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Abstract

In health research discourse, there is the assumption that a controlled, planned clinical
research naturally produces cleaner datasets, while real-world data su ers from quality
de ciencies due to its spontaneous collection without anticipation of secondary research
use. However, this binary view simpli es a complex reality. Both clinical research and
real-world data exhibit quality issues, challenging the convention that data origin deter-
mines data integrity. What proves to be more vital is the way data quality (DQ) is being
assessed || particularly when examining the exhibited relationships between data items
that re ect the true complexity of healthcare information. Health data is inherently
interconnected e.g., height relates to weight and age; medication dosages connect to pa-
tient characteristics and medical conditions. Yet most data quality assessment (DQA)
studies limit their logical evaluations to only a handful of interdependent items, missing
the broader web of relationships that could reveal critical quality issues. Contradictions
within datasets serve as an important DQ indicator (measurable attribute of data) that
extend far beyond simple data entry errors. When values contradict each other, they re-
veal misunderstandings of domain knowledge, failures in data capture infrastructure, and
problems in data transformation processes. Given the complexity of the contradiction
patterns, a comprehensive assessment becomes essential.

Comprehensive DQA in health research requires evaluating data on multiple dimen-
sions, such as completeness, conformance, and plausibility, to determine the suitability
of data for intended use. These dimensions are used to group related measurable at-
tributes of data referred to as indicators. While some DQ indicators are implemented as
generic rules (e.g., completeness), contradiction, which denotes pair(s) of measurements
or facts that cannot logically coexist, are multi-dimensional. Some contradictions re-



quire common knowledge for their evaluation ] e.g., the disparity in age information at
baseline and during follow-up visits. However, contradictions in the pre-analytic states
of blood samples require knowledge of experts. Although various tools have been devel-
oped to assess contradictions in health data, the evolving nature of contradiction rules
presents the following challenges for existing tools: 1) limited reusability across diverse
health datasets due to incompatible prede ned rules, 2) insu cient contextual infor-
mation required for comprehensive contradiction assessment, and 3) lack of consistent
representation of contradiction patterns to support transparent rule implementations
and computational e ciency.

To address these gaps in a systematic manner, the rst step of this thesis was to adapt
an existing tool developed based on an existing framework to assess broader contradiction
rules introduced in the German Corona Consensus (GECCO) dataset. Building on
the experience from the modi cation of Schmidt et al.’s tool, this thesis developed a
new framework that generalizes the DQA tool to accept custom contradiction rules
compatible with diverse health datasets. This is intended to empower domain experts
in de ning e ective contradiction rules on an ad-hoc basis while maintaining alignment
with established DQ indicators.

Although the primary dependencies between health data items form the basis for con-
tradiction rule de nition, the required context for a comprehensive analysis is equally
relevant. For example, diabetes mellitus (DM) and insulin medication (INS) are two
interdependent items, however, it is the timestamps that indicate if the INS was ad-
ministered before the DM diagnosis, which is a prelude for a conclusive contradiction

nding. Through a qualitative grading scheme for analyzing metadata de ned in a study
database, this work created a mechanism to measure the availability of the contextual
information required to support a context-aware contradiction analysis. However, having
access to rich contextual information is only part of the solution ] the way contradiction
rules are structured and implemented is equally critical for e ective DQA.

While researchers have worked extensively on harmonizing DQ indicators, the chal-
lenge extends beyond categorization to implementation e ciency. Though the tax-
onomies for contradictions, such as logical and empirical contradictions, re ect the do-
main description, the rules implemented in the DQA systems do not rely on semantics.
Extracting the structure of the varied contradiction patterns ensures transparency and
consistency in rule implementation. This work evaluated the performance of di erent
rule implementations and o ered an optimization method that integrates the fastest
and traceable units of the rules in one uni ed implementation. This is relevant be-
cause broadly de ned DQA rules can cause performance degradation in large database



infrastructures.

With these several perspectives on contradictions as a DQ indicator, the contribu-
tions in this thesis enhance contradiction assessment by improving reusability across
diverse health datasets, enabling context-aware assessments, and optimizing rule im-
plementation for transparency and computational e ciency. This systematic approach
supports high-quality health data assessment while maintaining traceability to support
data cleansing e orts.
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Introduction

Health data, as de ned by the European Data Protection Supervisor (EDPS), encom-
passes "personal information (also called personal data) that relates to the health status
of a person. This includes both medical data (doctor referrals and prescriptions, med-
ical examination reports, laboratory tests, radiographs, etc.), but also administrative
and nancial information about health (the scheduling of medical appointments, in-
voices for healthcare services and medical certi cates for sick leave management, etc.)"
[7]. This broad de nition re ects health data's wide-ranging applications, from support-
ing patient treatment to enabling groundbreaking research in diagnostics, prevention,
and therapeutics [8, 9]. However, research outcomes are only as reliable as the quality
of the underlying data [10, 11]. This fundamental principle has made Data Quality
Assessment (DQA) an integral component of data management in clinical registries and
cohorts [12{14]. A registry here denotes a dedicated database that collects and stores
health data of subjects who have speci ¢ medical conditions (e.g. cardiovascular data
registry [13]), while a cohort collects and stores health data from targeted populations
who share similar characteristics [14]. There is an ongoing e ort to establish an Euro-
pean Union (EU)-wide Data Quality (DQ) framework within the scope of the European
Health Data Space (EHDS) [15].

The complexity of ensuring DQ in health research stems from the diverse nature of
data collection processes. In health research, Standard Operating Procedures (SOPS)
typically contain information about data collection, including item speci cations and
relationship rules [16]. However, routine healthcare data collection often lacks formal
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SOPs, and dierent data processing phases (collection, integration, etc.) aect DQ
in varying ways [17{19]. Health data collection frequently involves aggregating infor-
mation from multiple sources such as inpatient and outpatient facilities, resulting in
varying quality levels across data sources. The consolidation process, including map-
ping to destination models, adds another processing layer that can impact DQ. This
transition phase resembles language translation where critical information may be lost,
necessitating quality assurance to maintain consistency [20, 21]. Previous studies have
demonstrated the importance of integrating DQA into clinical study databases to pre-
vent data entry errors [13, 22]. Some registries and cohorts implement progressive DQA
with quality checks at di erent phases of data collection [13, 14].

To address these quality challenges systematically, DQ encompasses multiple dimen-
sions such as completeness, conformance, and plausibility, which are important metrics
for evaluating whether health data is suitable for its intended use. For this thesis, a
DQ dimension is the representative term for grouping related measurable attributes of
data. The data attributes themselves are described as DQ indicators and implemented as
Boolean rules (rules based on true/false logic) in a DQA system. Several versions of DQ
dimensions exist in the literature [11, 12, 15, 23{27]. While DQ indicators were histori-
cally de ned on an ad-hoc basis [28, 29], recent harmonized DQ frameworks streamline
relevant indicators for health research [24, 26]. Harmonization in this context describes
the e ort of researchers to control the measurable attributes, referred to as indicators of
DQ to achieve a common comparable DQA in health research. The harmonized frame-
works categorize similar quality attributes into representative dimensions, with common
dimensions including: 1) conformance, 2) completeness, and 3) plausibility. The con-
formance dimension measures how well data and metadata align with prede ned rules
and standards from the SOPs such as value-format violations - having numerical values
entered in categorical elds. Completeness dimension evaluates missing data at the item
level, value level, or within item segments. An item-level missingness will imply that the
relevant metadata (e.g., body temperature label) under which measurements are stored
is missing. Empty value elds (value level) indicate that the actual measurements are
missing, while a segment of items (e.qg., a set of related laboratory measurements) may
also be missing.

This thesis focuses on the plausibility dimension, which assesses the believability of
data values within isolated or interdependent items. Data items in this work refer to
the labels used in storing measurements while the measurements are the data values.
Plausibility indicators include value-range violations, uniqueness of data values, and
contradictions within measurements. In this context, contradictions refer to logically in-



consistent relationships between data values that cannot simultaneously be true based on
domain knowledge [24, 26]. Value-range violations and uniqueness can be implemented
using generic rules, such as restricting data entry to acceptable ranges. Contradictions,
however, evaluate pairs of facts (values) within items, which can be based on com-
mon domain knowledge (e.g., diastolic Blood pressure (BP) should not exceed systolic
BP). As knowledge about item dependencies deepens, these rules become increasingly
complex, making generic rule implementation challenging. As an illustration, the man-
agement of Diabetes Mellitus (DM) described by the American Diabetes Association [30]
involves multiple items such as fasting blood glucose (fbg in milligrams per deciliter),
glycated hemoglobin (AL1C in %), insulin (INS) or metformin (MET) medication. Four
contradictory constraints bind these items as depicted in equation 2.2 such that:

~

DM cannot be yes when fbg is less than 100mg/dL and the documented A1C is
less than 30 days instead of the required 60-90 days;

DM cannot be yes and the A1C also exceeds 9% without the medication catalog
containing INS or MET;

DM cannot be no when the A1C exceeds 6.5% within a test period of 60-90 days;

DM cannot be no when the medication catalog contains INS or MET and the
encounter is not an emergency

While several DQA tools support contradiction assessment [31], questions remain
about their adaptability for comprehensive contradiction rules that di er from those
implemented in the tools. This challenge became particularly relevant following the
outbreak of coronavirus disease 2019 (COVID-19), when the National Pandemic Cohort
Network (NAPKON) was established to collect multi-disciplinary health data from dif-
ferent COVID-19 patient populations [14]. As COVID-19 research evolved, the German
Corona Consensus Dataset (GECCO) data model was introduced to reduce the targeted
items from over ten thousand to eighty-three items for more focused research [32]. This
necessitated mapping already captured NAPKON data to the GECCO model, requiring
quality assurance to ensure mapped items did not contradict established rules in the
new information model. This thesis examines the e ectiveness of existing DQA tools
by analyzing broader rules in the GECCO dataset derived from NAPKON. Thereby,
addressing a signi cant gap in the literature regarding the adaptability of contradiction
assessment frameworks to new rules.

For the adaptability test, this work modi ed the tool developed to support Schmidt
et al.'s DQ framework [26] by incorporating broader rules to assess the GECCO dataset.
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Among several available DQ frameworks that support contradiction assessment, Schmidt
et al.'s framework [26] was selected as the validation tool based on its distinctive advan-
tages. The primary justi cation for this selection is that Schmidt et al.'s contradiction
taxonomies are directly supported by an open-source tool that implements explicit con-
tradiction rules. This explicit rule implementation and non-reliance on specic data
model provide clear advantages over alternative frameworks. For examplephdsiDQD
[33], which follows Kahn et al.'s framework, requires data mapping to a speci ed Obser-
vational Medical Outcomes Partnership - Common Data Model (OMOP-CDM) version,
creating problematic data model dependencies that limit its adaptability. Similarly,
DQAstats [34], also based on Kahn et al.'s framework, implements minimal atemporal
plausibility checks through restrictions (e.g., pregnancy diagnosis should only be associ-
ated with female sex). This restriction-based approach makes the implemented rules less
explicit than those in Schmidt et al.'s framework, which poses direct contradictory ques-
tions (e.g., "is pregnancyyes and sex ismale?"). The restriction-based implementation
introduces additional complexity when handling multiple interdependent rules (such as
the example rules in equation 2.2), further limiting its suitability for this study's require-
ments.

The rst investigation (see research question (RQ)1) into the adaptability of exist-
ing tool revealed three critical gaps in current contradiction assessment approaches: 1)
limited reusability of DQA tools, 2) insu cient context integration, and 3) inconsis-
tent structure of contradiction patterns. To address these gaps, four research questions
detailed below are employed.

1.1. Research Questions

This thesis examines contradictions in data values within isolated and interdependent
health data items as key indicator for DQ, with the overarching goal of enhancing con-
tradiction assessment frameworks to support more comprehensive and adaptable quality
assessment across diverse health datasets. Figure 1.1 provides an overview of the four
investigations on contradictions conducted within this research. The following sections
elaborate on the speci c research questions addressed in each investigation.

1. Are existing tools for contradiction assessment in the biomedical do-
main adaptable for internal use?



1.1. Research Questions

Figure 1.1.: A collection of four investigations on contradictions as a key DQ indicator
carried out in the thesis. DQA - DQ assessment, RQ - research question.

RQ1-Adaptability of DQA tool:  As explained earlier, the COVID-19 pandemic prompted
Germany's Network of University Medicine (NUM) to establish the NAPKON to collect
COVID-19 data across University hospitals and various healthcare providers [14]. This
consolidation of data from diverse sources inherently necessitates quality assessment due
to varying quality levels across di erent data origins [18, 19]. With NAPKON's database
growing to include over 10,000 items, the GECCO information model was implemented
to streamline research by focusing on eighty-three essential items. This development
required mapping previously collected data from the three NAPKON cohorts (cross-
sectoral platform (SUP), population-based platform (POP), & high-resolution platform
(HAP)) to the new model [32]. Such mapping procedures typically employ various data
cleansing (as discussed in Chapter 2) strategies to transform source data of di erent
formats into a destination standard [35, 36]. Specically, RQ1l aims to evaluate the
adaptability of existing contradiction assessment tools for broader rule assessment in
the GECCO dataset, with particular focus on a tool developed by Schmidt et al. [26]
designed to support their harmonized DQ framework.
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2. Can a DQA framework be generalized to assess varied contradiction
rules from diverse health datasets?

RQ2-Generalizability of DQA tool:  Despite the ongoing e orts on the harmonization
of DQ indicators introduced earlier, there are still challenges regarding the reusability
of existing DQA tools for diverse contradiction patterns in varied health datasets [33,
34, 37, 38]. Currently implemented contradiction rules are few and prede ned within
tools before assessment. Some DQA tools [33, 34, 37] still require additional e ort to
generate metadata that codi es rules and speci es which items in which tables require
checking. While this approach supports description of contradictory values within items,
assessment reports typically only reference violation statistics without required identi ers
to support traceability of violations in the database. This does not align with the
Findable, Accessible, Interoperable, and Reusable (FAIR) principles [39]. This thesis
in RQ2 aims to develop a generalized DQA framework that decentralizes contradiction
rule generation, allowing compatible custom rules with diverse health datasets, while
implementing contradiction rules at traceable units to support data cleansing.

3. Are the items that provide contextual information required for contra-
diction assessment de ned during the design of the biomedical study
database?

RQ3-Context Integration:  Current frameworks base the Boolean rules for evaluating
contradictions only on the primary relationships between data items. However, con-
clusive contradiction ndings require additional contextual information. For example,
identifying contradictions between fever and body temperature measurements requires
knowledge about measurement timing, methods, and units. Without capturing this
contextual information during data collection, conclusive contradictions cannot be es-
tablished. Studies have found that some clinical questions remain unanswerable using
routine data due to missing contextual information [40, 41]. For instance, understanding
whether elevated blood glucose levels represent a normal post-meal response or a con-
cerning pattern requires documenting the time between meals and testing. To integrate
context into contradiction assessment, this thesis in RQ3 aims to analyze study databases
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for their "context readiness" by assessing whether they collect essential contextual meta-
data like measurement conditions, temporal relationships, and methodological details
necessary for comprehensive contradiction assessment. This approach enables more de-
tailed contradiction reporting while highlighting areas where data collection protocols
need enhancement to support robust quality assessment.

4. Are extensive rules de ned in biomedical domains reducible to derive
minimal Boolean rules? How can the performance of dierent rule
implementations be determined?

