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Abstract
Machine-learning pipelines increasingly rely on automated data monitoring, yet most existing
approaches remain data-centric: they can detect that incoming data has changed, but not which
data-quality issues are responsible when model performance degrades. This thesis investigates
how batch-level metadata can be used to learn a supervised model for root-cause diagnosis of
machine-learning performance degradation.

To address the scarcity of labeled real-world incidents, a synthetic data generator is used to create
controlled batch-level degradation scenarios, including both single-cause and multi-cause cases,
under varying perturbation rates and degradation intensities. A Quality Feature Builder then
transforms each batch into a fixed-dimensional representation based on metadata profiles, outlier
signals, and drift indicators, after which supervised multi-label models are trained to predict the
degradation types present in a batch.

The empirical evaluation shows that both learned models substantially outperform a prior baseline
based on label prevalence. On the test set, the FFNN achieves a macro-F2 of 0.9331 and XGBoost
one-vs-rest achieves 0.9496, compared with 0.4988 for the baseline. Detection is strongest for
Missingness and Distributional shift/Drift, while Noise/Measurement error and Outliers/Extreme
values remain more difficult, especially at low perturbation rates and under higher co-occurrence.

Overall, the findings support the viability of metadata-driven root-cause diagnosis in simulated
monitoring settings, while further research is needed to validate the approach on real operational
incidents before practical deployment.
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1 Introduction
1.1 Capgemini Insights & Data

Capgemini is one of the world’s leading consulting and technology firms, operating across more
than 50 countries. It describes itself as a global leader in partnering with companies to trans-
form and manage their business by harnessing the power of technology, which reflects its strong
focus on digital transformation and IT services [18]. Spread over multiple business units, pro-
fessionals focus on strategic consulting, cloud and infrastructure services, software engineering,
and the development and deployment of data-driven solutions. The current workforce exceeds
420.000 globally and generated revenue of C22.5 billion in 2025 [20]. As a result of its scale
and achievements, Capgemini consistently ranks among the leading global service providers in
annual industry evaluations published by Gartner, Forrester, IDC, and Everest Group [19].

Data-driven solutions are crafted primarily by or in collaboration with the Insights & Data (I&D)
team. This team, consisting of specialists in data engineering, data analytics, machine-learning,
AI, business analytics and data (quality) management, supports organizations in utilizing data
to its fullest potential. Among others, this is achieved through designing and deploying data
pipelines.

After deployment, managing these pipelines is the main task of operators. This framework, of-
ten referred to as data governance, focuses on managing data assets, establishing policies, and
ensuring compliance of the pipeline. In practice, data management and data monitoring operate
as complementary disciplines within a broader data governance framework: data management
establishes the processes and standards governing data pipelines, while data monitoring opera-
tionalizes these policies through continuous oversight to ensure pipeline integrity, observability,
and predictability in production.

As organizations increasingly pivot to real-time analytical systems and machine-learning models,
these governance practices extend further into data quality management and data quality moni-
toring. Ensuring that data remains accurate, complete, consistent, and stable over time is critical
for maintaining trust in data-driven decision-making.

Therefore, data-oriented teams increasingly explore mechanisms that safeguard data quality, which
directly provides the foundation for this thesis. Consequently, this thesis has been carried out in
collaboration with the Insights & Data team of Capgemini Netherlands.

1.2 Background: ML and Data Quality

Over the past decade, organizations have witnessed an unprecedented expansion in the volume,
velocity, and variety of data generated across digital ecosystems. Advances in large-scale data col-
lection, the introduction of large language models (LLMs), the adoption of artificial intelligence
(AI), the digitization of systems, the proliferation of IoT devices, and user-generated content have
created new data sources. Where for a long time, data deemed non-crucial/relevant was omitted
due to limited computational resources and storage capacity, significant improvements in afford-
ability and accessibility of high-performance GPUs, data storage and scalable cloud architectures
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have made it possible to train and deploy machine learning (ML) models on these underexplored
data environments.

As organizations are able to process these large and diverse datasets, they are motivated to extract
as much valuable information as possible from these assets to gain a competitive advantage and
improve their decision-making. This strategic imperative has intensified the demand for data-
driven automation, predictive analytics, and intelligent systems capable of uncovering patterns
that were previously inaccessible. Whereas data analysis was traditionally performed on static,
periodically updated datasets, organizations now require timely insights to get ahead of competi-
tors. This has resulted in a shift towards continuous data-processing and machine learning utiliza-
tion, defined as pipelines. These pipelines integrate data ingestion, transformation, validation, and
model inference into automated, end-to-end workflows that operate with minimal human inter-
vention. Consequently, ML pipelines are now widely deployed across domains including finance,
healthcare, logistics, retail, and public services.

However, this shift from isolated model development to real-time deployment introduces a fun-
damental challenge: the performance and reliability of ML systems are inseparably tied to the
quality of the data that feeds them. Research conducted in data and information quality [7,49,77]
demonstrates that real-world data is frequently imperfect, containing inconsistencies and inaccu-
racies. These imperfections become especially problematic when models continuously consume
new incoming data whose properties may diverge significantly from the data the initial model is
developed on. An empirical study supports this inherent dependency between data quality and
the performance of ML models, where various dimensions of data quality, such as noise, miss-
ingness, redundancy, and inconsistency, can systematically affect predictive accuracy and model
stability [12, 50].

In relation to the importance of data quality assessment within these pipelines, research has been
conducted on the data lineage. The data lineage is the process of tracking how data propagates
through a pipeline. For example, the origin of the data and what transformations were applied.
The research around this topic shows that quality issues often originate within data engineering
and data quality management, long before the data reaches the ML model [31].

1.3 Data Quality Assessment in Practice

To address these quality issues, several frameworks of data quality assessment and quality aware-
ness have been described to systematically evaluate across all stages of the data lineage [10, 54].
The practical implementation of these frameworks in modern machine-learning pipelines is cen-
tered around a variety of tools, checks, and monitoring practices. Organizations currently utilize
various data quality tools to assess and monitor their data quality within their pipelines.

A large portion of these tools is centered around rule-based or expectation-driven validation
frameworks. Tools such as TensorFlow Data Validation, built in collaboration with Google for
their TFX platform [22], Deequ, built in collaboration with Amazon Web Services [66], and di-
rect commercial solutions like Informatica [39], Collibra [26] and Soda [69] allow for constraints
on schema structure, value distributions, missingness, and other quality dimensions. These tools
enforce data constraints and checks that ensure new batches adhere to predefined value ranges,
thereby preventing abnormal data from entering ML pipelines.
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Since these approaches are static, there have emerged multiple data observability platforms, which
allow for real-time automated data monitoring, such as Monte Carlo [21], Soda Cloud [69], and
Informatica Data Management Cloud [39]. These tools extend beyond static rules by incorpo-
rating algorithms such as anomaly and drift detection. Rather than relying solely on predefined
constraints, they aim to detect unexpected behavior of the incoming data stream by leveraging
statistical monitoring and automated alerting mechanisms.

Across these tools and platforms, datasets are monitored primarily through metadata: structured
information describing the properties of a data asset, including schema-level structure and system-
derived indicators such as sparsity, cardinality, and value distributions [5]. Metadata creates an
overview of distributional characteristics, missingness patterns, outlier behavior and drift indi-
cators without requiring inspection of the full underlying data. This abstraction is essential for
monitoring in production environments, where real-time inspection of incoming data streams is
impractical for human interpretation. As a result, metadata has become a common and scalable
representation for dataset characteristics in production environments [22, 28, 66].

1.4 Limitations of existing practice
Although these tools are valuable for monitoring and assessing incoming data, their assessments
are data-centric rather than model-centric. By comparing incoming data with historical data
characteristics, they evaluate whether this incoming data differs substantially. However, such
deviation-based monitoring introduces several limitations in production ML pipelines.

First, these approaches are primarily sensitive to abrupt or threshold-exceeding changes, meaning
that slow, incremental drift over time may remain undetected even as the underlying data gradually
diverges from the initial training distribution. Second, these systems flag deviations independently
of their impact on model behavior. A feature distribution may shift substantially without affecting
predictive performance, while small but influential changes may go unnoticed.

Recent research attempts to bridge this gap by estimating expected model performance on incom-
ing data [64] or by evaluating models under controlled, corrupted conditions [65]. While such
methods offer valuable insights into potential performance degradation, they still do not provide
interpretable insights between specific data quality issues and their influence on model behavior.
Studies focused on anomaly detection and data characterization likewise identify unusual pat-
terns [56, 78] in model performance, but do not connect model under-performance to particular
root causes in the underlying data.

Taken together, these limitations highlight a central challenge: current tools are effective at de-
tecting that data has changed (monitoring, data-centric) or if the model degrades in accuracy
(expected model performance, model-centric), but they do not determine what in the underlying
data has changed to cause this degradation in performance. This becomes especially problematic
when model performance degrades unexpectedly, yet the available monitoring signals show no
incoming data-quality issues.

1.5 Gap and Objective
The limitations identified in the previous section reveal a fundamental gap between current mon-
itoring practices and the needs of production ML systems. Data-centric approaches focus pri-
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marily on detecting deviations in incoming data, such as shifts in distributions, schema changes,
or anomalies, but provide no mechanism for determining whether these deviations meaningfully
affect model performance. In contrast, model-centric approaches such as the score-prediction
model [64] can signal that a performance drop is likely or occurring, but they do not reveal which
specific changes in the data have caused this degradation. As a result, practitioners can observe a
degradation in predictive accuracy without the ability to identify its underlying root cause.

Bridging this gap requires moving beyond deviation-based monitoring and black-box perfor-
mance estimation toward an approach that can attribute observed model degradation to concrete
root causes in the underlying data.

However, this is unachievable by just combining existent data-centric and model-centric ap-
proaches for two main reasons. First, the relationship between changes in input data and down-
stream model performance is often non-linear and model-dependent. Seemingly minor shifts in
marginal distributions, missingness patterns, or rare inconsistencies can trigger disproportionate
performance drops once they interact with feature engineering, decision thresholds, or learned
non-linear feature interactions (Section 2.2). Conversely, large distributional changes that are
easily detectable by drift metrics may have little effect on predictive quality if they occur in low-
importance regions of the feature space or in features that the model effectively ignores. In addi-
tion, checks can be passed successfully while the model’s performance deteriorates. As a result,
deviation of known distributions is not a reliable proxy for data-quality and purely data-centric
approaches are insufficient.

Second, degradation is difficult to detect and diagnose in operational pipelines because the ground-
truth labels are typically unavailable at the moment a problem emerges. The labels are often
delayed, sparse, or entirely unavailable, and performance changes may only be identified much
later. Even when performance monitoring is possible, identification remains challenging because
multiple degradation mechanisms often co-occur within the same batch (Section 2.1).

An actionable root-cause approach must therefore operate at batch level, support multi-label
explanations where multiple degradation types can co-exist, and explicitly model the link be-
tween data characteristics and performance-relevant behavior rather than treating all deviations
as equally important. Because real degradation events are relatively rare and costly to identify,
a practical way to obtain supervised training signals is to generate controlled synthetic pertur-
bations. Synthetic degradations can be designed to reflect recurring technical defect types, vary
perturbation strength and rate and co-occurrence patterns, and produce labeled examples that
connect specific changes in data characteristics to measurable performance effects and their cor-
responding root causes.

To achieve this, this thesis extends the score-prediction model towards a supervised root-cause
prediction model for performance degradation in ML pipelines building on concepts from score-
prediction [64] and robustness analyses such as JENGA [65].

Concretely, the score-prediction model [64] serves as an external trigger in the online phase of the
proposed model (Section 3.1), while this thesis contributes the diagnostic stage that follows. Mo-
tivated by the sensitivity analysis approach of JENGA [65], which demonstrates that controlled
data corruptions can reveal model vulnerability to specific quality dimensions, this thesis adopts
a similar synthetic corruption strategy.
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The proposed approach adopts synthetic data degradations to construct labeled degradation sce-
narios. By learning the relationship between metadata features and specific degradation causes,
the framework aims to identify the data quality factor(s) responsible for the observed degradation
of the model. This results in a model-centric diagnostic framework for data-quality that provides
insight into the root cause of the degradation in model performance.

1.6 Research Question & Contributions

To achieve the objective discussed above, this thesis investigates the following research question:

How can batch-level metadata be used to learn a supervised model that identifies and
explains the root causes of machine-learning performance degradation in production

pipelines, using synthetic data degradations?

To answer this research question, we introduce the following sub-questions:

• How can synthetic degradation be designed to generate realistic, controllable, and labeled
single-cause and multi-cause data-quality incidents at batch level?

• Which metadata features (e.g., distributional statistics, missingness/outlier signals, drift
measures) are most predictive for distinguishing degradation types, and how should meta-
data be aggregated to represent batch-level change?

• To what extent can supervised multi-label models predict the correct degradation type(s)
for unseen batches, and how does performance vary between single-cause and multi-cause
scenarios and across perturbation ranges?

To address these research questions, this thesis makes four primary contributions:

First, it introduces a monitoring framework that moves beyond simple performance estimation
and is designed to support batch-level predictions around model degradation. This extension es-
tablishes the conceptual foundation for linking performance deviations to insights of the incoming
data.

Second, the thesis introduces a (feature-importance–aware) synthetic degradation pipeline that
generates controlled single- and multi-cause data quality perturbations. This pipeline enables the
creation of labeled degradation scenarios that would be rare, costly, or difficult to observe in real
operational environments.

Third, it proposes a metadata extraction pipeline capable of capturing dataset- and batch-level
characteristics relevant to data quality drift and outlier behavior. The pipeline integrates multiple
metadata dimensions, including distributional and profiling statistics, drift measures, and outlier
signals, allowing the framework to learn relationships between metadata features and degradation
outcomes.

Finally, the thesis designs and evaluates a supervised root-cause model that learns to identify the
data quality factors most likely responsible for observed performance degradation. The model is
assessed on its ability to distinguish between single- and multi-cause scenarios for synthetically
created degradation scenarios.
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Together, these contributions advance a model-centric diagnostic approach to data quality, com-
plementing existing monitoring tools and supporting more transparent and reliable operation of
machine-learning systems.

1.7 Outline

The remainder of this thesis is organized into five chapters. Chapter 2 presents an in-depth liter-
ature review, focusing on key concepts in data quality, metadata, and machine-learning pipeline
behavior. In addition, the literature review will position the thesis within current research on
data quality assessment, model monitoring, and performance degradation. Chapter 3 outlines the
methodological framework, detailing the construction of metadata representations, the generation
of degradation scenarios, and the design of the supervised root-cause explanation model. Chap-
ter 4 reports the empirical results, evaluating the model’s ability to identify degradation causes
under both single- and multi-cause conditions. Thereafter, chapter 5 discusses the evaluation,
limitations, and directions for future research. Finally, chapter 6 concludes the thesis.
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2 Literature Review
The methodological framework introduced in Chapter 1 draws upon concepts and techniques
from several research areas, including data and information quality and its influence on machine-
learning performance, metadata-based validation, anomaly and drift detection, and synthetic cor-
ruption. Although the different literature addresses complementary components of data-quality
management in machine-learning pipelines, it has largely evolved in parallel. Data-centric ap-
proaches primarily focus on detecting deviations in incoming data, whereas model-centric ap-
proaches aim to estimate performance under distributional change. Yet, as discussed in the intro-
duction, existing work rarely provides an integrated mechanism for attributing observed perfor-
mance degradation to specific, interpretable data-quality causes once such an event has occurred,
particularly when multiple degradations co-occur.

Data
sources

Ingestion Transform
& feature

Train
& deploy Predict

Figure 1: High-level schematic of the design of a machine-learning pipeline.

Data
sources

Ingestion Transform
& feature Predict

Figure 2: High-level schematic of a real-time operating machine-learning pipeline.

This chapter examines the bodies of literature that inform the proposed model. For guidance pur-
poses, a high-level overview of a machine-learning pipeline (Figure 1 during initial development,
Figure 2 while in operation) is presented throughout the literature review to show where methods
and approaches generally reside within these pipelines. This literature review begins by review-
ing core definitions, dimensions, and taxonomies of data-quality, followed by evidence on how
quality degradation affects machine-learning performance. It then examines metadata as a scal-
able representation of dataset characteristics and reviews how data-validation and observability
tools operate in modern machine-learning pipelines. Subsequent sections discuss anomaly and
drift detection methods, as well as research on synthetic data corruptions used to study model
robustness. Finally, the chapter surveys model families suitable for metadata-driven root-cause
prediction.

2.1 Data-Quality: Definitions, Concepts, and Dimensions

A precise understanding of data and information quality is essential for assessing how data degra-
dations affect machine-learning pipelines. Before discussing technical mechanisms for detection,
monitoring, or diagnosis of data-quality, it is important to identify what is meant by data-quality.
Accordingly, the literature first explores which dimensions are commonly observed and how these
dimensions are formalized. To further understand how these dimensions are present in datasets,
studies are consulted that identify at which structural levels data quality problems arise.

Early work in data-quality frequently equated quality with accuracy, adopting a system-centric
perspective in which data was considered high quality if it represented the real-world values they
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were based on [32]. Wang and Strong challenge this narrow view by arguing that data-quality
cannot be defined solely from the perspective of system- or database-engineers. Instead, data-
quality must be understood from the perspective of data consumers, namely those who rely on
data to perform tasks or make decisions [77].

Based on empirical studies of data consumers, Wang and Strong propose a hierarchical framework
that organizes data-quality dimensions into four broad categories (Figure 3). Intrinsic data-quality
captures properties that data should possess in their own right, such as accuracy, objectivity,
believability, and reputation, reflecting whether data is fundamentally correct and trustworthy.
Contextual data-quality emphasizes that quality must be evaluated relative to a specific task or use
case, including dimensions such as relevance, timeliness, completeness, and appropriate amount
of data. Representational data-quality concerns how data is structured and presented, focusing on
clarity, consistency of representation, and interpretability, all of which affect how easily users can
understand and correctly interpret data. Accessibility data-quality addresses whether data can be
obtained and used when needed, encompassing availability, ease of access, and access security.

Intrinsic

• Accuracy
• Objectivity
• Believability
• Reputation

Contextual

• Relevance
• Timeliness
• Completeness
• Appropriate amount of data
• Value-added

Representational

• Interpretability
• Ease of understanding
• Concise & consistent representation

Accessibility

• Availability
• Ease of access
• Access security

Figure 3: Wang & Strong’s consumer-oriented data-quality categories and dimensions.

From this viewpoint, data-quality is inherently contextual and purpose-dependent: data that is
technically correct may still be unfit for use if it is incomplete, outdated, difficult to interpret, or
inaccessible in a given usage context. Most importantly, it provides a conceptual bridge between
abstract quality dimensions and their practical consequences: data-quality issues do not always
violate formal constraints, but can directly undermine the usefulness, reliability, and trustworthi-
ness of the data and model.

Pipino et al. provide empirical support for Wang and Strong’s argument that data-quality is “fit-
ness for use” and therefore stakeholder-dependent: they show that database custodians and data
consumers can evaluate the same dataset differently, and that these disagreements are not triv-
ial [54]. In machine-learning pipelines, this perspective is particularly relevant, as models act as
data consumers whose predictive behavior depends on whether incoming data satisfies the quality
expectations they are developed on.

While these studies provide a consumer-oriented foundation, subsequent work has emphasized
the need to formalize data-quality dimensions in a technically precise manner to avoid ambi-
guity [7, 8, 51]. This shows that data-quality can be categorized into two partially overlapping

8



but conceptually different perspectives: a management-oriented perspective, focusing on frame-
works which safeguard the consumer-oriented quality of the data, and a technical perspective,
which focuses on the technical formalization of data dimensions. This distinction is central for
understanding not only how data-quality problems arise in operational systems, but also how to
formalize, categorize, and detect them.

2.1.1 Technical and management-oriented perspectives on data-quality

Management-oriented research focuses on organizational structures, governance processes, and
strategic alignment around data assets. Work in this field examines how roles, responsibilities,
incentives, and decision-making processes influence data-quality across an organization by ex-
amining common problems in data-quality management, such as organizational barriers and co-
ordination challenges [34, 49, 62, 68]. For example, Ryu et al. describe how organizations evolve
from ad hoc and reactive data-quality practices toward systematically managed and continuously
improved processes [62]. Similarly, Silvola et al. and Haug and Arlbjørn identify recurring
organizational challenges, including unclear data ownership, fragmented responsibility, and mis-
aligned incentives, which hinder data-quality [34, 68]. In addition, multiple studies emphasize
that technical data-quality defects frequently originate from managerial and organizational is-
sues, such as poorly defined data standards, inconsistent data collection processes, insufficient
governance, or undocumented changes in upstream systems [31, 49].

Bridging from this management-oriented perspective to technicalities, Batini and Scannapieco
synthesize prior research on data and information quality and move beyond defining dimensions.
Instead, they explicitly distinguish between quality dimensions, quality metrics, and assessment
methodologies [7, 8]. Furthermore, they argue that data-quality must be evaluated systematically
across the full data life-cycle and propose a set of core technical dimensions, including accu-
racy, completeness, consistency, timeliness, uniqueness, and integrity. Supporting this approach,
Pipino et al. argue that data-quality dimensions are only actionable if they can be translated into
measurable indicators that reflect both technical properties of the data and its fitness for use [54].
Their work provides a critical link between conceptual quality dimensions and the computable
metrics required for automated assessment, which is particularly relevant in machine-learning
pipelines. Oliveira et al. further refine this view and argue that formal definitions are necessary to
avoid ambiguity and overlap in the classification of data-quality problems [51].

While the preceding discussion has framed data-quality primarily in terms of technical dimen-
sions and conceptual taxonomies, these perspectives only become meaningful once we define the
scope of data-quality issues. In practice, data-quality issues are not exceptional edge cases but
widespread in real-world datasets. The next section therefore examines how frequently quality
problems occur and at what scale.

