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Abstract—Cardiovascular diseases count among the most crit-
ical and propagated diseases worldwide. Artificial Intelligence
[AI] generates promising results across various medical do-
mains and can enhance cardiovascular diagnosis and treatment.
However, contextual knowledge is crucial for multiple design
decisions to avoid pitfalls, and the true success of the intelligent
application can only be measured in relation to its intended
clinical setting. Machine learning [ML] models are evaluated
based on performance metrics whose interpretation is influenced
by data distribution and tuning objective. The present paper
introduces a domain-embedded approach aiming towards a
reliable performance evaluation of ML models throughout the
complete lifecycle. Our findings are illustrated for multi-label
ECG classification in an emergency setting and calculated on
open-source Physionet data. Finally, the resulting procedure is
embedded as a contribution to Quality Gate Metrics within our
generic and customizable methodology based on Quality Gates
towards certifiable AI in medicine.

Index Terms—Acrtificial Intelligence, ECG Multi-Label Classifi-
cation, Machine Learning Performance Metrics, Interdisciplinary
Approach, Domain Embedding, Stakeholder Inclusion

I. INTRODUCTION

In high-risk domains such as medicine, certification is
mandatory regarding the transition from research to medical
product. Thus, standardized process steps and reasonable
design decisions are crucial to ensure the legally required
quality. Al has proven it’s ability to enhance healthcare, but
thanks to its novelty, standards are currently being devel-
oped. As of now, no standardized application of performance
metrics for the multitude of medical use cases exists, which
poses a risk due to possible oversimplification and possibly
overlooking important contextual factors [1, 6]. Every med-
ical Al project is based on a unique combination of data
type(s), tuning objective(s) and data set distribution(s) that all
impact the chosen metrics’ interpretation [2], among others.
Consequently, unifying performance evaluation approaches is
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not a trivial task, but necessary for reliable quality and risk
management [QRM], which is legally required for intelligent
medical products within the EU, as clarified by the Al Act
and Medical Device Regulation [MDR]. The present paper
is embedded within our research towards certifiable Al in
medicine: A Generic and Customizable Methodology based
on Quality Gates [QG] [3] that aims to include regulatory
requirements towards trustworthy Al in the intelligent system
“by design”. As a concept to structure relevant information,
QGs are located at various stages along the intelligent system’s
transition from idea to application, i.e. the system’s lifecycle.
QG-realization aims to transform interrelated, abstract ML
concepts into directions of thought that can be concretized
tailored to the respective use case and stakeholder. The present
paper introduces an empirical approach contributing to QG
Metrics definition through the proposition of an approach
towards reliable performance metrics, which will be refined
in the future. The method is envisioned to be extendable
to other ML design decisions along the Al lifecycle, and
to contribute to reliable long-term monitoring. Our findings
are based on the ML part of a fictional use case centered
around ECG multi-label classification in an emergency setting,
but aims to be generalizable to other (multi-label) use cases
as well. The proposed process is structured into pre-, intra-
and post-selection steps to arrange important directions of
thought. Specifying the abstract method, concrete guidelines
for a reliable metrics application in the context of (ECG)
multi-label classification and high data imbalance are extracted
based on our experiments. Consequently, our focus lies on
the extraction of guidelines and directions of thought, rather
than the perfect model. A comprehensive overview of our
results, as well as the proposed method’s integration on a
process level within the QG structure covering the Al lifecycle
can be found on the open research repository Zenodo.! Our

Thttps://zenodo.org/records/10931084



experiments are calculated with data from the Physionet-
Challenge 2021, where participants competed to train a model
that can identify clinical diagnosis from ECG-recordings.
One sample can include multiple, differently correlated heart
arrhythmias/rhythms and other heart diseases [HARHD], or
labels from a technical viewpoint. Further, we focused on 12-
lead ECGs only. To include the, from a medical viewpoint nec-
essary information on label correlations, our domain embedded
procedure is centered around a cost-sensitive post-processing
thresholding method that also considers category imbalance
[4], as introduced in section 4.3.

In the following, important points of consideration regarding
a reliable metrics selection will be outlined and illustrated
based on ECG multi-label classification, while our proposed
method aims to transform abstract into arranged and more
practical guidelines to simplify auditing and clinical workflow
integration for all stakeholders - starting with the arrangement
and identification of relevant directions of thought for perfor-
mance metrics selection. The paper is structured as follows:
First, the presented method is embedded within our method-
ology towards certifiable Al in medicine and our experiments
are briefly introduced (II-IIT). Next, the proposed design de-
cision selection method, structured into pre-, intra- and post-
selection steps, is presented. Concretizing our proposed ap-
proach, guidelines for reliable multi-label (ECG) classification
metrics are demonstrated based on our experiments (IV-VI).