RQ4-Performance of Contradiction Rule Implementations: = Taxonomies describing
contradiction indicators vary. While di erent semantic representations provide domain
interpretations for contradictory ndings, the underlying Boolean rules can be imple-
mented in various ways independent of semantics. Therefore, extracting and evaluating
the structure of contradictory dependencies is necessary for transparent and e cient
Boolean rule implementation. Recent research has examined computational infrastruc-
ture resilience when scaling DQA rules, reporting memory issues and extended execution
times [42]. However, the performance of di erent contradiction rule implementations
remains undetermined. This thesis in RQ4 investigates the performance of various con-
tradiction rule implementations and combines their strengths into a uni ed approach.

By addressing these questions, this thesis aims to evaluate the contradiction frame-
work in its current design to enhance its scope and suitability for health data assessment
while ensuring FAIR implementation principles.
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CHAPTERZ

Background

This section provides a comprehensive overview of DQ challenges in healthcare and
examines the concept of contradictions as a critical indicator of DQ. It presents various
taxonomies used in the literature to classify contradictions, explains assessment methods
for identifying contradictions, and describes the datasets employed in this research. The
background establishes the foundation for understanding how contradiction detection
contributes to overall data quality assessment in healthcare research.

2.1. Data Quality Challenges in Healthcare

Clinical research data, usually planned and controlled health data collections, and real-
world data from spontaneous routine health data collection such as in electronic health
record (EHR), are pivotal to innovations in healthcare delivery. However, ensuring
data quality when collecting and integrating information from diverse sources presents
signi cant challenges that can impede e ective healthcare research and delivery.

Article 3 (3) of Regulation (EU) 2018/1725 de nes data processing as "any opera-
tion or set of operations which is performed on personal data or on sets of personal
data, whether or not by automated means, such as collection, recording, organization,
structuring, storage, adaptation or alteration, retrieval, consultation, use, disclosure by
transmission, dissemination or otherwise making available, alignment or combination,
restriction, erasure or destruction” [43]. This de nition captures the broad operations
commonly performed on health data drawn from numerous sources, including medical



2. Background

Figure 2.1.: Health data processing pipeline showing how each processing phase can in-
uence contradictions. Contradictions could originate from source systems
or introduced during data integration. There are also contradictions that
could be linked to data selection criteria and assumptions during data anal-
ysis.

wearables, clinical registries, cohorts, and EHR [14, 18, 44]. However, the heterogeneity
of database structures implemented by varied data sources for data collection poses a
DQ challenge. While some sources implement structured databases (e.g. interActive
Systems GmbH, Berlin, Germany (secuTrial® ) electronic data capture (EDC) system
for clinical studies) [45], others have semi-structured data formats (e.g. Fast Healthcare
Interoperability Resources (FHIR)-based resources [46]) or unstructured formats (e.g.
medical images). Though standard terminologies such as International Classi cation of
Diseases (ICD) [47], Logical Observation Identi ers Names and Codes (LOINC) [48],
and Systematized Nomenclature of Medicine - Clinical Terms (SNOMED CT) [49] are
used to represent health data items, signi cant quality issues persist during integration
[20, 21].

Consolidation of data from diverse sources can provide a comprehensive dataset that
supports health research [35]. However, this integration process introduces critical data
quality challenges, particularly data contradictions, which can compromise research in-
tegrity and clinical decision-making. As illustrated in Figure 2.1, contradictions can
occur at di erent phases in the data processing pipeline as described below:

10



2.1. Data Quality Challenges in Healthcare

Contradictions at Source: In the initial stage of the data processing pipeline, are
contradictions that occur from the originating source of data due to di erent collection
systems [18, 19]. An example is a lack of consistency in data capture. Some data might
be captured directly using the EDC system while others are imported from manual
systems (e.g., paper documentation).

Integration Contradictions:  Next to the contradictions at source are contradictions
induced while consolidating data from varied sources. Data integration techniques such
as mapping are like language translators, where certain information may be lost during
the process; errors can result from the mapping or transformation of data during inte-
gration [20, 21]. Examples of such errors include item mismatches and incomplete item
matches.

Selection Contradictions:  After feasibility exploration in the data transfer phase, re-
searchers de ne inclusion and exclusion criteria for data selection [50]. This presents
another potential source of contradictions, as there could be inconsistencies in the se-
lected criteria. For example, a case in which researchers select critical COVID-19 severity
as inclusion criteria, and set the exclusion criteria to exclude parameters like mechanical
ventilation therapy, which is a major determinant of critical COVID-19 severity.

Analysis Contradictions: Finally, during data analysis, contradictions could also be
induced through statistical assumptions that may not re ect what the data represent
[51]. For example, assuming a normal distribution where the data is skewed could lead
to unreliable conclusions.

While all the phases described in the pipeline in Figure 2.1 are relevant for research,
this work focuses on the rst two phases: source and integration. This focus is justi ed
for two reasons: First, data integration procedures (such as data mapping) can re ect
the contradictions originating from the source and during integration. Second, the im-
pact of unaddressed contradictions at the source level extends to other phases in the
processing pipeline, potentially compromising the validity of research ndings.

The following paragraph describes how data mapping procedure may in uence con-
tradictions and the data cleansing strategies employed during data integration phase to
prevent inconsistent mapping.
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2. Background

Data Mapping: One of the common procedures used in data integration is mapping.
This process ensures related items are matched between data models. While some items
can be matched directly in a one-to-one relationship, others may require many-to-many
relationships as the transformation demands. However, a lot of underlying cleansing
is involved in data mapping, which contributes to the quality of data [20, 21]. For in-
stance, some items have scheduled follow-ups (e.g., laboratory measurements) that can
be mapped according to the time series, while others are captured spontaneously as the
patient's condition demands (e.g., ventilation therapy), giving rise to a value series with
only a speci ed day (excluding time of day). To illustration this, Figure 2.2 shows the
data cleansing employed to prepare the ventilation items in the NAPKON cohorts for
alignment with the COVID-19 severity classi cation in the GECCO model. While the
ventilation modes of the patients have multiple documented possibilities, the severity
classi cation of the COVID-19 has only three categories including critical, complicated,
and uncomplicated. The critical severity class only matches mechanical ventilation,
while the complicated class matches high- ow and conventional oxygen therapy. If the
severity class were to be matched to all possible ventilation modes on the day COVID-19
was diagnosed, it would be challenging to determine the stage of the COVID-19. The
data cleansing strategy shown in Figure 2.2 searches the source data for all administered
ventilation modes on the day COVID-19 was diagnosed. The ventilation modes are pri-
oritized according to the order of criticality to reduce the data-points to the most critical
ventilation mode. Without a critical ventilation mode (i.e., mechanical ventilation), the
ordered-search algorithm proceeds to the next available mode until no more items are
found. The consistency of the mapped items must be checked to rule out mismatches.
To avoid mixing data quality and data cleansing, below is a brief distinction between
the terms.

Data Cleansing: Data cleansing is the strategy employed to remove irregularities in
data during Extract, Transform, Load (ETL) [35, 36]. Within the ETL process, data
is transformed (e.g., through mapping) to meet the standard specied in the target
destination. As demonstrated using the ventilation therapy case study, data cleansing
precedes and aids data transformation.

Data Quality: While data cleansing is the procedure to remove identi ed anomalies
such as duplications during data preparation, data quality is the concept that de nes
what constitutes an anomaly in the data. Data quality can be viewed from di erent
perspectives depending on the research objectives [28, 29]. For example, data might be
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Figure 2.2.: Ordered-search approach used for mapping spontaneous ventilation therapy
items according to the criticality of the COVID-19 severity. The search pro-
gresses from the most critical ventilation mode i.e., invasive-mechanical to
the least critical mode i.e., conventional oxygen. Only one mode is docu-
mented based on the ordered priority list.

clean and error-free but not current, which is considered a quality issue. Therefore, with
data quality, data is evaluated on di erent dimensions to improve its overall suitability.
Another commonly used term within this frame is data governance, which encompasses
the holistic aspects of data management. It supports compliance with legal provisions,
facilitates the secondary use of data, and ensures quality assurance [17].

2.2. Contradiction as a Data Quality Indicator

As earlier introduced, DQ has several indicators derived from the attributes exhibited by
data. According to Schmidt et al. [26], contradiction is one of the DQ indicators, which
typically denotes impossible value combinations in a multi-item relationship. This is also
viewed as a disagreement between two or more measurements within interdependent
items according to Kahn et al. [24]. The two de nitions omitted the chance that
contradictions could be detected in measurements within isolated items, which is part
of the investigations explored in this work (see Chapter 4). The contradiction indicator
has been well-researched, with several tools developed to support its assessment [31].
Two main DQ dimensions under which contradictions are classi ed in the literature
include consistency and plausibility [11, 24{27]. Some of the taxonomies commonly
used to separate the di erent contradiction patterns are presented below with example
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2. Background

scenarios:

Logical contradictions: Schmidt et al. [26] described any combination of data values
that cannot withstand logic as logical contradictions. The age disparity rule cited in
equation 2.1 is a logical contradiction because the age presented at follow-up is not
expected to be less than the age documented at baseline.

Empirical contradictions: A second variant of the Schmidt et al. [26] contradiction
taxonomies is the empirical contradiction. As the name implies, these contradictions
result from the impossible combination of data values that oppose domain knowledge.
An example in this category is the body temperature measurements for fever diagnosis,
as fever within a normal body temperature range will be empirically implausible.

Temporal Plausibility: Kahn et al. [24] in their harmonized framework categorize
contradictions using the time factor. All relationships in data items that are time-bound
are assessed using temporal plausibility. The age disparity example, which varies with
time, will be considered temporal plausibility according to Kahn et al. [24] which opposes
the logical classi cation in Schmidt et al. [26].

Atemporal Plausibility:  The atemporal plausibility by Kahn et al. [24] covers other
categories of contradictions that are not time-bound. This would imply that atemporal
plausibility could either be logical or empirical when related to the taxonomies of Schmidt
et al. [26]. An example is a male sex captured at baseline, contradicting a female sex at
the follow-up visit. While this is a case of logical contradiction according to Schmidt et
al. [26], the item is not related to time, therefore, it is considered atemporal plausibility
by Kahn et al. [24]. A point to note here is that though the nominal sex values, male
and female, are not time-bound, time is required to validate such a comparison between
baseline and follow-up visits. This extra validation is missing in the taxonomy.

Weak Contradictions: Some contradictions may be considered safe or weak depending
on the assessment scenarios. According to Nonnemacher et al. [12], an analysis can
reveal certain contradictions that would be deemed possible. An example of such weak
contradictions is the case of a transitioned male sex with a positive pregnancy test.
However, this classi cation raises a fundamental question: If a contradiction appears
implausible at rst but becomes plausible only after additional veri cation, should it
truly be categorized as 'weak'? This classi cation may obscure the initial DQ issue and
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2.2. Contradiction as a Data Quality Indicator

potentially underestimate the resources required for veri cation processes in real-world
applications.

Severe Contradictions: Contradictions revealed through analysis that are proven to be
certain are considered severe and would require a mandatory correction for the credibility
of the dataset [12].

Contextual Contradictions:  This work proposes context integration as an important
enhancement to the current taxonomies. While Nonnemacher et al.'s [12] weak con-
tradictions classi cation partially acknowledges contextual information's role, it fails to
fully capture its signi cance in contradiction assessment. Context-aware assessment pro-
vides a framework for reaching conclusive ndings by explicitly incorporating relevant
contextual information. For example, ventilation therapy administered before COVID-
19 diagnosis should be excluded when assessing COVID-19 severity classi cation (as
shown in Figure 2.2). Rather than labeling this as a weak contradiction, this work
recognizes it as an indeterminate relationship due to contextual factors. Thus, while
weak contradictions are considered "safe" exceptions, contextual contradiction assess-
ment provides a structured methodology for validating contradiction ndings based on
available contextual information.

2.2.1. Contradiction Assessment

Contradiction assessment is the systematic process of identifying logically inconsistent
measurements within isolated and interdependent data items based on established facts.
The rules applied in contradiction assessment as described in Chapter 1 require do-
main expertise to identify and formulate properly. Once established, these rules are
implemented as Boolean logic operations in the DQ system, producing binary true/false
outcomes [52]. The complexity of contradiction rules varies signi cantly. Some follow
basic patterns, such as the age disparity rule shown in equation 2.1. Others involve mul-
tiple interdependent conditions, as illustrated with the management of Diabetes Mellitus
[30] in equation 2.2. While basic rules can be generically applied, the changing patterns
of extended contradiction rules often necessitates retrospective assessment. Also, it is
important to note that contradiction assessment is not limited to primary relationships
between data items. Contextual factors|including measurement timing, methodologies,
and units|provide essential context for accurate comparison and are equally important

in comprehensive contradiction assessment.
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2. Background

ag&aseline = a9€follow-up (2.1)

OR

DiabetesDiagnosis== "yes" & Medication@"insulin" or "metformin”" & A1C > 9%
OR

DiabetesDiagnosis== "no" & Al1C > 6:5% & RecentA1C>= 60 days

OR

DiabetesDiagnosis== "no" & Medication9 "insulin” & EncounterType 6 "emergency

8
% DiabetesDiagnosis== "yes" & FastingGlucose< 100 mg/dL & RecentAlC< 30 days
% where: A1C - Glycated hemoglobin (%);mg/dL - (milligrams per deciliter);

© 9 - exists in list; @- does not exist in list
(2.2)

2.2.2. Boolean Rule

Boolean rules serve as the executable implementation of DQ indicators [52, 53]. While
certain DQ indicators like completeness and outlier detection, can be implemented
through generic Boolean rules, contradiction rules are inherently multi-dimensional (with
diverse patterns). Consider the contrast: A simple question such as "are any data values
empty?" can be universally applied across elds in any dataset to identify non-empty
elds. Contradiction rules, however, require paired questions that typically include
branches. For example, assessing "is fever present?" necessitates the complementary
question: "is body temperature normal?" These paired questions become meaningful
for contradiction assessment only when connected with @8oolean AND operator. Ad-
ditional validation branches might examine contextual relationships, such as "were both
measurements taken at the same time-point?" Common Boolean operators including
AND, OR, & NOT are fundamental in constructing diverse rule structures for DQA
[54]. While the AND operator requires all evaluated expressions to be true, th®©R
operator needs only one expression to be true. Th&lOT operator con rms the exclu-
sion of speci ed expressions. As demonstrated in equation 2.3, these operators can be
combined to create complex rule constructs. In programming environments like R, addi-
tional operators like %in% and %like% extend functionality by con rming the presence
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2.3. Data
or similarity of values within a set.

NOT (Xmissing) AND NOT (Ymissing) AND (X >=1Y) (2.3)

2.3. Data

This thesis addresses four research questions requiring analysis across multiple datasets
and dataset tables. Data was sourced from clinical registries and cohorts, as detailed in
the following subsections. Multiple data sources were selected to examine contradiction
patterns across diverse health data collections. Below are de nitions of key terms used
throughout this thesis:

Dataset Table: A dataset table is a metadata structure that documents information
about data items and their expected values. These metadata tables are typically orga-
nized into labeled sections corresponding to di erent health departments. Dataset tables
record the relationships between de ned items and specify acceptable value formats or
ranges. The tables are converted into schemas that establish the framework for database
storage of collected data, and should not be confused with the actual data tables that
contain subject-level measurements.

Dataset: A dataset refers to a collection of gathered data. It may combine data from
one or more tables within a structured database. For example, diagnosis data might be
merged with anamnesis data to create a comprehensive dataset.

Data Iltem: A data item represents metadata that stores measurements under a speci ¢
label. For instance, "age" is a data item that stores recorded age information for each
subject.

Data Value: Data values are the actual measurements recorded for each subject across
all data items. These represent the concrete information collected in the study.