2.1.2 The extent of data-quality problems in practice

The importance of systematic data-quality frameworks is reinforced by extensive empirical ev-
idence demonstrating that data-quality problems are widespread and multifaceted in real-world
systems. These studies consistently report that operational datasets are rarely free of errors.

Abedjan et al. provide a comprehensive survey of data error types and detection techniques, syn-
thesizing findings from a broad range of real datasets [1]. They show that missing values occur
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in nearly all examined datasets, often following systematic rather than random patterns. Incon-
sistencies are particularly prevalent in enterprise and open data settings, while duplicates and
near-duplicates frequently arise in large-scale repositories and integration scenarios. Outliers and
noisy observations are common in sensor data, user-generated content, and transactional logs.
Crucially, these error types rarely occur in isolation; datasets typically exhibit multiple, inter-
acting data-quality problems simultaneously, which significantly complicates both detection and
remediation.

Operational studies of data-warehouse and analytics projects reinforce these findings. Empirical
analyses of large production datasets report double-digit percentages of unusable or low-quality
data [27]. Furthermore, studies of data pipelines and analytics initiatives show that a substantial
fraction of projects underperform or fail due to unaddressed data-quality issues [1, 31].

More recent discussions also note emerging challenges in modern AI workflows, such as anno-
tation inconsistencies and sampling biases in deep-learning data collection, and the increasing
need for automated mechanisms to monitor data-quality at scale [40, 75]. Model sensitivity to
such data-quality degradation has been observed across application domains. Pol et al. show that
data-quality certification is essential for maintaining reliable model behavior in large-scale scien-
tific pipelines [55]. Swazinna et al. study the effects of data-quality degradation and show that
deficiencies in offline reinforcement-learning datasets can induce systematic bias in policy evalua-
tion [72]. Collectively, these findings suggest that technical data-quality issues affect performance
beyond standard classification and regression benchmarks, leading to downstream, real-world im-
pact, and motivate a shift from ad hoc fixes toward systematic approaches that characterize and
monitor quality degradation.

2.1.3 Granularity levels of technical data-quality

Since Foidl et al. and Abedjan et al. show that defects observed in machine-learning pipelines
often originate upstream and then propagate across processing stages, the location where a quality
issue first arises is frequently different from where its effects become visible [1, 31]. Therefore,
understanding the granularity at which quality problems arise provides a foundation for formal-
izing technical data-quality dimensions. Rahm and Do stated that rather than treating quality
defects as uniform, problems arise at distinct structural levels, each associated with different error
types and different implications for downstream systems [58]. They incorporated this by separat-
ing single-source problems from multi-source integration problems, where heterogeneity across
systems and the merging process itself can introduce additional defects. Oliveira et al. refine the
single-source case further by distinguishing single-relation issues (e.g., duplicates, constraint or
dependency violations within a table) from multi-relation issues that emerge when considering
relationships between relations [51].

Figure 4 summarizes these levels. At the finest granularity, defects affect individual attribute
values or tuples, such as missing entries, typographical errors, or outlier measurements (section
2.4). At higher levels, issues increasingly arise from interactions—among tuples within a rela-
tion, among relations within a source, or across sources during integration, so that errors can be
transformed or amplified as the pipeline aggregates, joins, and engineers features.

Granularity therefore clarifies where technical defects originate, but it does not yet specify how
such defects should be represented in a way that enables automated diagnosis. In particular, the
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Multiple data sources
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Attribute / tuple

Figure 4: Granularity levels of technical data-quality problems following Oliveira et al. [51].

same abstract quality dimension can manifest through different defect mechanisms depending on
whether the issue occurs at the attribute/tuple level, within a relation, across relations, or during
multi-source integration [51].

For the purposes of this thesis, this implies that technical data-quality must be defined as a set
of computable indicators whose definition is explicitly formalized [51] and comes from a set of
computable indicators for data-quality [1, 54].

2.1.4 Formalizing technical data-quality dimensions and indicators

Following Batini and Scannapieco, we adopt a set of technical dimensions, namely accuracy,
completeness, consistency, timeliness, uniqueness, and integrity as the basis for quality assess-
ment [7, 8]. These dimensions are sufficiently general to cover common issues, yet concrete
enough to be mapped to measurable indicators. Different types of degradation for detection are
sourced from Abedjan et al. [1]. In addition, Oliveira et al.’s formalization of data-quality prob-
lems is adopted to create these mappings [51]. These metric families are batch-computable, so
they can be logged as metadata and used as model inputs regardless of the dimensions of the
datasets. Table 1 summarizes how each adopted dimension is translated into a family of com-
putable metrics. Figure 5 shows how these dimensions and computable metrics relate to the
different granularity levels. The exact metric construction and the feature extraction pipeline are
specified in Chapter 3.
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Degradation type Quality dimensions Operational definition

Missingness Completeness Required attribute values or records are
absent (nulls, omitted entries, incom-
plete), including missing values intro-
duced by schema evolution, joins, or
mapping rules.

Noise / Measurement error Accuracy Values are imprecise or incorrect due
to faulty transformations, erroneous
entry, sensor noise, or inconsistent up-
date operations; manifests as attribute-
level distortions that violate expected
value properties.

Outliers / Extreme values Accuracy; integrity (do-
main conformance)

Rare or aberrant values that violate
domain/range expectations or implicit
distributional assumptions. Erroneous
updates, measurement faults, or invalid
assignments.

Redundancy / Duplication Uniqueness; consistency Duplicate or near-duplicate entity rep-
resentations under a given identity def-
inition, introduced by repeated inges-
tion, insufficient de-duplication, unre-
solved entity matching, or inconsistent
merge rules.

Distributional shift / Drift Timeliness (as change
over time); accuracy
proxies

Systematic changes in univariate or
multivariate feature distributions or co-
occurrence patterns across batches rel-
ative to a historical reference, de-
tectable via drift indicators and associ-
ated with potential performance degra-
dation.

Table 1: Taxonomy of technical data-quality degradation types and their mapping to quality di-
mensions [1, 6–8, 51].

Attribute Tuple Multi-relation Multi. data sources

Missingness / Incompleteness

Noise / Measurement Error

Outliers / Extreme Values

Redundancy / Duplication

Distributional Shift / Drift

Figure 5: Degradation types by granularity level. Filled circles indicate granularity levels at which
a degradation type typically manifests. Attribute = single feature value; Tuple = individ-
ual record (row); Multi-relation = issues arising from relationships among tables within
the same source; Multi. data sources = final, model-consumed batch after preprocessing
and joining.
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2.2 Data-Quality and Its Effect on Machine-Learning Performance

2.2.1 From technical data-quality defects to performance degradation

While Section 2.1 established that data-quality problems are pervasive and structurally embed-
ded in data pipelines, their relevance for machine-learning pipelines becomes most evident when
considering how such degradations affect predictive performance. Machine-learning models im-
plicitly assume that training and deployment data are drawn from similar distributions and sat-
isfy certain statistical and semantic properties [38]. Violations of these assumptions, introduced
through technical data-quality defects, can therefore have a direct and often non-linear impact on
model behavior. The degradation mechanisms studied in this literature can be interpreted through
the technical degradation categories and granularity levels introduced in Section 2.1, including
missingness and noise at the attribute level, inconsistencies at the relation level, and distributional
changes at batch or dataset level.

2.2.2 Empirical evidence on the effects of data-quality issues in supervised learn-
ing

A substantial body of empirical work demonstrates that data-quality issues such as missingness,
noise, outliers, inconsistencies, and redundancy systematically degrade machine-learning perfor-
mance. Blake and Mangiameli provide one of the earliest empirical analyses of this relationship,
showing that classification accuracy deteriorates as data-quality declines and that the magnitude of
this effect depends on both the type of degradation and the complexity of the learning task [12].
Their results indicate that certain defects, particularly noise and missing values, interact with
model complexity in non-trivial ways, making performance degradation difficult to predict using
simple heuristics or isolated quality indicators.

Data
sources

Ingestion Transform
& feature

Train
& deploy Predict

Origin Evaluationdelayed detection

Data Quality checks

PASSED

Downstream Consequence

FAIL: KPI or Performance drop noticed
when validated against delayed true labels

Figure 6: Data-quality issues may exist upstream, but checks can still be passed and these issues
are exposed much later when model is validated against true labels.

More recent studies extend these findings to modern machine-learning settings and larger datasets.
Budach et al. investigate the impact of multiple data-quality dimensions on supervised learning
models and show that different degradation types affect models in qualitatively different ways
[16]. For example, systematic missingness and label noise lead to consistent performance dete-
rioration across model families, whereas outliers and redundancy exhibit more model-dependent
effects. Mohammed et al. similarly demonstrate that technical data-quality issues in tabular
datasets, including noise, missing values, and inconsistent encodings, can significantly affect
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both predictive accuracy and model stability, even when traditional data-centric validation is sat-
isfied [50]. Together, these studies reinforce the conclusion that data-quality defects are a primary
source of performance variation in deployed machine-learning pipelines and that performance
degradation can occur when the underlying data passes data-centric validation (Figure 6).

2.2.3 Sensitivity benchmarking through controlled perturbations: the JENGA
framework

An intuitive approach operationalizes data-quality dimensions as controllable degradation factors
in order to study model sensitivity. JENGA introduces a benchmarking framework that evaluates
machine-learning models under systematic data corruptions targeting specific quality dimensions,
such as missingness, noise, outliers, and distributional shift [65].

Rather than focusing on adversarial robustness or model defenses, JENGA adopts a diagnostic
perspective by measuring how model performance degrades when individual data-quality dimen-
sions are perturbed in isolation. This limitation of individual dimension degradation results in
maximum interpretability, simplicity, and usability for routine robustness checks, rather than eval-
uating multiple data-quality defects, often seen in real-world data. In addition, JENGA assumes
that the type and severity of degradation are known in advance. This assumption never holds in
production, where labels are delayed, sparse, or entirely unavailable at inference time.

Nevertheless, the framework provides empirical support by showing that models exhibit highly
heterogeneous sensitivity profiles, with certain degradations consistently leading to substantial
performance loss and others producing more subtle or model-dependent effects. Importantly,
JENGA demonstrates that no single model is uniformly robust across all data-quality dimensions,
and that sensitivity depends jointly on the degradation type, its severity, and the learning algo-
rithm. As such, JENGA establishes the importance of model-centric data-quality validation, but
does not qualify for adoption in pipelines.

2.2.4 Monitoring model-centric validation through metadata-driven score predic-
tion

Since performance degradation is only observable after ground-truth labels become available or
after downstream business impact has occurred, new approaches have been studied. Schelter et al.
propose a score-prediction framework that estimates expected model performance on incoming
data batches using metadata extracted from the data itself [64]. Rather than directly measuring
accuracy, their approach learns a mapping between dataset-level characteristics, such as distribu-
tional statistics and other metadata features, and observed model performance during training and
evaluation. This enables the prediction of performance degradation under distributional change
or corrupted input data, even in the absence of labels at inference time. Empirical results show
that metadata-driven score prediction can successfully anticipate performance loss across a range
of degradation scenarios, including synthetic corruptions and dataset shift.

However, the score-prediction approach remains limited. While it can indicate that a model is
likely to underperform, it does not explain why the degradation occurs. The predicted score is a
summary that does not attribute performance loss to specific data-quality defects or combinations
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thereof. Consequently, practitioners are alerted to potential issues but lack actionable insight into
which aspects of the data have changed in ways that harm the model.

2.2.5 From performance-aware monitoring to root-cause explanation

Taken together, the literature reviewed in this section reveals a gap between performance-aware
monitoring and actionable root-cause explanation. Empirical studies and sensitivity benchmarks
demonstrate that technical data-quality degradations have structured and often substantial effects
on machine-learning performance. Score-prediction models further enable early warning of po-
tential performance loss without requiring immediate labels through the use of metadata repre-
sentation. However, these approaches do not directly identify which specific data-quality factors,
or combinations thereof, are responsible for an observed performance drop in production settings.
This motivates a supervised, metadata-driven approach that explicitly maps batch-level changes
to interpretable degradation causes and can support root-cause analysis under multi-cause condi-
tions.

2.3 Metadata-driven Data-Quality Assessment

Sections 2.1 and 2.2 established two key premises for operational machine-learning systems.
First, technical data-quality defects are pervasive in real pipelines and arise at multiple granularity
levels, from individual attribute values to source integration. Second, these defects have structured
and often non-linear effects on model performance, while performance itself is frequently hard to
measure online due to delayed or missing labels. In this setting, continuously inspecting raw data
at instance level becomes increasingly impractical as data volumes, heterogeneity, and pipeline
complexity increase, both from a computational and a human interpretability perspective [1, 31,
49], and even if these checks are satisfied, a model can still deteriorate in accuracy [50]. Modern
ML pipelines ingest, transform, and materialize data into batches at high velocity and scale, which
makes full manual inspection infeasible and complicates reasoning about how data properties
evolve across pipeline stages.

To address these constraints, data-quality research and practice have adopted metadata as a scal-
able abstraction for describing, monitoring, and reasoning about dataset characteristics. Metadata
captures structural and statistical properties of data, such as schema information, value distribu-
tions, missingness patterns, constraint violations, and drift indicators, without requiring persistent
access to all underlying records. By summarizing datasets at batch level, metadata enables con-
tinuous quality assessment in large-scale systems and provides a representation through which
validation, monitoring, and observability can be operationalized.

2.3.1 Metadata as a representation of data-quality

In the context of data-quality, metadata denotes complementary information of datasets and their
evolution over time. This includes but is not limited to schema-level metadata, such as attribute
names, data types, and constraints, statistical metadata, such as distributions, moments, spar-
sity patterns, value ranges, and higher-order indicators derived from comparisons across batches,
such as drift metrics or anomaly scores. Rather than replacing raw data, metadata serves as a
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compact and tractable representation that supports scalable reasoning about data properties and
their change over time.

Several studies position metadata as a foundational mechanism for expressing and evaluating
data-quality conditions. A broad perspective is provided by Ulrich et al., who synthesize the roles
of metadata across data-intensive systems and emphasize that metadata is not only descriptive,
but also analytical and operational, enabling validation and system-level reasoning as data evolves
[74]. Aljumaili et al. support this claim more specific to data-quality by describing metadata as
a primary metric for representing technical quality dimensions, showing how properties such as
completeness, consistency, and validity can be represented through metadata-derived indicators
[4]. Visengeriyeva and Abedjan similarly demonstrate that deviations in statistical and structural
metadata can be used to detect data errors without record-level inspection, which is particularly
important in large repositories where exhaustive checks are computationally expensive [76].

2.3.2 Categories for Data-Quality assessment

Because metadata is a broad concept, it is important to distinguish which types are most informa-
tive for technical data-quality dimensions in ML pipelines and how they relate to the quality di-
mensions and granularity levels introduced in Section 2.1. Structural metadata specifies expected
schema and constraints at the attribute/tuple and single-relation level, and relationships at the
multiple-relations level, for example keys and joins, making it closely linked to representational
and consistency failures such as type mismatches, schema drift with missing or extra features,
and integrity-constraint violations. Statistical metadata summarizes empirical properties such as
distributions, missingness rates, correlations, and value ranges, computed at the attribute/tuple
level and aggregated for a single relation; it can also be extended across multiple relations and
multiple data sources to monitor completeness, validity, and distribution shift or drift. Semantic
metadata captures the meaning and intended interpretation of data, for example feature and label
semantics, units, and domain concepts, enabling detection of inconsistent encodings and implau-
sible values at the attribute/tuple level and improving coherence across relations and sources when
combined with structural constraints. Operational metadata characterizes how data is produced
and transported through pipelines, including batch size, freshness, latency, lineage or run sta-
tus, and change indicators, which is most salient at the multiple data sources level and connects
directly to timeliness and reliability concerns in production settings [31, 74].

For technical data-quality in ML pipelines, structural and statistical metadata are typically the
most central, because they can be computed repeatedly on evolving batches and map naturally to
common degradation types such as missingness, noise, outliers, inconsistencies, redundancy, and
drift as introduced in Section 2.1 [1, 4, 76]. The effectiveness of metadata-based monitoring de-
pends on metadata-quality itself. For example, Rousidis et al. show that incomplete, inconsistent,
or unreliable metadata can significantly limit downstream validation and analysis in large repos-
itories. [60]. In this context, ‘metadata-quality’ focuses semantic and descriptive metadata (e.g.,
business meaning, provenance, labels) rather than technical metadata derived directly from the
data itself, which cannot be of low-quality. This dependence has motivated automatic detection
methods. For example, Lorenzini et al. use supervised text classification to identify low-quality
descriptive metadata [47].
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Recent work also extends metadata beyond static summaries toward learning-oriented represen-
tations. Elouataoui et al. propose an active metadata perspective in which metadata features are
continuously updated and analyzed using machine-learning models to support quality manage-
ment in large-scale environments, reflecting a shift toward treating metadata as an input signal for
automated decision-making rather than only documentation [29].

2.3.3 Metadata-driven validation frameworks

Metadata is not only used for descriptive profiling, but also as the basis for automated data-quality
validation. In constraint-based validation, quality expectations are expressed over metadata prop-
erties, such as acceptable value ranges, schema consistency, uniqueness, completeness, or dis-
tributional stability. Influential frameworks in large-scale ML environments are Deequ, Great
Expectations and TensorFlow Data Validation (TFDV), which formalize validation as metadata
profiling plus anomaly detection relative to expected distributions, predefined constraints and
learned baselines.

Deequ provides a declarative framework for defining and verifying data-quality constraints at
scale, designed for integration with distributed processing settings [66]. The core idea is to com-
pute dataset and batch-level metrics, for example completeness rates, uniqueness ratios, approxi-
mate distributions, and constraint violation counts, and to validate these metrics against expected
ranges. Expectations can be specified manually or derived from historical profiling, which en-
ables detection of deviations such as missingness spikes, shifts in categorical value sets, unex-
pected range expansions, or changes in distributional shape. The Deequ papers emphasize that
this approach supports continuous verification in production pipelines by treating each incoming
batch as an object to be assessed through metadata rather than inspected record by record [66].

TFDV adopts a similar metadata-centric philosophy within the TensorFlow Extended ecosys-
tem [22]. It profiles datasets to infer schemas and statistical baselines, then validates new data
against these metadata profiles. This enables detection of anomalies such as missing features,
type mismatches, schema violations, unexpected categorical values, and distributional changes.
Like Deequ, TFDV operationalizes technical data-quality primarily as conformance between an
observed metadata profile and an expected metadata profile, which is a natural fit for batch-based
ML pipelines where quality must be checked repeatedly as new data arrives.

Great Expectations provides a related paradigm that emphasizes human-readable, test-oriented
expectations, expressed as executable checks over metadata summaries [30]. While often used in
analytics settings, it is also used to validate training and inference data in ML pipelines, especially
when teams want explicit, auditable quality assertions. Across these frameworks, a common
pattern emerges: metadata enables scalable validation of many technical dimensions defined in
Section 2.1, including completeness, validity, consistency, uniqueness, and distributional stability,
by translating these concepts into computable batch-level statistics and constraint checks.

2.3.4 Automating validation specification and adaptation

A central limitation of constraint-based validation in practice is the specification burden. Defin-
ing and maintaining high-quality rule sets is labor-intensive, brittle under changing pipelines, and
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difficult to scale across many datasets. This motivates a line of research that automates the dis-
covery, adaptation, and maintenance of validation constraints by learning normal patterns from
data, from history, or from broader repositories.

Auto-Validate proposes unsupervised techniques to infer data-domain patterns and generate val-
idation constraints from large repositories, aiming to reduce manual rule authoring by learning
what typically holds for similar tables and attributes [70]. Auto-Validate-by-History extends this
idea by leveraging historical pipeline executions to identify recurring properties and derive vali-
dation rules that are stable over time within a given pipeline context [73]. Shah et al. propose an
AI-powered monitoring perspective that adapts validation logic over time using learned baselines,
reflecting the broader trend toward using machine learning to maintain and refine data-quality
monitoring under non-stationarity [40].

More recently, large language models have been explored as a mechanism to lower the barrier
for specifying validation requirements. Abughazala and Muccini propose approaches that trans-
late high-level requirements into executable checks, for example into Great Expectations speci-
fications, which can improve usability and accelerate the development of quality test suites [2].
Across these automation-oriented approaches, metadata remains the central representation, either
as the object on which constraints are defined or as the learned signal that characterizes normal
behavior.

2.3.5 Enterprise Data Validation Platforms

In industrial practice, metadata-driven validation and monitoring principles are embodied in enter-
prise data observability platforms such as Collibra [26], Informatica [39], Monte Carlo [21], and
Soda [69]. These systems continuously compute metadata profiles over incoming data batches
and monitor properties such as schema changes, freshness and latency, volume anomalies, distri-
butional shifts, and rule violations. In contrast to many academic prototypes, they place strong
emphasis on operational concerns, including alerting workflows, integration with data stack com-
ponents, and broad coverage across many pipelines and datasets. Conceptually, they operational-
ize the same core idea as the validation frameworks above: data incidents are detected through
deviations in metadata relative to expected behavior.

2.3.6 Data-centric versus model-centric validation

Across both research and practice, the dominant use of metadata is data-centric (Section 2.1).
Metadata is used to validate or monitor incoming batches relative to constraints or historical
norms, with the objective of detecting deviations in the data itself. These approaches provide
strong coverage for many technical issues, but they typically do not determine whether a detected
deviation is consequential for a downstream machine-learning model.

Data
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Ingestion Transform
& feature Predict

Data-centric Validation Model-centric Validation

Figure 7: Data-centric and model-centric methods within real-time ML-pipeline.
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Model-centric approaches instead aim to reason about model behavior under changing data con-
ditions (Section 2.2. A prominent example is the score-prediction framework of Schelter et al.,
which estimates expected model performance from dataset-level metadata when labels are un-
available [64]. However, model-centric monitoring approaches do not yield an explanation for
the observed degradation, and therefore do not identify which technical degradation types, or
combinations of types, are responsible for underperformance.

