the overlap bet- ™ FP FN N
ween two segmentation masks and is a o o [ )
common localization criterion. Mask loU > O is a
special case of a very loose localization criteri- METRIC FAMILY
on, in which only one pixel overlaps. ) . .
Multi- Distance-  Locali-

Counting threshold based zation
DEFINITION metric metric metric criterion
[Wack et al., 2012; Jaccard, 1912] . .

RELEVANT PITFALLS

- The predicted location may be potentially ambiguous, as Mask loU > 0 only requests a small
amount of pixels to overlap with the reference (Fig. SN 2.23).

- Mask loU > 0 can be deceived by large predictions (Fig. SN 2.23).

Extended Data Fig. SN 3.77. Metric profile of the Mask Intersection over Union (loU) > 0 localization criterion.
Abbreviations: False Negative (FN), False Positive (FP), True Negative (TN), True Positive (TP). References:
Jaccard, 1912: [45], Wack et al., 2012: [90]. Mentioned figure: Fig. SN 2.25.
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POINT INSIDE MASK/BOX/APPROXIMATION
. Reference

€ Predicted point

VALUE RANGE: {True, False}

DESCRIPTION METRIC FAMILY

The Point inside Mask/Box/Approximation is a

localization criterion that defines a point-based Multi- Distance-  Locali-
prediction as a hit as long as it is inside the refe- Counting threshold  based zation
rence object, which may be a mask, bounding metric metric metric  criterion
box, or other approximation of a structure. .
DEFINITION

https://cada.grand-challenge.org/Assessment/

RELEVANT PITFALLS

- The Point inside Mask/Box/Approximation criterion does not allow to adjust the localization
strictness [Reinke et al., 2021].

- The Point inside Mask/Box/Approximation criterion is only a rough approximation of the
object location [Reinke et al., 2021].

Extended Data Fig. SN 3.78. Metric profile of Point inside Mask/Box/Approximation. References: https:
//cada.grand-challenge.org/Assessment/, Reinke et al., 2021: [71].
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3.4 Assignment strategies

GREEDY (BY SCORE) MATCHING
BE B

1) Rank predictions 2) Compute localization 3) Assign predictionto  4) Remove

by predicted criterion between all reference with highest assigned
class scores; the predicted and reference localization criterion. reference
highest score objects Start with first rank. object
receives the first (N J
rank. A\
REPEAT
DESCRIPTION

In the Greedy (by Score) Matching, all predictions in an image are ranked by their predicted
class scores and iteratively (starting with the highest probability) assigned to the reference
object with the highest localization criterion for this prediction. The selected reference
object is subsequently removed from the process as it can not be matched to any other pre-
diction.

DEFINITION

NEED FOR PREDICTED CLASS SCORES? . [Everingham et al., 2015]

RELEVANT PITFALLS

- Assignment strategies are different ways to resolve ambiguities in model output interpre-
tation. Importantly, the problem itself remains ambiguous, i.e., there is no correct or wrong
way of interpretation thus no objective pitfalls exist.

- This assignment strategy is only applicable if predicted class scores are provided.

Extended Data Fig. SN 3.79. Cheat Sheet for the Greedy (by Score) Matching. Reference used in the figure:
Everingham et al., 2015: [30].
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GREEDY (BY LOCALIZATION CRITERION) MATCHING

E

.+

1) Compute localization 2) Assign reference to 3) Remove
criterion between all prediction with highest assigned
predicted and reference localization criterion. reference
objects object
: U <
A4
REPEAT
DESCRIPTION

If no predicted class scores are available, the Greedy (by Score) Matching can be replaced
with the Greedy (by Localization Criterion) Matching. For this strategy, the reference with
the highest localization criterion for a predicted object is matched.

DEFINITION

?
NEED FOR PREDICTED CLASS SCORES? [Maier-Hein et al, 2022]

RELEVANT PITFALLS

- Assignment strategies are different ways to resolve ambiguities in model output interpre-
tation. Importantly, the problem itself remains ambiguous, i.e., there is no correct or wrong
way of interpretation thus no objective pitfalls exist.