II. TRUSTWORTHY AI LIFECYCLE MANAGEMENT

A reliable metrics selection is not a trivial process and is
marked by complex, use case-specific interdependencies and
stakeholder perspectives throughout the Al lifecycle, which
can result in an incorrect application and poses a risk. Conse-
quently, to realize a trustworthy integration of Al as envisioned
by the EU AI Act, the development of standardized methods
is crucial. Risk management is an ongoing process that needs
to be considered during the complete Al lifecycle, as pointed
out by ISO 5338 on Al system lifecycle processes. Different
levels of risk need to be (constantly) identified and evaluated,
as well as risk control measures implemented and monitored.
As a result, the implementation of Al risk management is
highly domain- and use case-dependent. Among others, this
openness regarding continuous Al risk identification, evalua-
tion, and control, poses a challenge for auditing in the long-
term, which necessitates a concretization of comprehensive
methods that are to a certain extent automatable. According
to which standards intelligent (medical) system processes will
be defined is currently being researched around the world.

The present paper aims to contribute a generalizable method
for reliable design decision making along the Al lifecycle as
part of on-going research and is illustrated for ECG multi-label
classification metrics.

A. A Methodology based on Quality Gates

Our methodology, as introduced in [3], aims to provide a
generic and customizable conceptual structure with QGs at
its core to realize risk management and ensure trustworthy

Al on a process-level “by design”. We aim to illustrate
how to comprise existing research and new experiments on
the development of AI models into concrete guidelines that
are adaptable for developers and auditing institutions, while
paying special attention to end-user perspectives, the inclusion
of domain knowledge, and ML method- and data-specific
interdependencies. On an abstract level, the AI lifecycle
consists of multiple (sub-)process steps regarding data, the
model, its on-boarding, deployment and maintenance in the
clinical setting, as well as the integration of new data, and its
decommissioning after possibly multiple cycles of evolution.
These stages describe the identified common ground across
different AI use cases, or the flow of Al-specific processes,
as identified by ISO/IEC FDIS 5338:2023(E) on Al system
lifecycle processes.” Overall, Al lifecycle management is com-
plex and based on a great number of interdependencies, which
necessitates a detailed and well structured overview of the
complete design process. Especially, with respect to substantial
modifications and Predetermined Change Control Plans [5], [6]
answering to the system’s capability to continuously learn.

Quality Gates: The concept of QGs aims to provide a
foundation to structure the collection and creation of concrete
approaches for reliable Al lifecycle management with QRM
at their core and aims to capture intelligent system’s inherent
dynamics. High-level QGs represent specific lifecycle stages
that consist of multiple design decisions, which are represented
by lower-level QGs and gradually become more use case-
specific. Further, QGs are envisioned to offer means to evaluate
the respective design decision against pre-defined criteria. In
summary, they correspond to specific, hierarchically structured
lifecycle process steps and envisioned to consider relevant
interdependencies with other QGs on all levels and lifecycle
iterations.

Guided Questions: QG-Creation is centered around the
concept of Guided Questions [GQ] to first identify relevant
information in a comprehensive manner aiming to promote
the system’s trustworthiness. The definition of GQ is based
on the abstractable identification of important considerations
that are applicable across use cases in form of questions, as
illustrated at the end of section III.

Our philosophy is in alignment with the NIST AI Risk
Management Framework [AI RMF], promoting that ”[...] Al
risk management depends on a sense of collective responsi-
bility among Al actors”[10] [1].> Consequently, in addition to
(methods for) the extraction of QG-relevant information, the
content is presented adapted to different stakeholder-views.
For instance, metrics representation on monitoring dashboards
differs for physicians and data scientists.

20ther relevant processes are envisaged to be integrated as part of QG
creation for the respective design decision depending on the specific use case.

3 Al actors are ”[...] those who play an active role in the Al system lifecycle,
including organizations and individuals that deploy or operate AI” [1, 2],
following OECD.



B. Embedding ML Performance Metrics into Quality Gates

In general, our empirical approach for QG-Creation envis-
ages the deduction of directions of thought in relation to other
QGs, as well as their arrangement for relevant content extrac-
tion tailored to specific use cases, stakeholder-views, process
steps, and design decisions. Our later presented method (IV-
VI) contributes information on performance evaluation metrics
to the definition of the more abstract QG Metrics, which
is heavily influenced by QG Data and impacts other QGs.
Our proposed procedure is structured into pre-, intra-, and
post- metrics selection process steps and envisioned to be
extendable to other design decisions, including fairness metrics
as further contribution to QG Metrics, for instance. Concretely,
the presented process can be referenced as a template that
comprises structured lines of thought, which are currently
being researched for the multitude of medical AI use cases
by the research community, and the industry.