2.3.1. NAPKON Cohorts

There are three cohorts in the NAPKON project designed to collect data from di erent
populations of COVID-19 patients [14]. While the SUP collects data from clinically ill
COVID-19 patients from University clinics, including the in- and out-patient healthcare
providers, the POP documents retrospectively disease-causative data from COVID-19
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survivors with scheduled follow-ups. The HAP is a cohort of specially selected clinically
ill COVID-19 patients after a deep phenotype. More than 10,000 data items were de ned
in the EDC system to collect comprehensive information that includes clinical, imaging,
and biospecimen data. At the time (June 2022) of the analysis of NAPKON data for
this thesis, the cohort had recruited over 5,500 patients. In the context of this thesis,
relevant data items from the NAPKON cohorts were mapped to the GECCO dataset
and analyzed for contradiction assessment. The following interdependent items were
considered for the analysis of RQ1, which intends to evaluate the adaptability of existing
contradiction assessment tools for broader rules:

" Diabetes Mellitus in the anamnesis and Insulin medication

" fever symptoms at inception of COVID-19 and the body temperature measured to
get the fever outcome

the COVID-19 severity presented at diagnosis and the relevant indicators associ-
ated with each severity group as presented in Table 2.1.

Also, to analyze RQ3 on the de nition and collection of contextual metadata required for
contradiction checks, the NAPKON SUP dataset table was employed. Interdependent
data items considered in this respect include:

" Diabetes Mellitus and Insulin medication
~ Diastolic and Systolic BP compared with Hypertension diagnosis

For the analysis of the RQ4, the twelve contradiction rules in the cardiovascular (CV)
disease anamnesis items in & dataset were evaluated. This encompasses a branch
guestion item about the presence of CV and eleven con rmatory children items including:
hypertension (htn), arrhythmia, peripheral artery disease (pad), myocardial infarction
(mi), revascularization, coronary heart disease (chd), acute heart failure (ahf), chronic
heart failure (chf), atrial brillation (af), carotid artery disease, and other heart related
diseases grouped as \others".

2.3.2. GECCO Dataset

The GECCO dataset is an information model aimed at streamlining the voluminous

COVID-19 data to aid researchers in focusing on core data items in COVID-19 research
[32]. There are 13 medical concepts that contain 83 data items in the GECCO model,
with each set of related data items grouped under a unifying medical term, referred to
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2.3. Data

Table 2.1.: Classes of COVID-19 infection severity during admission with their indica-
tors (from [32])

COVID-19 severity GECCO-concept | Indicators
Uncomplicated Symptoms Asymptomatic OR upper respira-
tory tract infections OR nausea OR
emesis OR diarrhea OR fever
Complicated Anamnesis Heart failure with pulmonary edema
OR cardiac arrhythmia
Vital signs Pa02 <70 mmHg OR SO2 at room
air <90%
Therapy Need for new oxygen supplement
Laboratory AST or ALT > 5 ULN
Critical Anamnesis Life-threatening cardiac arrhythmia
OR acute renal failure
Vital signs gqSOFA 2
Therapy Unplanned mechanical ventilation,
dialysis
Laboratory INR > 3.5

Abbreviations: ALT, alanine aminotransferase; AST, aspartate aminotransferase; INR,
international normalized ratio; qSOFA, quick sequential organ failure assessment;
ULN, upper limit of normal. Note: \OR" signi es a Boolean OR

as a medical concept. All eighty-three related GECCO items must be mapped from the
existing items captured in the cohorts. This mapping requirement provided a comple-
mentary ground for the evaluation of RQ1, where the adaptability of existing tool is
determined.

2.3.3. Diverse Datasets used for Validation of Generalized DQA Framework

To determine the applicability of the generalized framework for diverse health datasets
and rules, contradiction rules specic to varied datasets of di erent structures were
tested. The validation datasets used in RQ2 include HiGHmed sensor data and the
Medical Information Mart for Intensive Care - Electrocardiograms (MIMIC-IV-ECG)
dataset.

HiGHmed use case cardiology: HiGHmed is a project within the Medical Informatics
Initiative (MII) where novel health-IT solutions aimed at increasing access to patients’
medical data for research are developed [55]. This study utilizes the Apple Watch to
continuously record tness metrics, speci cally steps and Heart rate (HR) [56, 57]. The
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integrated health application employs FHIR pro les as means of data exchange with the
participating medical data integration center (MeDIC)s. While two MeDICs (Gettingen
and Wurzburg) receive bundled resources as FHIR binaries, two other MeDICs (Cottbus
and Hannover) bridged the FHIR endpoint to map the resources into open Electronic
Health Record (openEHR) compositions due to existing routine clinical data associated
to the subjects [58]. The Kansas City Cardiomyopathy Questionnaire (KCCQ) was
also documented to assess the health status of patients [59]. Daily survey of body
weight, resting HR and BP were measured manually. At the Gettingen data collection
site, six participants were onboarded while Wiarzburg enrolled about 50 participants.
Cottbus and Hannover have two and nine study participants respectively. All MeDICs
of the partner sites transferred either FHIR binaries or archetype query language (AQL)-
resultset to Gettingen for a centralized data quality analysis. As depicted in Figure 2.3,
the base64 encoded FHIR binaries in JavaScript Object Notation (JSON) format bundles
a collection of FHIR documents containing the resources. The binaries were transformed
and decomposed into separate FHIR documents using PowerShell script. All relevant
resources were extracted from the documents and loaded into R using parghkir function
linked to the generalized DQA analysis tool.

As presented in Table 2.2, about 13,102 document bundles were extracted from Wiarzburg
FHIR binaries with each document bundle storing up to 600 observations. This resulted
in a total of 138,637 step measurements, 497,923 device-generated HR measurements,
32 KCCQ responses, and 6,693 daily survey responses including manual HR, systolic
and diastolic BP, and weight for 38 subjects in the analyzed dataset. Cottbus trans-
mitted 509 AQL-resultset for 2 subjects and a total of 26,293 step, 113,063 HR ob-
servations, 11 KCCQ responses, and 840 survey were extracted using parsgenehr
function. In Gettingen, the decomposed FHIR resources from 1,553 documents included
152,391 device HR, 70,204 steps, 20 KCCQ responses, and 1,559 daily survey. Hannover
transferred preprocessed openEHR compositions with 181,148 device HR measurements,
49,139 steps, 476 manual surveys, and 8 KCCQ responses. Three contradictory depen-
dencies considered for evaluation include:

"~ con icting measurements within device HR
~ con icting manual and device-generated HR measurements

" conicting responses to the KCCQ

MIMIC-IV-ECG dataset:  MIMIC-IV-ECG is an open source Electrocardiograms (ECG)
diagnostic dataset with over 800,000 records of 160,000 patients documenting cardiology
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Table 2.2.: Breakdown of data extracted from each site of the HIGHmed sensorik study.
% implies that only processed data was received.

FHIR bun-

Study site dle or AQL- | Steps Heart rate Daily Questionnaire
survey response

resultset

Wiarzburg

(38 sub- || 13102 138637 497923 6693 32

jects)

Gettingen || 4 oo 70204 152391 1559 | 20

(6 subjects)

Cottbus (2 g 26293 113063 840 11

subjects)

Hannover |} o 49139 181148 476 8

(9 subjects)

Figure 2.3.: HiGHmed Sensoric Data Extract, Transform, and Load (ETL) showing how
di erent Medical data Integration Centers (MeDICs) receive transmitted
data from the Apple Watch. Two MeDICs receive data directly in FHIR
formats while two others bridged their FHIR endpoints to transmit data
into openEHR compositions.

reports and associated machine-generated measurements [60]. The wavefonote_links.csv
and report.csv stored the metadata of the ECG records and cardiologist reports, such as
study identi ers, subject identi ers, time of ECG, note identi ers of cardiologist reports,
International Classi cation of Diseases, Tenth Revision, Clinical Modi cation (ICD-10-
CM) diagnosis codes, and name tags for the ECG les. In the machineneasurements.csv,
a summary report of machine-generated evaluations, such as heart rhythm analysis and
HR, was documented. While the dataset supports researchers in automating the eval-
uation of cardiac-related conditions [61], there are concerns about the consistency of
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the manual ICD annotations documented for diagnosis when compared to the machine-
generated measurements [62]. For the analysis, the following items were considered:
ICD annotations of cardiac electronic devices including implanted pacemakers and de-
brillators captured in the MIMIC-IV-ECG dataset as well as the corresponding pacing
rhythms in the ECG measurements estimated through the machine algorithm. The de-
tailed description of the ICD codes are presented in Table 2.3. Two cases were targeted
for consistency evaluation including: 1) ICD annotation of pacemakers and de brillators
(£95.0, Z95.810, Z45.01, Z45.02, & Z45.09) that are linked to hospital stay (hastay_id)
and also have corresponding machine pacing rhythms, and 2) machine pacing rhythms
without corresponding ICD annotations.

Table 2.3.: Description of International Classi cation of Diseases, Tenth Revision, Clin-
ical Modi cation (ICD-10-CM).
ICD-10-CM || Description

Z95.0 presence of cardiac pacemaker

Z95.810 presence of automatic implantable cardiac de brillator

Z45.01 encounter for adjustment and management of cardiac pacemaker
745.02 encounter for adjustment and management of automatic implantable

cardiac de brillator
Z45.09 encounter for adjustment and management of other cardiac devices

2.3.4. DZHK SAF

The dataset table from German Centre for Cardiovascular Research (DZHK) Home-
Based Screening for Early Detection of Atrial Fibrillation in Primary Care Patients Aged
75 Years and Older (SAF) was evaluated together with 8P to answer RQ3, which de-
termines the availability of contextual information required for conclusive contradiction
assessment. This is intended to compare results from two data collections that use the
same secuTria® platform for collection, storage, and retrieval of data [45]. While SAF
imports an external collected data into secuTrial® , SUP captures its data directly. The
following interdependent data items were analyzed in SAF and ®P for the presence of
contextual information:

~ Diabetes and Insulin medication

" Diastolic and Systolic BP compared with Hypertension diagnosis

22



2.4. Data Availability

2.4. Data Availability

The NAPKON dataset used in this thesis can be accessed following the use and access
procedure that requires a formal application on the proskive-portal®. Although dataset
tables for both SUYP and SAF are publicly available, approval for research purposes is
also required. Also, the HiIGHmMed sensorik data can be obtained through an application
to the HiGHmed MeDICs?.

NAPKON-proskive: https://proskive.napkon.de/
2HiGHmed MeDICs: https://www.highmed.org/en/highmed-consortium/medics
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CHAPTER3

Adaptability of existing Framework for Contradiction Assessment

This chapter is based on the journal publication Consistency as a Data Qual-
[ ity Measure for German Corona Consensus Items Mapped from National
Pandemic Cohort Network Data Collections [1] (see Appendix A).

As previously mentioned, assembling data from di erent sources requires quality assur-
ance. The NAPKON data were collected from varied sources, including University clinics
and in- and out-patient healthcare providers. Again, mapping the GECCO eighty-three
data items from the NAPKON cohorts requires due diligence. This procedure presents
an additional challenge to evaluate contradictions in the resulting output. As noted in
section 2.2, the existing tools [31] for contradiction assessment implemented the basic
contradictory rules as compared in the code snippet 3.1. The interdependent data items
being investigated in the GECCO use case have multiple contradictory dependencies
binding the items, hence the need to adapt the selected tool [37] compatible rules. The
objective here is to build a DQA tool that can be used across the three NAPKON co-
horts to identify contradictions within interdependent GECCO items. Sources of the
contradictions are also investigated to mitigate similar patterns in subsequent database
design.
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3.1. Methods

3.1.1. GECCO Mapping from NAPKON

All suitable data items for the eighty-three GECCO items from each of the three NAP-
KON cohorts captured in secuTrial® were mapped according to the thirteen concepts
presented in GECCO using an R-Script. While SUP and POP cohorts already en-
visaged the mapping procedure and tagged relevant items with the gecpre x, the
HAP named its items following a di erent naming convention. One-to-one mapping was
largely achieved for the RJP and POP cohorts. As depicted in gure 2.2, di erent map-
ping approaches were adopted for GECCO items that have multiple distinct values in
NAPKON. While some items were mapped in a many-to-many relationship, others with
two variants (e.g., acute and chronic diseases) were mapped in a two-to-one approach.
In the HAP cohort, a di culty in the mapping was, in particular, that items such as
speci ¢ therapy methods may refer to any possible therapy option on a particular day
and not just to the examination moment. This work found that such information was
reported several times in the cohorts. Such items were reduced to one or a set of entries
according to a reduction rule. As an illustration, the dialysis item in GECCO refers to
the question about the application of dialysis in the whole treatment phase. Therefore,
once there was a \Yes" in at least one of the entries in the EDC, \Yes" was set for
the respective GECCO item. In the absence of a \Yes" in the whole of the treatment
phase, \No" was the next value to be selected, and so on. For other items with ex-
plicit nominal values (e.g., respiratory-therapy-type with prede ned values \invasive"
and \noninvasive"), possible unique values across the treatment phase were retained.

3.1.2. Contradiction Assessment using dgqGecco R-package

The interdependent GECCO items (see section 2.3.2) considered for contradiction assess-
ment include 1) diabetes mellitus and insulin medication; 2) fever and di erent ranges of
body temperature measurements; and 3) COVID-19 severity and its indicators presented
in Table 2.1. An R-packagedqGeccowas developed following the design of the existing
con contradictions package by Schmidt et al. [26]. The following modi cations were
integrated to enhance the tool's capability for the assessment of the new dependencies
presented in the GECCO use case:

1. implement broader contradiction rules for GECCO items due to incompatible rules
in dataquier [37]. Please see the incompatible rules in 3.1 and 3.2.

26



3.1. Methods

2. render a detailed report that is traceable to the source data. Please see the code
snippet in 3.3 and 3.4 for comparison.

3. visualize the identi ed contradictions to aid comparison with other consistent val-

ues.
1
2 # Contradiction rules in dataquieR by Schmidt et al.
3 # 2 variables:
4 # if A =B
5 # if A > B
6 # if A >=B
7 # if A& is.na(B)
8 # if A& !(is.na(B))
9 # if A&B %in% fset of levelsg
10 # if A%in% fset of levelsg & B > value
1 # if A%in% fset of levelsg & B = value
12 # if A%in% fset of levelsg & B < value
13 # if A%in% fset of levelsg & B %in% fset of levelsg
14 # if A%in% fset of levelsg & !(B %in% fset of levelsg)

Listing 3.1: Contradiction rules in dataquieR. Each if clause denotes a separate rule.

2 # Contradiction rules in dgGecco
3 # Example 1 for 2 items with multiple rules: fever and body _temperature
4 # contradiction rules

5 # if fever = "yes" & body _temp <= 38 & body _temp >= 35

6 # if fever = "no" & body _temp > 38

7 # if fever = "not set" & body _temp > 38

8 #

9 # Example 2 for n=item rule=set: Parent is "No" while atleast a child
is "Yes"

10 # for (i in seq _along(children)) f

11 # child <= children[i]

12 # parent _val <= row_list[[parent]]

13 # child _val <= row_list[[child]]

14 # # check for NA

15 # if (lis.na(parent _val) & !is.na(child _val) &

16 # parent _val = "No" & child _val = "Yes") f

17 # violation _list <= c(violation _list, i)

18 # g

19 # g

Listing 3.2: Contradiction rules in dgGecco for two separate scenarios.
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Figure 3.1.: Work ow of the consistency assessment usingqGeccoR-package and inde-
pendent evaluation of the assessment results.