This separation between deviation detection and performance attribution exposes an important
gap for operational ML systems. Data-centric tools can indicate that incoming data differs from
expected baselines, and model-centric methods can indicate that performance may degrade, but
neither provides a mechanism that links metadata changes to interpretable explanations of model
underperformance. This gap motivates the methodological direction of this thesis, which treats
metadata not only as a detection instrument, but also as a structured signal for root-cause expla-
nation.

The next section examines anomaly and drift detection methods. These methods, integrated into
the tools and frameworks discussed, provide models and approaches for identifying unusual pat-
terns and distributional changes in datasets, and they additionally inspect dataset characteristics
which cannot be concluded from current derived statistics.

2.4 Anomaly & Drift Detection for Data-Quality

Building on the idea of representing data dimensions through metrics, a large body of work studies
how unexpected deviations in incoming data can be detected automatically. In the literature, this
problem is generally addressed through anomaly detection. Smaller deviations accumulating over
time are generally measured using drift or shift detection. This section reviews detection meth-
ods and algorithms, with an emphasis on how they relate to technical data-quality degradations
(Section 2.1 and 2.2).

2.4.1 From technical data-quality degradations to detectable signals

Technical data-quality problems such as missingness, noise, outliers, inconsistencies, redundancy,
and distributional change often manifest as deviations in batch-level summaries, for example
shifts in missing-value rates, changes in value ranges, altered category frequencies, unusual cor-
relation structure, or increasing constraint-violation counts [1, 4, 76].

Using pure metadata derived statistics as in Section 2.3 is possible by the following approach:
given metadata snapshots extracted from historical batches that were considered acceptable, de-
termine whether the metadata of a new batch is statistically atypical or violates expected patterns.
However, the literature also stresses that deviations are heterogeneous. Some correspond to data-
quality defects (for example systematic missingness or domain-violating values), while others
reflect genuine changes in the underlying process (for example seasonality or shifting user pop-
ulations). This ambiguity motivates robust detection methods and careful interpretation of alerts,
particularly in operational settings where distributions are non-stationary [63]. Additional meth-
ods of detecting shifts and outliers can provide valuable complementary information to prevent
misinterpretation.
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2.4.2 Anomaly detection as a mechanism for data-quality control

Anomaly detection provides methods to flag atypical observations or batches without requiring
labeled error instances. Chandola et al. provide a foundational survey, distinguishing between
point anomalies, contextual anomalies, and collective anomalies, and highlighting that anomaly
definitions are application dependent [23]. In data-quality contexts, anomalies may occur at mul-
tiple granularity-levels: at attribute level (unexpected value ranges, missingness), at tuple level
(aberrant records), and at batch level (unusual global statistics).

Classical approaches rely on distributional assumptions or distance-based criteria. In pipeline
settings, these methods often operate on feature-wise statistics or on learned representations of
batches, thereby aligning naturally with metadata extraction pipelines [4, 76]. More scalable and
widely adopted methods include tree-based techniques such as Isolation Forest [46], as well as
copula-based [43] and multivariate techniques [61] that aim to handle complex dependencies
among attributes. In practice, these methods are frequently used to detect outliers and rare pat-
terns that can indicate sensor malfunctions, logging errors, or upstream transformation issues.
Empirical studies in applied domains, including medical and scientific data pipelines, show that
multivariate outlier detection can support data-quality evaluation when raw inspection is infeasi-
ble [55, 71].

In the data-quality literature, a recurring theme is that anomaly detection is most useful when
paired with domain constraints or expected invariants. For example, recent work explores anomaly-
based metrics for semantic consistency and probability-based assessment of consistency viola-
tions, reflecting a trend toward combining statistical evidence with semantic validity [35, 41].
This line of work is relevant for ML pipelines because many impactful defects are not extreme
values but subtle inconsistencies, such as logically incompatible attribute combinations.

2.4.3 Drift and dataset shift detection

While anomaly detection often targets rare or extreme deviations, drift detection focuses on sys-
tematic changes over time. In machine learning, drift is frequently operationalized as dataset
shift, meaning that the joint distribution of inputs, labels, or both changes between training and
deployment [63]. The literature distinguishes several common shift types that are often adopted
for data-quality monitoring.

Covariate shift refers to changes in the input distribution while the conditional label distribution
remains stable. Discriminative learning under covariate shift and related work show that such
shifts can be detected and sometimes corrected using reweighting or density-ratio estimation,
including leveraging unlabeled target data [11, 36].

Label shift refers to changes in the label marginal distribution, and methods exist to detect and
correct for it using black-box predictors [45]. From a data-quality perspective, shifts in feature
distributions can arise from real-world process change but also from technical degradations such
as upstream encoding changes, systematic missingness, or changes in data collection instrumenta-
tion, which again highlights that drift detection is not equivalent to defect diagnosis. Recent work
also explores embedding-based drift detection, for example Drift Lens, which evaluates shifts in
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per-label embedding distributions in an unsupervised manner [33]. Such approaches are particu-
larly compatible with metadata pipelines when embeddings or latent features are included as part
of monitoring data.

A major study by Rabanser et al., which evaluates practical methods for detecting dataset shift,
emphasizes that detection reliability varies strongly by method, data modality, and shift type
[57]. Their findings motivate the use of multiple complementary signals rather than a single drift
statistic, which supports the implementation of multiple batch-wise drift detection algorithms in
combination with metadata derived statistics.

2.4.4 Pipeline-aware and slice-based detection in ML operations

Instead of applying these methods at one stage in the data life-cycle, pipeline-aware detection
monitors assess the data through multiple stages and changes are tracked as first-class objects
[7,8]. More recently, work such as CM-Explorer targets ingestion problems specifically, support-
ing the view that operational failures often reflect stage-specific breakdowns rather than purely
statistical shift [17]. In addition, work on change exploration in data pipelines formalizes change
as an analyzable signal and provides conceptual tools for systematically dissecting how datasets
evolve through pipelines [13].

A further operational challenge is that drift and anomalies are often localized. dataset-level ag-
gregates can hide that a specific subgroup, feature slice, or regime has shifted. Slice-based ap-
proaches attempt to detect drift or failures on subsets of the data. Ackerman et al. propose
detecting model drift via weak data slices, which operationalizes the intuition that changes con-
centrated in certain slices may be early indicators of broader degradation [3]. While such methods
are often framed as model drift detection, the underlying mechanism remains data-centric in the
sense that it detects localized distribution changes, and it does not by itself provide root-cause
labels tied to technical degradation types.

2.4.5 Limitations for model-centric diagnosis

Despite strong progress in anomaly and drift detection, the literature indicates two limitations that
are central for this thesis. First, most methods are data-centric and largely unsupervised. They
identify that incoming data deviates from historical baselines, but they do not attribute deviations
to specific technical degradation types, nor do they resolve multi-cause scenarios where several
issues co-occur [23, 57]. Second, deviation does not necessarily imply harm. A batch can drift
in ways that are benign for a particular model, while small and localized changes can materially
affect performance. As a result, alerts based on distributional deviation or outlier scores alone are
difficult to prioritize and often remain non-actionable in operational pipelines.

These limitations imply that detection, performance awareness, and explanation are distinct tasks.
Detection methods provide candidate signals that something has changed, but they do not provide
a controlled basis for learning which kinds of changes are harmful, nor a label space for explaining
which data-quality factors are responsible when degradation is observed.

2.4.6 Remaining gaps for root-cause diagnosis

In summary, anomaly and drift detection methods offer scalable mechanisms for flagging unex-
pected changes in data batches using statistical and metadata-based signals. They are therefore

21



essential components of data-quality monitoring and observability. However, their outputs are
typically alerts rather than explanations: they do not provide ground-truth labels about the un-
derlying degradation mechanisms, and they do not isolate causal factors when multiple defects
co-occur.

This motivates the use of synthetic data corruption as a complementary research strategy. By in-
jecting controlled, feature- and severity-specific perturbations into otherwise clean data, synthetic
corruption enables the creation of labeled degradation scenarios that are rare or hard to observe
in production. Such scenarios make it possible to quantify model sensitivity to specific technical
data-quality dimensions and to learn supervised mappings from metadata changes to degradation
causes. The next section therefore reviews literature on synthetic corruptions and data error sim-
ulation, focusing on how these techniques are used to study robustness and to generate controlled
degradation sets.

2.5 Synthetic Data Corruption & Data Error Simulation

The previous sections show that anomaly and drift detection methods indicate that incoming data
deviates from historical behavior in addition to metadata summaries, because these are not opti-
mized for outlier or drift detection. However, there exists a problem with testing these features
applicability within root-cause analysis.

In operational machine-learning pipelines, incident data is rarely curated in a way that supports
supervised diagnosis, since failures may be infrequent, context-specific, and only partially ob-
served [49]. This motivates the use of synthetic data corruption and data error simulation as a
methodological instrument to create controlled, repeatable degradation events with known causes.

Synthetic corruptions are widely used in both research and practice to study how models behave
under degraded input conditions. The central idea is to apply parameterized perturbations that in-
stantiate technical data-quality defects, often focused on data quality metrics such as missingness,
noise, outliers, inconsistencies, redundancy, or distributional shift as introduced in Section 2.1.
These perturbations are utilized to measure how predictive performance changes as a function of
the defect type and its severity [12, 16, 50]. In contrast to purely observational studies, synthetic
simulation provides experimental control: the degradation mechanism is explicitly defined, its
intensity can be varied, and the resulting performance impact can be evaluated consistently across
models and datasets.

2.5.1 Corruption-based sensitivity analysis & robustness evaluation

JENGA, discussed in Section 2.2 is a prominent example of corruption-based evaluation. The
framework provides an approach to study the impact of data errors on machine-learning predic-
tions by applying corruptions that target a specific data-quality dimension [65]. The goal is not to
propose defensive techniques, but to quantify sensitivity. JENGA operationalizes common tech-
nical defects as controllable interventions, enabling comparative evaluation of different model
families under dimension-specific stress tests.

At the same time, these corruption-based benchmarks highlight an important gap between con-
trolled evaluation and operational diagnosis. Evaluation frameworks such as JENGA assume that
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the single degradation type and its severity are known [65]. As discussed in Section 2.1, in prac-
tice degradations are not labeled, may emerge gradually, and frequently co-occur, which makes it
difficult to infer the underlying cause from performance behavior alone. This limitation is present
in JENGA, which provides evidence that technical defects matter for performance, but that a sep-
arate mechanism is required to infer which defects have occurred when performance degradation
is observed.

2.5.2 Corruption operators aligned with technical data-quality dimensions

To produce meaningful insights, corruption operators must be aligned with technical data-quality
dimensions and can be related back to the taxonomy introduced in Section 2.1. Missingness
injection operationalizes defects in completeness by removing values at the attribute or tuple
level. Noise injection operationalizes defects in accuracy by perturbing values through additive,
multiplicative, or categorical replacement mechanisms. Outlier injection operationalizes accuracy
issues by creating rare or extreme values that violate expected ranges or statistical regularities.
Duplication and redundancy injection operationalize uniqueness defects by inserting identical
duplicate records.

Distributional shift simulation operationalizes dataset-level degradations by changing feature val-
ues which will alter distributions across batches, either through covariate shift or through more
structured changes in joint distributions. This connects directly to the dataset shift literature and
to empirical studies showing that models can fail silently under distributional change [57, 63].
In addition, relation-level inconsistencies can be simulated by generating constraint violations,
such as invalid combinations of categorical values or broken integrity relationships in relational
settings, which aligns with the constraint-based view of validation widely adopted in metadata-
driven frameworks [22, 66].

This mapping between corruption operators and technical dimensions is closely related to a
broader line of work that treats data errors as actionable objects for machine-learning pipeline
improvement. For example, BoostClean frames error detection and repair as a way to improve
downstream model performance by systematically searching over cleaning operations and se-
lecting those that yield measurable performance gains [42]. Similarly, work on data evaluation
and enhancement for machine learning emphasizes that dataset quality can be improved through
systematic assessment and targeted transformations, with downstream performance as a guiding
signal [24]. While these approaches focus on improving data and models, they reinforce the
methodological premise that structured, controllable data transformations can be used to study
and manage the relationship between data-quality and performance.

2.5.3 Design space of synthetic corruptions

Synthetic corruption does not consist of a single technique. Instead, there exists a design space of
choices that determine whether simulated degradations are informative and realistic.

The first key choice concerns the granularity at which corruptions are applied. As discussed in
Section 2.1, technical data-quality problems can manifest at multiple structural levels, ranging
from attribute and tuple level defects to relation-level issues and dataset-level shifts. Corruption
operators should therefore be designed and interpreted with respect to these levels.
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Figure 8: Design space of synthetic corruptions, illustrating trade-offs between realism and diag-
nostic control, and core design choices (granularity, severity/temporal structure, com-
position, and targeting).

A second design choice concerns severity parameterization and temporal structure. Severity con-
trols the intensity of a degradation, such as the missingness rate, the magnitude of additive noise,
the fraction of duplicated records, or the distance between historical and current distributions.
Temporal structure determines how corruptions unfold across batches, for example as abrupt step
changes, gradual drift, or intermittent spikes.

A third design choice concerns composition. The data-quality literature discussed in Section 2.1,
emphasizes that error types rarely occur in isolation and often interact [1,31]. In machine-learning
pipelines, combined defects may amplify performance degradation beyond what is implied by
individual defects. This makes multi-cause simulation particularly important for root-cause mod-
eling, since it enables training and evaluation under the realistic assumption that multiple degra-
dation mechanisms can be present simultaneously.

Finally, corruption design must consider targeting. A common approach applies corruptions uni-
formly at random across records or features, which is a shortcoming regarding model-centric
monitoring. When models use regularization, altering features which are not used by the model
can give the illusion that a model is robust with respect to a certain data-quality dimension. To pre-
vent this, one can adopt targeted corruption strategies, where features that matter for the machine-
learning model are more likely to be perturbed. In this thesis, this consideration directly supports
the design choice of a feature-importance aware synthetic degradation pipeline, which allows con-
trolled generation of both single- and multi-cause scenarios within the model’s view. The design
space of the synthetic corruption and its mechanics of simulating realistic scenarios are discussed
in Figure 8.
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2.5.4 Limitations of synthetic simulation & implications for this thesis

Synthetic corruption is inherently an approximation of real-world incidents. If corruptions ignore
feature dependencies, domain semantics, or unrealistic transformations, they may produce arti-
facts that are not representative of real failures [31, 49]. To combat this, the approach should not
violate these easy to detect defects, since data-centric detectors within the pipeline would already
have raised alerts.

Moreover, simplistic random perturbations may not capture structured incidents that affect spe-
cific subpopulations, specific source systems, or specific processing steps. These limitations do
not invalidate synthetic simulation, but they motivate careful design choices that balance control
with realism. In the context of this thesis, this motivates a pipeline-centric, feature importance
aware corruption strategy that supports both targeted and multi-cause scenario generation, and
that aligns with the technical degradation taxonomy established in Section 2.1.

2.5.5 Positioning and bridge to root-cause modeling

In summary, the literature supports synthetic corruption as a practical and widely used method
for studying how technical data-quality defects affect machine-learning models under controlled
conditions [12, 16, 65]. Synthetic simulation is particularly valuable in pipeline settings because
real degradation events are often rare, heterogeneous, and unlabeled, while simulated corrup-
tions provide known causes, tunable severity, and repeatability [1, 31]. At the same time, prior
corruption-based work is primarily evaluative: it quantifies sensitivity to specific degradation
mechanisms, but it does not by itself provide an operational mechanism for attributing observed
performance loss to concrete, interpretable causes when multiple degradation types co-occur.

This thesis builds on these insights by using synthetic degradation to generate labeled single-
cause and multi-cause scenarios that reflect the technical degradation taxonomy established in
Section 2.1. This setup naturally induces a multi-label prediction problem at the batch level, since
multiple degradation types may be present simultaneously within the same incoming dataset. The
root-cause model therefore must learn to map metadata signatures to a set of likely degradation
labels, rather than selecting a single class. The next section reviews candidate model families for
this task, with particular emphasis on approaches that can handle non-linear interactions among
features, support multi-label outputs, and remain sufficiently interpretable to produce actionable
explanations.

2.6 Supervised Models for Metadata-driven Root-Cause Prediction
The preceding sections established three requirements that shape the learning problem addressed
in this thesis. First, technical data-quality degradations are pervasive, arise at multiple granularity
levels, and frequently co-occur in realistic pipelines (Section 2.1). Second, these degradations
have structured and often non-linear effects on predictive performance (Section 2.2). Finally,
metadata-driven monitoring and validation frameworks can detect anomalies in incoming batches
at scale, but typically remain data-centric and do not attribute model underperformance to con-
crete degradation types (Section 2.3). These observations motivate a supervised learning approach
that takes batch-level metadata as input and outputs probabilistic explanations over a set of degra-
dation labels.
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2.6.1 Problem formulation: multi-class versus multi-label root-cause prediction

A central modeling decision concerns whether degradation diagnosis should be framed as multi-
class or multi-label prediction. A multi-class formulation assumes that exactly one degradation
type is responsible for a detected degradation event. This assumption can be appropriate in highly
controlled settings where failures are isolated or where a dominant cause is known to exist. How-
ever, empirical evidence showed that error types often appear simultaneously within the same
dataset or batch, and that these error types already in isolation influence machine-learning per-
formance in non-linear ways (Section 2.2). Therefore, considering the literature, a single-label
assumption becomes restrictive and unrealistic.

It is therefore more appropriate to treat root-cause identification as a multi-label problem in which
a batch may be associated with one or multiple degradation types. This aligns with the objective
of predicting co-occurring degradations rather than single-class outcomes. Instead of only pre-
dicting a single label, the model can output a probability for each degradation label, enabling
a thresholding method to binary classify a degradation. This probabilistic framing is consistent
with the diagnostic goal of the thesis, which is to determine whether multiple degradation types
are present in an observed batch rather than to provide a hard single-cause prediction.

2.6.2 Metadata as supervised input features

Metadata representations discussed in Section 2.3 provide a practical feature space for supervised
learning. Prior work demonstrates that dataset- and batch-level statistics encode meaningful sig-
nals about data state and can be used for automated assessment. The viability of this represen-
tation for model-centric monitoring is supported by score-prediction research, which shows that
metadata can be predictive of downstream performance under shift and corruption [64]. These
findings justify treating metadata not only as a validation artifact but also as a structured input
space for root-cause learning.

2.6.3 Candidate Model Families

The metadata feature space in this thesis is tabular, heterogeneous, and composed of interact-
ing statistics, which makes it well suited to model families that handle non-linearity and feature
interactions without requiring extensive manual feature engineering. Deep learning is a popu-
lar approach to learn rather complicated interactions between features and the output variables.
However, research conducted comparing tree ensemble models, such as XGBoost to deep learning
models on tabular datasets has shown that deep-learning models generally underperform [67].

Therefore, from a methodological perspective, the first class of candidates are tree-based ensem-
ble methods. These methods consist of random forests and gradient-boosted decision trees. Ran-
dom forests are robust, handle mixed-scale features well, and provide a strong baseline for tabular
learning [14]. Gradient boosting often achieves better performance on structured data by itera-
tively fitting weak learners to residual error and capturing complex interaction effects [25]. These
properties align with the need to learn non-linear relationships between metadata and degradation
outcomes.

The second class of candidates are neural networks for tabular learning, such as multi-layer per-
ceptrons. Neural models can learn flexible decision boundaries and may benefit from large feature
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sets or higher-order interactions. Schwartz-Ziv et al. showed that deep learning models can out-
perform tree-ensemble models, but require generally more tuning [67].

2.6.4 Explanation & Interpretability Methods

A supervised root-cause model is only operationally valuable if its predictions can be translated
into actionable insight. Beyond identifying one or more likely degradation types for a batch, prac-
titioners need to understand which metadata changes the model considers most indicative of each
predicted degradation. This motivates post hoc explanation methods that attribute model outputs
to input features and thereby support diagnostic reasoning. A common explanatory method is
SHAP [48].

LIME (Local Interpretable Model-Agnostic Explanations) [59] explains an individual prediction
by sampling perturbations around the instance of interest and fitting a simple surrogate model
locally, using the surrogate’s coefficients as an explanation. This model-agnostic strategy is in-
tuitive, but a direct limitation of this is its locality, which can reduce stability and comparability
across explanations in monitoring scenarios.

SHAP is based on Shapley-value feature attributions and explains a prediction through additive
decomposition into a baseline value and per-feature contributions. This additive structure yields
explanations that are directly comparable across batches and across predicted outcomes.

For the setting in this thesis, the explanation method is primarily used as a diagnostic aid rather
than as a causal claim. Feature attributions describe which features the model relies on to produce
its predictions, but they do not establish the true causal mechanism behind a degradation event,
since this cannot be interpreted from the data and model alone. This limitation is relevant in multi-
cause settings, where correlated metadata changes may arise from shared upstream processes.
Consequently, explanation methods must be interpreted as evidence about the model’s decision
logic and therefore, should be evaluated empirically in controlled settings.

Given that the proposed root-cause model operates on tabular features and may predict multiple
degradation types, SHAP is a reasonable choice to support explanations in a structured and com-
parable way, with efficient methods available for common model families used on tabular data.
For example, there exist versions of SHAP optimized for tree-based models [79], which can speed
up the explanation process.

2.6.5 Positioning within this thesis

In summary, the literature motivates framing root-cause identification as a multi-label, probabilis-
tic prediction problem over degradation labels, using batch-level metadata as supervised input
features. Tree-based ensembles and neural networks emerge as the most relevant model families
for this setting due to their ability to learn non-linear relationships in tabular data [14]. Inter-
pretability methods such as SHAP support predicted degradations by linking predicted causes to
specific metadata signals [48]. Building on this literature, the next section details the concrete
model framework design, training choices, and the evaluation metrics used, including how multi-
label predictions are produced and how interpretability methods are utilized for the strongest-
performing model.
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3 Methodology
After discussing the design rationale and literature, this chapter describes the methodological
design of the metadata-driven root-cause model. The goal is to learn a mapping from batch-
level quality signals to the degradation types present in that data batch. In contrast to model-
centric or data-centric monitoring, the evaluation in this thesis does not focus on predicting model
performance or data-quality issues before prediction. Instead, it evaluates whether batch-level
metadata and derived quality signals are sufficient to detect which degradation types are present
in a batch after a model-centric performance alarm is raised by an external trigger (adopted from
the score-prediction approach of Schelter et al. [64]).