As a start, we extracted concrete guidelines regarding multi-
label (ECG) classification metrics, which we believe are ex-
tendable to multi-label use cases with label correlations that
are characterized by a high data imbalance, while the absence
of a label is less meaningful than its presence:*

o A compilation of ML performance metrics consisting of
confusion-matrix and ranking metrics, that are selected
with respect to their use case-specific interpretation

o A mindful consultation of the Receiver Operating Char-
acteristic Area under the Curve metric [ROC AUC]

o A detailed analysis of class probabilities and additional
material for a comprehensive overview, especially regard-
ing the interplay of metrics and data distribution

o Preferably the application of macro- or weighted-
averaged multi-label metrics for a more balanced view
on the model’s performance

o A metric optimization and monitoring strategy

« An analysis of use-case specific challenges and possible
solutions regarding label correlations (especially, for the
multi-label case)

In general, a profound understanding of the clinical setting
including the system’s objective as foundation, an interdisci-
plinary team, which is based on the identification of relevant
disciplines, as well as the continuous identification of inter-
dependencies along the lifecycle for a long-term monitoring
strategy are crucial. These tendencies can be formulated as
GQs that are focused on the trustworthy QG Metrics lifecycle
integration from the start and aim for reliable long-term mon-
itoring towards risk management. Tailored to the developer’s
and possibly auditor’s perspective, they include:

e What clinical impact is caused / desired by the model’s
predictions?

o Which metrics are relevant for which stakeholders at what
point of the ML lifecycle?

4In contrast to binary classification, if a label is not present on an ECG-
sample, this does not automatically signify that the patient is healthy, since
other labels might exist.

o What other stakeholder-views need to be considered?
(E.g. patients)

e Who has a global overview and is responsible to ensure
guidance? What are other responsibilities and who are
their representatives for accountability management?

o How should metrics (including supplementary informa-
tion) be visualized depending on their application?

o In what cycles during the intelligent application’s evolu-
tion and depending on which parameters, the decisions
need to be monitored and possibly adjusted?

o Which interdependencies regarding other design deci-
sions or lifecycle stages (QGs) exist?

III. EMPIRICAL APPROACH TOWARDS METRICS
SELECTION AND ML DESIGN DECISIONS

Our proposed method for a reliable metrics selection was
extracted in an empirical manner based on our experiments
and accompanying research. On a more abstract level, we aim
to provide a generalizable approach for reliable Al lifecycle
design decisions that are adapted to specific medical use cases,
analoguously to our approach for multi-label ECG classifica-
tion in an emergency setting. Regarding our experiments, we
extracted the following tendencies for several design decisions
centered around ML performance metrics: (1) a use case-
adapted metrics selection, (2) an analysis of ROC AUC vs.
Precision-Recall AUC [PR AUC] expressiveness, (3) multi-
label averaging strategies, (4) different label structures based
on label support, i.e. each label’s count in the data or how
strongly it is represented compared with other labels (5) the
metric to be monitored during training, for early stopping and
hyperparameter optimization, as well as (6) different post-
processing thresholding methods: the most common fixed
threshold of 0.5, CIST [4] as well as ROC and PR curve based
thresholds for comparison and as an additional perspective on
the two rank-based metrics’ behavior. The following sections’
structure is intended as a template to arrange the definition
process of ML design decisions - in form of pre-, intra-
and post-selection steps. First, our novel use case-specific
label structure is introduced. Our experiments are trained on
Physionet data and were mapped to our label structure via
their Systemized Nomenclature of Medicine — Clinical Terms
Code [SNOMED CT].

A. Medical Label Structure

Labels refer to all possible HARHD that can occur in an
ECG recording and (co-)exist in a multi-label setting. As a
starting point for our use case-adapted and domain-embedded
label compilation, we consulted the comprehensive PTB-
XL mapping [7]. We then excluded clinically meaningless
artifacts. Further, not all labels automatically result in a diag-
nosis from a medical viewpoint in the context of emergency
medicine. However, a clear course of action is required, which,
in our fictional use case is based on the direct follow-up
step after interpreting the model’s prediction. Therefore, we
introduced two novel container-labels [CL] that consist of a
combination of more specific labels: other and norm. The latter



refers to a healthy patient, including all unproblematic labels,
as sinus rhythm variants and physiological electrical cardiac
axis. It cannot coexist with any other label, while other and
abnormalities can coexist. All remaining pathological ECG
labels that do not allow for a specific therapy without further
examinations are summarized under other. If one of these
pathologies is identified in an ECG, the patient will most likely
be transferred to a hospital. The proposed label structure for
application in an emergency setting consists of 13 labels in
total. This includes the addition of a CL for ischemias (except
ST depression and elevation), based on similarity of follow-up
treatment.