The work ow of the analysis, as depicted in Figure 3.1 is structured such that mapped
GECCO items are assessed using théqGeccoand the report of the assessment is eval-
uated independently by the Epidemiological Core Unit (ECU) of NAPKON. In an it-
erative process, the feedback is applied to the mapping procedure in section 3.1.1 to
resolve some item mismatches or incomplete match. The remaining contradictions that
could not be resolved through corrected data mapping are those reported in section 3.2.
The independent evaluation takes the following form: selected rules were implemented
in R without any insight into the source code or usage of thedgGeccotool and executed
directly on comma separated values (CSV)-exported NAPKON data. The results from
both assessments were compared to reproduce the set of identi ed contradictions. The
positive detection rates were compared, and concordance was assessed. Any disagree-
ment was discussed iteratively and modi cations of the rules or the mapping were made,
or further clari cation by the cohort in question was sought until resolved.
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1 # binary report using dataquier by Schmidt et al.

2 A_not_equal_B_vv <= function(study _data, A, B, A _levels, B_levels,
3 A_value, B_value) f

4 X <= study _data

6 grading <= ifelse (X[[A]] !'= X[[B]]., 1, 0)

7 return(grading)

8 g

Listing 3.3: Rule implementation in dataquieR only support statistical counts of ndings.

1 # traceable report using dgGecco
2 fever_body_temp_anomaly <= X %%
3 mutate(contradiction =

4 ifelse (rowSums(X[A] = valuel & X[B] <= value2 &

5 X[B] >= value3, na.rm =T) > 0 j

6 rowSums (X[A] = valued &

7 X[B] > value2, na.m =T) > 0 j
8 rowSums(is .na(X[A]) &

9 X[B] > value2, na.rm =F) > 0,
10 1, 0)) %%

11 select(mnppid, all _of(A_B), contradiction) %>%
12 filter (contradiction > 0)

Listing 3.4: Rule implementation in dqGecco support traceability of ndings.

3.2. Results

3.2.1. Consistency of Fever Diagnosis and Body Temperature

Fever is one of the symptoms of COVID-19 and this item is reported in the GECCO
diagnostic concept as a value-set ("no", "yes", "not set"). The body temperature (Ty) is
one of the basic vital signs, in particular, elevated T,. The T, parameter is also de ned
in GECCO vital-sign concept. Depending on the method of measurement, the § that
is considered the threshold for fever di ers. The T, range for fever diagnosis in patients
speci ed in the EDC design of the cohorts was |, 38.3°C for rectal measurement and
Ty 37.8C for other methods. For the Ty, to be consistent with the speci cations in the
EDC, the upper threshold of Ty, 37.8C is used to con rm the presence of fever. Also,
Tp<37.8C is considered for the absence of fever. While J stores continuous values,
which are measured at di erent time points (baseline was considered in the thesis),
fever has nominal values, which were captured only during the screening of the study
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Figure 3.2.: Comparison of T, against fever in the SUP cohort. T, values not captured
at the same time-point as fever were excluded.

participants. For synchronicity, the date of vital sign assessment must be the same as
the screening date in case fever is not indicated, or must be identical with the fever onset
date in case of indication of fever.

Figure 3.2 shows the distribution of combinations within the evaluated data records.
The sets of contradictions are indicated in red in the chart. The evaluation of the EDC
system to identify the cause of the contradictions showed that there were no association
rules that linked the Ty, input to the fever indication. A partly restricted eld was
provided for the Ty, input. The eld was only controlled against the entry of negative
values, and as a follow-up, a con rmation of values that exceed a set range (20{4€)
was required. So, while consistency in terms of range violations has been established
as an automatic data quality check, contradictions to the fever indication have not
been considered in the EDC layout. For synchronicity of fever appearance and vital
sign assessment, many data records could not be evaluated, because they missed the
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reference time. It is also important to note that the methods used in obtaining the T,
of individual patients were not speci cally captured.

3.2.2. Consistency of COVID-19 Severity and Its Indicators

Classifying COVID-19 cases according to the severity of disease indicators is an impor-
tant task that requires due diligence. The reason for this is that researchers who request
COVID-19 data usually indicate inclusion/exclusion criteria for certain severity classes,
and if there are contradictions between the severity and its respective indicators, there
is a risk of using data with the wrong severity classes. Researchers have identi ed the
most signi cant indicators that can be used to stratify COVID-19 cases into di erent
severity groups. However, the consistency of the severity classi cation against respective
indicators has not been reported. Therefore, the evaluation covered all the categories
of the COVID-19 severity in comparison with their respective indicators, which were
captured at the same time-point where a positive COVID-19 diagnosis was established.
Contradiction rules were derived from domain rules formulated in Table 2.1.

While COVID-19 infections with mild to moderate symptoms are expected to be cat-
egorized as uncomplicated, those who, in addition to known symptoms, required oxygen
supplements or su ered from other risk factors, including heart failure and cardiac ar-
rhythmia, qualify for the complicated category. An extreme layer is the critical phase,
which requires the patient to undergo invasive or noninvasive mechanical ventilation,
or dialysis after su ering renal failure, or an increased international normalized ratio
above 3.5, to mention a few. As presented in Table 2.1, 38 di erent value combinations
could lead to contradiction. Table 3.1 captured examples of contradictory scenarios
where COVID-19 cases were classi ed as uncomplicated, while ventilation indicated a
complicated or even critical severity. The ventilation method can further contradict the
assigned severity class. The full evaluation rule matrix encompasses several items from
di erent concepts as shown in Appendix F, resulting in a multidimensional comparison.
From the assessment of the EDC system, it was observed that the elds designed to
capture the values of the severity classes were disjointed from the elds provided for
the entry of the di erent severity indicators. The eld for the severity classes was only
supported with graphics of their respective indicators, without any association rules to
automatically cross-validate the interdependent value-sets at the point of data capture.
Furthermore, the values of the severity indicators were captured independently across
several database tables, which made them prone to contradictions with the dependent
item.
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Table 3.1.: Example of contradictory data value combinations, here for the therapy con-
cept (from paper 1)

Severity class Ventilation Ventilation class | Consistent severity class
Uncomplicated yes % Complicated
Complicated % Noninvasive- Critical
mechanical
% Invasive- Critical
mechanical
Critical % Conventional Complicated
oxygen
% High- ow oxygen | Complicated

Note: % indicates that the item is not relevant for the evaluation.

3.2.3. Summary Report across the Three Cohorts

The dgGeccotool was applied to the same set of interdependent GECCO items across
the three NAPKON cohorts to produce the report summarized in Table 3.2. The ratio
of the absolute frequency of passed values to the total number of data records is the
metric to estimate the pass rate. From the results, the consistency rates within the POP
cohort were very high with a least pass rate of 99.92%. The scores for the interdependent
features within the SUP cohort were also high with a minimal consistency rate of 95.84%.
The features within the HAP cohort were similarly consistent with a minimal consistency
rate of 96.32%. No contradictions were found in the indication of Diabetes and Insulin
medication. While it can be inferred that the consistency rates across the cohorts in
the assessment were relatively high considering that the estimate was based on the
total sample collection of each cohort, the impact of the contradictions on individual
research analysis will depend on the research question, type of analysis as well as the
corresponding sample sizes since researchers usually specify sample size when requesting
data from the cohorts. The assessment was initially blinded to the existence of system-
enforced measures designed to control contradictions at the point of data entry; therefore,
the selected interdependent items were included in the logical rules evaluated in this
work.

A follow-up evaluation of the EDC systems to determine the cause of the identi ed
contradictions and the reason for the absence of contradictions in other features re-
vealed the measures put in place to control contradictory value combinations. In the
case of Diabetes and Insulin medication, where there were no contradictions reported, the
EDC system ensured the insulin medication eld was only displayed to the users when
the value of the Diabetes was set to \Yes." This automatically voided the existence of
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Table 3.2.: Summary of consistency assessment across 3 cohorts (PORJFS HAP)
(from paper 1)

Cohort|| Features Passed Items Failed | Pass rate
ltems | (%)
POP Diabetes vs_Insulin 2,541 0 100
Fever.vs_.BodyTemp 2,532 9 99.65
Covid_Severity_vs_Indicators | 2,539 2 99.92
SUP Diabetes.vs_Insulin 2,214 0 100
Fever.vs_ BodyTemp 2,158 56 97.47
Covid_Severity_vs_Indicators 2,122 92 95.84
HAP Diabetes vs_Insulin 604 0 100
Fever.vs_BodyTemp 599 5 99.17
Covid_Severity_vs_Indicators | 582 22 96.36

Abbreviations: HAP, high-resolution platform; POP, population-based platform;
SUP, cross-sectoral platform.

\No:Yes" contradictions as well as \missing:Yes" contradictions in the Diabetes:Insulin
value combinations. Such measures were missing for other sets of contradictions dis-
covered in the assessment. Also, the interdependency dimension in diabetes and insulin
medication checks can already be handled by one of the logical rules (e.g. missing(A)
& B is present) de ned in the tool of Schmidt et al. [26]. Hence, the re ection on
new dimensions not yet reported i.e., fever against § input where all possible T, value
ranges were compared to valid fever outcomes (Feveres, FeverNo) and secondly, a
set of COVID-19 severity indicators compared to a dependent item (COVID-19 severity
class) through a loop of each set of corresponding indicators.

3.3. Discussion

The logical rules implemented in this study revealed another interdependency dimension
in the contradiction framework that di ers from the three- and four-dimensional checks
from a previous study in the biobanking domain [4] or the item-wise (one-dimensional)
checks of Schmidt et al. and Johnson et al. [25, 26]. In one instance, this interde-
pendency dimension requires the comparison of multiple sets of data items (severity
indicators) and their dependent items (e.g., each class of COVID-19 severity has di er-
ent sets of indicators as demonstrated in the section 3.2.2). This is an indication that
consistency assessments will be as dynamic as the tasks obtainable in di erent domains.
The implementation of contradiction rules will rely largely on the amount of knowledge
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that can be derived from complex interdependent items within a domain. From the ex-
perience in this study and previous studies [4, 26], contradiction assessment will bene t
more from the assembly of several interdependency dimensions that could be harnessed
from di erent domains and will therefore require the community to report the discovery

of unique dimensions applicable in di erent use cases.

Since the tool implementation is modular, following the Schmidt et al. [26] design,
other use cases that nd the contradiction rules adaptable will only be required to
create metadata that ts the arguments de ned in the dqGeccopackage. This study
has not only contributed to the possible extension of the concontradictions module by
Schmidt et al. [26] through the implementation of more complex rules supported with
an enhanced visualization revealing all interdependent data points, but the framework
was also applied in a multi-disciplinary domain (i.e., COVID-19). This tool will be used
by the NAPKON data transfer site to automatically detect inconsistent items within the
dataset before data export. While Costa-Santos et al. [63] only reported inconsistencies
in COVID-19 surveillance data, this study goes beyond that to carry out consistency
checks that cut across di erent research facets of COVID-19 for the bene t of researchers.

To demonstrate the e cacy of the assessment tool, an independent evaluation was
carried out (without the dqGecco package) to reproduce some of the results directly
from the database. This approach helps achieve two goals: (1) ascertain that the con-
tradictions indeed emanate from the data source and are not introduced as a result of
the mapping process or pre-processing of the data before handing it over to researchers
and (2) build con dence in the use of the sanity-checked tool with high concordance
rates. It is not a coincidence that across all cohorts, the diabetevs_insulin feature re-
turned no failed items. This is a result of the EDC contradiction rule, which displays
the insulin medication eld only if the presence of diabetes is con rmed in the anam-
nesis concept. However, more complex interdependent relationships among data items
have to be envisaged and incorporated into the EDC design to prevent cases of false-
positive and false-negative value combinations demonstrated in this study. In general
terms, it is crucial to make sure the mapping from the source database to the GECCO
items is unambiguous, and when in doubt, clari cation should be sought from suitable
study personnel. More so, to assess the performance of the tool more thoroughly, e.g., a
gold-standard data subset judged by clinical experts or simulated contradictions could
be used for more robust performance metrics. However, this is out of scope in this work
and does not compromise the conclusion. In the future, the tool will be extended to sup-
port consistency assessment of real-world datasets from a similar domain that operates
interoperable health information technology standards.
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The portability of the methodology and tool was demonstrated in the COVID-19
domain by applying the same tool with the same set of rules to three dierent co-
horts. As the GECCO data set is also employed in di erent platforms and studies, the
tool can be directly applied there or adapted to similar data models. While the EDC
system has already implemented some consistency rules, which, for example, resulted in
contradiction-free diabetes and insulin medication items in the anamnesis concept across
all cohorts, it is important that a holistic interdependency relationship among all items
of interest is established during study design and suitable consistency rules incorporated
in the EDC system to prevent the nature of contradictions identi ed in this work.
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cHAPTERS

Generalizability of Contradiction Assessment Tool

This chapter is based on a manuscript-ready preprint not yet submitted: A
[ generalized Data Quality Assessment Framework for Diverse Health Datasets
with varied Contradiction Rules [6] (see Appendix B).

As mentioned earlier, the multi-dimensional nature of contradictory dependencies hin-
ders generic implementation. Several tools have been developed to support contradiction
assessment in health research [25, 31, 33, 38]. However, the implementations face signi -
cant constraints due to the incompatibility of implemented rules with evolving DQ rules
from diverse health domains [33, 37, 38]. Though e orts have been made to standardize
DQ indicators through harmonization, the reusability of the DQA tools is challenging.
Unlike other DQ indicators (e.g., completeness and conformance) that can be assessed
using generalized approaches, contradiction assessment presents unique challenges: con-
tradiction logics operate in pairs (e.g., comparing home glucose measures against clinic
readings), and rules range from basic logical checks (e.g. age disparity in baseline and
follow-up visits) to complex empirical evaluations (e.g. inconsistencies in pre-analytic
states of blood samples). Three DQA tools that support contradiction assessment were
compared and following gaps were observed. While openCQA [38] suits the assessment
of exported open Electronic Health Record (openEHR) compositions, it does not sup-
port the FHIR format of similar items because the rules expects an openEHR syntax
with de ned archetype-paths. DQA can only be realized using the tool if the FHIR
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4. Generalizability of Contradiction Assessment Tool

resources are initially mapped to openEHR compositions. With ohdsiDQD [33], source
data models must rst be mapped to the speci ed version of OMOP-CDM and tting
rules must be incorporated in the metadata with expanded Structured Query Language
(SQL) queries to run a successful DQA for new datasets. This limitation is compounded
when the implemented rules are incompatible with intended use cases. While dataquieR
[37] supports the import of structured datasets, FHIR document bundles and openEHR
compositions require an initial transformation which the tool does not support. Also,
separate rules compatible with new use cases must be prede ned in the tool, necessitat-
ing expansion of interdependent items and ultimately the rebuild of signi cant part of
the tool infrastructure. This encourages the implementation of multiple tools for varied
rule speci cations (e.g. basic vs. broader rules) as seen witdgGECCO tool in Chapter
3. This study proposes a generalized approach that decentralizes the contradiction rule
generation in the DQA tool. This is aimed at developing a reusable tool that accepts
distinct contradiction rules compatible with datasets from varied health domains. To
determine the applicability of the generalized DQA, two distinct datasets of di erent
structures and rules are evaluated as validation datasets. Speci cally, these datasets
include HiGHmMed sensor data and MIMIC-IV-ECG datasets. The objective of this ap-
proach is to bring exibility into DQA tool implementation such that it can be extended

to diverse health data contexts.