First, this chapter introduces formal notation and the overall model design. It then formulates the
problem as a supervised multi-label classification task. Next, it details the two main modules that
compute model inputs and generate training data:

1. The Quality Feature Builder, which transforms each batch into a fixed-dimensional feature
representation based on content-level metadata profiles, outlier signals, and drift indicators;

2. The Synthetic Data Generator, which produces labeled degraded batches by applying pro-
grammable combinations of degradation operators.

Thereafter, the chapter describes the datasets and how they are partitioned to create the reference
snapshot and incoming batches. In addition, it specifies the experimental setup, including the
model families considered. Finally, reproducibility factors and evaluation metrics are discussed.

3.1 Model Design

To introduce the framework, this section presents the top-level view of the model design, by
discussing the setting, formal notation and data flow through the model.

3.1.1 Setting & Formal Notation

The model assumes a real-time machine learning pipeline that materializes data at continuous
time, but performs monitoring and (if needed) root-cause analysis at discrete time steps. This
is necessary because assessment is performed at batch level. Let Bt denote the incoming batch
at time t, consisting of n data records. Different values of n are considered (discussed in Sec-
tion 3.5.7).

Some quality signals require a baseline, while others can be computed purely from the batch. Let
Rt denote a reference dataset available at time t, intended to represent accepted and stable data
under normal pipeline operation. In this thesis, Rt is constructed from the data used to develop
the initial machine-learning model in the pipeline. In production, accepted batches could be
incorporated into Rt over time, which is discussed in Section 5.

To obtain labeled training data for root-cause prediction, the framework generates degraded batch
instances from the reference snapshot. Let Dt,k denote the k-th degraded batch instance at time t.
Each degraded instance is derived from Rt by sampling n tuples with replacement and applying a
set of degradation operators.
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In addition, a distinction is made between perturbation rate and degradation strength. Perturbation
rate denotes the proportion of the data that is affected by a degradation, whereas degradation
strength denotes the intensity of the degradation applied to the affected values or observations.
Throughout this thesis, perturbation rate and degradation rate are used as synonyms; perturbation
rate is the preferred formal term. The sampling scheme and degradation operators are formalized
in Section 3.3.

For any batch X and reference snapshot Rt , the Quality Feature Builder (QFB) computes a fixed-
dimensional representation

φ(X ,Rt) ∈ Rd ,

based on batch-internal profiling signals as well as baseline-dependent outlier and drift signals.
The feature construction is specified in Section 3.2.

3.1.2 Prediction Formulation

The prediction task is formulated as supervised multi-label classification. Let L denote the set
of degradation labels (Section 2.1) excluding Redundancy/Duplication, as explained in Appendix
G. Each constructed degraded batch Dt,k is associated with a binary label vector

yt,k ∈ {0,1}|L |,

where y(ℓ)t,k = 1 indicates that degradation type ℓ ∈L is present in Dt,k.

For each batch, the Quality Feature Builder computes

xt,k = φ(Dt,k,Rt) ∈ Rd .

The root-cause model is a classifier fθ parameterized by θ that is trained on xt,k to predict yt,k.
Thereafter, the trained model fθ predicts the degradation set of an incoming batch:

ŷt = fθ (φ(Bt ,Rt)).

The central evaluation question of this thesis is whether batch-level quality signals of Bt are suf-
ficient to reliably recover the true degradation label set under multi-cause degradation scenarios.
Evaluation metrics are specified in Section 3.5.6.

3.1.3 Module Interfaces & Flow

Figure 9 summarizes the end-to-end flow of the proposed model to achieve predictions. The
design separates an offline phase, in which labeled training data is generated and a root-cause
predictor is developed, from an online phase, in which incoming batches are checked and assessed
if necessary.

In the offline phase (Algorithm 1), the Synthetic Data Generator produces a collection of de-
graded batch instances. This is achieved by sampling from the reference snapshot and applying
programmable combinations of degradation operators. Each degraded batch is associated with a
multi-label target vector that indicates which degradation types are present. The Quality Feature
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Figure 9: The overall model design and data flow, showing the score-prediction model and place-
ment of the root-cause model within the framework.

Builder is then applied to each generated batch to compute the feature vector of this degraded
batch (Section 3.2). The resulting feature and label pairs form the supervised training set.

Algorithm 1 Offline training: synthetic generation and supervised learning

Require: Reference snapshot Rt , batch size n, label set L , Synthetic Data Generator Γ, number
of instances K

Ensure: Trained root-cause model fθ

1: T ← /0
2: for k← 1 to K do
3: St,k ∼ SampleWithReplacement(Rt ,n)
4: Sample configuration Θt,k (strategy, strengths, perturbation rates)
5: Dt,k← Γ(St,k,Θt,k)

6: yt,k← Labels(Θt,k) ∈ {0,1}|L |
7: xt,k← φ(Dt,k,Rt)
8: T ←T ∪{(xt,k,yt,k)}
9: end for

10: Train multi-label classifier fθ on T
11: return fθ

In the online phase (Algorithm 2), the incoming batch is first run through the external model-
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centric trigger (score-prediction model [64]). This trigger estimates whether predictive perfor-
mance on the unseen batch is likely to deviate from expected behavior based on monitoring sig-
nals. If the trigger fires, the batch is routed to the diagnostic stage: QFB computes φ(Bt ,Rt)

and the trained root-cause model outputs a set of predicted degradation labels. Thus, the pro-
posed model acts as a diagnostic extension to the score-prediction model, since after the trigger,
the root-cause model determines what degradation mechanisms are likely present. The trigger is
treated as an adopted mechanism rather than an evaluated module. Therefore, the experimental
focus is on the diagnostic stage, namely whether batch-level quality signals computed by QFB are
sufficient to predict degradation labels in a multi-cause setting. To understand the feature space,
the QFB is discussed next.

Algorithm 2 Online operation: model-centric triggering and root-cause prediction

Require: Incoming batch Bt , reference snapshot Rt , trigger h(·), score-prediction threshold δ ,
trained multi-label classifier fθ

Ensure: Predicted degradation labels ŷt if triggered; otherwise no output
1: Ŝdev← h(Bt)
2: if Ŝdev > δ then
3: xt ← φ(Bt ,Rt)
4: ŷt ← fθ (xt)
5: return ŷt
6: else
7: return null
8: end if

3.2 Quality Feature Builder

Figure 10: The design of the QFB, showing the different modules it consists of.

The Quality Feature Builder (QFB) (Figure 10) transforms each batch into a fixed-dimensional
vector of batch-level quality signals. In the implementation used in this thesis, QFB is realized as
a fusion layer (QFBFusionLayer) that concatenates three feature blocks:

• Metadata features computed by MetadataExtractor: profiling signals derived within
the batch and summarized across columns.

• Outlier features computed by OutlierFeatureBlock: record-level anomaly scores sum-
marized at batch level.

• Drift features computed by DriftFeatureBlock: reference-relative distribution change
computed per column and summarized at batch level.
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The root-cause model is positioned after the monitoring and prediction stages. Therefore, QFB
intentionally excludes data-centric validation, such as type mismatches and constraint validation.
Instead, QFB focuses on the construction of features that remain informative after data-centric
validation has passed. This design is consistent with the literature and practices discussed in Sec-
tion 2, where quality dimensions such as completeness and extreme values are utilized to assess
data quality. Moreover, the overall architecture is aligned with metadata-driven monitoring ap-
proaches that utilize repeatedly computed profiling statistics as signals for technical data-quality
degradation (Section 2.3).

3.2.1 Interface & Representation

Let X denote a batch (either an incoming batch Bt or a synthetic degraded batch Dt,k). QFB
produces a feature vector

φ(X ,Rt) ∈ Rd .

The metadata block is computed directly from X . The outlier and drift blocks require a reference
snapshot as baseline, in this case Rt . To avoid repeated baseline preparation, QFB separates a
one-time reference fitting step from per-batch feature computation:

• Fit: QFB.fit(Rt) prepares baseline-dependent objects. It fits the outlier detectors on Rt and
calibrates detector-specific thresholds. In addition, it fits the drift detectors on Rt to define
baseline distributions (for example, bin edges, reference moments, category supports, and
classifier baselines).

• Transform: QFB.build_features_for_batch(X) computes and concatenates all block
outputs into a single vector.

The exact emitted feature keys and batch-level summaries are documented in Appendix B.6–D.8.
Therefore, if a certain feature block specifies (batch-level) summary features, these are specified
in the appendix. Under a fixed QFB configuration and schema, the feature dimensionality d is
fixed for all batches.

3.2.2 Metadata Block (MetadataExtractor)

The metadata block implements a statistical profiling approach. This means that for each statistic
family, it first computes the statistic for every relevant column and retains those column-level
values. In addition, it computes batch-level summaries by aggregating the column-level values
across columns (for example, mean, maximum, or high-percentiles). A small number of statistics
are computed directly at batch level (for example, row-level missingness rates). This design
follows metadata-driven monitoring practices in which profiling statistics serve as indicators for
degradation categories such as missingness, noise, outliers, inconsistencies, redundancy, and drift.
The different features computed and their relation to the literature are presented below.

Completeness through missingness

The extractor computes missingness fractions per column, m j = #NA/n, and retains these column-
level values. It also aggregates {m j} across columns to produce batch-level completeness sum-
maries (for example, mean, max, and a high percentile). In addition to column-wise missingness,
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it computes row-level missingness rates. Missingness is a proxy indicator of incompleteness in
data-quality taxonomies and is also a standard metric of monitoring approaches.

Lightweight numeric profiling

For numeric columns, the extractor computes per-column dispersion statistics such as standard
deviation and range (max−min). In addition, it aggregates these values across numeric columns
to form batch-level summaries. These low-order descriptors are simple and act as inexpensive
proxies for changes in numeric spread that can be associated with degradations, such as noise
injection, measurement changes, truncation, or outlier inflation

Categorical representation structure

For categorical columns, the extractor computes per-column statistics including distinct ratio (di-
vided by n) and entropy. In addition, the extractor computes a batch-level dominance indicator as
the fraction of categorical columns whose modal probability exceeds a high threshold.

Rare-category mass (feature enrichment)

Beyond entropy and dominance, the extractor computes a rare-category mass per categorical col-
umn. With p j(v) =

n j(v)
n and τrare ∈ [0,1], the rare-category mass is computed by

RareMass j = ∑
v

p j(v)I[p j(v)< τrare].

Since we want a rare-category, τ usually is a small value (for example, 0.03). The Metadata
Extractor retains the resulting values per column, and then aggregates them across categorical
columns into batch-level summaries. This statistic is included as a diagnostic add-on to capture
cases where rare categories are more prevalent within the data. It is motivated by interpretability
and in multi-cause settings. Together, these statistics characterize concentration, diversity, and
irregularities.

Datetime profiling

For datetime columns that are successfully parsed, the extractor computes a per-column span
in days (max−min), retains these column-level values, and aggregates spans across datetime
columns. These features align with timeliness-oriented discussions in data-quality work, but are
implemented here in a lightweight form compatible with batch-level monitoring.

3.2.3 Outlier feature block (OutlierFeatureBlock)

The outlier block captures how unusual each record is by combining the results of an ensemble
of complementary detection methods. This ensemble design is motivated by robustness consid-
erations: different detectors capture different deviation notions (marginal extremes, local density
deviations, and multivariate structure), and combining them mitigates false detection under het-
erogeneous corruption mechanisms [57]. The detectors are fit on Rt and applied to the numeric
projection of batch X .
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Each configured outlier detector d produces an outlier score per record i:

sd(i;X) ∈ R.

where higher values indicate that a record is more likely to be an outlier. Since some detectors
output scores where lower values indicate stronger outliers (e.g., LOF and Isolation Forest), we
apply a monotone sign inversion so that for every detector d, higher scores consistently correspond
to more outlier-like records.

For each detector, QFB aggregates the score distribution over records into batch-level summaries
using mean, median, standard deviation, minimum, maximum, and selected quantiles.

Detector set

The detector set of outlier detectors combines marginal, density-based, and multivariate structure
detectors.

First, Z-score and IQR-based scoring act as univariate baselines that primarily react to heavy-
tailed deviations.

For a batch X, the Z-score for feature j is computed as zi j =
xi j−µ j

σ j
, with a magnitude-based

anomaly score s(Z)i j = |zi j|. Missing feature values are ignored by assigning them zero contribution
to the final detector score.

For IQR-based scoring, let Q1 j and Q3 j denote the first and third quartiles of feature j, define
IQR j = Q3 j−Q1 j, and k = 1.5 as

L j = Q1 j− k IQR j, U j = Q3 j + k IQR j.

A value is traditionally flagged as anomalous if xi j < L j or xi j >U j. Instead of a binary flag, we
use a soft exceedance score that retains how far outside the fences a value falls. For each record i
and feature j, define the normalized exceedance

ei j =
max

{
0, L j− xi j, xi j−U j

}
IQR j + ε

,

where ε > 0 is a small constant to avoid division by zero when IQR j is (near) zero. This score
satisfies ei j = 0 for inlier values (L j ≤ xi j ≤U j) and increases linearly with the distance to the
nearest fence outside the admissible range, normalized by the feature scale. Missing feature
values are excluded from the mean aggregation, and records with no observed numeric features
receive score 0.

To obtain a batch-level signal, we aggregate exceedances per feature using the mean exceedance.
For a batch X = {xi}n

i=1, the per-feature batch statistic is

ē j(X) =
1
n

n

∑
i=1

ei j.

Large values of ē j(X) indicate that feature j contains frequent and/or strong tail deviations relative
to the reference distribution captured by Rt , while remaining comparable across features due to
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the IQR normalization.

In addition, a robust covariance-based distance using the Minimum Covariance Determinant
(MCD) [37] estimator is adopted. It approximates a robust Mahalanobis distance, which is sensi-
tive to anomalous multivariate combinations under an approximately elliptical reference structure
and has shown to be rather effective in outlier detection. The MCD works as follows:

Let (µ̂MCD, Σ̂MCD) denote the robust location and scatter estimates obtained via MCD. The result-
ing robust distance is

DMCD(x) =
√
(x− µ̂MCD)⊤Σ̂

−1
MCD(x− µ̂MCD).

Furthermore, Isolation Forest [46] provides a scalable multivariate detector that flags points that
are easy to isolate under random partitioning, which is useful when corruption affects multiple
numeric attributes jointly.

Finally, the Local Outlier Factor (LOF) [15] complements the detector set by focusing on lo-
cal density deviations, capturing cases where records are atypical relative to their neighborhood
within the vector space rather than globally extreme. Together, these detectors cover different
outlier mechanisms and therefore provide a robust feature set.

Missing-value handling

Outlier detection is applied only to columns designated as numeric. Before detector-specific pro-
cessing, these columns are coerced to numeric format. Values that cannot be parsed numerically
are treated as missing. Missing-value handling is then detector-specific. For the univariate detec-
tors, missing entries do not contribute to the anomaly score. Therefore, in the mean-aggregated
IQR-based score only observed numeric features are included in the denominator. For the multi-
variate detectors that require complete inputs, missing values are imputed using medians.

Tail-shape & detector-agreement (feature enrichment)

Beyond standard score summaries, the outlier block derives tail-shape indicators such as a tail gap
(q99−q95) and a tail ratio q95/(med+ε). Here, ε > 0 is a small constant included for numerical
stability to avoid division by zero when the median score is close to zero.

In addition, It derives detector-agreement indicators by computing pairwise correlation between
detector score vectors and summarizing the resulting agreement values. These diagnostics are in-
cluded to support interpretability in multi-cause settings. Tail shape separates regimes with a few
extreme anomalies from regimes with many moderate anomalies, while detector disagreement can
indicate that different anomaly notions are being activated by different degradation mechanisms.
These are treated as feature enrichment rather than standard data-quality indicators.

3.2.4 Drift feature block (DriftFeatureBlock)

The drift block quantifies how strongly X differs from Rt by computing drift scores per column
and aggregating them to create batch-level features. Instead of relying on a single detector, the
drift set utilizes a combination of drift detectors to improve robustness across drift mechanisms,
which is a common approach in drift-detection practices [57].
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Each configured drift detector m produces a drift score per column j:

d(m)
j (X ,Rt) ∈ R.

Detector set & multivariate proxy

To obtain a robust variety of drift signals while keeping computation lightweight, the implementa-
tion compares each incoming batch Bt against the reference snapshot Rt using marginal hypothesis
tests, divergence-based effect sizes, and a multivariate covariate-shift detector.

First, KS two-sample testing [9] and χ2 testing [53] act as univariate baselines that flag distribu-
tional changes at the feature level for numeric and categorical/boolean variables, respectively.

Let x( j) denote feature j. For numeric features, with empirical CDFs F̂( j)
Rt

and F̂( j)
Bt

, the KS statistic
is

D( j)
KS = sup

x

∣∣∣F̂( j)
Rt

(x)− F̂( j)
Bt

(x)
∣∣∣ .

For categorical features with category set C j, let p( j)
Rt
(c) be the baseline proportion in Rt let n( j)

Bt
(c)

be the count in Bt , and nBt be the batch length. A goodness-of-fit χ2 statistic against the baseline
is

χ
2( j) = ∑

c∈C j

(
n( j)

Bt
(c)−nBt p( j)

Rt
(c)

)2

nBt p( j)
Rt
(c)

.

In addition, effect-size measures quantify the magnitude of drift rather than only its statistical
significance: Wasserstein distance is used for numeric features [52], while Jensen-Shannon diver-
gence is used for categorical features [44].

For numeric features, the Wasserstein distance between the distributions can be written via the
quantile functions Q̂( j)

Rt
and Q̂( j)

Bt
as

W ( j)
1 =

∫ 1

0

∣∣∣Q̂( j)
Rt
(u)− Q̂( j)

Bt
(u)

∣∣∣ du.

For categorical/boolean features, let p( j)
Rt

and p( j)
Bt

be the empirical probability vectors over C j,

and let m( j) = 1
2(p( j)

Rt
+ p( j)

Bt
).

The Jensen–Shannon divergence is then calculated as

JS( j) =
1
2

KL
(

p( j)
Rt
∥m( j)

)
+

1
2

KL
(

p( j)
Bt
∥m( j)

)
, KL(p∥q) = ∑

c∈C j

p(c) log
p(c)
q(c)

.

Together, these detectors cover complementary drift mechanisms while remaining efficient to
compute.

Aggregations over features

For each drift detector m, QFB computes nonnegative per-feature drift scores and aggregates
them separately over numeric and categorical/boolean features. Let snum

m = (sm,1, . . . ,sm,dnum) and
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scat
m = (sm,1, . . . ,sm,dcat) denote the resulting score vectors, where larger values indicate stronger

drift. Within each vector, QFB uses a small set of complementary summaries that capture different
drift patterns. The median Q0.50(snum

m ) and Q0.50(scat
m ) reflect typical drift levels and are sensitive

to diffuse, low-level shifts affecting many features. A high quantile, such as Q0.90(·) (or Q0.95(·)),
captures tail intensity and highlights localized strong drift without being dominated by a single
extreme value.

Finally, to measure whether drift is concentrated in a small subset of features or spread across
many, QFB computes a concentration index based on normalized scores s̃m, j = sm, j/

(
∑ℓ sm,ℓ+ ε

)
as

Concnum
m =

dnum

∑
j=1

(s̃m, j)
2 , Conccat

m =
dcat

∑
j=1

(s̃m, j)
2 .

Together, these summaries separate diffuse drift from localized drift and retain diagnostic infor-
mation on whether drift is driven primarily by numeric features or by categorical/boolean features,
without requiring cross-detector score calibration.

3.2.5 Fusion Layer

Given the three blocks described above, the final QFB representation is the concatenation

φ(X ,Rt) =
[
φmeta(X), φout(X ;Rt), φdrift(X ;Rt)

]
,

where φmeta is computed from X only, and φout and φdrift use baseline fitting and/or reference
comparison to Rt .

3.3 Synthetic Data Generator

The Synthetic Degradation Generator (SDG) is used to create controlled, labeled scenarios of
data quality degradation for supervised model development and evaluation. Its purpose is to ap-
proximate realistic quality incidents in a reproducible manner by applying a set of predefined
degradation operators. Given an input dataset (or batch) and a configuration that specifies which
operators may be applied, the SDG outputs a degraded dataset Dt,k together with a log that indi-
cates which degradation types are applied.

3.3.1 Sampling perturbed cells

The perturbation of cells in a data batch works as follows. Let St,k denote the sampled base batch
drawn from Rt , with n rows and p columns. The SDG first computes column sampling weights
w1, . . . ,wp:

w j =


FI j

∑ j′ FI j′
, if feature importance is provided and enabled,

1
p , otherwise,

where FI j ≥ 0 denotes the provided feature-importance weight for column j. Columns with zero
weight are treated as inactive and are not selected for corruption. The feature importance focused
perturbations make the SDG degradations dependent on the original pipeline model. This model
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is more dependent on features with higher feature importance and therefore focusing on these
cells results in more focused perturbations.

The generator then samples a set of cell indices without replacement. Let pactive be the number of
active columns under a certain degradation strategy and ncells = n · pactive the number of eligible
cells. pactive prevents more cells than accessible to be perturbed. With target cell-perturbation rate
ρ ∈ (0,1], the number of perturbed cells is

ntarget = min
(
ncells,max(1, round(ρ ·ncells))

)
.

Cell-level sampling probabilities are defined by spreading each column’s weight uniformly across
its rows. Therefore, each cell in column j has probability proportional to w j/n. The sampled set
is converted into a mapping per column to apply corruptions efficiently.

3.3.2 Degradation operators and strategies

Each selected cell is modified according to a degradation strategy. The set of strategies is config-
urable and contains of the following modes (strategy_mode):

• fixed: a single configured strategy is used for all perturbed cells.