B. Experimental Label Structure

For our first experiments, we decided to itemize the CLs,
which resulted in 21 labels in total. The mapping of our label
structure to the Physionet data via their SNOMED CT code
led to some incompleteness since not all, for our use case
reasonable labels exist sufficiently in the data, and Pericarditis
is not represented. We first trained a model on 20 labels.
However, some labels could not be evaluated properly due
to a very low support and they were excluded. This decision
is based on per-label metrics that are not calculated (= 0)
when the label is underrepresented. Finally, we continued our
experiments with a combination of 8 labels whose support did
not fall below ~ 1100 samples, which is still very low. The
following process and results are based on 8 labels.

IV. PRE-SELECTION

A reliable application of ML performance metrics always
includes a selection of multiple metrics for a comprehensive
evaluation tailored to different stakeholder perspectives, since
one single metric is not capable to reflect on all desired capa-
bilities [8, 3]. Consequently, the first step to choose an accurate
metrics compilation is to understand the interplay between all
requirements of the use case, which advisably should happen
before implementation. This includes data, tuning objective,
the metrics’ contextual meaning as well as possible use case-
specific draw backs that might require creative workarounds.
For the multi-label case, label-correlations, possibly differing
per-label tuning objectives, and the averaged multi-label met-
rics’ expressiveness are important considerations.

1) Use Case: The fictional real-world setting of the intelli-
gent medical product at the core of our research is an alarming
guard functionality anywhere patients at risk could appear and
the person in charge is not well trained in ECG diagnostics,
e.g., in an emergency setting or at the general practitioner’s
office. Consequently, the direct clinical follow-up step after
the model’s prediction is relevant to define other related design
decisions.

A. Domain Embedding

Generally, domain knowledge is crucial for trustworthy
design decision-making and a continuous part of the process.
For our use case, depending on the respective label, a higher
Precision or Recall is desired, which leaves the questions open,

how to tune (metric-to-monitor) and evaluate (averaged multi-
label metrics) the model overall. Should the system be more
sensitive, and false alarms tend to be more acceptable than
missing a label based on the follow-up step, or not? Our
approach is evaluated in the following sections.

1) Data Distribution: Considering the (dynamic) data dis-
tribution throughout the complete lifecycle is crucial for model
evaluation and comparison. A data set distribution monitoring
strategy can mitigate risks posed by biased behavior,” while
continuously (re-)assessing data suitability for the intended
purpose of the intelligent system. For instance, the medical
prevalence could provide insights what a realistic” data
distribution could mean. Physionet data is comparably diverse
and consists of ”[...] ten databases from [...] several countries
across three continents” [11, 3], i.e. USA, Europe and China.
This information provides valuable insights into the behavior
of performance metrics.

2) Benefit-Matrix and Post-Processing Thresholding: Data
imbalance can be addressed through post-processing thresh-
olding, i.e. individually adjusted thresholds. Aiming to include
medical knowledge on all label correlations in addition to
information on support, Category Imbalance & Cost-Sensitive
Thresholding (CIST), as proposed in [4], is a suitable ap-
proach. Correlations are summarized in form of a Benefit-
Matrix (BM) that contains similarities in follow-up treat-
ment triggered by the model’s prediction compared to the
groundtruth over all labels. The authors based their experi-
ments on the Physionet BM® [4, 7]. We generated a novel
BM in cooperation with a medical domain expert that was
adapted to our label structure tailored to emergency medical
care. The values are maximized the closer the follow-up
steps for differing labels - aiming to minimize the negative
impact on the patient, and ranging from 0.1 to 1. The latter
equals complete similarity in treatment. This information is
then translated into misclassification costs that are afterwards
combined with information on label support, and transformed
into label-specific thresholds as in [4, 6f.]. Their interplay is
regulated by the hyperparameter modulating alpha ranging
from 0—1: class imbalance has alpha and the misclassification
costs 1 — alpha influence on the calculated thresholds [4, 9].
An evaluation of CIST performance compared to ROC and PR
curves-based thresholding is part of the post-selection process.
These methods extract the threshold that best balances both
axis represented by different metrics respectively.

B. Metrics Analysis

Depending on the concrete task at hand, different choices
of metrics are reasonable. Our use case is centered around
multi-label classification, since ECG samples can be labelled
with multiple, not mutually exclusive HARHD. The following
considerations further explain our domain-embedded metrics
selection process. First, binary classification-based multi-label
averaging is explained in more detail. Next, common binary

3See ISO 24027 on bias in Al systems and aided decision making [16].
Shttps://github.com/physionetchallenges/evaluation-2021



classification metrics are introduced and evaluated against
our use case, see figure 3. We based our main selection on
medical interpretability and added some additional metrics to
illustrate different perspectives on the model’s discriminatory
power. This step is highly use case-dependent and should be
conducted based on a comprehensive analysis.’