4.1. Methods

4.1.1. Design of Generalized DQA Tool

The design of the Generalized Data Quality Assessment (gDQA) framework depicted in
Figure 4.1 uses higher-order functions in R programming that create and return another
function as output (see code snippet 4.1) [64]. According to the documented require-
ments in Table 4.1, the tool requires an overarching function to ful Il elicited requirement
1 (ER1) that accepts custom rules generated externally, and an inner function (ER2) that
evaluates the rules on the target dataset. As shown in Figure 4.1, although the domain
rules are plugged into the main tool with a call during execution, these rules are gener-
ated as an independent object using the rule generator function (code snippet 4.2). This
approach is intended to allow diverse health domains to de ne and integrate applicable
contradiction rules suitable for the study data to be analyzed. This is a departure from
current practice in existing tools, where rules and acceptable variables are xed in the
tools without the exibility to de ne custom rules applicable to varied use cases. Also,
apart from the user-de ned rules, there are no additional required metadata to manually
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guide the operation of the tool on what rules to evaluate on selected items as found in
existing tools [33, 37]. In compliance with ER3 in Table 4.1, all rules were created at
the atomic level and labeled appropriately to make the identi ed anomalies traceable.
The generated contradiction rules are evaluated on each row of the study data, with
every violation cached and returned as output. Arguments in the rule generator include
labels of the rule-set to be created and list of rule expressions de ned within it. During
execution, users select the respective labels while the gDQA tool imports the rules listed
within the selected label. The output of the rule generator serves as the inner function
that evaluates the parsed study data to produce an assessment report. To enhance the
usability of the tool as required in ER4, an interactive module is created in Shiny R. The
module allows import of datasets of di erent formats including Comma-separated-values
(CSV), openEHR, and FHIR document bundles as required in ER2. Users are guided
with the help function in de ning desired custom rules according to ER1. Through the
engagement of prospective users of the tool including data managers and study nurses,
the requirements ER5 addresses users' preference for selection of speci ¢ custom rules
from the created pool. This will streamline the assessment report to speci c violations.

Table 4.1.: Requirement elicitation (ER) for the generalized data quality framework.

Requirements|| Description Priority

ER1 custom rule generator Required

ER? diverse q_attasets import (CSV, fhir bundle, openEHR Required
composition)

ER3 detailed and traceable output Required

ER4 usability support (interactive module) Required

ER5 speci ¢ custom rule selection Desired
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Figure 4.1.: Work ow of the generalized data quality assessment (gDQA) framework
showing integration of domain rule generator and parsers for FHIR docu-
ment bundles and openEHR compositions. CSV les are loaded directed.

1 # A multi =domain DQA tool

2 generalized_dga <=

3 function (domain _specific_rules = list()) f

4 # function evaluate each rule on each row of parsed study _data
5 function (data) f

6 assessmentresults <= data %%

7 rowwise () %%

8 mutate (

9 domain_specific_rules_violated = list(

10 unlist(

11 Filter (function(x) x, do.call(c,

12 lapply (domain _specific_rules,

13 function(rule) rule(cur _data())))),

14 recursive = FALSE

15 ))) ¥%>%

16 filter(!is.null(domain _specific_rules_violated))
17 return(assessment_results)

18 g

19 g

Listing 4.1 Main contradiction detector that evaluate diverse rules generated from each
domain on the prepared dataset.
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4.1.2. Contradiction Assessment in HiIGHmed Sensor Data

The implemented rules for contradiction assessment in the HiGHmed sensor data ad-
dressed three relevant questions, including:

1. conicts in the device-recorded HR measurements
2. conicts between device-recorded HR and manually captured resting HR

3. conicts in the responses to the KCCQ questionnaire

To evaluate the contradictions in device-recorded HR, the e ective time of the mea-
surements is considered. The time di erence between the preceding and the successive
measurements is derived. A time dierence of zero seconds is considered implausible,
provided the a ected HR measurements are not duplicated. This would result in con-
tradictory measurements recorded at the same time-point, which could bias the daily
average HR of the subject. Also, for the contradictions between device-recorded HR and
those measured manually, the HR measured by the device at the nearest time to the time
of the manually captured HR was compared. The third check examines the responses by
the study participants to the KCCQ questionnaire at scheduled intervals. An example
of a con icting response is when the subject chooses to be satis ed and unsatis ed with
a question regarding the quality of life. The overall implication of such contradictions is
that they a ect the total score of the subject's health status derived from the responses
to the KCCQ items.

1 # Diverse rules from different domains are generated
2 domain_rule _generator <= function(domain) f

3 domain_rule _sets <= list(

4 # Cardiology Domain Rules

5 heart _rate _anomaly = list(

6 hr _conflict = function(row) f

7 list(

8 "conflicting _pulse" = abs(row $Time = lag(row$Time)) = 0
9 &

10 row$hr _value !'= lag(row $hr _value)

11 )

12 9)

13 return(domain _rule _sets [[domain]] %jj% list())
14 g

Listing 4.2: Domain-speci c rules from diverse domains are generated and each domain
rule-set can be called using its domain name.
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4.1.3. Consistency Assessment in MIMIC-IV-ECG Dataset

Two consistency rules implemented for the the MIMIC-IV-ECG dataset focus on the
correlations between ICD code annotations of pacemakers and de brillators against the
machine-detected pacing rhythms:

1. annotation-to-measurement consistency

2. measurement-to-annotation inconsistency

For rule 1), a custom rule was de ned to check whether patients with ICD codes
associated with cardiac electronic devices (specically pacemakers and de brillators)
show corresponding evidence of pacing rhythm in their ECG measurements. The custom
rule 2) evaluates cases where the ECG measurements indicate pacing rhythm but lacked
corresponding ICD documentation for implanted cardiac devices. The inclusion criteria
in both cases is the presence of hastay_id which indicates whether the ECG records
are associated to patients' hospital stay. Total pacing records was estimated from the
MIMIC-IV-ECG dataset as the sum of records that satisfy rule 1) and records that
violates rule 2). The proportion of satisfactions or violations are determined by their
frequency in the total pacing records.

4.2. Results

4.2.1. Requirement Implementation

All the elicited requirements (ER) in Table 4.1 with the required and desired priority
tags were implemented. The tool supports both prede ned and custom rules as required
by ER1. Users are not limited by the number of evaluated dependencies within items
since the rule construct uses R extract operator §) which can link all items within a
name list. Users have the option to parse datasets in three data formats including CSV,
FHIR, and openEHR for analysis based on ER2. Theparsefhir and parse.openehr
functions in the background extract the resources within the FHIR document bundle
and openEHR compositions and transform them into tabular form. A preview of the
decomposed resources is enabled as shown in the interface in Figure 4.2. ER3 was
ful lled by providing separate elds for users to enter labels for their custom rules and
specify the rule conditions. Arule_processor(see code snippet 4.3) function converts the
user-de ned rules into expressions that are executable in R. After running the analysis,
the labels of each contradiction rule are used to describe violated rules in the assessment
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Figure 4.2.: Interactive Interface for DQA that allows users to de ne custom rules and

import choice datasets (CSV, FHIR, and openEHR formats).

report. Figure 4.2 shows the interface of the interactive module as required in ER4 with
implemented features to support users without programming experience in ful lling ER1,
ER2, ER3, and ER5.

1

2

9

10

11

12

# Function to add custom rules and convert to executable form
add _custom _rule <= function(rule _name, rule_condition) f

g

# Executable rule expression

rule _func <= eval(parse(text = pasteO("function(row) f
list('", rule _name, "' =", rule _condition, ") g")))

# Add rule to custom rules list

custom _domain _rules [[rule _name]] <= rule _func

# Save rules to file

saveRDS (custom_domain _rules , "custom _rules.rds")

return (TRUE)

Listing 4.3: Rule processor for user-de ned rules converted to executable Boolean in R.
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4.2.2. Conicting Device-Recorded Heart Rate Measurements

The analysis of simulteneously recorded HR using the wearable device revealed mea-
surement con icts across all study sites. At the Wiarzburg site, 9,968 (2.1%) of 497,933
observations contained con icting records as shown in Table 4.2. The measurement in-
tervals averaged 428 seconds, excluding outliers (0 seconds and 2,689,109). Zero-second
epochs represented con icting values in successive measurements while the maximum
epoch resulted from prolonged device outage. The Gettingen site demonstrated fewer
conicts, with 250 (0.16%) con icting observations among 152,391 HR measurements.
The epoch distribution showed a minimum of 0 seconds, rst quartile at 186 seconds,
median of 289 seconds, mean of 310 seconds, third quartile at 359 seconds, and maximum
of 69,121 seconds. This distribution indicates HR averaging windows predominantly fell
between 186-359 seconds, consistent with the time path visualization in Figure 4.3. At
the Hannover site, 140 con icting measurements were identi ed in 118,148 HR readings.
The Cottbus site showed the lowest rate with only 54 (0.05%) con icting observations
among 113,063 measurements. These con icting values represent measurement discrep-
ancies rather than simple duplicates, as HR values at identical time-points dier. Al-
though all study sites demonstrated high plausibility rates as shown in Table 4.2, these
con icting measurements could potentially bias daily HR averages. While the Apple
Watch system acknowledges potential sensor limitations that may produce anomalous
readings, the ndings in this work con rm that such measurement con icts were minimal
across all study sites [56].

Table 4.2.: Plausibility score for HR measurements across the HiGHmed study sites.

Study Site Total HR | Plausible Con icting Plausible
Readings Readings Readings Rate (%)
Wusrzburg 497923 487955 9968 97.99
Gettingen 152391 152141 250 99.84
Cottbus 113063 113009 54 99.95
Hannover 181148 181008 140 99.92

4.2.3. Inconsistent Manual and Device-Recorded Heart Rate Measurements

A total of 2,363 observations were collected across all study sites, representing paired
manual and device-recorded HR from 47 study participants. As presented in Table 4.3,

analysis of these paired measurements showed varied patterns of agreement and dis-
crepancy. The majority of the comparison revealed 1,186 device-recorded observations
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Figure 4.3.: Dual chart showing the time di erence between successive heart rate (HR)
measurements and the actual di erence in con icting device-generated HR
for two subjects YD4 and 8GJ. Timelag O (in red) means two measurements
were recorded at the same time-point.

exceeding the manual measurements by less than 20 beats per minute (bpm). Con-
versely, in 853 observations, the manual measurements exceeded the device readings by
20 bpm. Perfect agreement between the manual and device measurements occurred in
182 observations. Notable discrepancies exceeding 20 bpm were observed in 142 obser-
vations, with the device measurements exceeding manual readings in 96 instances and
manual measurements exceeding device readings in 46 instances. As illustrated in Figure
4.4, while most discrepancies observed are within 20 bpm, the presence of larger discrep-
ancies in about 6% of the observations deserve attention. These substantial di erences
could potentially trigger unnecessary medical interventions if not properly veri ed with
contextual evidence. Additionally such discrepancies visible to users through health
applications may unnecessarily elevate anxiety regarding health status.

Table 4.3.: Discrepancies in HR measured by device and manual capture in all subjects
across the HiGHmed study sites.

II\E/Iqeszgure- Device HR | Manual HR | Device HR | Manual HR
ments (>20bpm) | (>20bpm) | (<20bpm) | (<20bpm)
182 96 46 1186 853
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Figure 4.4.: Inconsistent readings in manual and device-generated HR measurements.

4.2.4. Conicting Responses to Cardiology Questionnaire

From a total of 47 subjects, con icting responses were observed in two subjects (4.3%).
Figure 4.5 illustrates the pattern for one representative subject who provided contradic-
tory responses on the same study day. The con icts were observed in two distinct KCCQ
items: 1) subject's ability to run fast or hurry up, and 2) subject's quality of life. The
subject simultaneously on the same study day indicated being \hindered a little" and
also \moderately hindered" while hurrying up or running fast. For the question about
satisfaction with living the remainder of life with heart failure, the same subject sub-
mitted both \satis ed" and \unsatis ed" responses on the same day. These con icting
responses compromise the accuracy of the derived overall health status score, which is
calculated from the KCCQ responses. Such inconsistencies introduce uncertainty in the
assessment of the subject's true health status and could potentially lead to inadequate
clinical decisions if not veri ed. According to the study protocol, subjects were required
to complete the KCCQ at scheduled time-points: on the rst day of enroliment, three
times at four-week intervals, and subsequently at three-month intervals. The observed
con icts reveal limitations in the data collection, speci cally the lack of controls in the
health application to prevent or ag multiple submissions on a single response date.

4.2.5. Consistency of Cardiac Annotation and Machine-Detected Rhythm

The analysis revealed that only 26,990 records out of a total of 800,035 records in the
MIMIC-IV-ECG dataset have pacing detection. As presented in Figure 4.6, among these
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Figure 4.5.: Responses provided by study participants to the Kansas City Cardiomyopa-
thy Questionnaire (KCCQ). Con icts are observed in answers to questions
Qlc (in green) and Q7 (blue) on same day.

26,990 records with any pacing detection, 20,652 records show consistent match between
ICD annotation and machine-detected pacing rhythm. The remaining 6,338 records were
cases where there are machine pacing rhythm without corresponding ICD codes for the
cardiac devices. The implication of this annotation gap is that ICD codes alone are not
su cient to determine the presence of pacemakers or de brillators. Model reliance on
solely ICD codes as ground truth may lead to missing actual pacing cases.

4.3. Discussion

This research introduces gDQA, a reusable DQA framework that represents a signif-
icant shift from the constraints of prede ned rules prevalent in existing contradiction
assessment tools. By designing a exible rule parsing system, gDQA accepts custom
contradiction rules while maintaining a consistent assessment. By evaluating gDQA
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4. Generalizability of Contradiction Assessment Tool

Figure 4.6.: Distribution showing high consistency rate in the the pacing records with
visible machine-to-ICD-annotation inconsistency. Red here implies both the
manual ICD annotation and machine-generated measurements agree. Blue
indicates the opposite.

with distinct health datasets (HiGHmed sensor data and MIMIC-IV-ECG) of di erent
structures and contradiction rule contexts, the adaptability of the tool for diverse health
datasets and rules was demonstrated. This validation is particularly relevant consider-
ing the challenge of maintaining a consistent DQA in diverse health data environments.
Though contradiction rules in di erent health domains vary, the assessment methods
implemented through gDQA complement the established standardized indicators pro-
posed by Kahn et al. and Schmidt et al. [24, 26]. gDQA extends the utility of the
harmonized frameworks by providing a exible implementation. With the decentraliza-
tion of the assessment rules parsed into the tool, the generalized framework supports
researchers to de ne and integrate domain-speci ¢ quality checks while maintaining an
alignment with established DQ standards. The applicability of the tool for datasets of
varied formats is an evidence that the approach supports multi-site collaborations. This
is particularly relevant in an era where data sharing across health disciplines transcends
institutional and national boundaries [65]. Furthermore, in clinical trial settings, where
timely quality assessment is essential for monitoring data integrity throughout the data
collection process, gDQA o ers a particular advantage. The framework's support for
custom rules enables trial-speci ¢ quality checks to be implemented rapidly, facilitating
near real-time assessment reports [66].

The DQA tool identi ed di erent contradiction patterns in the sensorik datasets, such
as inconsistencies in HR measurements when using a device against the manual method,
as well as the discrepancies observed in the isolated device HR measurements. These

48



4.3. Discussion

ndings can impact how the measurements from the HR monitor device are perceived.
While it is understandable that the device returns an estimated average of HR measure-
ments over a period, two di erent estimates at the same time-point are controversial.
Also, responses to prede ned cardiology questionnaires serve a crucial purpose in de-
termining subjects' health status at di erent activity levels. Therefore, providing an
accurate response at the scheduled interval is important. As observed in the ndings,
the few reported gaps in the questionnaire are due to the unrestricted submission of the
responses by study participants.