• per_column_random: for each corrupted column, a single strategy is assigned and the
corrupted cells of that column are solely perturbed using that strategy.

• per_cell_random: for each corrupted cell, a strategy is sampled independently from the
valid set of that column.

The degradation operators implemented in the SDG are:

Missingness (missing)

Replaces the cell value by a true missing value (NaN/NaT).

Placeholder missingness (placeholder_missing)

Replaces the value by a type-dependent sentinel (non-NaN): numeric→ missing_numeric_placeholder,
categorical→ missing_categorical_placeholder, datetime→ missing_datetime_placeholder

(parsed to datetime). These are often observed in practice for manual entries of data values where
the real value is unknown and chosen so they clearly differentiate from values of the distribution
of the data.

Permutation within column (permute)

Replaces the value by another value sampled uniformly from the same column’s observed val-
ues. This preserves the marginal value support but disrupts record-level consistency and feature
relationships.

Gaussian noise (gaussian_noise, numeric only)

Adds noise ε ∼N (0,(ασ j)
2) to a numeric value, where σ j is the column standard deviation and

α = noise_strength:
x′ = x+ ε
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Shift-and-scale distortion (shift_scale, numeric only)

Applies a combined scaling around the column mean and an additive shift proportional to the
column standard deviation. For a value x in numeric column j, with column mean µ j, column
standard deviation σ j, and sampled strength s= shift_strength, the value-level transformation
is

x′ = (x−µ j)(1+ s)+µ j + sσ j.

In the dataset-generation procedure, this operator is applied as a localized range distortion rather
than a strictly single-cell perturbation: after selecting a primary cell, a local window width is
randomly sampled from the interval specified by shift_range_width (expressed as a fraction
of dataset length), and the same transformation is then propagated to nearby rows within that
window in the same column.

Outlier injection (outlier, numeric only)

Moves a numeric value away from the column mean by sampling a large deviation whose scale is
proportional to the column standard deviation σ j. The scale is controlled by outlier_strength.
To obtain a more robust variety of extreme values, the deviation is generated by one of three
heavy-tailed mechanisms chosen at random:

• Gamma distribution with shape 2.0

• Gamma distribution with shape 0.5

• Student-t distribution with 3 degrees of freedom.

This produces both moderate and more extreme outliers on either side of the mean.

Category swap (category_swap, categorical only)

Replaces a category by a different category sampled from the same column’s observed categories.

Datetime shift (datetime_shift, datetime only)

Applies a large day offset of magnitude datetime_shift_days with random sign:

t ′ = t±∆, ∆ = datetime_shift_days days

Datetime jitter (datetime_jitter, datetime only)

Applies small random temporal noise in days:

t ′ = t +δ , δ ∼N (0,σ2
δ
), σδ = datetime_jitter_days_std

The degradation mechanisms were applied with predefined strength ranges to control the intensity
of the injected corruptions. These ranges determine, for example, the magnitude of numeric noise,
numeric shifts, injected outliers, and datetime perturbations. The final strength ranges used in the
experiments are reported in Appendix F.
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3.3.3 Label construction and reproducibility

Since each degraded batch is accompanied by a summary table (column, strategy, # changed cells,
affected-row fraction in that column), the taxonomy labels are derived from the set of operators
that are present in the summary table through a mapping from operators to quality types.

Let L = {Missingness, Noise/Measurement error, Outliers/Extreme values,
Redundancy/Duplication, Distributional shift/Drift} denote the degradation label set (Table 1).
We define a fixed mapping from SDG strategies to labels (Appendix Table G.11):

• missing and placeholder_missing 7→Missingness;

• gaussian_noise, and datetime_jitter 7→ Noise / Measurement error;

• outlier 7→ Outliers / Extreme values;

• shift_scale, permute, category_swap, and datetime_shift 7→ Distributional shift
/ Drift.

The label Redundancy / Duplication is part of the taxonomy, but is not activated by SDG because
no row-level duplication operator is implemented, since this generally is spotted by upstream
data-centric quality checks.

Given an instance with applied strategy set St,k (extracted from the summary), the multi-label
target vector is constructed as

y(ℓ)t,k =

1, if ∃s ∈St,k such that map(s) = ℓ,

0, otherwise,
ℓ ∈L .

All randomness (cell sampling, strategy sampling, and perturbation magnitudes) is controlled by
random_state, ensuring reproducibility across runs when configuration and seed are fixed.

3.4 Data

This section describes the dataset used for evaluation and how it is partitioned into both a baseline
period and a runtime period. The baseline period defines the reference snapshot and the runtime
period provides the incoming batches.

3.4.1 Datasets & Preprocessing

For reproducibility purposes, the experiment utilizes a tabular dataset from a public source. The
dataset is selected to reflect realistic, mixed-type schemas that occur in operational pipelines,
including numerical, categorical, and date-time attributes. The dataset chosen for this experiment
is the Enterprise Fraud Detection Dataset (downloaded from https://www.kaggle.com/

datasets/mohamedasak/enterprise-fraud-detection-dataset on March 8, 2026). The
dataset contains 200,000 rows and 43 columns. After dropping derived variables (hour, day,

weekday, is_weekend, is_night), the final dataset contains 38 columns. Usage is permitted
under the dataset’s stated license, Apache 2.0. A snippet of the dataset and its final dimensions
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can be found in Appendix H. Every batch after application of the SDG and QFB transforms into
a feature vector consisting of 210 features.

A key design choice is that the dataset is in complete form. Concretely, the dataset is chosen such
that it does not contain missing values and does not require cleaning or filtering. This reflects the
thesis assumption that the baseline data used to develop the original machine-learning pipeline has
already undergone data preparation and acceptance checks, and is therefore suitable to serve as a
stable reference snapshot. As a result, no dataset-specific cleaning, repair, or manual correction
is performed prior to experimentation.

3.4.2 Batch Sampling & Reference Construction

Figure 11 illustrates the dataset partitioning strategy used throughout the experiments. For each
dataset, the original data is split into a development or baseline period and a runtime period. The
baseline period is used to construct the reference snapshot, while the runtime period is split up to
simulate a stream of incoming batches.

Figure 11: The Partitioning of the datasets.

Let Rt denote the reference dataset snapshot available at time t, as defined in Chapter 3 (80% of
data). In the experimental setting, the reference is constructed from the baseline period and is
treated as fixed for the duration of a run. The implications of updating Rt online, for example by
incorporating accepted batches over time, are discussed later in Chapter 5.

Let {Bt}T
t=1 denote the sequence of incoming batches drawn from the runtime period (20% of

data). Each incoming batch Bt is formed by sampling n tuples from the runtime pool, where
n is a fixed batch size of 128. Since the Quality Feature Builder computes batch-level ratios
and normalized summary statistics, the extracted features are designed to be comparable across
batches independent of the number of tuples. The schema, however, must remain consistent:
incoming batches and the reference snapshot share the same set of columns so that per-column
metrics and their aggregations are well-defined.
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3.5 Experimental Setup

This section specifies the experimental protocol used to train and evaluate the proposed root-cause
models. The setup is designed to support reproducible experiments, reduce unintended overlap
between training and test instances, and evaluate performance for different factors.

3.5.1 Reproducibility Factors

All experiments are executed under controlled randomness. For each experimental run, the ran-
dom_state determines:

• the batch sampling from the runtime pool,

• the sampling with replacement from the reference snapshot for synthetic generation,

• the degradation configuration randomness (for example, which cells or columns are per-
turbed),

• model initialization and training procedures where applicable.

To ensure there exists no overlap between training, validation, and test instances, the experiments
use disjoint splits at two levels. First, the complete dataset is partitioned into the reference snap-
shot Rt (80% of data) and runtime pool (20% of data, Xtest), as discussed in Section 3.4.2.

Thereafter, the reference snapshot Rt is partitioned into disjoint pools Rtrain and Rval using a fixed
split ratio (80/20). Synthetic degraded batches used for training (Xtrain) and validating (Xval) are
then generated by sampling disjoint batches from the corresponding pool. This ensures that iden-
tical base tuples are unlikely to appear across splits.

For each split, the Synthetic Degradation Generator is driven by disjoint seed sets. This is imple-
mented, because degradations are randomized (for example, which cells or columns are perturbed
and which strategy parameters are sampled). Additionally, disjoint seed sets further reduce the
likelihood of identical degraded batches across splits, thereby reducing the chance of overfitting.
The exact split specification, the seeds used for seed set randomization per setup, and the strength
ranges of all detectors are recorded to enable full reproducibility (Appendix I).

Finally, Figure H.1 shows the distribution of label combinations in the training set after degra-
dation simulation. The plot provides additional context by showing the distribution of the label
combinations. The validation and test set showed similar distributions.

3.5.2 Model Families Development

As mentioned before, the root-cause predictor is trained as a supervised multi-label classifier that
maps batch-level quality features to a set of degradation labels. Concretely, each incoming batch
Bt is represented by a fixed-dimensional feature vector xt ∈ Rd produced by the Quality Feature
Builder. The learning target is a multi-label vector yt ∈ {0,1}|L | over the degradation taxonomy
L . This formulation supports the presence of multiple simultaneous degradations within the same
batch and yields independent per-label probabilities in [0,1]. During inference, these probabilities
are converted to binary predictions using a thresholding procedure described in Section 3.5.5.
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Two model families are evaluated to reflect common trade-offs in tabular learning and classifica-
tion. Gradient-Boosted Decision Trees (GBDTs) provide a strong baseline due to their ability to
capture non-linear feature interactions and their strong empirical performance on heterogeneous
tabular data. Furthermore, a Feed-Forward neural Network (FFNN) is utilized as a more flexible
model that can learn higher-order decision boundaries on the same feature space.

For the FFNN, the final layer produces a vector of real-valued logits zt ∈ R|L |. These logits are
mapped to per-label probabilities using an element-wise sigmoid function, given by

ŷt,ℓ = σ(zt,ℓ) =
1

1+ exp(−zt,ℓ)
, ℓ ∈L .

The FFNN is trained on Xtrain using a label-wise binary cross-entropy objective. During imple-
mentation, this is realized as binary cross-entropy on logits for stability. The label-wise binary
cross-entropy loss on logits is formulated as

LBCEWithLogits(yt ,zt) =
1
|L | ∑

ℓ∈L

(
max(zt,ℓ,0)− zt,ℓ yt,ℓ+ log

(
1+ exp(−|zt,ℓ|)

))
.

The weighted version to adapt to class imbalance of the BCE is not utilized, since we want to
compare to the GBDT.

For the GBDT family, the multi-label problem is decomposed into |L | one-vs-rest binary clas-
sifiers, where each classifier is trained on Xtrain with a logistic objective. Each classifier outputs
a probability score ŷt,ℓ ∈ [0,1] for its corresponding label, which is interpreted as the estimated
likelihood that degradation type ℓ is present in batch Bt . The binary cross entropy loss objective
for the GBDT is formulated as

LGBDT(yt , p̂t) =
1
|L | ∑

ℓ∈L
−
(

yt,ℓ log(p̂t,ℓ)+(1− yt,ℓ) log(1− p̂t,ℓ)
)
,

3.5.3 Hyperparameter Optimization and Model Selection

Hyperparameter tuning is performed separately for each model family using a fixed budget of
randomized trials. In each trial, a candidate hyperparameter configuration is sampled from a
predefined search space and the model is trained on Xtrain.

FFNN search space and regularization

For the FFNN family, each trial is trained for a maximum of 50 epochs. Model capacity is
controlled by the number of hidden layers and hidden width, while generalization is controlled by
dropout and weight decay. Dropout is included because the QFB feature representation contains
correlated, partially redundant signals. Dropout reduces co-adaptation between hidden units and
encourages the network to rely on distributed evidence across the quality feature space rather than
memorizing specific feature combinations. The dropout rate pdrop is therefore treated as a tunable
regularization strength and is sampled during random search. Weight decay is tuned alongside
the learning rate to provide an additional smoothness constraint on the network parameters.
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GBDT search space and regularization

For the GBDT family, XGBoost [25] is used as the representative implementation. The random-
ized search includes both capacity parameters and explicit regularization parameters. Tree depth
(max_depth) directly controls interaction complexity. To prevent specific splits that fit to predic-
tive noise (not the label), the search additionally tunes the minimum child weight (min_child_weight)
and the minimum split gain (gamma).

Regularization is introduced via row subsampling (subsample) and feature subsampling
(colsample_bytree), which reduces variance and improves robustness when the QFB rep-
resentation contains correlated feature groups. Finally, L2 and L1 penalties on leaf weights
(reg_lambda and reg_alpha) are tuned to shrink leaf values and reduce sensitivity to idiosyn-
cratic training realizations. Learning rate (eta) and the number of boosting rounds (n_estimators)
are tuned jointly to control the bias-variance trade-off, where smaller learning rates generally re-
quire more boosting rounds and often yield smoother decision functions.

Table 2: Random-search hyperparameter space used for model selection.
Model family Hyperparameters sampled per trial
FFNN Hidden layers ∈ {1,2,3}; hidden width ∈ {64,128,256,512}; dropout pdrop ∈ [0,0.3];

learning rate ∈ [10−4,10−2] (log-uniform); weight decay ∈ [10−6,10−2] (log-uniform);
batch size ∈ {128,256,512}; max epochs = 50

XGBoost max_depth ∈ {3,4,5,6,8,10}; eta ∈ [0.01,0.3] (log-uniform); n_estimators ∈
{200,500,1000,2000}; min_child_weight ∈ [1,50] (log-uniform); gamma ∈ [0,10];
subsample ∈ [0.5,1.0]; colsample_bytree ∈ [0.5,1.0]; reg_lambda ∈ [10−6,101]
(log-uniform); reg_alpha ∈ [10−6,101] (log-uniform).

Both model families are trained using a probabilistic logistic loss for each label: the FFNN mini-
mizes binary cross-entropy on logits, while XGBoost minimizes the equivalent Bernoulli log-loss
via its logistic objective. Thereafter, the trained model is evaluated on Xeval using a selection crite-
rion that considers the preference to penalize false negatives more than false positives. Therefore,
the primary selection criterion is the validation macro-F2 score, as it weights degradation labels
equally and places more emphasis on recall than precision. This design choice makes that if a
degradation type is not retrieved, this is seen more harmful than if a degradation type is marked
as present, but is not actually present within the data batch.

3.5.4 Prevalence-Matched Random Baseline

To compare model performance to a guessing scheme, a prevalence-matched random baseline
was constructed based on the marginal label distribution in the test set. For each label ℓ, the prob-
ability πℓ was estimated as its empirical frequency in the test set. Predictions were subsequently
generated independently for each instance i and label ℓ according to

Ŷiℓ ∼ Bernoulli(πℓ). (1)

Since the label probabilities were estimated from the test set, this baseline does not constitute a
realistic predictive benchmark. Rather, it serves as a reference point for random guessing under
the label prevalence. This makes it suitable as a comparative metric across models in this synthetic
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approach, but not as a baseline for practical deployment. Finally, performance of this baseline is
approximated using Monte Carlo simulation with K = 2000 to generate a confidence interval.

3.5.5 Multi-label Inference and Thresholding

The decision threshold used to convert predicted per-label scores into binary label decisions is
treated as part of the selection pipeline.

Instead of a global threshold, label-specific thresholds are utilized. These label-specific thresholds
{τℓ}ℓ∈L account for differences in label prevalence and separability:

ŷ(ℓ)i = I
[
s(ℓ)i ≥ τℓ

]
, ∀ℓ ∈L .

The search space, the number of trials, and the selected configurations are reported in Appendix J.

3.5.6 Evaluation Metrics

Performance is evaluated using multi-label classification metrics that capture multiple aspects
of predictive quality. In the considered diagnostic setting, false negatives correspond to missed
degradation types, which can delay remediation, whereas false positives correspond to spurious
predicted degradation types, which can increase effort by directing investigation toward incorrect
causes. The selected metrics therefore jointly quantify the trade-off between under-diagnosis and
over-diagnosis, as well as exact versus partial recovery of the degradation label set.

Micro- and macro-averaged precision, recall, and F2

Let L denote the set of degradation labels. For each label ℓ ∈L , let TPℓ, FPℓ, and FNℓ denote
the number of true positives, false positives, and false negatives, respectively, accumulated over
all evaluated batches.

Reporting both micro- and macro-averaged metrics is useful because label imbalance is expected
in multi-label degradation diagnosis. Micro-averaging pools decisions over all (instance, label)
pairs and therefore reflects aggregate performance under the observed label prevalence, meaning
it is dominated by frequent degradation types and is informative for the expected operational mix.
Macro-averaging computes performance per degradation type and then averages across labels
so that each label contributes equally, ensuring that rare degradations are not masked by strong
performance on common ones (in contrast to weighted macro-averaging, which weights labels by
their support).

Micro-averaging

Micro-averaged precision and recall are computed by pooling counts across labels:

Pmicro =
∑ℓ∈L TPℓ

∑ℓ∈L (TPℓ+FPℓ)
, Rmicro =

∑ℓ∈L TPℓ

∑ℓ∈L (TPℓ+FNℓ)
.

The micro-averaged F2 score is then:

F2micro =
5Pmicro Rmicro

4Pmicro +Rmicro
.
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Macro-averaging

For macro-averaging, precision and recall are first computed per label:

Pℓ =
TPℓ

TPℓ+FPℓ
, Rℓ =

TPℓ

TPℓ+FNℓ
,

and the per-label F2 score is:

F2ℓ =
5Pℓ Rℓ

4Pℓ+Rℓ
.

Macro-averaged metrics are obtained by averaging over labels:

Pmacro =
1
|L | ∑

ℓ∈L
Pℓ, Rmacro =

1
|L | ∑

ℓ∈L
Rℓ, F2macro =

1
|L | ∑

ℓ∈L
F2ℓ.

Subset Accuracy

To assess per-batch correctness, subset accuracy is reported, defined as the fraction of instances
for which the predicted label set exactly matches the ground-truth label set:

SubsetAcc =
1
N

N

∑
i=1

I
[
ŷi = yi

]
.

Subset accuracy directly measures whether the model identifies the full set of present degradations
for a batch. It is intentionally strict and typically decreases as the number of co-occurring labels
increases, but it provides a clear indicator of fully correct, actionable diagnosis.

Hamming Loss

Hamming loss measures the average fraction of misclassified labels per instance:

HammingLoss =
1

N|L |

N

∑
i=1

∑
ℓ∈L

I
[
ŷ(ℓ)i ̸= y(ℓ)i

]
.

Unlike subset accuracy, Hamming loss provides partial credit when some, but not all, degradation
labels are correctly predicted and can be interpreted as a label-wise error rate over (instance, label)
decisions.

Mean Jaccard Similarity

To quantify partial set recovery at the instance level while penalizing spurious labels, we also
report the mean Jaccard similarity (intersection-over-union) between the predicted and true label
sets:

Jaccard =
1
N

N

∑
i=1

∣∣Ŷi∩Yi
∣∣∣∣Ŷi∪Yi
∣∣ ,

where Yi = {ℓ ∈ L : y(ℓ)i = 1} and Ŷi = {ℓ ∈ L : ŷ(ℓ)i = 1}. Mean Jaccard provides an inter-
pretable middle ground between strict subset accuracy and per-label error rates by jointly penal-
izing missed labels and over-predicted labels in the recovered degradation set.
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3.5.7 Experimental factors

Metrics are computed under different experimental settings to study how diagnostic performance
changes under controlled scenario variations. The following experimental factors are varied using
predefined value sets:

• Cell perturbation technique: per-cell random perturbations versus per-column random
perturbations.

• Perturbation range: the percentage of the data on which degradation operator(s) are ap-
plied.

• Number of co-occurring degradation labels: the maximum number of degradation types
injected simultaneously into a batch.

All other components of the pipeline are kept fixed. A fixed batch size of 128 rows is chosen for
fast computation of degradation and a decent learning, validation and test space. The number of
co-occurring degradation types per batch corresponds to the multi-cause scenarios discussed in
Section 2.6. These terms are used interchangeably throughout this thesis.

To minimize overlap between generated batches used for training and validation, the Synthetic
Degradation Generator is driven by disjoint seed sets for the training, validation and test splits, so
that different realizations of degradations are observed in each split. Randomness within each split
(for example, sampling of affected rows/columns and operator parameterization) is determined by
these disjoint seed sets which are produced using a random number generator with master seed
20.

The concrete values used for each factor are listed in Table 3.

Table 3: Experimental factor grid used to define evaluation scenarios.
Factor Values
Cell perturbation technique {per_cell_random, per_column_random}
Max. co-occurring labels {1, 2, 3}
Perturbation range {(0,0.5), (0.05,0.3)}

3.5.8 Assumptions & limitations

In conclusion, this thesis evaluates an online, batch-based diagnostic framework for data quality
issues. The experimental pipeline assumes that the incoming data stream can be represented as
discrete batches Bt and that a reference snapshot Rt is available to represent accepted and stable
data. In the experiments, this snapshot is constructed from a baseline period and is treated as clean
and fixed within a run. To ensure that all quality features remain well-defined, the methodology
assumes a consistent schema between Rt and each Bt , meaning that the same set of columns is
available and can be processed using a combination of per-column quality signals and aggregated
batch-level summaries.

A key methodological choice is that degradation labels are generated synthetically rather than
obtained from historical incident logs. The framework therefore assumes that realistic training
and evaluation can be approximated by injecting controlled corruptions into a clean dataset, after
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which multi-label targets are derived deterministically from the applied corruption strategies. This
enables systematic experimentation under known ground truth, but it also limits external validity.
Injected corruptions may not fully capture existing degradation types that occur in production,
and performance may differ when the baseline data is noisier, when labels are uncertain, or when
failures are batch specific.

In addition, the triggering mechanism that determines whether diagnosis should be executed is
treated as an adopted external step rather than a module evaluated in this thesis, meaning that the
experiments start at the point where a batch is already flagged for further inspection.