- This assignment strategy is not commonly used in the field.

Extended Data Fig. SN 3.80. Cheat Sheet for the Greedy (by Localization Criterion) Matching. Reference
used in the figure: Maier-Hein et al., 2022: [58].
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OPTIMAL (HUNGARIAN) MATCHING

o

i N
-

1) Compute localization 2) Use cost function to find the
criterion between all optimal assignment of predictions
predicted and reference and references based on the
objects localization criterion.
DESCRIPTION

The Optimal (Hungarian) Matching is associated with a cost function, usually depending on
the localization criterion, which is minimized to find the optimal assignment of predictions
and reference.

, DEFINITION
NEED FOR PREDICTED CLASS SCORES? [Kuhn, 1955]
RELEVANT PITFALLS
The optimization may lead to overoptimistic performance results in case of ambiguous
model outputs [Maier-Hein et al., 2022].

Extended Data Fig. SN 3.81. Cheat Sheet for the Optimal (Hungarian) Matching. References used in the
figure: Kuhn et al., 1955: [51], Maier-Hein et al., 2022: [58].
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MATCHING VIA OVERLAP > 0.5

PREREQUISITE: Overlapping predictions are not possible.

TR

1) Compute overlap-based  2) If the overlap is greater than 0.5, 3) Remove assigned
localization criterion assign prediction to the reference. reference object
between all predicted and W ),
reference objects \/
REPEAT
DESCRIPTION

If there are no overlapping predictions, complex assignment strategies can be avoided by
simply setting the localization criterion to loU > 0.5.This strategy inherently avoids
matching conflicts, because any secondary prediction would by definition have an overlap
< 0.5 of the same reference object.

DEFINITION

?
NEED FOR PREDICTED CLASS SCORES? [Everingham et al., 2006]

RELEVANT PITFALLS
- Matching via Overlap > 0.5 is unfeasible if overlapping predictions are possible [Maier-Hein
et al, 2022].

- Matching via Overlap > 0.5 cannot be applied if a non-overlap based criterion is employed
(e.g., Point inside Mask).

Extended Data Fig. SN 3.82. Cheat Sheet for the Matching via Overlap > 0.5. References used in the figure:
Everingham et al., 2006: [28], Maier-Hein et al., 2022: [58].
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ACRONYMS

Al artificial intelligence

AP Average Precision

ASSD Average Symmetric Surface Distance

AUC Area under the Curve

AUROC Area under the Receiver Operating Characteristic Curve
BA Balanced Accuracy

BIAS Biomedical Image Analysis ChallengeS
Boundary IoU Boundary Intersection over Union

BS Brier Score

BSS Brier Skill Score

CI Confidence Interval

cIDice centerline Dice Similarity Coefficient

COCO Common Objects in Context

CK Cohen’s Kappa

CWCE Class-Wise Calibration Error

DSC Dice Similarity Coefficient

EC Expected Cost

ECE Expected Calibration Error

ECEKXPE Expected Calibration Error Kernel Density Estimate
FN False Negative

FP False Positive

FPPI False Positives per Image

FROC Free-Response Receiver Operating Characteristic
HD Hausdorff Distance

HD95 Hausdorff Distance 95th Percentile

InS Instance Segmentation

IoU Intersection over Union

IoR Intersection over Reference

LR+ Positive Likelihood Ratio

KCE Kernel Calibration Error

mAP mean Average Precision

MASD Mean Average Surface Distance

MCC Matthews Correlation Coefficient

MCE Maximum Calibration Error

MICCAI Medical Image Computing and Computer Assisted Interventions
MONAI Medical Open Network for Artificial Intelligence
NaN Not a Number

NB Net Benefit

NPV Negative Predictive Value

NLL Negative Log Likelihood

NSD Normalized Surface Distance

PPV Positive Predictive Value

ObD Object Detection

PQ Panoptic Quality

PR Precision-Recall

RBS Root Brier Score
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ROC Receiver Operating Characteristic
SemS Semantic Segmentation

TN True Negative

TNR True Negative Rate

TP True Positive

TPR True Positive Rate

WCK Weighted Cohen’s Kappa
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