The inconsistencies observed in about 23% of the pacing records is an opportunity to
improve the validation of ICD annotations in real-world applications. However, these
cases may also be linked to undocumented temporary pacing devices during the patients'
hospital stay or devices implanted at di erent hospital not captured in the evaluated
medical records. An expert review of these ndings would conrm if they are true
pacing or false positives from the machine algorithm. For model development, it is
encouraged to consider both ICD codes and machine measurements as complementary
signals.

A common feature identi ed in existing DQA frameworks is that domain rules are xed
within the tools with extra work required for metadata de nition to guide the assessment
of already implemented rules, which is time-consuming [33, 37]. This has been addressed
by reducing the attributes of the DQA tool to only user-prepared study data and user-
de ned DQA rules. Rather than modifying the DQA tool for every single domain rule
introduced, only the rule list is expanded as desired. This study has demonstrated that,
if the DQ indicators can be harmonized, the tool implementing the indicators can equally
be generalized.

The ndings in this study revealed contradictions in values within isolated items. Cho
et al. [67] classi ed discrepancies in surrounding measurements in isolated items as an
atemporal plausibility. However, while the averaging time window in uenced the contra-
dictory HR ndings, the con icting questionnaire responses (also isolated) were illogical.
The justi cation for the con icting HR ndings is that comparing the event times with-
out any reference to the actual HR measurements already quali es for duplicated entry,
which is another DQ indicator. The actual measurements were only required to validate
the conicts. Therefore, these ndings are closer to being contextual contradictions than
just atemporal. As timestamps provide contextual evidence to rule out contradictions in
measurements within interdependent items, isolated or interdependent items could also
be contextual to timestamps as reported in Chapter 5.

While e orts have been put into making the gDQA tool user friendly, data preparation
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4. Generalizability of Contradiction Assessment Tool

involving patient records distributed across multiple tables is handled by the users.
Additionally, to reduce the reliance on domain expertise for e ective rule de nition, the
current implementation will bene t from a large collection of assessment rules de ned
by domain experts across di erent health domains. This can only be achieved through
collaborations with the experts. In future work, it is envisaged that rule generation can
be automated based on the characteristics of the items in datasets and domain ontologies
to limit human e orts in rule processing. Further evaluations performed in diverse
clinical settings (e.g. support for genomic datasets) will strengthen the performance of
the tool by identifying potential improvements.

The development of a reusable DQA tool that is compatible with multiple health
datasets is a signi cant contribution to health data management. The agnostic nature
of the tool to distinct rules as tested on sensor data from medical wearables, and the
MIMIC-IV-ECG dataset demonstrates its adaptability. Also, the freedom of de nition
of assessment rules empowers domain experts to de ne e ective rules on ad-hoc basis
while maintaining established DQ standards without being limited by prede ned rules.
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CHAPTERD

Integration of Contextual Information

This chapter is based on the conference publication Impact of Clinical Study
[ Implementation on Data Quality Assessments - Using Contradictions within
Interdependent Health Data Items as a Pilot Indicator [2] (see Appendix C).

It was reported in section 3.2.1 that only part of the dataset could be evaluated due
to missing timestamps that ensure measurements were taken at the same time-point.
The study in this chapter examines the extent to which required contextual information
is de ned and captured in the study database. In health research, a comprehensive
and documented data quality assessment increases not only the reliability of the data
but also the credibility of the research conclusions drawn from the analysis of such
data. Contradiction assessment is usually initialized with the identi cation of interde-
pendent data items within a dataset, where contradictory dependencies are de ned by
established domain-speci c rules. However, the presence of a contradiction may rely on
context-speci ¢ information that can be considered as metadata to the data items. As
an illustration, while body temperature thresholds are directly indicative of the pres-
ence or absence of fever, validating this comparison will rely on 1) the reference time
to ensure both measurements are captured at the same time point and 2) temperature
measurement methods, as they have di erent thresholds for fever. The con guration of
an EDC system plays a key role in this regard, as the additional information required
for this validation step must be de ned during study design and populated with values,
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as it might be impossible to assess them retrospectively.

Challenges of the unavailability of information required to answer important clinical
guestions have been reported in the literature [41]. This study therefore aims to evalu-
ate the in uence of the EDC system con guration on the assessment of contradictions
within health datasets. A focus is on additional information (data or metadata items)
required for contradiction assessment and the integration of interdependency rules within
electronic case report form (eCRF)s.

5.1. Methods

5.1.1. Employed Data Collections

As explained earlier in section 2.3.1, for analysis in this study, dataset tables and schemas
of the NAPKON SUP and DZHK SAF were used. Two sets of interdependent data items
considered for analysis include (11) diastolic and systolic BP, and an indication of hyper-
tension; and (12) diagnosis of Diabetes Mellitus and an indication of insulin medication.
Regarding (11), there are two interdependencies: diastolic BP is always lower than sys-
tolic BP measured at the same time, so the time of measurement is required as additional
information, as well as the measurement units. Furthermore, certain levels of systolic
BP and diastolic BP are indicators of hypertension. However, these thresholds depend
on the applied regional rules (American Heart Association or European Society of Hy-
pertension) and the measurement context, i.e. in the clinic, at home, or ambulatory [68].
In (12), insulin medication is only plausible in the presence of diabetes mellitus. Onset
of diabetes mellitus and time of the insulin medication are relevant for the assessment
of contradictions.

The identi ed relevant metadata for contradiction assessment (rm.ca) can be grouped
into timestamps (rm _ts), measurement methods (rmmm), and measurement units (rm.mu).
The rules used for the determination of hypertension are considered the measurement
methods here.

5.1.2. Evaluation

For evaluation of the con guration of the EDC system, a holistic level for rm_ca was
introduced: depending on the degree of presence of the respective metadata, compliance
as shown in Table 5.1 is rated from O to 3 based on gaps, i.e. the number of questions that
cannot be su ciently answered to assess the contradictions conclusively. The di erent
levels indicate O: not present, 1. present with 2 gaps, 2: present with one gap, and 3:
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present without gaps. A scenario for level 1 is the case where a timestamp answers the
guestion about the date of the data capture without any reference to the onset of a disease
or diagnosis time point. To evaluate the EDC system support to assess contradictions,
the implemented checks for the contradiction assessment (ica) are examined. The
check may consist of one implemented rule or a rule set. Again, a scale that ranges from
0 to 2 is de ned, depending on the completeness of the implemented rules. The di erent
levels indicate 0: not established, 1: partially established, 2: fully established. A certain
check for a scenario i iccg is considered partial if not all interdependencies are included.
For each scenario i, a total maximum score (cams(i)) is determined by the sum of 3
points for each required metadata type in the respective scenario (3-9 points) and always
2 points for ic_ca. For each study s, the total score (cas(i,s)) is determined by the sum
of the individual scores for the di erent metadata and the implemented check.

Table 5.1.: Elicitation of required metadata (rm_ca) and implemented checks (icca) for
conclusive contradiction assessment. rms = timestamps, rm_mm = mea-
surement methods, rmmu = measurement units

Additional Requirements Parameters Scale
Required Metadata (rm.ca) rm_ts,rm_mm,rm_mu 0-3
Implemented check within eCRF| .

: ic_ca 0-2
(ic_ca)
5.2. Results

5.2.1. Blood Pressure and Hypertension Assessment

The three BP items diastolic BP, systolic BP, and hypertension are all related to a
measurement method. Systolic BP and diastolic BP have measurement units. All three
items have two interdependency rules that depend on the time points. Therefore, the
total maximum score is:

11:catms(11)=3+3+3+2=11 (5.1)

The total scores of RJP and SAF are given in Table 5.2, together with the available
metadata items that contain the required information. SUP is rated 7, SAF has a total
score of 8. Both studies captured required timestamps (visitdate, examination_date, &
event start_date for SUP, monitor _date, hometime, & visit _label for SAF) for a con-
clusive contradiction assessment. However, the presence of \evestart_date" in SUP
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would validate the comparison of hypertension onset against the diastolic and systolic
BP examination date while its absence in SAF hinders similar comparison, therefore
rm_ts(11,SAF) is level 2. The methods for diastolic and systolic BP measurements and
regional hypertension rules are missing for 8P, while explicitly captured in SAF. As a
consequence, contradictory ndings of blood pressure measurements concerning hyper-
tension indication are inconclusive. Both studies embedded measurement units in the
respective elds for diastolic BP and systolic BP data entry, resulting in a full score

in rm_mu. SUP has implemented a check between diastoli@P and systolic.BP but
no check for the relation to hypertension, resulting in icca(l1,SUP) = 1. SAF has no
checks implemented at all on this topic, resulting in icca(l1,SAF) = 0. Though the
total scores are similar, both studies have dierent aws in the implementation that
make contradiction assessment di cult.

Table 5.2.: Grading of required metadata rmca and implemented checks ica of con-
tradiction assessment of diastolic and systolic BP and hypertension (HT) on
the two studies s: SJP and SAF. catms = total maximum score, ca_ts =

total score

Study || metadata rm_ts | metadata rm_mm | rm_mu| ic_ca

S items rm_ts (11,s) | items rm_mm | (I1,s) (IL,s) | (11,s) cats(lLs)/

- ' - ' ' ' catms(l1)

Visit _date,

SUP Exam_date, 3 none 0 3 1 7/11
Event start
Monitor _date, home.evenin

SAF || hometime, 2 ng. | 3 3 0 8/11
o home_.morning
visit _label

5.2.2. Diabetes and Insulin Medication Assessment

The two interdependent items, diabetes mellitus and insulin medication, are linked by
one interdependency rule, which requires that the time point of insulin medication is
not earlier than the assessment time of diabetes mellitus. As measurement methods and
units are not relevant here, the total maximum score is:

5:catms(12)=3+2=5

(5.2)

From Table 5.3, it can be inferred that SUP and SAF captured the necessary times-
tamps to ensure insulin medication did not precede diabetes mellitus diagnosis, but in
di erent ways: SUP documents explicitly the examination, event, and medication time,
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while SAF documents the timestamp of the visit and asks explicitly for current med-
ication. Therefore, both studies reached level 3 in rmts. In S®P, insulin medication
can only be selected if diabetes mellitus is con rmed. However, there is no implemented
check between diabetes mellitus and the insulin medication catalogue, which makes it
vulnerable to contradictory entries. Therefore, this resulted in ic.ca(l2,SUP) =1. In
SAF, no implemented check is found. Accordingly, cats(i,s)(12,SUP) = 4, so SUP ful-
lled 80% of the requirements, while cats(i,s)(12,SAF) = 3, so SAF ful lled 60% of the
requirements.

Table 5.3.: Grading of additionally required metadata and interdependency rules in the
assessment of diabetes mellitus (DM) and Insulin (INS) medication. % =
not relevant

Study || metadata rm_ts | rm_mm | rm_mu| ic_.ca | cats(12,s)/
S items rm_ts (11,s) | (12,s) (12,s) | (12,s) | catms(12)
Visit _date,
Exam_date
! 0, 0
SUP Event start, 3 % Yo 1 4/5
Med_start
sAF | Visit-label 3 % % 0 3/5
Current _med

5.3. Discussion

These results show that the information required for conclusive contradiction assessment
is not fully documented as (meta-)data items in the investigated studies. Some informa-
tion, such as the BP measurement methods, is typically de ned in the SOPss and might
even be displayed as informative text in the form, but is not available as structured data.
While implementation of checks during the setup of the study database is still possible,
later automatic contradiction assessment is not possible. Availability of the discussed
metadata will be in particular crucial for contradiction assessments of anamnestic ques-
tions in routine clinical data, as no common SOPss are implemented in health care [41].
While missing values within any of the interdependent data items will hinder contra-
diction assessment as noted by Schmidt et al. [26], the focus in this work is on the
completeness of additional information required to validate suspected contradictions.
Though the ful llment level of the di erent requirements were graded, the individual
levels and cats(i,s) should be considered as qualitative grading rather than quantitative
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measures - while a full assessment of the described interdependencies is only supported
if all requirements are ful lled (i.e., ca_ts(i,s) == ca _tms(i)), one cannot deduce from
cats(i,s) < catms(i), if one will be able to conduct a contradiction assessment with in-
formation e.g. from the SOPss or further non-structured study documentation, or if the
metadata is complete but no checks are implemented. However, c(i,s) is particularly
useful during the implementation of a study database. The study protocol is important

for the collection of required items { for example, SAF captured the home location and
the daytime of the BP measurements because it is designed as a home monitoring study.
To prevent the entry of contradictory values as reported for di erent studies, including
SUP, it is encouraged to establish and enforce contradiction checks within the eCRFs.

However, it should be noted that the users' experience during data entry suggests a
cautious approach when enforcing complex interdependency rules to avoid di culties
in data capture. Capabilities of dierent EDC systems can help mitigate this e ect,
as seen with the secuTriaB where rules can be enforced as either soft or hard rules
during data entry. Study endpoints may help in estimating the relevance of a certain
contradiction and decision on the level of enforcement of targeted rules during data
capture. As an illustration, the current EDC design does not support the enforcement
of contradiction checks between an anamnesis form and the medication catalogue. If a
diabetes de nition is of greater relevance to a study, it would be encouraged to establish
an interdependency rule between diabetes mellitus diagnosis and the varieties of insulin
medications to prevent contradictory information.

Required metadata may impede conclusive assessment of contradictions in health
datasets. An initial analysis of the study infrastructure is highly recommended at the
onset of data collection to address potential gaps early. The ndings point to the need
for improved collaboration between principal investigators, data managers, and biome-
tricians involved in the design of clinical studies. The ndings in this work will be
considered during the schema implementation of future studies to ensure a robust de -
nition of items.
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CHAPTERO

Consistent Representation of Contradiction Patterns

This chapter is based on the conference publication Towards a Consistent
[ Representation of Contradictions Within Health Data for E cient Imple-
mentation of Data Quality Assessments [3] (see Appendix D)

The rst step to determine the tness of a DQA tool for other use cases is under-
standing the patterns of contradiction rules implemented. As noted in section 2.2,
several taxonomies are used in the literature to describe contradictions (e.g., logical
or empirical contradictions according to Schmidt et al. [26]). This is useful for the
domain de nition of contradictions. However, contradiction rules are implemented in
DQ systems as Boolean rules that are somehow agnostic to the semantic nature of a
contradiction. For example, a conditional expression (x> y) can be applied to two
di erent contradictory scenarios (a) diastolic BP greater than systolic BP as well as (b)
age at baseline greater than age during follow-up visit. While these examples might be
assigned to di erent semantic groups, for example, (a) as atemporal and (b) as temporal
plausibility according to Kahn et al. [24], from the implementation point of view, a clear
and simple implementation of contradiction rules is applied. Therefore, a structural
representation of contradiction patterns is useful to simplify the increasing complexity
of multi-dimensional contradictory dependencies, as it describes the patterns of the con-
tradictions. This will also help bring transparency and e ciency in the implementation
of contradiction rules.
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6.1. Methods

6.1.1. Assessment of Contradiction Patterns

Three parameters (interdependent data items (), contradictory dependencies ('), min-
imal Boolean rules ()) were considered for the proposed structural representation of
contradictions i.e. the number of: 1) interdependent data items , 2) contradictory
dependencies , and 3) minimal Boolean rules . While represents the number of
distinct contradictions de ned by biomedical domain experts, is derived by grouping
multiple similar contradictions using all plausible common denominators (CD). A CD
could either be a conditional expression, an item, a value, or their combination. As a
rule, any de ned rule that evaluates to multiple numerical or categorical values is set to
its value-range or value-set, respectively, provided it represents a distinct contradiction.
Also, each minimal Boolean rule within must be bounded unambiguously such that
it is independent of other rules. Six R-packages that support contradiction assessment
(assertive, dataquier, DQAstats, pointblank, testdat, and validate)were examined on
what Boolean rules are implemented in these packages. Based on recent quality assess-
ments on biobank and COVID-19 datasets, di erent classes of contradiction patterns
were de ned on the sets of interdependent data items.