1) Multi-Label Classification: For performance evaluation,
it is common to transform the multi-label case into a multitude
of independent binary classification problems, where each
label is evaluated as present vs. not present. Then, some sort of
averaging method to calculate classification metrics for overall
model performance is applied. However, this conceptually sim-
ple approach does not exploit label correlations [12, 1820].8
The previously introduced CIST method is applied to include
medical information on label correlations. To calculate overall
model performance, four distinct averaging methods exist:
macro (or weighted), micro and samples. The latter means
returning the mean over the complete test or validation set
after calculating the performance measure for each sample.’
Macro- and weighted-averaging refers to metrics calculated
label-wise, and then their (weighted) average. Micro-averaging
considers the complete prediction matrix at once, which is
why it ”[...] favors bigger classes” [13, 430]. [9, 1822], [14,
3] Consequently, analyzing per-class performance in addition
to the averaged metrics, as explored in the next section, is
important. Further, some labels prefer Precision over Recall
from a clinical perspective or are underrepresented in the data,
which is not always well mirrored by the averaged metrics.

Guideline Averaging-Method Macro-averaging is the pre-
ferred choice for our translational approach.'? It evaluates
each label equally, and thus also reflects on rare classes [13,
430] which displays the model’s performance as realistically
as possible. ECG multi-label classification is characterized by
high data imbalance, like many medical use cases, and some
HARHD are less propagated than others, but still relevant.
The following tendencies can be derived for class-imbalance:
if macro-averaged metrics are lower than micro-, the model is
comparably worse at identifying rare classes, but competent
with the more common ones, and vice versa. The former is
mostly the case for our experiments, only ROC AUC displays
a high performance for both averaging methods.

2) Confusion Matrix based Metrics for Binary Classifica-
tion: A multitude of the existing binary classification metrics
are calculated based on the four values of the confusion matrix
[2, 5]. The model’s predictions are compared to a threshold and
then categorized into either true or false. Next, the results

7 Another interesting line of thought, which is not focus of our analysis,
is to develop a custom evaluation metric in close cooperation with domain
experts and potentially based on an existing metric. Refer to the Physionet
Scoring Metric for an example: https://moody-challenge.physionet.org/2021/

80ther multi-label strategies include either pairwise or multiple label
correlations with augmenting degree of computational complexity, but won’t
be the focus of this analysis [12, 1820].

9The multi-label metric Hammingscore is calculated as the samples aver-
aged jaccard score.

10Weighted averaging depends on the selected weights and might need
further tuning, which is why we did not analyze it in further detail for our
experiments.

are compared with the groundtruth depending on whether they
belong to the negative or positive label. We mainly focus
on the interplay and performance of Specificity, Precision,
Recall, F1- and FBeta-Score, since their medical interpretation
is reasonable and especially Recall and Specificity are already
applied for common ECG-classification [15]. For a more com-
prehensive overview, Jaccard Score (insight on the distribution
of the intersections between predictions and groundtruth),
False Positive Rate [FPR] (as an additional perspective on
false alarms), and Matthew’s Correlation Coefficient [MCC]
(it considers all four values of the confusion matrix), were
also included. Most of the selected metrics range from 0 — 1,
a higher value indicating better performance. MCC from —1
to 1 and FPR are minimized.

3) ROC and PR AUC: These ranking-perspective based
metrics access the real valued function learned by the model.
They are calculated as the AUC signifying model performance
for all possible thresholds regarding Recall and Precision [PR
AUC], or False-Positive Rate [ROC AUC]. In contrast to
confusion matrix-based metrics, this approach is a threshold-
independent performance measurement, and can be referenced
for post-processing thresholding. Both metrics reaching from
0 to 1 are maximized, and a high value signifies model
confidence towards its predictions. As already discussed in our
latest research, there is an ongoing discussion whether ROC
AUC is suitable for heavily imbalanced data sets or if PR AUC
should be preferred [3, 2]. Our experiments demonstrate that
this is indeed true for our multi-label use case, as demonstrated
in figure 1: ROC AUC displays a very similar behavior across
all labels in contrast to the PR curves, which is suspicious
based on the highly imbalanced label distribution.

Guideline ROC vs. PR AUC ROC AUC displays very
optimistic behavior across all labels compared to PR AUC,
which might lead to an unreliable application in the medical
setting, since the model’s actual performance is worse.

Fig. 1. PR vs. ROC AUC performance visualized for 8 labels.