Finally, since Rt is fixed within each run, the methodology does not study strategies for updating
the reference snapshot over time as new accepted batches arrive, which would be an important
consideration in long-running production deployments.
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4 Results
This chapter evaluates whether the constructed metadata feature space contains sufficient signal
for degradation-label classification. The analysis first compares the FFNN and XGBoost OvR
models against the prevalence-matched baseline. It then examines how performance changes
across perturbation rates, degradation labels, and co-occurrence levels. Finally, two robustness
checks assess whether the main patterns depend on the perturbation range or the degradation
application mode.

Unless stated otherwise, macro-F2 is used as the primary evaluation metric. The assessment of
label-specific detection performance is performed using the F2-score.

4.1 Global overview of model performance

The evaluation begins at the broadest level by establishing whether the proposed feature rep-
resentation yields meaningful predictive power at all. Thereafter, the training diagnostics and
global label-wise results are considered in order to clarify how reliably the models predict certain
degradation types before turning to the perturbation-based analyses.

4.1.1 Overall predictive performance and baseline comparison

Table 4 reports the overall results using macro-F2 as the primary aggregate evaluation metric. In
addition, micro-F2, Hamming Loss, Mean Jaccard Similarity, and subset accuracy are reported
to provide a complete view of multi-label predictive performance. The interpretation of these
metrics can be found in Section 3.5.6

The results show that both models substantially outperform the prior baseline across all reported
test metrics. On the primary evaluation metric, the prior baseline achieves a test macro-F2 of
0.498756, whereas the FFNN reaches 0.933116 and XGBoost OvR reaches 0.949628. A simi-
lar pattern is observed for micro-F2, where the prior baseline obtains 0.563327 compared with
0.950478 for the FFNN and 0.964292 for XGBoost OvR. The same pattern is reflected in Mean
Jaccard Similarity and subset accuracy.

Between the two models, XGBoost OvR performs best on both the validation and test sets. In
particular, it achieves the highest score across all metrics, while also yielding the lowest Hamming
Loss. On the test set, the Hamming Loss decreases from 0.435622 for the prior baseline to
0.089850 for the FFNN and further to 0.065011 for XGBoost OvR. These results provide a clear
first indication that the proposed feature representation yields meaningful predictive power, with
XGBoost OvR showing superior performance.

These aggregate results establish that the method works in principle and that XGBoost OvR pro-
vides the strongest overall fit. The next question is whether this advantage is supported by equally
reliable optimization behavior during training.
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Table 4: Overall predictive performance of the prior baseline, FFNN, and XGBoost OvR models.

Metric Prior baseline FFNN XGBoost OvR

Macro-F2 Val – 0.934068 0.950608
Test 0.498756 0.933116 0.949628

Micro-F2 Val – 0.950871 0.964890
Test 0.563327 0.950478 0.964292

Subset Accuracy Val – 0.707733 0.784600
Test 0.098904 0.705021 0.781143

Hamming Loss Val – 0.089683 0.063900
Test 0.435622 0.089850 0.065011

Mean Jaccard Similarity Val – 0.892017 0.922439
Test 0.409908 0.890759 0.920989

4.1.2 Learning curves

Training diagnostics did not indicate equally favorable optimization behavior for both models.
The learning curve figures are reported in Appendix J.2.

For the FFNN with the highest macro-F2 score, the learning curves suggest that training was not
fully stable. The training loss continued to decrease, while the validation loss fluctuated sub-
stantially and showed no stable convergence pattern. This points to limited generalization during
training and overfitting within the selected FFNN configuration. By contrast, the XGBoost OvR
model showed a more regular optimization pattern, with training and validation log-loss decreas-
ing smoothly and stabilizing over the boosting rounds, suggesting that the selected configuration
achieved a more reliable fit.

In addition to the learning curves, computation times were recorded to provide a practical indi-
cation of the computational cost of the evaluated models. Here, XGBoost OvR shows a substan-
tially higher learning time than the FFNN, but results in a higher macro-F2 score. Since these
diagnostics are not within the primary scope of this thesis, the runtime information is reported in
Appendix J.18.

This suggests that the stronger performance of XGBoost OvR is accompanied by a more stable
optimization pattern. With this global comparison in place, the next subsection turns to how
predictive performance is distributed across the individual degradation labels.

4.1.3 Global label-wise performance

This subsection presents the global label-wise predictive performance of the FFNN and XGBoost
OvR models. The purpose of this overview is to identify which degradation labels are generally
easier or harder to detect before turning to the more detailed analyses.

Figure 12 summarizes the label-wise F2 scores for both models. These results show how pre-
dictive performance is distributed across the degradation labels, and whether the models perform
relatively consistently across labels or show stronger variation in detectability.
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Figure 12: Overall label-wise F2 scores on the test set for the FFNN and XGBoost one-vs-rest
models.

At a global level, the label-wise results show a consistent ordering across both models. For
the FFNN, the strongest label-wise performance is observed for Missingness and Distribu-

tional shift/Drift, with F2 scores of 0.993419 and 0.988425, respectively. The weakest
performance is observed for Noise/Measurement error and Outliers/Extreme values,
with F2 scores of 0.872406 and 0.878212. For XGBoost OvR, the same ordering is observed.
Missingness and Distributional shift/Drift again achieve the highest F2 scores, namely
0.999187 and 0.994390, while Noise/Measurement error and Outliers/Extreme values

remain the weaker degradation types, with F2 scores of 0.897091 and 0.907845.

Overall, the label-wise overview shows that XGBoost OvR performs slightly better than the
FFNN for all four degradation labels. Furthermore, the figure shows that Missingness and
Distributional shift/Drift are the most readily detectable degradation types. In contrast
to Noise/Measurement error and Outliers/Extreme values, which are more difficult to
detect.

This global label-wise view already suggests that the models are not equally successful across
degradation types. The next step is therefore to examine how these differences evolve across
perturbation rates.

4.2 Performance across perturbation rates
After establishing the global performance advantage, this section examines whether that advan-
tage remains stable across the perturbation spectrum. To achieve this, the analyses in this section
move from macro-F2 to label-wise F2 and finally to failure regions. These analyses combined are
able to uncover where and why detection becomes difficult.

4.2.1 Macro-F2 across perturbation rate

Figure 13 presents the macro-F2 performance of the FFNN and XGBoost OvR models across the
perturbation rate, together with the prior baseline. The purpose of this comparison is to determine
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how predictive performance changes as the degradation level increases and whether there are clear
regions in which the models struggle or, conversely, begin to perform more consistently.

Figure 13: Macro-F2 across perturbation rates for the FFNN, XGBoost OvR, and the prior base-
line. The shaded area denotes the 95% confidence interval of the prior baseline.

Across the full range, the macro-F2 results show a clear positive relationship between degradation
rate and predictive performance for both models. Both models do outperform the prior baseline
over the full perturbation range. In the lowest perturbation regions, the FFNN begins at a sub-
stantially lower macro-F2 than in the remainder of the spectrum, while XGBoost OvR also starts
lower but already performs somewhat better than the FFNN. As degradation rate increases, both
models improve steadily, after which their performance begins to stabilize at high rates of pertur-
bation. Throughout the full spectrum, XGBoost OvR remains consistently above the FFNN.

These results indicate that predictive performance is not constant across the degradation spectrum.
Instead, the figure shows that lower perturbation rates are substantially more difficult to detect
than within higher regions. The aggregate pattern therefore makes clear that for lower perturbation
rates, labels are substantially harder to predict than higher ones. To understand whether this
difficulty is shared equally across degradation types, the analysis now turns to the label-wise
results.

4.2.2 Label-wise F2 across perturbation rate

While the previous subsection considered aggregate performance, this analysis focuses on whether
individual degradation labels follow similar or divergent trends across the spectrum.

Figure 14 summarizes the label-wise F2 results for both models. At a general level, the results
show that the degradation rate affects the labels differently. Missingness and Distributional

shift/Drift achieve strong performance already at low perturbation rates and remain close
to ceiling across almost the full evaluated range. In contrast, Noise/Measurement error and
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Outliers/Extreme values show substantially lower F2 scores in the lowest perturbation bins
and improve more gradually as perturbation increases.

Figure 14: Label-wise F2 scores across perturbation rates for the FFNN and XGBoost one-vs-rest
models.

For the FFNN, Missingness and Distributional shift/Drift are the best performing
degradation types throughout almost the full spectrum. Noise/Measurement error and es-
pecially Outliers/Extreme values remain more difficult in the lower part of the spectrum,
although both improve steadily once the perturbation rate increases.

For XGBoost OvR a similar ordering is observed, but with consistently stronger results for the
more difficult degradation types. In particular, XGBoost OvR reaches higher F2 scores earlier in
the spectrum for Noise/Measurement error and Outliers/Extreme values, while perfor-
mance for Missingness and Distributional shift/Drift remains near perfect throughout.

Therefore, these results show that degradation rates affect performance differently per label.
Labels such as Missingness and Distributional shift/Drift remain highly detectable
even at lower perturbation rates, whereas Noise/Measurement error and Outliers/Extreme
values, require more pronounced degradation before strong predictive performance is achieved.

To identify more precisely where these difficulties emerge, the next subsection examines the fail-
ure regions and the points at which model behavior begins to improve more clearly.

4.2.3 Failure regions and turning points

The previous analyses show that errors concentrate at low perturbation rates. This subsection
identifies the main failure regions and the perturbation levels at which performance begins to
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stabilize.

In support of the previous figure, Figures 15 and 16 examine model behavior from a false predic-
tive perspective. The first figure shows the false-positive rate as a function of perturbation rate for
each degradation type, while the second shows the corresponding recall obtained under a fixed
false-positive constraint of at most 5%.

Figure 15: False-positive rate as a function of perturbation rate for the four degradation types.

A consistent pattern across both figures is that the lowest perturbation region forms the most
difficult region of the classification task. In this region, false-positive rates are highest and recall
under the 5% false-positive constraint is lowest, particularly for Noise/Measurement error

and Outliers/Extreme values. This indicates that weak degradations of these types do not
produce sufficiently distinct patterns to allow reliable classification.

For Missingness and Distributional shift/Drift, the situation is considerably different.
In both models, the false-positive rates for these degradation types are already very low in the
lower perturbation bins, and recall under the 5% false-positive constraint remains high across
almost the full degradation spectrum. This suggests that these degradation types produce clear
signatures even when the perturbation rate is limited.

The most pronounced failure region is therefore observed for Noise/Measurement error and
Outliers/Extreme values at the lowest perturbation rates. For these degradation types, the
FFNN shows especially high false-positive rates in the first bins, whereas XGBoost OvR reaches
lower false-positive rates and higher constrained recall earlier in the spectrum. As the perturbation
rate increases, both models improve substantially, indicating that stronger degradations provide a
clearer signal.
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Figure 16: Recall at a false-positive rate of at most 5% as a function of perturbation rate for the
four degradation types.

A first turning point appears to emerge once the perturbation rate moves beyond the lowest region,
roughly from about 0.10 onward, where both false-positive rates decrease substantially and recall
begins to rise. For Noise/Measurement error and Outliers/Extreme values, a more sta-
ble region appears from approximately 0.20 to 0.30 onward, where the reduction in false positives
is accompanied by a substantial increase in recall. By contrast, Missingness and Distribu-

tional shift/Drift appear to operate in a stable region much earlier in the spectrum.

Taken together, these findings show that at the lowest perturbation level resides the most chal-
lenging part of the classification task and false positive rates are high. They also provide the first
empirical basis for examining whether excluding the weakest region from the training design may
lead to more predictive power in the higher regions.

These results identify the lowest perturbation region as the main failure zone for both models,
especially for noise- and outlier-related degradations. With this aggregated perturbation pattern
established, the next section considers how the predictive power is distributed with regards to
co-occurrence of multiple degradation labels.

4.3 Performance across perturbation rates for different numbers of
co-occurring labels

The previous section showed that perturbation rate strongly affects predictive performance. There-
fore, the next step is to examine how this relationship is distributed around co-occurrence. By sep-
arating the results according to the number of co-occurring labels, this section assesses to what
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extent increasing degradation complexity makes the classification task more difficult, and whether
this effect is distributed uniformly across degradation types. For completeness, the distribution of
label combinations in the training set is shown in Appendix H.1, whereas the validation and test
sets showed similar distributions.

To study this interaction, the following figures summarize label-wise heatmaps across perturba-
tion rates and co-occurrence levels. In these figures, degradation rates are shown on the x-axis
and the number of co-occurring labels on the y-axis, while the heatmap values represent the F2
score of each individual degradation label. This makes it possible to assess whether the effect of
co-occurrence is distributed uniformly across labels.

Figure 17 shows that Missingness is highly detectable across almost all perturbation bins and
co-occurrence settings. For both models, the F2 scores remain close to perfect throughout most
of the evaluated range, with only limited variation across co-occurrence levels. This suggests that
missingness produces a comparatively clear and robust signal, even when additional degradations
are present simultaneously.

Figure 17: Label-wise F2 heatmap across perturbation rates and co-occurrence for Missingness.

Nevertheless, this is not the case for Noise/Measurement error, where a different pattern
emerges (Figure 18). The lowest perturbation regions form the most difficult region, and perfor-
mance increases markedly once the degradation becomes more pronounced. Compared to Miss-

ingness, this degradation type is more sensitive to both perturbation rate and co-occurrence.
XGBoost OvR and FFNN show broadly similar co-occurrence patterns. However, for single label
predictions, XGBoost OvR converges faster to high F2 scores than FFNN as the perturbation rate
increases.

Figure 18: Label-wise F2 heatmap across perturbation rates and co-occurrence for
Noise/Measurement error.

Figure 19 presents the results for Outliers/Extreme values. As with noise, performance
is clearly weaker when multiple degradation labels co-occur. As perturbation increases, the F2
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scores improve substantially for both models. This suggests that weaker outlier patterns are more
difficult to separate from the surrounding signal, whereas stronger outlier degradations become
progressively easier to detect. Across this figure, XGBoost OvR appears more stable and more
robust than the FFNN, especially under higher co-occurrence.

Figure 19: Label-wise F2 heatmap across perturbation rates and co-occurrence for Out-

liers/Extreme values.

Figure 20 shows that Distributional shift/Drift is detected well for all co-occurrences
across almost the full perturbation spectrum. Even in the lower bins, the F2 score remains close to
perfect across the different co-occurrence settings. This indicates that distributional drift produces
relatively distinct patterns in the feature space and is therefore less sensitive to increasing co-
occurrence complexity than the other degradation types.

Figure 20: Label-wise F2 heatmap across perturbation rates and co-occurrence for Distribu-
tional shift/Drift.

Taken together, the label-wise heatmaps show that the interaction between degradation rates and
co-occurrence is not uniform across degradation types. Missingness and Distributional

shift/Drift remain highly detectable across almost the full spectrum and different co-occurrence
settings, whereas Noise/Measurement error and Outliers/Extreme values are more vis-
ibly affected by increasing co-occurrence.

Overall, these findings show that increasing the number of co-occurring degradation labels con-
stitutes a substantial source of difficulty for both models. For completeness, the corresponding
aggregate macro-F2 comparisons across co-occurrence settings are reported in Appendix L.7.
While stronger degradations generally improve detectability, this improvement is reduced when
multiple degradation labels are present simultaneously. High co-occurrence therefore emerges
as a major source of difficulty, besides low perturbation rates. After exploring the explainability
of the XGBoost OvR model, the remaining sections examine alternative experimental designs to
examine model performance under different design scenarios.
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4.4 Interpretability of the XGBoost OvR model

To provide insight into the strongest-performing model, an interpretability analysis was conducted
for the XGBoost one-vs-rest classifier. The purpose of this analysis is not to establish causal ex-
planations, but to assess whether the feature reliance of the labels is consistent with their intended
design. Since each degradation label is modeled by a separate binary classifier, feature contribu-
tions can be examined at the label level. Both XGBoost gain-based feature importance (FI) and
SHAP were used to assess whether decision patterns are consistent with the design of the feature
space.

Overall, both SHAP and feature importance show that the model relies on a combination of
profiling-based, drift-related, and outlier-related metadata features. This is consistent with the
construction of the Quality Feature Builder. However, it is clear that SHAP and FI come to dif-
ferent conclusions for which features are the most important for the model. This is plausible,
since both methods capture different notions of importance. Gain-based importance reflects the
usefulness of features in the tree-building process, whereas SHAP reflects their contribution to
the final model predictions. Differences between both rankings may therefore arise from feature
correlation and interaction effects. Nevertheless, for Missingness both methods agree with the
intended feature design, with missingness-related features solely deciding on its presence. In
contrast, the other labels contain a combination of all feature groups. The label-specific top-20
feature rankings for both methods are reported in Appendix K.

4.5 Alternative design: restricted perturbation-range

Because the previous analyses identified the lowest perturbation region as the weakest part of the
spectrum, an additional design is considered in which the model is trained on a narrower perturba-
tion interval. The aim is not to replace the main approach, but to examine whether excluding part
of the weakest and most inflated regions yields a more informative and potentially more honest
problem setting.

4.5.1 Motivation for the restricted range

The motivation for this additional experiment is that the lowest perturbation levels (0,0.1) may
provide only weak degradation signal, thereby reducing the separability of the target labels. How-
ever, since we do not want to exclude these harder to detect cases and want the model to be able
to predict cases with low degradation rates, this range is not excluded entirely. In addition, the
high perturbation region (0.3,0.5) may inflate overall macro-F2 score and is generally less likely
to be observed in real-world cases.

Therefore, the design is evaluated in which a part of the lower and upper regions are excluded
from training. More specifically, these bounds are set such that the restricted-range model is
trained on the range (0.05,0.3). The purpose of this design is to examine whether removing the
weakest and inflated degradation cases improves overall learnability in the remaining perturbation
range and yields a more honest assessment of the model.
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4.5.2 Performance of restricted model

Across the perturbation range (0.05,0.3), the FFNN and XGBoost OvR again as expected outper-
form the baseline. Furthermore, within the restricted range, macro-F2 increases as perturbation
rate increases, which is the same relationship observed in the main approach.

Relative to the main approach, however, the restricted-range design does not lead to a significant
improvement. For the FFNN, macro-F2 is consistently lower than in the corresponding pertur-
bation regions of the full-range model. This suggests that restricting the training range does not
improve learnability for the FFNN within these smaller regions, but instead leads to weaker pre-
dictive performance across this interval. In contrast, for XGBoost OvR, the results are much more
stable. Its macro-F2 remains close to that of the main approach across the retained range, with
at most only limited improvement in some bins. Thus, for XGBoost OvR, the restricted-range
design appears to preserve performance rather than improve it. This pattern is also reflected in
the aggregate metrics and other figures.

Overall, the restricted-range experiment suggests that excluding the weakest and strongest pertur-
bation regions does not produce a generally more learnable problem setting. The FFNN model
deteriorates relative to the main approach, and XGBoost OvR shows only limited gains on sec-
ondary metrics. All plots and metrics are presented in Appendix M.

4.6 Effect of degradation application mode

A second robustness question concerns the way degradations are applied within a batch. Up to
this point, the analyses have relied on the default per_column_random setting, in which each
column receives at most one degradation. This section therefore considers whether the empirical
patterns observed so far remain similar when the alternative per_cell_random setting is used
instead.

Overall, the per_cell_random setting shows the same pattern as the main approach, where pre-
dictive performance remains lowest in the lower perturbation region and improves as perturbation
rates increase. In addition, the overall ordering of predictive difficulty is the same. Missing-

ness and Distributional shift/Drift remain the most readily detectable labels, whereas
Noise/Measurement error and Outliers/Extreme values remain more difficult.

At the same time, the pattern differs from the main approach in several respects. Most notably, the
co-occurrence effect becomes less clear. Under the default per_column_random design, higher
co-occurrence generally made degradation detection more difficult. Under per_cell_random,
this pattern is much weaker. In several lower-perturbation regions, higher co-occurrence does not
reduce performance and may even result in slightly stronger label-wise F2. This suggests that the
degradation approach affects the way co-occurrence interacts with perturbation rate.

Relative to the main approach, the effect of per_cell_random is again model-dependent. For
the FFNN, the results are weaker than under the default per_column_random setting. For XG-
Boost OvR, the opposite pattern is observed, with performance remaining stable or improving
slightly. In addition, the figures show that XGBoost OvR has a clearly higher false-positive rate
for Outliers/Extreme values than the FFNN, whereas these rates were more similar in the
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main approach. By contrast, for Noise/Measurement error, XGBoost OvR yields a substan-
tially lower false-positive rate than the FFNN while also achieving clearly higher recall. This
suggests that changing the degradation application regime makes the task somewhat harder for
the FFNN, but does not reduce performance for XGBoost OvR.

Overall, this additional experiment suggests that the degradation application mode does influence
the perturbation-performance relationship. Lower perturbation rates remain the most difficult re-
gion, but the co-occurrence pattern becomes less consistently adverse than in the main approach.
In addition, whereas the FFNN decreases in performance under per_cell_random, XGBoost
OvR remains comparatively stable. The complete results for this approach are reported in Ap-
pendix N.

4.7 Summary of findings

To conclude, across the global results, both models substantially outperform the prior baseline,
indicating that the proposed feature representation provides meaningful predictive signal beyond
label prevalence alone. Among the two models, XGBoost OvR consistently performs best. This
final section brings these findings together and clarifies which patterns remain stable across the
additional design experiments.

The main finding of the results is that perturbation rate strongly affects predictive performance.
Across the main analyses, performance is weakest in the lowest perturbation region, particu-
larly below approximately 0.10, and improves steadily as perturbation rates increase. This indi-
cates that stronger degradations provide more distinguishable signal for the classification task. At
the label level, Missingness and Distributional shift/Drift are more easily detectable
degradation types, whereas Noise/Measurement error and Outliers/Extreme values re-
main more difficult.

In addition, the analyses across different numbers of co-occurring labels show that increasing
degradation complexity generally reduces predictive performance in the main approach. This ef-
fect is most visible in the lower perturbation region and is strongest for Noise/Measurement
error and Outliers/Extreme values. By contrast, Missingness and Distributional

shift/Drift remain comparatively robust under co-occurrence.

