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Abstract

Machine Learning (ML) applications are increasingly applied in
the healthcare domain, raising the need for so-called trustworthy
Al One fundamental pillar of trustworthy Al is systematic data
quality assessment. However, existing ML data quality (DQ) eval-
uation tools are typically limited to tabular data, lack extensibility
and assess only a fraction of data quality aspects. Moreover, many
existing tools are unaware of the specific requirements of the
given ML task. This prevents them from offering a comprehensive
DQ evaluation. To address these issues, we present MetricLib:
an extensible toolkit for holistic data quality evaluation of med-
ical ML datasets, based on the theoretical METRIC-framework
for trustworthy Al in medicine. The toolkit is able to process a
range of data modalities in a memory-efficient manner. While a
core set of DQ metrics is implemented, MetricLib is easily ex-
tensible with custom metrics and therefore allows investigation
of use-case-specific requirements. Additionally, by aggregated
DQ scores, the tool enables the efficient identification of data
quality gaps. For displaying all results through a graphical user
interface, MetricLib is complemented by MetricLibUI. The UI
enables targeted, fit-for-purpose data quality analysis based on
quantitative and qualitative information.
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1 Introduction

The development of machine learning models is accelerating at
an unprecedented speed. This trend poses major challenges to
regulation, such as the conformity assessment of medical devices.
Particularly the black-box nature of deep learning models re-
quires thorough performance investigation beyond predictive
performance. According to the European Al Act [19], data quality
is a cornerstone of trustworthy Al However, the open question
is how this high-level requirement translates into technical re-
quirements and how to operationalize it for large-scale datasets.

Data Quality Dimensions: As a first step towards translat-
ing abstract data quality requirements into technical ones, the
METRIC-Framework for trustworthy Al in medicine [16] was
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Figure 1: Components of Data Quality Evaluation.

introduced. It clusters DQ aspects into five categories: measure-
ment process, timeliness, representativeness, informativeness and
consistency. Each cluster is further divided into several DQ dimen-
sions and subdimensions. This theoretical framework is equipped
with metrics for data quality evaluation [4] and shall now be op-
erationalized in MetricLib. However, a fully automatic, holistic
data quality assessment remains intractable, as it requires knowl-
edge of the data source, the target system, the humans involved
and particularly the task at hand [10].

Existing Data Quality Tools: A variety of DQ tools already
exists [6, 12, 14, 17]. However, these tools are mainly designed
to repair errors in tabular data. Additionally, they offer only
limited capabilities for analyzing distributional characteristics or
complex modalities of medical data, such as imaging or medical
time series modalities.

Contribution: As a step towards semi-automatic data quality
evaluation of medical ML data, we demonstrate MetricLib, an ex-
tensible toolkit for modular data quality evaluation. The contribu-
tion of MetricLib is twofold: first,MetricLib provides a core set
of data quality metrics aligned with the METRIC-framework [16].
Second, the existing data quality metrics can easily be extended
with modular, easy-to-use and use-case-specific data quality met-
rics (by inheriting from an abstract Metric class). Additionally,
MetricLib provides data quality scores for the five clusters of the
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Table 1: DQ Clusters [16] and Excerpt of Associated Metrics.

Cluster Description Metric
Measurement Technical or human Sample Entropy [24] or signal-to-
Process influences that affect noise ratio (SNR) [13] for noise
the data acquisition level estimation, Limit of Quantifi-
process. cation of a measurement [2], Com-
pleteness [1] of recording meta-
data.
Timeliness Changes in time and Currentness [8] of datapoint
whether they are appro- recordings.
priately reflected.
Representativeness Appropriate and com- Wasserstein Distance [20] to a
prehensive representa- reference distribution, Hill num-
tion of the targeted pop-  bers [22] of types, Generalized Im-
ulation in the dataset. balance Ratio of labels [9], De-
mographic Parity of protected
groups [5].
Informativeness Does the data convey Prevalence of duplicates [15],
the information it de- Pearson’s Correlation between
scribes. features and labels [21].
Consistency The consistency of pre- Syntactic Accuracy of text fea-

sentation and composi-
tion of the dataset.

tures [3], Maximum Mean Dis-
crepancy between subgroups [7].

METRIC-framework. The scores enable fast navigation through
the DQ dimensions and, thus, allow rapid identification of weak
spots. Despite the toolkit being originally designed for medi-
cal data, it can be adopted for other domains as well, due to its
extensibility.

2 System Overview

In this section, we describe MetricLib and MetricLibUI, with
MetricLib being a Python package that enables users to com-
prehensively evaluate data quality. The lifecycle of a MetricLib
report is shown in Figure 1 and comprises the following steps:

(1) create a PyTorch-compatible dataset with metadata,
(2) choose metrics from the metric core set,

(3) create custom metrics according to the Metric class,
(4) evaluate the data quality report.

MetricLibUI is a user interface on top of MetricLib. The graph-
ical interface enables data quality analysis beyond quantitative
metrics by allowing interactions with the dataset.