V. INTRA-SELECTION

After having researched several metrics (and approaches)
that are suitable for the respective use case, their performance
should be analyzed in more detail through experiments that
might result in modifications regarding the previously selected
metrics-structure. Also, from a long-term perspective, informa-
tion on when, how and by whom the metrics will be consulted
needs to be organized in a way that supports post-market



release monitoring. Consequently, this stage is intended to be
considered alternately with post-selection to cover optimiza-
tion and the intelligent system’s dynamic nature. In addition,
this includes that relevant process steps/design decisions need
to be documented, refer to Zenodo for a proposed QG folder
structure, and then translated for the respective stakeholder
to achieve a smooth integration into the clinical workflow.
For our multi-label use case and mainly focusing on the
developer’s perspective, this includes but is not limited to
analyzing metrics per class in more detail under consideration
of additional material, while considering clinical knowledge
for reliable ML design decisions.

A. Additional Material

The inclusion of additional
material, which highlights the
data set, supports a more reli-
able comprehension and should
be referenced during metrics
planning and interpretation. For
instance, this includes referring
to the true label and probabil-
ity distribution, as well as each
label’s support in the data. In
figure 2, the groundtruth vs.
probability distribution of our
test data is displayed (red is 0, blue is 1) for norm and
general myocardial infarction signs. As can be deducted, a
fixed threshold of 0.5 would lead to the latter almost never
being classified as true due to the model’s low confidence.
Regarding the majority label norm, the model displays desired
tendencies. Here, explainable Al [XAI] methods, for instance
could offer a deeper understanding.

Fig. 2. Groundtruth and proba-
bility distribution for norm and
myocaridal infarction signs.

B. Class Probabilities

On top of additional material, contrasting per label scores
with the averaged multi-label metrics highlights the model’s
performance for each label, as well as reflects on the av-
eraging method’s expressiveness. For our experiments, we
did not consider class probabilities from the start. However,
the differences between macro- and micro-averaged metrics
led to a retrospective analysis. Without further consideration,
we calculated four metrics class-wise as default: Precision,
Recall, F1- and Jaccard-Score, but based on a more profound
retrospective domain analysis, Specificity and FPR would have
been interesting as well. Our experiments demonstrate that for
multi-label classification the analysis of per-label scores leads
to a more reliable view on the model’s performance, which is
strongly impacted by the label’s support in the data. Further,
our use case is charachterized by different per-label tuning
objectives.

C. Domain Knowledge

Domain embedding is crucial for reliable ML, it enhances
trustworthiness, provides a more realistic categorization of the

intelligent system and contributes to monitoring the Al lifecy-
cle. In alignment with our results, the following considerations
can be analyzed further for a more comprehensive overview
of multi-label (ECG) classification and are included as part of
GQs for QG Metrics creation.

« Clinically different tuning objectives per class: Based on
the interplay of Precision and Recall for instance, the
trade-off between false alarms or missed diseases could
be addressed more label-specific.

« Alternatively, a combination of ensemble models, i.e. one
model per label.

+ New BM for comparison and a possibly closer real-world
adaptation: This could be based on a re-evaluation of the
first approach including a clinical prioritization of class
labels, for instance.

o Stakeholder & usability: For long-term monitoring, the
baseline metrics-compilation can be adjusted or extended
with respect to different stakeholder views and lifecycle
stages, which should be assessed during clinical trials.

o Benchmarking: a performance comparison with a current
clinical state-of-the-art is necessary for optimization and
to substantiate the use of AL

VI. POST-SELECTION

A reliable metric selection builds the foundation for further
tuning, as well as monitoring or using the intelligent system,
and is correlated with other design decisions. Based on the pre-
viously defined metrics compilation and all documented design
decisions, the final step of the first cycle for metrics design is
optimization. Therefore, multiple experiments whose structure
is documented are conducted to optimize hyperparameters un-
der consideration of use case-specific challenges. This includes
planning during which cycles a re-evaluation in alignment with
intra-selection is necessary. For our experiments, we focused
on two design decisions embedded within our ECG use
case that impact performance metrics to extract generalizable
guidelines: the metric-to-monitor [MM] and post-processing
threshold optimization, while other hyperparameters are left
unchanged.

A. Metric to Monitor

We analyzed the MM during training for validation, mon-
itoring early stopping and learning rate adjustment through
comparison of F1- vs. FBeta-Score. These considerations are
based on the use case-adapted tuning objective displayed as
the interplay between Precision and Recall.