6.2. Results

6.2.1. Contradiction pattern implemented in R-packages

As shown in Table 6.1, all R-packages implemented contradiction checks on = 2 with
= 1 which translates to = 1 in each case. These scenarios represent the simplest
form of contradiction patterns.

6.2.2. Contradiction pattern in the Biobanking Domain

Three interdependent data items used in storing information about the collection of
citrate samples were investigated, i.e., primary receptacles (pr), desired aliquots lled
(af), and actual aliquots count (ac) [4]. From Table 6.2, a contradiction pattern was
established where =3, =5 and = 3. Transforming to resulted in the
reduction of 4 distinct contradictory rules to 2 Boolean rules using their respective CD
(pr==0) and (pr > 0 & af == no & ac ==). Another contradiction pattern refers to
contradictions in items related to pre-analytic states of blood samples. Please refer to
Yusuf et al. [4] for further information.
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Table 6.1.: Contradiction pattern in existing R-packages (c.f. Marino et al. [31] for in-

formation on R-packages). = number of interdependent items, = number
of contradictory dependencies, = number of Boolean rules
R-Package (Notatlor)1
assertive (2,1,1) X,y Is_lessthan(x,y) 1
dgastats 2.1,1) banlgbalanc_e(bb), Enegatlve(bb) & cw 1
credit_worthiness(cw)| == yes
pointblank (2,1,1) X,y colval_lt (vars(x),y) | 1
expectcond(x,
testdat (2,1,1) X,y ylength 1) 1
. validator(if (sta
validate (2,1,2) sta, sta _cost 1) sta cost 1) 1
- Age_followup, A _lessthan_B(Age_1,
con_contradictions || (2,1,1) Age_baseline Age.0) 1

Table 6.2.: Contradiction pattern between biosample-associated data items

Number of primary re- pr == 0 & isTrue(af == yes

pr==0 & af == yes

ceptacle (pr) OR ac> 0)
All aliquots lled (af) | pr==0&ac > 0 ?(;:) 0 & af == no & ac in
Aliquot count (ac) pr> 0&af==no & ac == pr>0&af==yes &ac < 4

pr>0&af==yes &ac < 4
pr>0&af==no & ac ==

6.2.3. Contradiction pattern in the COVID-19 Dataset

Also considered are the consistency of di erent groups of interdependent data items that
were mapped from di erent cohorts to the GECCO dataset (see Chapter 3). Table 5.3
shows the aforementioned contradiction pattern between fever and § items: a normal
Tp (35 Tp < 38.3) should not evaluate to feveritem set to yes and an elevated Th
(38.3 Ty 45) should not evaluate to feveritem set to no or not set. There are no
plausible CD in this case, hence, equals and is assigned to class (2,2,2). The J
ranges and feveritem being compared to the elevated |, evaluate to multiple values
pointing to distinct contradictions.
A more complicated example is the (10,10,2) class for a comparison of the presence

of pulmonary disease (PD) anamnesis with its nine documented indicators. PD is a
dependent variable on its set of indicators such that when a study participant answers
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Table 6.3.: Contradiction pattern between fever and body-temperature data items.

fever 35 Th< 38.3&fever==yes | " ye§>5 & Ty < 38.3 & fever
body_temperature 383 Tp 45 &feverin(no, | T, 38.3& T, 45 & fever
(Tp) notset) in (no, notset)

the question about the presence of PD armatively, this has to be followed up with
at least a specic disease that belongs to the PD family. As presented in Table 6.4,
is derived from the combination of values of PD and their implausible indicators.

By exploiting the CD,

multiple similar  within

is reduced to
rules provided by domain experts,

= 2. While

preserves the atomicity of the
is implemented in the assessment tool by grouping

. Further examples are the comparison of COVID-19 severity
and 19 severity indicators in Appendix F, resulting in a (20,38,4) pattern.

Table 6.4.: Contradiction pattern between the branch question of pulmonary disease
anamnesis and documented indicators.

Chronic Lung Disease
(pd)?

pd == no & asthma == yes

pd no & any _of(asthma,
copd, br, ph, ohs, apn, osas,
cf, others) == yes

pd == yes & all _of(asthma,

Asthma pd == no & copd == yes copd, br, ph, ohs, apn, osas,
cf, others) == no

Chronic  obstructive

pulmonary disease| pd == no & br == yes

(copd)

Lung brosis ( br)

pd == no & ph == yes

Pulmonary hyperten-
sion (ph)

pd == no & ohs == yes

Obesity hypoven-
tilation syndrome
(ohs)

pd == no & apn == yes

Sleep apnoea (apn)

pd == no & osas == yes

Obstructive sleep ap-
noea (osas)

pd == no & cf == yes

Cystic brosis (cf)

pd == no & others == yes

Other lung disease
(others)

yes & all _pd_indicators
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6.3. Discussion

An e cient way of representing the dimensionality of contradictions was demonstrated,
where the underlying structure of multiple rule combinations was described. The results
indicate that the minimized rules - may be signi cantly lower than contradictory de-
pendencies - where multiple rules are interdependent. While the preservation of will
aid the explanation and traceability of identi ed contradictions,  ensures e cient im-
plementation of Boolean rules within DQA tools|in particular for large datasets [69].
Though di erent contradiction taxonomies explained in section 2.2 are useful for the
semantic description of contradictions, a structural classi cation simpli es the varying
dimensionality of contradictions for ease of evaluation. A holistic approach to contradic-
tion assessment is a step toward building a DQA tool applicable across multiple health
domains. Uniform representation of contradiction patterns will ensure a harmonized way
of comparing contradiction patterns when considering the tness of existing assessment
tools for internal use.

Conclusively, a structured classi cation of contradiction checks will support the im-
plementation of a generalized contradiction assessment framework e ectively and may
help researchers to identify Boolean rules in a structured way. While the evaluations in
the described cases are performed manually, a tool that helps to translate the domain-
speci ¢ de nition of contradictory rules to a normalized form of the informatics domain
is envisioned.
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CHAPTER {

Performance Evaluation for Contradiction Rule Implementations

This chapter is a follow-up to the ndings in chapter 6 and based on the

[ paper accepted for publication: Performance of Contradiction Rule Imple-
mentations in Health Data for E cient Data Quality Assessments - [5] (see
Appendix E)

The Boolean rule explained in section 2.3 is applied in the evaluation of varied DQ
indicators such as completeness, conformance, and plausibility [24, 26, 70]. Health data
are assessed on the de ned rules based on Boolean true/false logic. Existing DQA
frameworks address the semantic representation of DQ indicators with little emphasis
on structural patterns. While semantics re ect the domain description of these indica-
tors, the study in Chapter 5 has shown that DQA rule implementation does not rely
on the semantics. This prompted the structural classi cation of DQA rules to com-
plement the semantic descriptions. Structural classi cation ensures that complex DQA
rules are implemented transparently and e ciently in a DQA tool. While some DQA
rules are generic, like the completeness rules, contradiction rules are dynamic and rely
on domain knowledge. As an illustration, the contradictory dependencies in Diabetes
mellitus (DM) and Insulin medication (INS) can be described using two rules: 1) DM
is absent while INS is present; and 2) DM istype 1 while INS is absent. These two
dependencies can be implemented di erently as logical rules in DQA tools by joining
the two rules using a Boolean-OR operator, or evaluating each rule independently to
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trace the violations. Furthermore, results from the study in Chapter 5 show that an
extensive domain rule-set can be reduced to minimal Boolean rules. This minimization
o ers a third implementation strategy. A previous study has shown the tendency for
performance degradation when evaluating complex DQA rule sets in large databases [42].
Issues such as prolonged execution time and high memory demand were reported. This
raises concerns regarding the e ciency of di erent implementations on computational
performance, typically measured as execution speed and memory utilization [42, 69].
However, a detailed DQA report is essential for data cleansing [71]. While rule-based
DQA has been well-researched, the e cacy of di erent rule implementations remains
under-explored [70, 72]. With this in mind, this study investigates an e cient approach

to implementing DQA rules using the assessment of contradictions in cardiovascular dis-
ease anamnesis items as a case study. The objective is to identify the unique strengths of
varied implementations while o ering an optimization method that integrates di erent
bene ts in one implementation.

7.1. Methods

7.1.1. E ciency Evaluation

Two e ciency metrics, execution speed and memory utilization at runtime, were used
to measure the e cacy of the three Boolean rule implementations of the cardiovascular
disease rule-set documented in Table 7.1:

1. the rst approach implements all raw contradiction rules (1-12) described in Table
7.1, joined using Boolean-OR;

2. minimal Boolean rules 1 and 13 shown in Table 7.1, where all items sharing common
denominators are evaluated together in a single call (see code snippet 7.1)

3. the third approach implements each atomic rule from 1 to 12 in Table 7.1 inde-
pendently;

While the raw rule-set and minimal rule implementations return a Boolean true/false
as output, the atomic rule implementation derives its strength from the ability to trace
back to the items that violated a rule. To determine the resilience of the DQA system
when the dataset scales, source data is replicated progressively from its original 2,214
subjects by the factors 10, 25, 50, and 100. An average measurement is recorded over
10 iterations for the execution speed analysis and memory consumption. The maximum

64



7.1. Methods

Table 7.1.: Contradiction pattern between the branch question of cardiovascular disease
anamnesis and documented indicators. Table adapted from Chapter 6. Rules
1 to 12 comprise atomic rules that are combined by OR in implementation
(1: raw rule set). Rule 1 and Rule 13 comprise the minimal rule set (3) as

an alternative for the raw rule set.

(minimal rule)

Items Rule Nr. Rules
Cardiovascular  Dis- 1 cv == yes & all _cv_children
ease (cv)? == no
Hypertension (htn) 2 cv == no & htn == yes
Arrhythmia 3 cv == no & arrhythmia ==
yes

Peripheral artery dis- L _
ease (pad) 4 cv == no & pad == yes
My_ocardlal infarction 5 cv == no & mi == yes
(mi)
Revascularization _ L

6 CV == no & revasc == yes
(revasc)
Coronary heart disease o -
(chd) 7 cv == no & chd == yes
Acute heart failure L _
(ahf) 8 cv == no & ahf == yes
Chronic heart failure L e
(chf) 8 cv == no & chf == yes
Atrial brillation (af) 10 cv == no & af == yes
Carotid artery disease 11 cv == no & cad == yes
(cad)
Other heart disease 12 ev == no & others == yes
(others)
Complement to rule 1 13 cv == no &

any_of_cv_children == yes

and minimum values are documented to account for the

programming language.

deviations. R is used as a
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1 # construct minimal rule =set

2 minimal _rules <= function(study _data, parent, children) f

3 # first rule loops to find atleast one conflicting child

4 # second rule loops to find all children disagree with parent

5 anomaly = study _data %%

6 mutate (contradiction = ifelse (rowSums(.[parent] = "No" &

7 apply (.[, children], 1, function(x)
8 any(x = "Yes")), na.rm =T) > 0 jj
9 rowSums (.[ parent] = "Yes" &

10 apply (.[, children], 1, function(x)
11 all (x = "No")),

12 na.rm =T) > 0, 1, 0)) %%

13 select(mnppid, parent, children, contradiction) % >%

14 filter (contradiction > 0)

15

16 g

Listing 7.1: R-Script to evaluate minimal rule implementation.

7.1.2. R Programming Packages and System Speci cation

To determine the execution speed, thesystem.time function in R programming is used to
measure the elapsed system time after running an object that implements each approach
[69]. The system.time returns three values with the rst two documenting the waiting
time before the execution of the current process. The third value is the time elapsed
between the start and completion of the parsed process. Also, garbage collection (gc
function) in R programming was used to measure memory allocated to each running
object over 10 iterations. This test was performed on a personal computer with 1024GB
PCle 4.0x4 NVMe SSD, 32GB of RAM, and 16 cores.

7.1.3. Two-step Processing of Contradiction Rules

The contradiction rules were processed in two steps to integrate the fastest overarching
check | implementation 1 or 2 | and atomic rules in one implementation. As described

in Figure 7.1, the overarching implementation is executed on the entire dataset, while
identi ed rows with a contradiction in the dataset are cached (see code snippet 7.2).
Atomic rules are only processed on the cached contradictions.
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Figure 7.1.: Work ow showing the two-step processing of contradiction rules.

10

11

# two =step function
two _step_process = function(study _data) f

rule _violations = raw _rule _conditions(study _data, parent, children)
if (length(rule _violations > 0)) f
explanable_report = atomic _rules(rule _violations , parent, children)

return(explanable _report)
g else fNULLg

g

Listing 7.2: R-Script to evaluate faster rules and atomic rules incrementally.
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Figure 7.2.: Comparison of execution speed between raw rule-set, atomic rule, minimal
rule, and two-step rule implementations.

7.2. Results

7.2.1. Speed Assessment

The computation time depicted in Figure 7.2 shows that the raw contradiction rule-set
implementation executes faster than the other implemented approaches, and the atomic
rule set is the slowest. From Table 7.2, a small increase in the runtime deviations with
larger datasets can be observed, but in general, a linear dependency can be assumed.
The last row in Table 7.2 shows the regression slopes. A dierence between imple-
mentation 1 and implementation 3 by two orders of magnitude is noticed | the raw
rule-set implementation being about 100 times faster than the atomic rules, and about
9 times faster than the minimal rule-set implementation. The two-step implementation
performed better than the minimal and atomic rules, executed on the entire dataset, by
a factor of about 2.5 and 30, respectively. The raw rule-set implementation is about 3
times faster than the two-step process according to the regression slope, and about 4
times faster at the largest sample size.
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Table 7.2.: Computation time for di erent rule implementations. avg - mean, min {
minimum, max - maximum execution time (in Seconds) over 10 iterations.
*The last row gives the linear regression slope in sec/samples.

Dataset | avg (minmax) | avg (min,max) | avg (min,max) | avg (min,max)
Size raw (sec) minimal (sec) atomic (sec) two-step (sec)
2,214 0.01 (<0.01,0.02) | 0.02 (0.01,0.13) | 0.12 (0.11,0.25) | 0.022 (0.01,0.05)
22,140 0.02 (0.01,0.09) | 0.10 (0.09,0.22) | 1.23(1.12,1.43) | 0.063 (0,03,0.21)
55,350 0.03 (0.01,0.06) | 0.24 (0.22,0.38) | 3.05(2.81,3.24) | 0.132 (0.11,0.25)
110,700 | 0.05 (0.04,0.06) | 0.48 (0.45,0.58) | 6.78 (5.92,7.20) | 0.217 (0.19,0.34)
13.02
221,400 | 0.11 (0.09,0.11) | 0.97 (0.92,1.10) (12.54,18.37) 0.425 (0.39,0.55)
slope* 6.0579e-07 4.458316e-06 5.88211e-05 1.815279e-06

Figure 7.3.: Comparison of memory utilization between raw rule-set, atomic rule, mini-
mal rule, and two-step rule implementations.