The additional experiments further indicate that the observed perturbation-performance relation-
ship is not independent of design choices. For the FFNN model, performance deteriorates relative
to the main approach, whereas XGBoost OvR remains stable and shows at most limited gains on
secondary metrics. Similarly, the same pattern emerged for the per_cell_random experiment.
However, in the second experiment, the negative effect of higher co-occurrence becomes less
consistently visible under per_cell_random than in the main approach.

Overall, the results show that the proposed method is most effective when perturbations are suf-
ficiently pronounced and when the number of co-occurring degradation labels remains limited.
However, the findings support the viability of metadata-driven root-cause diagnosis in a simu-
lated environment, while also showing that performance depends strongly on the visibility of the
degradation signal and on the model selected.
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5 Discussion
This chapter reflects on the broader meaning of the findings and places them in a practical context.
Therefore, it considers how the results should be interpreted, which limitations qualify them, and
which directions for future research may be taken.

5.1 Interpretation of the findings

The results indicate that batch-level metadata can support diagnostic reasoning after a performance-
related alert has been raised. In this framework, metadata is not only used for descriptive moni-
toring, but also as a supervised signal for identifying likely degradation mechanisms. However,
the diagnostic value of this signal depends strongly on whether the degradation leaves a visible
signature in the metadata representation. Missingness and distributional shift produce relatively
stable and separable patterns, whereas noise and outlier-related degradations are less reliably de-
tected at low perturbation rates and under higher co-occurrence. This shows that metadata-driven
diagnosis is not equally effective across all degradation conditions, but depends on the extent to
which degradation effects become observable in aggregated batch characteristics.

Furthermore, diagnostic difficulty is not uniform across degradation mechanisms. The results
indicate that some degradation types generate more stable and distinguishable metadata patterns
than others. This is important because it shows that the effectiveness of the framework does not
only depend on the model family or the training procedure, but also on the degree to which a
degradation mechanism is naturally reflected in profiling statistics, drift indicators, and anomaly-
related signals. The feature representation is therefore informative, but not equally expressive for
every type of data-quality problem. The results show that the diagnostic difficulty also increases
when multiple degradation mechanisms occur simultaneously. Although the magnitude of this
difficulty depends on the simulation design and on the model used, this reinforces the importance
of treating the problem as a multi-label task rather than as a simplified single-cause classification
problem.

Finally, model family choice has a substantial influence on performance. The empirical com-
parison suggests that the current feature representation is more naturally aligned with tree-based
learning than with the evaluated neural architecture. This indicates that successful metadata-
driven diagnosis depends not only on the features computed, but also whether the chosen model
family is able to exploit the structure of the feature space and is robust to different degradation
applications, such as per_column_random versus per_cell_random.

Taken together, these findings suggest that the metadata-driven approach is a viable direction for
root-cause diagnosis.

5.2 Methodological limitations

The most important limitation of this thesis concerns external validity. The framework is evalu-
ated in a controlled synthetic setting in which degradation mechanisms are known by construction
and labels are generated directly from the applied corruption strategies. This is a methodologi-
cal strength for proof-of-concept evaluation, because it enables precise experimentation under
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known ground truth. While preventive measures have been taken to reduce overfitting, the syn-
thetic learning problem is more structured than would be the case in operational pipelines.

In addition, a limitation of the current research concerns the empirical scope of the evaluation.
The framework is tested on one tabular dataset. This limits the extent to which the findings can
be generalized. Some of the observed performance patterns may depend partly or heavily on the
statistical structure of the chosen dataset and feature construction, since these are the source for
prediction.

Moreover, a third limitation concerns the feature representation itself. Although the Quality Fea-
ture Builder performs well overall, the current evaluation does not focus on the contribution of its
individual components. This is partially achieved through the interpretability step, but does not
fully establish which feature groups are essential and which may be partly redundant. The thesis
only shows that the full representation is useful.

Besides, there exists a limitation concerning the model comparison. While only two model fam-
ilies were evaluated, this is sufficient to show that model choice matters. However, it does not
justify broad claims about the relative merit of all possible approaches. The present results should
therefore be interpreted as evidence about the current framework rather than as a definitive com-
parison between all possible model families.

Furthermore, another limitation is that the online triggering mechanism is assumed rather than
evaluated. The framework is positioned as a diagnostic extension that operates after the model-
centric alert has already indicated likely underperformance. This is a sensible scope choice, but it
also means that the thesis does not assess the behavior of the full end-to-end monitoring process.
A full monitoring evaluation could support with the hard to detect low regions, where the root-
cause model struggles, since the trigger for a robust model would not generally fire at small
deviations in the underlying data. In addition, with a model-centric trigger, feature importance of
the original model could be parsed to provide model focused degradation.

Finally, the reference snapshot remains fixed within each experimental run. This simplifies the
evaluation and makes comparisons between batches well defined, but it does not reflect the full
reality of long-running production systems, where accepted data may need to be incorporated into
the reference over time.

Taken together, these limitations do not undermine the central contribution of the thesis, but they
do define the boundaries within which the findings should be interpreted.

5.3 Practical implications

Despite these limitations, the findings do have practical implications. In particular, the proposed
framework may help narrow the search space after a performance-related alarm by predicting
degradation rather than providing only an indication of deviation.

The results further suggest that the approach is most useful when degradation signals are suffi-
ciently visible in the metadata space and when the selected model family is able to exploit the
resulting feature structure reliably. This implies that the framework probably is valuable as a
diagnostic-support rather than as a fully autonomous root-cause system.
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At the same time, the results caution against assuming equal diagnostic reliability across all set-
tings. In practice, a metadata-driven diagnostic model would likely be more trustworthy under
some degradation conditions than under others. Through the usage of macro-F2 scores as opti-
mization, the model focuses on diminishing false negatives, which results in a higher degree of
false positives, especially in low perturbation regions. This suggests that any real deployment
should be accompanied by human oversight and predictions should not be interpreted as ground-
truth, but rather as a focus point of investigation.

Overall, the findings support the idea that model-centric monitoring can be made more action-
able when it is linked to batch-level diagnostic reasoning. This is relevant for machine-learning
operations, where the main challenge is often not merely to detect that a problem exists, but to
determine where investigation should begin.

5.4 Future research

The most important direction for future research is validation on real operational incidents. The
present thesis demonstrates that metadata-driven root-cause diagnosis is feasible in a controlled
synthetic environment, but real-world validation is needed to assess whether the learned diagnos-
tic patterns transfer to operational data and whether the degradation taxonomy remains appropri-
ate in practice.

Additionally, research focused on the empirical basis of the framework across datasets and do-
mains can support this further. Testing the approach on multiple datasets with different feature
types would make it possible to distinguish more clearly between general robustness and dataset-
specific performance.

To further research the overall applicability, future work could introduce additional degradation
mechanisms, which introduce more complex combinations of co-occurring issues. For example, a
relevant degradation mechanism for future investigation could be cross-feature consistency degra-
dation, in which the marginal values of individual features remain plausible, but the relationships
between features become internally inconsistent. Such a degradation would be valuable because it
represents a realistic data-quality failure that is not detectable through univariate profiling alone.
Such extensions would make the synthetic setting better aligned with the heterogeneity of real
operational pipelines.

Another direction is to study the feature representation more systematically. In particular, future
work could perform studies on the different feature blocks and investigate whether alternative
summary statistics, richer batch representations, or learned representations improve predictability,
especially in the more difficult diagnostic settings.

In addition to the predictive nature of the models, a fourth direction concerns the model families
themselves. Since the current results show a strong dependence on model choice, future work
should explore whether alternative neural architectures, more specialized multi-label methods,
calibrated ensembles, or hybrid approaches can improve robustness.

To investigate the framework in practice, end-to-end evaluation should be considered. Since the
current thesis treats the triggering mechanism as given, future work should examine how a trigger
and a root-cause diagnosis model perform jointly. The focus could especially be on how an
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integrated system using both models in tandem influences the number of false positives. Since
human oversight on AI systems is a current heavily studied topic within AI governance and false
positives increase human workload and interpretation of predictions, this is an important property
of the overall applicability.

Finally, future research should investigate adaptive and online variants of the framework. In the
present design, the reference snapshot remains fixed within an experimental run. While this is
business context dependent, the diagnostic model itself may need recalibration over time. Subse-
quently, in long-running production systems, accepted batches may need to be incorporated into
the reference over time or old batches must be removed to create a rolling time-window.

These directions position the thesis as an empirical starting point rather than a definitive proof of
a production-ready framework.
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6 Conclusion
This thesis investigated how batch-level metadata can be adopted to learn a supervised model
that identifies the root causes of performance degradation in machine-learning pipelines. The
work was motivated by the observation that existing monitoring approaches are often effective
at detecting that incoming data or model performance has degraded, but do not determine which
underlying data-quality mechanisms are responsible for the observed degradation. To address
this gap, the thesis proposed a metadata-driven diagnostic framework in which batch-level quality
signals are used as input for supervised multi-label prediction.

6.1 Answer to the research question

The central research question of this thesis was:

How can batch-level metadata be used to learn a supervised model that identifies and
explains the root causes of machine-learning performance degradation in production

pipelines, using synthetic data degradations?

Based on the empirical evaluation, the answer to the research question is that batch-level metadata
can indeed be used to learn such a supervised model in a controlled synthetic environment. The
results show that metadata representations derived from profiling statistics, outlier signals, and
drift detectors contain sufficient information to predict degradation types at batch level. This in-
dicates that metadata can serve as a meaningful supervised feature space for root-cause diagnosis
once a model-centric performance trigger has indicated that a batch requires further investigation.

At the same time, the results also show that predictive accuracy is not uniform across degradation
types, perturbation levels, or degradation co-occurrence. The approach is therefore best inter-
preted as a proof-of-concept rather than as a fully production-ready solution. In particular, the
framework demonstrates that metadata can support root-cause diagnosis under controlled syn-
thetic conditions, but further validation is required before such a model can be implemented into
real operational pipelines.

6.2 Summary of the main findings

Several main findings emerge from the empirical evaluation. First, the proposed framework
demonstrates that supervised multi-label diagnosis is feasible using batch-level metadata. Across
the main evaluation, both models substantially outperform the synthetic baseline based on prior
label prevalence on all reported test metrics. This indicates that the feature space captures di-
agnostic information beyond label frequency alone and therefore provides meaningful predictive
signal.

Second, the results consistently show that the choice of model family matters. Across all settings,
XGBoost OvR achieves the strongest overall results and outperforms the FFNN on the primary
and complementary performance metrics. In addition, the training diagnostics suggest that XG-
Boost OvR converges more reliably than the FFNN, whose learning curves indicate less stable
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optimization behavior and weaker generalization during training. This model difference remains
visible throughout the more detailed perturbation-based analyses.

Third, predictive performance varies substantially across the perturbation spectrum. The main
analyses show that the lowest perturbation region, particularly below approximately 0.10, forms
the most difficult part of the task. Performance improves as perturbations become more pro-
nounced, indicating that weak degradations often do not induce sufficiently distinct metadata
signatures to support reliable diagnosis.

Fourth, the degradation labels are not equally easy to detect. Missingness and Distribu-

tional shift/Drift are the most readily detectable labels for both evaluated models, whereas
Noise/Measurement error and Outliers/Extreme values are consistently more difficult
to identify. This difference is particularly pronounced in the lower perturbation region, where the
latter two degradation types show lower F2 scores, higher false-positive rates, and weaker recall
under constrained false-positive settings. These findings suggest that some degradation mecha-
nisms produce clearer and more stable signatures in the metadata space than others, which has
direct implications for the practical applicability of the framework.

Fifth, the results show that increasing the number of co-occurring degradation labels makes the
task more difficult in the main approach. Although stronger perturbations generally improve
detectability, this effect is reduced when multiple degradation types are present simultaneously
within the same batch. Missingness and Distributional shift/Drift remain compara-
tively robust under co-occurrence, whereas Noise/Measurement error and Outliers/Extreme
values are more visibly affected by increasing degradation complexity. This confirms that multi-
cause diagnosis is materially more challenging than single-cause identification and constitutes an
important source of difficulty for the proposed framework.

Finally, the supplementary experiments provide additional context for interpreting the robustness
of the main findings. The restricted perturbation-range experiment does not yield a generally
more learnable problem setting. For the FFNN, performance deteriorates, whereas XGBoost
OvR remains broadly stable and shows only limited gains on secondary metrics.

Similarly, under per_cell_random, the FFNN becomes weaker than in the main approach,
whereas XGBoost OvR remains comparatively stable and in some aspects improves slightly. To-
gether, these additional analyses indicate that the main empirical patterns are broadly robust, but
not entirely independent of design choices.

6.3 Contributions of the thesis

This thesis contributes to the literature on data quality monitoring and machine-learning data
quality in several ways.

First, it extends the perspective of metadata-driven monitoring from deviation detection and per-
formance awareness toward root-cause diagnosis. Rather than limiting the use of metadata to
detecting that incoming data has changed or that model performance is likely to degrade, the the-
sis investigates whether metadata can also be used to identify which degradation mechanisms are
likely responsible once underperformance has been detected.
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Additionally, the thesis formulates batch-level root-cause diagnosis as a supervised multi-label
classification problem. This is an important conceptual step, since realistic degradation events
are not necessarily isolated and may contain multiple co-occurring degradation mechanisms. By
explicitly treating diagnosis as a multi-label problem, the framework better reflects the complexity
of practical data-quality incidents.

Furthermore, the thesis introduces a framework in which synthetic degradation, metadata extrac-
tion, and supervised prediction are combined. In this design, synthetic degradation generation
enables the controlled creation of labeled scenarios, while the Quality Feature Builder transforms
each batch into a fixed-dimensional feature representation based on metadata profiles, outlier sig-
nals, and drift indicators. These feature vectors then form the basis for supervised root-cause
prediction.

Finally, the thesis provides an empirical evaluation of this framework under varying perturbation
rates, co-occurrence levels, and alternative simulation settings. As a result, the work does not only
assess whether metadata-driven diagnosis is feasible in principle, but also under which conditions
such diagnosis becomes more or less reliable. This contributes a more detailed understanding of
where the approach is strong, where it remains limited, and which degradation types are most
difficult to recover.

6.4 Concluding remarks

Overall, the findings support the viability of metadata-driven root-cause diagnosis in simulated
monitoring settings. The results show that batch-level metadata can be used not only to charac-
terize incoming data or estimate expected model behavior, but also to infer which degradation
mechanisms are likely present once model underperformance has been detected. At the same
time, the evaluation makes clear that diagnostic success depends strongly on the visibility and
separability of the degradation signal and is therefore not equally strong across all forms of data-
quality degradation.

The proposed framework should therefore be interpreted as a first step toward more informative
and model-centric monitoring of machine-learning pipelines. In particular, the results suggest
that metadata-driven diagnosis is most promising when degradation signals are sufficiently repre-
sented through corresponding feature engineering.

While further research is needed to validate the approach on real operational incidents, under
delayed or incomplete labels, and under changing production conditions, this thesis provides evi-
dence that metadata-driven diagnosis is a promising direction for root-cause analysis of machine-
learning pipeline performance degradation.
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Appendix
A Statistical notation used in feature tables

The Stats column in Tables B.6–D.8 lists the statistics emitted for a given feature family. The
following abbreviations are used:

Table A.5: Legend of statistic abbreviations used in the Stats column of the feature tables.

Abbreviation Definition

mean Arithmetic mean: mean(x) =
1
n

n

∑
i=1

xi.

median Median of the empirical distribution. Let x(1) ≤ ·· · ≤ x(n) be the sorted

values. Then median(x) =

x( n+1
2 ), n odd,

1
2

(
x( n

2 )
+ x( n

2+1)
)
, n even.

std Sample standard deviation: std(x) =

√
1

n−1

n

∑
i=1

(xi−mean(x))2.

min, max Minimum and maximum: min(x) = min
1≤i≤n

xi, max(x) = max
1≤i≤n

xi.

q50, q90, q95,
q99

Empirical quantiles of a score distribution. For probability level p ∈
{0.50,0.90,0.95,0.99}, qp(x) denotes the empirical p-quantile of the val-
ues x1, . . . ,xn.

fraction Fraction of rows, columns, or features satisfying a condition:
1
n

n

∑
i=1

I[ci],

where ci is the relevant condition.

share above

ref q95/q99

For an outlier detector score sd(i), the fraction of rows in the current
batch with a score above the detector-specific reference threshold:
1
n

n

∑
i=1

I
[
sd(i)> κ

ref
d,p

]
, where κ ref

d,p is the empirical p-quantile of detector d

on the reference batch, with p ∈ {0.95,0.99}.

tail gap Difference between the upper-tail quantiles of a detector score distribution:
tail gap = q0.99(s)−q0.95(s).

tail ratio Ratio between the 95th percentile and the median of a detector score distri-

bution: tail ratio =
q0.95(s)

median(s)+ ε
.

std ratio Ratio between the batch and reference standard deviation of a numeric col-
umn: std ratio j =

σ j(X)+ ε

σ j(R)+ ε
, where X is the current batch and R is the

reference batch.

conc Concentration index over nonnegative per-feature drift scores u j: conc =

∑
j

(
u j

∑ j′ u j′+ ε

)2

. Higher values indicate that drift is concentrated in

fewer features.

73



Abbreviation Definition

agreement Summary statistics over pairwise Pearson correlations between detector
score vectors. In the outlier feature block, these summaries are reported
as mean, minimum, maximum, and standard deviation of the off-diagonal
detector-correlation values.

All quantiles are computed empirically. When a statistic requires division, ε denotes a small
positive stabilizer to avoid division by zero.

B Metadata Feature Block

Table B.6: Metadata feature list used by the final Quality Feature Builder configuration. The fea-
tures describe batch-level type composition, missingness, numeric, categorical, text,
datetime, and reference-relative numeric properties.

Feature key Computation / algorithm Granularity Stats Notes

meta__types Fraction of columns assigned to each
schema type using the provided col-

umn_types mapping.

batch numeric frac-
tion, categor-
ical fraction,
datetime frac-
tion

Schema-
driven.

meta__missing_

_fraction_col

Per-column missingness fraction
m j = #NA/n, aggregated across
columns.

batch mean, max,
p95

Completeness.

meta__missing_

_row_any_fract

ion

Fraction of rows with at least one
missing value.

batch fraction Completeness.

meta__num__std Per numeric column standard devia-
tion.

batch mean, max Scale pro-
filing.

meta__num__ske

w_abs

Absolute skewness per numeric col-
umn.

batch mean, max Distribution-
shape
profiling.

meta__num__kur

tosis

Kurtosis per numeric column. batch mean, max Tail-shape
profiling.

meta__num__ran

ge

Per numeric column range
(max j−min j).

batch mean, max Scale pro-
filing.
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Feature key Computation / algorithm Granularity Stats Notes

meta__num__zer

o_fraction_col

Fraction of zero values per numeric
column, aggregated across numeric
columns.

batch mean, max Placeholder
/ value-
pattern
proxy.

meta__num__neg

ative_fraction

_col

Fraction of negative values per nu-
meric column, aggregated across
numeric columns.

batch mean, max Value-
pattern
proxy.

meta__num_col_

_{col}

Reference-relative numeric deltas
for each numeric column: absolute
changes in mean, median, min, max,
and the standard-deviation ratio.

column delta mean,
delta median,
delta min,
delta max, std
ratio

Requires
fitted refer-
ence batch.

meta__cat__dis

tinct_count_co

l

Per categorical column distinct
count, aggregated across categori-
cal columns.

batch mean, max Representation.

meta__cat__dis

tinct_ratio_co

l

Per categorical column distinct ratio,
defined as distinct values divided by
batch size.

batch mean, max Representation.

meta__cat__mod

e_freq_col

Per categorical column modal fre-
quency.

batch mean, min Dominance
proxy.

meta__cat__ent

ropy_col

Per categorical column entropy. batch mean, max Distributional
diversity.

meta__cat__hig

h_dominance_fr

action

Fraction of categorical columns with
modal frequency at least 0.95.

batch fraction Threshold
fixed.

meta__text__av

g_length_col

Average string length per ob-
ject/string column, aggregated across
text-like columns.

batch mean, max Dtype-
based text
proxy.

meta__text__ma

x_length_col

Maximum string length per ob-
ject/string column, aggregated across
text-like columns.

batch mean, max Dtype-
based text
proxy.

meta__dt__span

_days_col

Per datetime column span in days
(max−min), aggregated across date-
time columns.

batch mean, max Timeliness
proxy.

meta__dt__max_

days_since_epo

ch

Maximum timestamp in the batch,
represented as days since the Unix
epoch.

batch max Timeliness
proxy.
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C Outlier Feature Block

Table C.7: Outlier feature block used by the final Quality Feature Builder configuration. Each
detector produces per-row anomaly scores, which are summarized at batch level us-
ing central tendency, dispersion, tail, reference-exceedance, and detector-agreement
features.