Guideline Metric-to-Monitor Following our domain-
embedded approach, the chosen MM best summarizes the
intended real-world objective. Our experiments show that this
design decision impacts performance metrics in a very fine-
grained way. For a fixed threshold of 0.5 micro- and macro-
averaged results were almost identical, since the model’s
confidence tends to be rather low. However, regarding lower
CIST (alpha = 0.3) thresholds, for both averaging methods,
FBeta-Score favors Recall while F1-Score yields a more
balanced performance improvement of a few percent regarding



Metric Formula Definition Context Evaluation

How good is the model at predicting the negative class? How good isthe model at correctly

Specificif TN/ {TN+FP Recall fo tive label

pecificity /ATN+FP) {True Negative Rate) predicting the absence of a |abel? Rl Tor negative labe
Precision TP/ (TP +EP} How many as true predicted labels are present? (Positive How accurateisthe model at predicting Some labelscould lead to fatal follow-up procedures
Predictive Value} the presence of 2 label? for the patient and false alarms should be avoided

How good isthe model at predicting the positive class? How many of all truelabels did the Some labels could lead to fatal consequences for the

Recall fSensitivity TP /(TP +FN)

(True Positive Rate)

([+beta® 2JTP) £ ({1 +heta**2)*TP +

Fheta/F1-5e
2fFL-Scare {beta**2*FN) + FP)

Fusion of Precision and Recal |

model predict correctiy? patient if missed

In our experiments beta=2, i.e. Recall istwiceas
important as Precision or beta=1, which equalsthe
F1-Score and isdefined as the harmonic mean

Hyperparameter beta regulates
allecation

The twao sets are the predicted labels How close are the predictions to the test or

Jaccard Score AnB/AvE Measures distance between two sets and groundtruths validation set?
Lorrelation coefficient value is between -1 and +1. A How correlated arethe model's
TN - FP*FN high ly if th diction obtained good
McC P M coefficient of +1 represents a perfect prediction, 8 an predictions with the test set ghiscoreon’y ITthe preiction ehtained goo

V{TP4EP)(TP+FN)(TNHFP)[TN-FN)

average random prediction and -1 an inverse prediction

L resultsin all ofthe four confusion matrix categories
distribution?

How often does the model wrongly

predict a positive label? Imverse of Recal |

False Positive Rate FP /IFP+TN) Probability of afalse alarm, it should be minimized
ROCAUC Area under the Receiver Operating Performance of model measured for all possible
Characteristic Curve thresholdsby comparing TPR and FPR
. Performance of model measured for all possible
PRAUC Area under the Precision-Recal| Curve

thresholds by comparing Recall and Precision

How good isthe model's performance
regarding all possiblethresholds?

See PR AUC, ROC AUC tends to bevery optimistic for
rare classes and should be used with caution

How good isthe model's performance
regarding all possiblethresholds?

Mezsuresthe model's prediction confidence, a high
AUCindicating high distinctive qualities

Fig. 3. Metrics interpretation as binary calculation before multi-label averaging: true means the label is present and false equals the label’s absence.

the other confusion matrix-based metrics. ROC AUC and PR
AUC performance is almost identical for both MM. Generally,
the performance values are similar for both MM, with macro-
averaging displaying a higher variance of > 10% than micro-
averaged metrics with =~ 10%. With respect to the calculated
thresholds, the following behavior was observed as a conse-
quence of the MM:

o CIST: Monitoring the F1-Score results in a slightly higher
threshold for rare classes than with FBeta. It is slightly
smaller for majority classes, which appears reasonable
since the F1-Score values Precision more.

e PR: Displays a high variance regarding direction and
value of the threshold deviations caused by the MM,
which might be caused by equally balancing Recall and
Precision.

e ROC: Monitoring the FBeta-Score always results in a
higher threshold, probably because of Recall, but in
general the difference is infinitesimal.

B. Threshold Optimization

The threshold applied to the model’s prediction after train-
ing can be fine-tuned for evaluation. This post-processing
method is a reasonable step to address data imbalance, and
performance should be monitored based on the dynamics of
the relevant data distribution to possibly adjust the calculated
thresholds in a dynamic manner. In addition to a fixed thresh-
old of 0.5 for all labels, we compared three label-specific
methods: ROC and PR AUC-based thresholding, as well as
CIST with alpha = 0.3 for both MM. CIST displays the most
balanced behavior across all metrics.

Guideline Threshold Optimization Post-processing
threshold optimization addresses the effects of high data
imbalance and offers a means to include label correlations
for multi-label classification. Multiple methods exist and it is
strongly correlated with the data distribution and should be
monitored accordingly. Each thresholding method displays
a significant difference in performance values, especially
regarding Recall and Precision, with augmenting behavior

the scarcer the data. ROC-thresholds have the highest range
of values, with close to 0 for rare classes and 0.66 for norm.
It seems to perform well only if the label is prevalent and
can be applied, when a high precision is desired. PR and
CIST seemingly adjust better to class-imbalance, however
the PR-thresholds’ high variance should be analyzed further.
CIST appears to follow the strategy the more represented
the label in the data, the higher the threshold. Comparably,
it generates rather low thresholds and pushes Recall. PR-
thresholds generally tend to be higher than CIST-thresholds,
which is why, similar to 0.5, it favors Precision, FPR and
Specificity. Regarding macro-averaged metric performance,
CIST achieves the most balanced and satisfying scores across
all metrics, while it scores highest for F1-Score, Recall,
MCC, Jaccard-Score. However, it is outperformed by 0.5 and
PR regarding Precision, FPR and Specificity, which is based
on its lower thresholds. A more comprehensive analysis can
be found on Zenodo.