7.2.2. Memory Assessment

Figure 7.3 shows that the memory allocated at runtime to the objects implementing the
raw, atomic, and minimized contradiction rules di ers. While the memory utilization
for the raw rule-set progressed linearly, the progression of the minimal rule implemen-
tation notably slowed down as the sample size increased. Table 7.3 shows that with
the smallest sample size, the memory utilized by the raw rule-set implementation was
about half as much as the minimal rules, and about 1/7 compared to the atomic rule
implementation. With the largest dataset, the minimal rules performed slightly better
than the raw rule-set by about 10% less memory utilization, and requiring 1/4 compared
to the atomic implementation. The two-step approach deviated by about 20% higher

memory utilization than the minimal rule implementation.
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Table 7.3.: Average memory utilization for di erent implementations. avg is the mean
memory (in Mebibytes) over 10 iterations. Deviations were omitted because
they do not exceed 1% of the average.

giit:set avg raw (MiB) ?I\\;I?B) minimal avg atomic (MiB) ?I\\;I?B) two-step
2,214 1.80 3.00 12.20 2.00

22,140 16.10 28.80 96.37 17.70

55,350 40.10 71.70 161.58 44.00

110,700 | 79.90 99.60 286.92 87.90

221,400 | 159.70 142.40 576.16 175.52

7.2.3. Estimation of Trade-o between Faster Computation and Detailed
Output

As the runtime shows linear dependency on the sample size, the application of the atomic
rules as well as the two-step approach, can be described by linear equations:

8

< _ .

. tatomic (N) = M1n + ag; (7.1)

" twostep(N;f) = man+ az+ my(fin) + &
With taomic and two-step being the runtime in seconds for the respective implementation,
n = sample size (number of rows in a tabular representation), f = fraction of samples
with DQA ndings, mi-,, a;-» are the regression slopes and intercepts for 1 = atomic
rule-set and 2 = raw rule-set implementations. The linear regression parameters were
obtained m1: 5.9e-05 sec/samplems: 6.0e-07 sec/samplea;: -5.4e-02 secay: 5.3.0e-03
sec.

To determine the fraction where the two-step approach becomes faster than the atomic
rule implementation, the trade-o fraction fgo was estimated, where the runtimes are

equal, |e tatomic (n) = ttwo_step(n,fo):

fo(nN)=(m1 my)=m; ax=Mn (7.2)

As the term a,=m;n becomes negligible for n su ciently large, fo =1 my=m;. For
the estimated scaling factors m,fo = 99.9%. In the current implementation, variants
with the fast overarching check are 100 times faster only if less than 1% of the data is
correct; the direct application of the atomic rules becomes faster.
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7.3. Discussion

It is evident that the raw Boolean rule-set, which performed fastest, bene ted from the
simpler vectorized operations and scaled best as the dataset increased. The minimal
Boolean rules introduced two additional function call overheads (rowSums and lapply)
to assess similar items grouped together, which increased the execution time. While
the fundamental advantage of the atomic implementation lies in its detailed result, the
execution time was about 100 times higher due to the separate function calls for the
execution of each atomic rule in the rule-set. This is coupled with the requirement to
associate the description of each indexed violated atomic rules. The memory requirement
for the atomic implementation was also the highest because separate intermittent results
are stored for each of the atomic object calls. The intended optimization approach that
allows the integration of both faster and interpretable contradiction rules in a DQA
system showed good performance. The two-step process ensures that violated rules can
be further analyzed and traced back where necessary. Though existing contradiction
frameworks support atomic rule implementation, the implication of the raw rule-set
being the fastest implementation is that resources needed for aggregated and detailed
reports can be saved where there are no contradictions [3, 37].

Maintaining the cache of previous results from the raw rule-set enables faster process-
ing and reduces overhead to track intermittent results between two implementations,
as le access operations are known to be typically slow. It is acknowledged that the
computation problems presented in this work can be resolved through more performant
hardware [42]. However, as higher resource consumption is also related to higher energy
consumption, performance optimization is also preferable in terms of sustainability. The
result shows that optimizing the algorithm through two-step processing of the raw rule-
set and atomic rules is virtually always favorable in realistic fractions of data with quality
issues. Though the minimal contradiction rules can be well maintained programming-
wise [69], it is evident from the results that it does not translate to faster execution.
However, the steady decrease in its consumed memory as data increases may become
relevant for rule implementation in medical devices when considering real-time DQA
[73]. In Clinical Decision Support System (CDSS), where the decision largely depends
on the quality of input routine data [74], the approach in this work presents an e cient
path to running incremental DQA checks in CDSS to limit the spontaneous decision
ags to only the most relevant ones.
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CHAPTERS

Discussion

This thesis aimed to enhance contradiction assessment in health research by systemat-
ically addressing identi ed gaps in existing rule-based approach. The experiment was
organized into four interconnected aspects: 1) the investigation of the adaptability of an
existing assessment framework for internal use, 2) the generalizability of DQA tool to
aid reusability, 3) the integration of contextual information for veri cation of contradic-
tions in real-world applications, and 4) consistent representation and implementation of
varied contradiction rules for transparency and computational e ciency. Results from
each aspect of the analysis are discussed in the following subsections.

8.1. Adaptability of DQA Tool

The analysis of the GECCO dataset in Chapter 3 demonstrates that an e ective contra-
diction assessment tool must align with the rule patterns speci c to the intended domain
of use. While the existing tool implemented basic contradiction rules (such as the ex-
ample rule in equation 2.1), the broader contradiction rules analyzed in the GECCO
dataset required adaptation, leading to the development of thedqGeccopackage. The
adapted tool| dataquieR[37] had signi cant limitations|primarily restricting evaluated
interdependent items to only two items (see code snippet 3.1). This constraint proved
problematic when assessing complex datasets like GECCO. The COVID-19 severity as-
sessment alone involves twenty interdependent items with 38 distinct contradiction rules
(see Appendix F).
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Another gap addressed was the visualization approach. WhiledataquieR [37] and
other tools like ohdsi-DQD [33] and openCQA [38] were designed to visualize statistical
summaries of contradiction ndings, dgGeccopackage visualizes all possible value com-
binations (as illustrated in Figure 3.2). This comprehensive approach revealed further
inconsistencies (e.g., fever without body temperature measurements) that were missed
in the initial evaluation but are crucial for DQ improvements.

In Chapter 3, the analyzed GECCO dataset introduced broader contradic-
tion rules involving multi-disciplinary health data items. The incompatibil-

ity between contradiction rules in the GECCO use case and adapted DQA
tool necessitated modi cations. This modi cation process revealed impor-
tant gaps that were subsequently addressed in further research questions.

[1]

Also, some underlying DQ challenges associated with data mapping were addressed
[20, 21]. The ordered-search approach for mapping ventilation therapy items (demon-
strated in Figure 2.2) highlights the importance of the cleansing procedure employed
during data transformation. With the adopted mapping approach, ventilation modes
were linked to the criticality of COVID-19 severity assessment, rather than allowing a
series of spontaneous values that would have resulted in con icting severity classi ca-
tions. This distinction is important, as con icting severity classi cations can induce
inclusion/exclusion contradictions during data transfer. Additionally, this work im-
plemented a mechanism to receive feedback from the domain experts on the mapped
NAPKON items (shown in Figure 3.1). The iterative process resolved contradictions
resulting from item mismatches or incomplete matches, reinforcing that thorough data
mapping requires diligent attention to detail and domain expertise.

8.2. Generalizability of DQA Tool

As noted previously in section 8.1, the modi cations to the existing DQA tool resulted

in the development of dqgGecco package. However, this package could only assess the
contradiction rules for which it was speci cally adapted. This limitation is not unique, as
current rule-based DQA tools [31, 33, 37, 38] face similar constraints in their application
across diverse rule patterns. The problem of rule incompatibility was addressed by
decentralizing the DQA framework, as detailed in Chapter 4. With this approach,
the contradiction rule generator was separated from the DQA tool by implementing
a function that has the capability of returning further functions for subsequent tasks in

74



8.3. Integration of Contextual Information

R programming. The introduced framework generically accepts custom rules de ned by
users for the assessment of distinct health datasets.

The evolving patterns of contradiction rules has led to the development of
numerous tools addressing isolated rule speci cations across di erent health
datasets. By decentralizing the rule generator (as demonstrated in Chap-
ter 4) and ensuring the generated rules remain compatible with the DQA
tool, this work introduced a gDQA framework that supports tool reusability
across diverse health datasets.

Similar to how researchers have introduced harmonized DQ indicators [24, 26], the
gDQA framework presented in this work serves as a model for a reusable and inter-
operable DQA tool. This approach eliminates the common limitation of tools being
dependent solely on prede ned rules|a constraint prevalent in existing solutions [31,
33, 37, 38]. The usability of the generalized framework was validated with the evalua-
tion of diverse datasets, including HiGHmMed sensor data and MIMIC-IV-ECG dataset,
each with distinct contradiction rules. Theoretically, contradiction has traditionally been
described as disagreements in values involving two or multiple interdependent items [24,
26]. However, the ndings from the HiGHmMed sensor data analysis in Chapter 4 re-
veal con icting values within isolated items (HR measurements and KCCQ responses).
This evidence supports shifting the description of contradictions from an item-level to a
value-level perspective, as contradictory value combinations can be detected both within
isolated items and across interdependent items. The conceptual expansion enhances the
ability to identify and address DQ issues in health datasets.

8.3. Integration of Contextual Information

The primary relationship between measurements within isolated and interdependent
items in health datasets is the foundation for de ning the contradiction rules. However,
comprehensive contextual information is essential to properly interpret these relation-
ships. In routine clinical data as earlier mentioned, studies have demonstrated that
missing contextual information signi cantly hinders accurate interpretation of patient
anamnesis records [40, 41]. This work revealed that successful contradiction assessment
cannot be guaranteed without explicitly de ning these contextual items in the study
database.
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Existing contradiction assessment frameworks primarily focus on direct
relationships between data items [24, 26], but this approach is insu -
cient. The investigation in this work demonstrates that contextual infor-
mation|including timestamps, measurement methods, units, and regional
reference rangesyis relevant for conclusive contradiction ndings. This re-
quirement stems from the fact that relationships between interdependent
health data items are rarely strictly linear, but rather exist within clinical
contexts that modify their interpretation. The qualitative grading scheme
presented in Chapter 5 serves as a metric to measure the de nition of re-
quired contextual items in study databases. [2]

The investigation of two distinct data collections in Chapter 5 shows that not all in-
formation required for contradiction assessment was fully de ned in the database. The
ndings also revealed that the disparity in the regional value range adopted for labora-
tory measurements in di erent countries or continents impacts contradiction checks. For
example, there are distinct European and American value ranges for BP measurements
in hypertension diagnosis [68]. These ndings extend beyond previous contradiction tax-
onomies [24, 26], which have not adequately captured the essential metadata required
to validate contradiction ndings. The contextual analysis also serves as an evaluation
method that should be implemented before full-scale data collection. E ective metadata
de nition requires deeper collaboration among all stakeholders involved in clinical stud-
ies, as the de nition of relevant contextual items cannot be left to data managers alone
[75]. Data managers frequently omit critical data items because they fail to recognize
connections to dependent items within the broader clinical context. To avoid this, an
explicit contextual dependency map can be created for each data item to identify all
metadata required for valid interpretation.

8.4. Performance of Contradiction Rule Implementations

The structural aspect of contradiction assessment is relevant in determining tool's suit-
ability for internal use. While the semantic representations provide domain descriptions
of contradictions, they are not essential for actual rule implementation. This work
investigated how extensive contradiction rules could be reduced to minimal Boolean
expressions, resulting in successful rule minimization described in Chapter 6. Three dis-
tinct rule implementations were examined including: raw rule-set, minimized rules, and
atomic rules. The raw rule-set is the original approach that combines all given rules us-
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ing the Boolean OR operator. While minimized rules o er an alternative approach that
reduces complexity, the atomic rules implement traceable units of the rules|essential
for data cleansing in health research [12]. Though each approach has unique advantages,
it is important to note that broadly de ned DQA rules can cause performance degrada-
tion in large database infrastructures [42]. This work evaluated each implementation's
strengths using established e ciency metrics [42, 69].

The performance evaluation revealed that raw rule-set implementation ex-
ecutes faster than the other approaches. Minimized rules demonstrate ad-
vantages in reduced memory consumption, while atomic rule implementation
provides detailed and traceable output but with signi cantly higher compu-
tational demands. In Chapter 7, this work introduced a two-step evaluation
that successfully integrates faster and atomic rules into a uni ed implemen-
tation, e ectively bridging the computational gap. [3]

When prioritizing computation speed, the raw rule-set emerges as the default choice.
However, the minimized rules consumed progressively less memory as the dataset size
increased which may become relevant when considering real-time DQA in medical de-
vices. Though atomic rules showed prolonged execution times and increased memory
demands, their strength lies in producing detailed contradictory ndings crucial for trace-
ability [71]. While the investigated framework [37] supports atomic rule implementation,
it currently lacks traceability in its output (see code snippet 3.3). It should be noted that
computational problems of this nature can also be resolved through hardware upgrades.
However, such solutions face limitations including communication overheads, power,
and cooling constraints [42]. The ndings in this work demonstrates that algorithm
optimization|as evidenced in the two-step evaluation|proves e ective in reducing the
high computational gap between the approaches [76]. This approach holds particular
relevance for DQA of large clinical databases in routine healthcare settings where the
production loads are high.

8.5. Conclusion & Outlook

Contradictions represent a key but yet under-explored DQ indicator. The thesis ad-
dressed important gaps in contradiction assessment for health DQ through a systematic
investigation of four interconnected aspects: framework adaptability, tool generalizabil-
ity, context integration, and e ciency of rule implementation. Four critical areas high-
lighted in the research ndings include: the essential role of domain knowledge in DQA
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implementation, gaps in data capture infrastructure, problems with data transformation
processes and scaling of contradiction rules.

Domain experts' validation of mapped items resolved mismatches that could have
resulted in integration contradictions in the GECCO use case. Furthermore, the in-
terdisciplinary COVID-19 dataset employed as part of the analysis revealed broader
contradiction rules between items that cut across di erent healthcare departments. As
the contradiction rules from diverse health domains evolve, the capacity of DQA tool is
challenged, suggesting the need for exible frameworks like the gDQA.

The gDQA framework o ers a reusable tool that is compatible with varied health
datasets and diverse rules. Rather than developing separate DQA tools for each dataset
rule speci cations, this generalized approach ensures only the domain rules require ex-
pansion. Also, contradictions were found in measurements within isolated items. Conse-
quently, prompting the adjustment to the current de nition of contradictions to re ect
the disagreements between measurements both within isolated items and across interde-
pendent items.

To further complement existing DQ framework, the qualitative grading scheme imple-
mented for measuring the availability of contextual information adds a missing link. A
context-aware contradiction assessment is essential in healthcare to support a compre-
hensive interpretation of medical diagnosis with corroborative vital information. This
scheme will also help data managers address contextual dependencies early in study
design, enabling potential contradictions to be identi ed and preempted.

As contradiction rule complexity increases, separating semantics from structural pat-
terns of contradictions becomes more relevant. While varied rule implementations demon-
strate di erent performance characteristics, a careful optimization strategy ensures pro-
cessing e ciency without compromising detailed and traceable results necessary for clin-
ical applications.

In future work, it is envisaged that the contradiction rule generation is automated
to limit human e orts in rule processing. This will allow the incorporation of real-time
contradiction assessment at the source level of heath data (such as in medical devices).
Also, since the main drivers of the contradiction assessment are the implemented rules,
the framework will bene t from a rule repository for storing diverse rules from varied
health domains. Clinical input from domain experts is necessary to achieve this goal.
The DQA tool can be trained with the diverse contradiction rules stored in a reposi-
tory to support automated rule generation. As DQ is an evolving eld, the proposed
generalized framework will require continuous adjustment as new rule patterns emerge.
Future research should also consider developing automated methods for context val-
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idation for contradiction assessment that adapt to varying levels of available contexts
within datasets. The ndings in this work have provided a foundation for future automa-
tion e orts that could enhance DQA framework's applicability across diverse healthcare
settings and data environments.

These contributions collectively provide a comprehensive approach that advances both
theoretical understanding and practical implementation of contradiction assessment in
diverse health datasets.
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