2.1 MetricLib!

Here, we describe the data, metrics and reports of MetricLib.
MetricLib Dataset: Our data loading interface is inspired
by PyTorch [11] datasets. A MetricLib dataset implements two

methods: a dataset length method called __len__anda__getitem__

method, returning an individual datapoint at a given index. Every
datapoint then consists of three components:

e atensor x, used as input to an ML model. The tensor can,
for instance, represent an image or a time series,

o alabel tensor y, representing the labels of x,

o a metadata dictionary associated with this datapoint.

This data format has two major advantages: First, the data can be
consumed in a streaming fashion without loading the full data
into memory. Second, the same dataset can be reused for training
a PyTorch model after the data quality evaluation succeeded.
After providing a dataset in the instructed format, the setup for
evaluating the core set of data quality metrics is complete.
Core Data Quality Metrics: MetricLib provides a core set
of built-in data quality metrics that can be used immediately in
the report. An excerpt of the implemented metrics collected by

!https://github.com/PTBresearch/MetricLib
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Becker et al. [4] can be found in Table 1. The full list is available
in the repository’s README. With the core set of data quality
metrics, it is possible to get a first impression of the suitability of
a dataset according to the METRIC framework.

Custom Metric Creation: While MetricLib offers a core set
of metrics, accounting for the specific ML task requires custom
supplementary measures. For leveraging the library’s memory
efficiency and evaluation speed, it is necessary to implement
metrics as one of the two principal classes:

(1) TabularMetric: A metric operating on tabular data. It
is required to implement the compute method, which ac-
cepts the dataset as a dataframe, a configuration dictio-
nary and a reference dataset as arguments. The reference
dataset is useful whenever a comparison to external data
is necessary. Thereby, a TabularMetric follows the imple-
mentation of the data quality tool Metis [23]. An example
of a compute method can be found in Figure 1.
StreamMetric: A metric where datapoints are accessed
incrementally, which requires an aggregate method that
accepts one datapoint, a reference value and a configura-
tion dictionary as input. The method summarizes a single
datapoint into a scalar number. The return value is stored
after each call. A StreamMetric is also required to have a
compute method, where the input data contains the aggre-
gation results for each datapoint, which had run through
aggregate. A StreamMetric is for example helpful, when
not all model inputs fit into RAM at once.

@

~

Metrics that inherit from TabularMetric or StreamMetric are
automatically available for the final report generation. In addition
to the metric value, compute methods may return a cluster
name from Table 1. The cluster name determines which score
the metric contributes to. Additionally, a threshold value is
required for the score calculation. It represents the ideal value
for the metric and is used for the score calculation in Equation 1.
It is noteworthy that thresholds should only be set if they are
derived from a benchmark dataset or are intuitively justified.

Report Structure: A data quality report is generated with the
purpose of identifying data quality gaps. The report comprises all
available metric values, as well as complementary visualizations.
Additionally, the report includes a score for each cluster of the
METRIC-framework. For C being the set of metrics associated
with one cluster, the score for that cluster is calculated as:

min(f(X) - tr,0)

" )

min |1+
feC

where X is the set of datapoints and ¢ € R is the given threshold
for metric f : X — R. A low score indicates that at least one
metric value is low relative to the threshold. However, caution
is advisable, as this definition is not applicable to metrics that
decrease with increasing dataset quality. One example of such a
metric is the Generalized Imbalance Ratio of labels [9], where a
low value represents a balance between minority and majority
classes. Nevertheless, it is straightforward to turn a decreasing
metric into an increasing one by inverting the sign of this partic-
ular metric.

Additionally, MetricLib enables the comparison of different
datasets, as multiple datasets can be added to the report.
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Table 2: List of Columns Processed by MetricLibUI.

Category Column Description

Patient Age, Sex, Ethnicity, Patient demographic information con-
Weight, Height tributing to dataset variety.

Recording Date, Nurse, Site, Recording information indicating data-

Metadata Device source heterogeneity and recency.

ML Model Model input, Label ~ Paths to training samples and associ-

ated label indicators.

2.2 MetricLibUI?

MetricLibUI is the user interface on top of MetricLib. It enables
interaction with the underlying dataset and data quality metrics.

Input Format: MetricLibUI accepts images and time series
with metadata as input. The metadata and label information for
an image or time series are stored in a CSV file. Each row of
the CSV file contains a path to the associated image/time series
file, the label(s) and metadata. If the path is absent, only metrics
for labels and metadata are applied. Due to the metadata for-
mat, metrics are directly transferable from metadata to general
tabular datasets. From the paths, label column(s) and metadata,
MetricLibUI builds a MetricLib dataset. MetricLibUI is cur-
rently limited to multi-label and multi-class classification tasks.
The CSV file and the image/time series data needs to be in the
data folder at the root level of the project.