VII. QUALITY GATE EVALUATION

We propose a practical approach for a reliable metrics selec-
tion embedded within our methodology for Al lifecycle QRM
as part of QG Metrics. The presented interdisciplinary and
domain-adapted approach, as well as the derivable guidelines
for multi-label (ECG) performance metrics contribute towards
trustworthy Al lifecycle design. For the present paper, our
model is not optimized outside the described scope centered
around performance metrics, but rather serves as a basis to
derive empirical tendencies. Reliable metrics are highlighted
as part of general Al risk management [1, 6], and we believe
it is advisable to start with a solid foundation early on.

Pre-, Intra-, Post-Selection: Depending on the level of
abstraction, our proposed method is extendable to other (multi-
label) use cases and design decisions such as QG model
architecture or QG loss function. Further, after the first cycle
of metrics-selection, depending on the dynamic real-world
context and other design decisions (QG) that impact metrics,
intra-, and post-selection stages are envisaged to be revisited.



Finally, our presented approach towards multi-label ECG clas-
sification might not be the best answer, for instance, depending
on the label’s individual tuning objectives, a different solution
such as ensemble learning might be more suitable. These
considerations belong to a comprehensive pre-selection, and
possibly multiple methods are first evaluated in parallel.

Global Embedding: Generally, QRM frameworks are based
on norms and other recommendations, while incorporating
important horizontal [17] and, depending on the intended use,
sector-specific legislation such as the International Medical
Device Regulators Forum as well as country-specific informa-
tion provided by notified bodies [18]. Standards that aim at
regulating intelligent systems and their novel challenges are
currently being developed and refined. They are integrated as
process steps along the Al lifecycle, which is also desired from
an auditing perspective. The IG-NB, the German association
of notified bodies, for instance, base their guidelines on [...]
the idea that the safety of Al-based medical devices can only
be achieved through a process-oriented approach, whereby
all relevant processes and phases of the lifecycle must be
considered” [18, 1]. Within the broader context of AI QRM,
our presented method aligns with the propagated process view.
A practical approach for general Al QRM is presented by the
NIST AI RMF which promotes risk adjustment to the real-
world setting, transparent documentation [1, 6], the inclusion
of a ” [...] broad set of perspectives and actors across the
Al lifecycle” [1, 9], as well as continuous risk management
[1, 20]. Our methodology can be integrated with the Al
RMF as a use case for the medical sector that incorporates
GOVERN, i.e. the legal culture of risk management, through
application of MAP, i.e. domain embedding to healthcare
in form of MANAGE, i.e. a comprehensive QRM strategy,
to develop MEASURE, i.e. concrete methods for a reliable
lifecycle process [1, 20f.], such as the present research. The
development of standards to guide developers along the Al
lifecycle and its evolution to resolve design decisions in
alignment with regulation is crucial. This investment levels
the path for a trustworthy integration of Al into society and
requires all stakeholders to be involved. Other approaches can
be found in [19] across sectors, and in [20] for medicine.

VIII. OUTLOOK

The present paper describes a generalizable method for
reliable design decision-making illustrated for performance
metrics selection, and structured into pre-, intra- and post-
process steps. It is embedded within our methodology towards
certifiable Al in medicine as a contribution to QG Metrics.
Extracted guidelines are envisioned to be applicable across use
cases. Each stage is characterized by important directions of
thought that are accompanied by domain-embedded consider-
ations for ECG multi-label classification. Our experiments ex-
hibit exemplary characteristics and do not assert completeness.
Finally, a reliable performance metrics selection process is not
a trivial task, but crucial for a multitude of reasons. Especially,
since performance metrics are connected with many other

design decisions throughout the Al lifecycle. Further research
regarding QG Metrics is necessary, among others:

« Interdependencies with other QGs need to be identified

« Explainable Al (XAI) could lead to a more profound
interpretation of the model’s output, the metric’s perfor-
mance and additional material

Metrics that measure other characteristics such as fair-
ness, for instance should be considered, as in ISO 24027
Stakeholder-adaptation of relevant results along the life-
cycle for post-market surveillance and usability, which
includes an on-boarding strategy to educate recipients
on the metrics’ interpretation, for instance in form of
interactive monitoring dashboards

Representation for auditors could include a textual tem-
plate following the presented approach, filled with use
case-specific information including a reference to sup-
plementary material with detailed results

A metric that monitors metrics could be designed for
surveillance-monitoring support
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