Metric Configuration: Additional input is needed to evaluate
the metric core set. Most importantly, MetricLibUI is required
to be aware of the column names representing the path, the label
and recording/patient metadata to create a column mapping. A
list of supported columns is provided in Table 2. The supported
columns are tailored to medical datasets. Unsupported columns
can be mapped to an additional other category. MetricLibUT re-
names the original columns to columns from Table 2 and columns
mapped to other will be stored under their original name. How-
ever, all columns mapped to other do not automatically contribute
to the metric values, but user-created custom metrics have access
to the other column. From that point onward, the newly created
dataframe is referred to as the processed dataframe. The mapping
concludes the configuration and the core set of metrics can be
evaluated.

Data Quality Report: The report comprises the elements:

o processed dataframe,

e aggregated data quality scores,

e metric evaluation results and

e data distribution visualizations.
The processed dataframe has filtering options. Running a filter
reevaluates of the metrics and updates visualizations.

3 Demonstration Scenario

For this demonstration, we assume that a data scientist has the
task of evaluating whether a given subsample of PTB-XL, a large
open-source ECG database [18], is suitable for training a diagno-
sis assistance system. The dataset contains 12-lead ECGs with
a sampling frequency of 500 Hz, the gold standard for ECG di-
agnosis [25]. It consists of a metadata.csv with a path to an
ECG recording, patients’ demographic information, recording
source information, recording date and diagnostic information.
The metadata. csv was preprocessed such that the diagnoses fall
into the categories: myocardial infarction, hypertrophy, conduc-
tion disturbance, ST/T change, normal. To evaluate the quality
of the dataset, 6 steps are executed (illustrated in Figure 2):

Zhttps://github.com/PTBresearch/MetricLibUI
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Setup: Full setup instructions are in the repository’s README.
Once initiated, MetricLibUI mounts the data folder and allows
the data scientist to select the CSV file representing the dataset.

Step 1. Field Mapping Creation: It is required to map CSV
columns to processable columns in Table 2. If multiple columns
are mapped to label column, the problem is treated as a multi-label
task. Next, the report with its metric values is loaded.

Step 2. Inspection of General Information: This section
of the report provides an overview of the dataset, including the
name of the CSV file, the number of records and features, the
total number of missing values and the signal file type.

Step 3. Qualitative Data Analysis: The processed metadata
is displayed together with the corresponding label information
and enables verification of qualitative dimensions of the METRIC-
framework. Selecting a row of the processed dataframe visualizes
the underlying file from the file path in its respective format, in
this case a 12-lead ECG recording.

Step 4. Data Quality Scores: The data scientist starts the
quantitative evaluation by inspecting the data quality scores from
Equation 1 for each cluster of the METRIC-framework. For the
sample case at hand, participants observe that this subset of PTB-
XL does not perform well in terms of representativeness. Given the
high scores for other clusters, the extensive METRIC-framework
and metric values (Table 1) confirm the dataset’s high quality in
terms of Measurement Process, Timeliness, Informativeness and
Consistency.

Step 5. Metric Inspection: Once the weak clusters have been
identified, it is essential to determine the cause of the low score.
The data scientist can choose a data quality cluster, dimension
or subdimension from the navigation. Once a subdimension is
selected, each metric value contributing to the subdimension is
listed. The data scientist can now examine each metric individ-
ually (5a). Furthermore, charts are provided (5b) to aid in the
interpretation of these values. In this case, the data scientist ex-
plores the coverage dimension and identifies a low demographic
parity metric, which is due to the low presence of one sex in the
NORM cohort.

Step 6. (Optional) Adding Metrics: The data scientist might
discover that the specific task at hand requires a metric beyond
the core set. For example, analyzing ECG data requires a metric
that evaluates the distribution of heartbeat frequencies.. Thus, a
custom metric is created, following the StreamMetric interface.
If the metric’s return values contain the dimension and subdimen-
sion it contributes to, the metrics result is automatically part of
the report.

4 Conclusions

MetricLib offers a great foundation for evaluating the suitability
of a dataset for a given ML task with its core set of DQ metrics.
These metrics are calculated in an efficient manner, even for
complex data modalities. Due to its extensibility, task-specific re-
quirements can be incorporated into the workflow and, thereby,
facilitate holistic data quality evaluation. MetricLibUI offers
interactions with data quality metrics, supports a better under-
standing of metric values and allows a more targeted evaluation.
Nevertheless, more, potentially task-specific data quality metrics
are needed. Due to its design, MetricLib provides a strong basis
for this future expansion.


https://github.com/PTBresearch/MetricLibUI

EDBT 26, 24-27 March 2026, Tampere (Finland)

Field Selection

Seyferth et al.

#result: 5000

ax device created_at
100 71336
1987-08-14 080531

090.07-

y in demographics”,

Consistoncy 0 Timeliness

Informativeness.

uuuuuu g

coverage abel sex

NORM

04 0
Proportion by Sex

Figure 2: MetricLibUI Data Quality Evaluation Demonstration.
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