Feature key Computation / algorithm Granularity Stats Notes

outlier__zscor

e__*

Per row: aggregate absolute per-
feature z-scores fitted on the refer-
ence data.

batch mean, std,
median, q95,
q99, tail gap,
tail ratio,
share above
ref q95/q99

Univariate
baseline.

outlier__iqr_s

oft__*

Per row: normalized exceedance be-
yond IQR fences, aggregated across
numeric features.

batch mean, std,
median, q95,
q99, tail gap,
tail ratio,
share above
ref q95/q99

Robust
univariate.

outlier__mahal

anobis_mcd__*

Per row: robust Mahalanobis dis-
tance using an MCD covariance esti-
mate fitted on the reference data.

batch mean, std,
median, q95,
q99, tail gap,
tail ratio,
share above
ref q95/q99

Robust
multivari-
ate struc-
ture.

outlier__lof__

*

Per row: Local Outlier Factor nov-
elty score fitted on the reference data
and converted so that higher scores
indicate stronger outlierness.

batch mean, std,
median, q95,
q99, tail gap,
tail ratio,
share above
ref q95/q99

Local
density
anomalies.

outlier__isofo

rest__*

Per row: Isolation Forest score fit-
ted on the reference data and con-
verted so that higher scores indicate
stronger outlierness.

batch mean, std,
median, q95,
q99, tail gap,
tail ratio,
share above
ref q95/q99

Model-
based mul-
tivariate
detector.

outlier__{det}

__tail_gap_q99

_q95

For each detector, compute the dif-
ference between the 99th and 95th
percentile of the batch row-score dis-
tribution.

batch q99–q95 Tail-shape
enrich-
ment.
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Feature key Computation / algorithm Granularity Stats Notes

outlier__{det}

__tail_ratio_q

95_med

For each detector, compute
q95/(median+ ε) from the batch
row-score distribution.

batch ratio Tail-shape
enrich-
ment.

outlier__{det}

__share_above_

ref_q95

For each detector, compute the frac-
tion of batch rows with scores above
the detector-specific reference 95th
percentile.

batch fraction Fixed ref-
erence
threshold.

outlier__{det}

__share_above_

ref_q99

For each detector, compute the frac-
tion of batch rows with scores above
the detector-specific reference 99th
percentile.

batch fraction Fixed ref-
erence
threshold.

outlier__agree

ment

Compute pairwise Pearson corre-
lations between detector row-score
vectors and summarize the off-
diagonal correlations.

batch mean, min,
max, std

Detector
agreement.

D Drift Feature Block

Table D.8: Drift Feature Block used by the final Quality Feature Builder configuration. Drift
scores are computed per feature relative to the reference data and then summarized
separately for numeric and categorical feature groups.

Feature key Computation / algorithm Granularity Stats Notes

drift__ks__num

__*

Per numeric feature: Kolmogorov–
Smirnov distance between the ref-
erence and batch empirical distribu-
tions.

batch q50, q90, q99,
conc

Numeric
distribution-
shape
drift.

drift__wassers

tein__num__*

Per numeric feature: Wasserstein-1
distance between the reference and
batch distributions.

batch q50, q90, q99,
conc

Numeric
loca-
tion/scale
distribution
drift.

drift__chi2__c

at__*

Per categorical feature: chi-square
goodness-of-fit score comparing
batch category counts against ref-
erence category proportions.

batch q50, q90, q99,
conc

Categorical
frequency
drift.
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Feature key Computation / algorithm Granularity Stats Notes

drift__js__cat

__*

Per categorical feature: Jensen–
Shannon divergence between ref-
erence and batch category frequency
vectors.

batch q50, q90, q99,
conc

Categorical
distribution
drift.

drift__{det}__

{type}__conc

For each detector and applicable fea-
ture type, compute a Herfindahl-like
concentration index over absolute
per-feature drift scores.

batch concentration High val-
ues indi-
cate drift
concen-
trated in
few fea-
tures.

E Synthetic Data Generator (SDG) Configuration

Table E.9: Synthetic Data Generator (SDG) parameters and configuration options used to generate
labeled degraded batches from the reference snapshot Rt .

Parameter Type Meaning / effect Notes / typical
values

R_t DataFrame Reference snapshot from which clean
base batches are sampled and to which
corruptions are applied.

Assumed ac-
cepted/clean
baseline.

n int Batch size (number of rows) Fixed per exper-
iment (varied
across runs).

K int Number of degraded batches to generate
per dataset/run.

Controls train-
ing set size.

ρ float Target corruption rate: fraction of el-
igible cells to perturb. Determines
ntarget ≈ ρ ·n · pactive.

Typical: small
(e.g., 0.01–
0.20).

use_feat_import bool If enabled, uses feature-importance
weights to create bias which columns
get corrupted more often.

If false,
columns are
sampled uni-
formly.

feature_importan

ce (FI j)

dict / array Nonnegative column weights used to
define column sampling probabilities
w j ∝ FI j.

Optional;
must align
with schema
columns.
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Parameter Type Meaning / effect Notes / typical
values

fi_topk int / None Optional truncation: keep only top-k
most important columns active; set oth-
ers to weight 0.

Useful to fo-
cus corruption
on impactful
features.

active_columns list / None Explicit override list of columns eligible
for corruption (after type constraints).

Optional; can
enforce scope.

strategies list[str] Set of corruption strategies that SDG
may apply (type-filtered per column).

E.g., miss-
ing, gaus-
sian_noise,
etc.

strategy_mode str How strategies are assigned:
fixed, per_column_random, or
per_cell_random.

Controls
within-column
heterogeneity.

fixed_strategy str / None Strategy used when strat-

egy_mode=fixed.
Must be valid
for all affected
column types.

strategy_weights dict / None Optional weights over strategies when
sampling in random modes.

If omitted,
strategies sam-
pled uniformly.

missing_mode str Whether missingness is injected as true
NA (missing) or as sentinel placehold-
ers (placeholder_missing).

Both map to the
“missingness”
label.

missing_numeric_

placeholder

float / int / str Sentinel used for numeric placeholder
missingness.

Only used
for place-
holder_missing.

missing_categori

cal_placeholder

str Sentinel used for categorical place-
holder missingness.

E.g., "MISS-
ING".

missing_datetime

_placeholder

str / datetime Sentinel used for datetime placeholder
missingness (parsed to datetime).

E.g., "1970-
01-01".

noise_strength

(α)

float Scale for Gaussian noise: x′ = x+ ε ,
ε ∼N (0,(ασ j)

2).
Controls nu-
meric “noise”
strength.

shift_strength

(s)
float Shift/scale distortion: x′ = (x−µ j)(1+

s)+µ j + sσ j.
Controls nu-
meric “shift”
strength.
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Parameter Type Meaning / effect Notes / typical
values

outlier_strength float Outlier injection strength: adds large de-
viations (magnitude distribution scaled
by σ j).

Controls nu-
meric “outlier”
strength.

category_swap_mo

de

str / None How alternative categories are selected
for category_swap (e.g., uniform over
observed set).

If unspecified,
uniform is typi-
cal.

type_cast_suffix str Suffix/pattern appended when
generating malformed strings in
type_cast_error.

Used to create
parse-breaking
values.

datetime_shift_d

ays

int Large offset (days) for date-
time_shift: t ′ = t±∆.

Controls tem-
poral “shift”
strength.

datetime_jitter_

days_std

float Std. dev. (days) for datetime_jitter:
t ′ = t +δ , δ ∼N (0,σ2

δ
).

Controls tem-
poral “noise”
strength.

random_state int Controls all stochasticity: row sampling,
cell selection, strategy sampling, and
perturbation draws.

Fixed per run;
disjoint seeds
for train/test.

return_summary bool Whether SDG returns a per-batch sum-
mary table of applied corruptions (col-
umn, strategy, counts/fractions).

Used for deter-
ministic label
construction.

F Synthetic Degradation Strengths

Table F.10: Synthetic degradation strength ranges used during degraded batch generation.

Configuration field Range Meaning

cell_perturbation_rate

_range

(0.05, 0.30) Range from which the fraction of
perturbed cells is sampled.

noise_strength_range (0.10, 0.30) Strength range for Gaussian noise
applied to numeric values.

shift_strength_range (0.25, 0.75) Strength range controlling the mag-
nitude of numeric shift/scale pertur-
bations.
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Configuration field Range Meaning

shift_range_width (0.05, 0.10) Range controlling the relative width
of the affected region for shift/scale
degradation.

outlier_strength_range (0.30, 0.70) Strength range controlling the mag-
nitude of injected numeric outliers.

datetime_shift_days_ra

nge

(20, 40) Range for systematic datetime
shifts, expressed in days.

datetime_jitter_days_s

td_range

(1.0, 5.0) Range for the standard deviation of
datetime jitter, expressed in days.

G SDG strategy-to-label mapping

Table G.11: Mapping from SDG implementation strategies to taxonomy labels L and an aux-
iliary operational dimension. A taxonomy label is set to 1 if at least one mapped
strategy occurs in the SDG batch summary.

Degradation la-
bel ℓ

SDG strategies Dimension(s) Operational intent /
notes

Missingness missing, place-
holder_missing

Completeness True NA/NaT and
sentinel-based missing-
ness; label active if either
strategy occurs at least
once.

Noise / Measure-
ment error

gaussian_noise, date-
time_jitter

Accuracy Attribute-level distortions
that preserve type; val-
ues remain plausible but
deviate from expected
properties.

Outliers / Ex-
treme values

outlier Accuracy; in-
tegrity

Explicit tail-event injec-
tion in numeric columns,
intended to create rare
extreme deviations.

Redundancy /
Duplication

Not generated by SDG or
evaluated as degradation
label by Root-cause model

Uniqueness, con-
sistency

This label is excluded,
since duplicates or near-
duplicates are often
caught upstream by data-
centric methods.
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Degradation la-
bel ℓ

SDG strategies Dimension(s) Operational intent /
notes

Distributional
shift / Drift

shift_scale, permute,
category_swap, date-
time_shift

Timeliness; Ac-
curacy

Strategies that alter uni-
variate or multivariate
distributional properties
relative to Rt .

H Dataset snippet & summary

The variable space excludes the primary key transaction_id and the derived temporal columns
hour, day, weekday, is_weekend, and is_night, since these were not included in the analysis.

Table H.12: Illustrative sample of the enterprise fraud dataset. The table shows a small subset of
rows and a selection of representative columns.

customer_id merchant_id timestamp customer_segment transaction_amount ...

9802 1487 2025-01-22 14:02:41 regular 424.75 ...
9762 1412 2025-02-18 01:53:25 regular 81.54 ...
9230 1690 2025-03-04 00:29:01 regular 346.67 ...
6009 942 2025-04-02 21:41:53 regular 260.79 ...
2818 715 2025-02-17 14:30:54 regular 143.13 ...

The active feature specification excludes transaction_id and the derived temporal columns
hour, day, weekday, is_weekend, and is_night, since these were commented out in the im-
plementation and were therefore not included in the analysis.

Table H.13: Overview of active dataset columns used in the analysis. The dataset contains
200,000 rows and 38 active columns: 22 numeric, 15 categorical, and 1 datetime
column.

Column Type Description

customer_id categorical Unique identifier for each customer.
merchant_id categorical Unique identifier for each merchant.
timestamp datetime Date and time of the transaction.
customer_segment categorical Segment or tier of the customer.
avg_spend_profile numeric Average spending profile of the customer.
home_lat numeric Latitude coordinate of the customer’s home.
home_lon numeric Longitude coordinate of the customer’s home.
past_fraud_history numeric Count or measure of past fraudulent activity.
credit_score numeric Credit score of the customer.
account_age_days numeric Age of the customer’s account in days.
merchant_category categorical Category of the merchant, for example electronics or

food.
merchant_risk_score numeric Risk score associated with the merchant.
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Column Type Description

merchant_lat numeric Latitude coordinate of the merchant’s location.
merchant_lon numeric Longitude coordinate of the merchant’s location.
transaction_amount numeric Monetary value of the transaction.
txn_lat numeric Latitude coordinate of the transaction location.
txn_lon numeric Longitude coordinate of the transaction location.
distance_from_home_km numeric Distance from the transaction to the customer’s home

in kilometers.
is_foreign categorical Boolean indicator equal to 1 if the transaction is foreign

and 0 otherwise.
high_risk_country categorical Boolean indicator equal to 1 if the transaction origi-

nates from a high-risk country and 0 otherwise.
device_type categorical Type of device used for the transaction.
channel categorical Channel through which the transaction occurred, for

example POS, ATM, or online.
is_new_device categorical Boolean indicator equal to 1 if the device is new for the

customer and 0 otherwise.
vpn_detected categorical Boolean indicator equal to 1 if VPN usage was detected

and 0 otherwise.
tor_detected categorical Boolean indicator equal to 1 if TOR usage was detected

and 0 otherwise.
device_id categorical Unique identifier for the device.
trans._velocity_1h numeric Transaction count or rate during the last 1 hour.
trans._velocity_24h numeric Transaction count or rate during the last 24 hours.
trans._velocity_7d numeric Transaction count or rate during the last 7 days.
sec._since_last_txn numeric Seconds elapsed since the previous transaction.
avg_amount_30d numeric Average transaction amount in the last 30 days.
amount_dev._ratio numeric Ratio of the current amount to the average amount.
merchant_ring_id categorical Identifier for a merchant group or ring.
shared_device_count numeric Count of other customers using the same device.
cus._merch._txn_count numeric Number of transactions between a customer and a mer-

chant.
label categorical Target variable indicating whether a transaction is

fraudulent or legitimate.
fraud_type categorical Type of fraud if the transaction is fraudulent.
financial_loss numeric Monetary loss incurred by the transaction.
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Figure H.1: Pareto distribution of label combinations in the training set.

I Reproducibility factors

Table I.14: Overview of experimental settings. All experiments use batch size 128 and 20 degra-
dation sets per batch.

Strategy # co-occ. labels Set sizes (Train / Val / Test) perturbation range

per_column_random 1 20,000 / 5,000 / 6,240 (0,0.5)
2 20,000 / 5,000 / 6,240 (0,0.5)
3 20,000 / 5,000 / 6,240 (0,0.5)

Restricted range 1 20,000 / 5,000 / 6,240 (0.05,0.3)
2 20,000 / 5,000 / 6,240 (0.05,0.3)
3 20,000 / 5,000 / 6,240 (0.05,0.3)

per_cell_random 1 20,000 / 5,000 / 6,240 (0,0.5)
2 20,000 / 5,000 / 6,240 (0,0.5)
3 20,000 / 5,000 / 6,240 (0,0.5)
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Table I.15: Overview of stochastic components in the experimental pipeline and their correspond-
ing seed control. All randomness is deterministically derived from MASTER_SEED =
20.

Component / Module Source of Randomness Seed Control
Dataset splitting Shuffling and random parti-

tioning of instances
MASTER_SEED

Train-validation split Random selection of data MASTER_SEED

Batch seed sets Generation of unique per-
batch random seeds

MASTER_SEED

Synthetic degradation
(train/val/test batches)

Random strategy choice,
severity, and location

Batch seed sets

Outlier detection Randomized model fitting
(Isolation Forest, MCD)

Batch seed sets

Metadata extraction Random subsampling and
initialization

Batch seed sets

Optuna hyperparameter
sampling

sampling of hyperparameter
configs RandomSampler

MASTER_SEED

Optuna trial execution Trial order and parameter
evaluation sequence

RandomSampler

Per-trial Model initialization
and training (FFNN)

Random weight initializa-
tion, dropout and Shuffling

trial_seed =

MASTER_SEED +

trial.number

Per-trial model fitting
(XGB)

Row/column subsampling
and tree construction

trial_seed

Threshold optimization Potential stochasticity via
model outputs

Implicitly by
trial_seed
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J Models: hyperparameter & threshold optimization, computation
times & learning curves

Table J.16: Selected hyperparameters for the evaluated model settings, with # of trials (N) = 100.

Setting Model Selected hyperparameters

Main approach FFNN nhidden_layers = 2; hidden_width = 64; dropout = 0.1652; learn-
ing_rate = 0.005673; weight_decay = 2.52×10−6; batch_size = 256

Main approach XGBoost
OvR

max_depth = 8; eta = 0.01436; n_estimators = 2000;
min_child_weight = 8.1312; gamma = 1.8370; subsample = 0.7102;
colsample_bytree = 0.9407; reg_lambda = 0.07795; reg_alpha
= 0.01561

Restricted range
(0.05,0.3)

FFNN nhidden_layers = 3; hidden_width = 128; dropout = 0.2435; learn-
ing_rate = 0.0001159; weight_decay = 0.001057; batch_size = 512

Restricted range
(0.05,0.3)

XGBoost
OvR

max_depth = 5; eta = 0.10436; n_estimators = 1000;
min_child_weight = 3.4098; gamma = 2.0352; subsample = 0.9927;
colsample_bytree = 0.7339; reg_lambda = 0.08327; reg_alpha
= 1.21×10−5

per_cell_random

approach
FFNN nhidden_layers = 2; hidden_width = 512; dropout = 0.2631; learn-

ing_rate = 0.0002052; weight_decay = 4.09× 10−6; batch_size =
512

per_cell_random

approach
XGBoost
OvR

max_depth = 8; eta = 0.01538; n_estimators = 1000;
min_child_weight = 1.8684; gamma = 0.3088; subsample = 0.9723;
colsample_bytree = 0.6092; reg_lambda = 0.003249; reg_alpha
= 1.83×10−5

Table J.17: Optimized label-specific thresholds for the evaluated model settings, with # of trials
(N) = 100.

Setting Model Missingness Noise / Meas. err. Outliers / Ext. val. Dist. shift / Drift

Main approach FFNN 0.10 0.05 0.10 0.05

Main approach XGBoost
OvR

0.45 0.15 0.10 0.55

Restricted range
(0.05,0.3)

FFNN 0.20 0.10 0.05 0.05

Restricted range
(0.05,0.3)

XGBoost
OvR

0.10 0.20 0.15 0.25

per_cell_random

approach
FFNN 0.25 0.80 0.80 0.05

per_cell_random

approach
XGBoost
OvR

0.10 0.20 0.20 0.15
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Table J.18: Computation times for the evaluated model settings. Degradation generation time
denotes the time required to generate the degraded datasets, feature construction time
denotes the time required to generate the feature representation, total training time
denotes the full time required to fit the model (N=100), and inference time denotes
the time required to generate predictions on the test set. These computation times are
for all 3 degradation runs (max. co-occurring 1,2,3) aggregated, since these are all
needed for the final model.

Setting Model Deg. gen. Feat. constr. Training Inference

Main approach FFNN 4:27:55 24:23:01 2:26:50 <2s
XGB OvR 3:46:34 <2s

Restricted range FFNN 1:30:51 24:21:49 2:24:28 <2s
XGB OvR 3:58:38 <2s

per_cell_random FFNN 4:54:27 22:21:22 2:18:24 <2s
XGB OvR 3:05:40 <2s

(a): FFNN learning curves across epochs. (b): XGBoost one-vs-rest training and valida-
tion log-loss across boosting rounds.

Figure J.2: Training diagnostics for the FFNN and XGBoost one-vs-rest models. The FFNN is
evaluated using learning curves across epochs, whereas XGBoost one-vs-rest is eval-
uated using training and validation log-loss across boosting rounds.

K SHAP & Feature Importance XGBoost OvR

Figure K.3: Top-20 TreeSHAP and XGBoost gain importance features for the Missingness label.
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Figure K.4: Top-20 TreeSHAP and XGBoost gain importance features for the
Noise/Measurement error label.

Figure K.5: Top-20 TreeSHAP and XGBoost gain importance features for the Outliers/Extreme
values label.

Figure K.6: Top-20 TreeSHAP and XGBoost gain importance features for the Distributional
shift/Drift label.
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L Results main approach

Table L.19: Additional overall predictive performance metrics of the prior baseline, FFNN, and
XGBoost one-vs-rest models.

Metric Prior baseline FFNN XGBoost OvR

Precision (micro) Val – 0.862383 0.898366
Test 0.563370 0.862520 0.896788

Recall (micro) Val – 0.975905 0.983090
Test 0.563317 0.975343 0.982786

Precision (macro) Val – 0.837447 0.871237
Test 0.498797 0.836827 0.868906

Recall (macro) Val – 0.968276 0.975772
Test 0.498751 0.967074 0.975296

(a): FFNN (b): XGBoost one-vs-rest

Figure L.7: Macro-F2 plots across degradation rates and co-occurrence levels for the FFNN and
XGBoost one-vs-rest models.
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M Results restricted range approach

Table M.20: Overall predictive performance metrics of the prior baseline, FFNN, and XGBoost
one-vs-rest on the restricted range (0.05,0.3).

Metric Prior baseline FFNN XGBoost OvR

Macro-F2 Val – 0.893675 0.951126
Test 0.499636 0.892474 0.949479

Micro-F2 Val – 0.917998 0.965950
Test 0.565111 0.917938 0.965215

Subset Accuracy Val – 0.619200 0.811400
Test 0.099568 0.619498 0.813141

Hamming Loss Val – 0.114850 0.053167
Test 0.434590 0.115104 0.052951

Mean Jaccard Similarity Val – 0.853183 0.935144
Test 0.411751 0.853508 0.935541

Precision (micro) Val – 0.848743 0.920526
Test 0.565081 0.848339 0.921980

Recall (micro) Val – 0.937114 0.978015
Test 0.565120 0.937159 0.976665

Precision (macro) Val – 0.837269 0.896691
Test 0.499612 0.836321 0.897565

Recall (macro) Val – 0.919933 0.967502
Test 0.499648 0.918807 0.965041

Figure M.8: Macro-F2 across perturbation rates for the FFNN, XGBoost OvR, and the prior base-
line on the restricted range. The shaded area denotes the 95% confidence interval of
the prior baseline.
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Figure M.9: Overall label-wise F2 scores on the test set for the FFNN and XGBoost one-vs-rest
models on the restricted range.

Figure M.10: False-positive rate as a function of perturbation rate for the four degradation types
on the restricted range.
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Figure M.11: Recall at a false-positive rate of at most 5% as a function of perturbation rate for the
four degradation types on the restricted range.

Figure M.12: Label-wise F2 heatmap across degradation rates and co-occurrence for Missing-
ness on restricted range.

Figure M.13: Label-wise F2 heatmap across degradation rates and co-occurrence for
Noise/Measurement Error on restricted range.
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Figure M.14: Label-wise F2 heatmap across degradation rates and co-occurrence for Out-

liers/Extreme values on restricted range.

Figure M.15: Label-wise F2 heatmap across degradation rates and co-occurrence for Distribu-
tional Shift/Drift on restricted range.

N Results alternative degradation approach (per_cell_random)

Table N.21: Overall predictive performance metrics of the prior baseline, FFNN, and XGBoost
one-vs-rest for the per_cell_random approach.

Metric Prior baseline FFNN XGBoost OvR

Macro-F2 Val – 0.918212 0.959506
Test 0.499532 0.917636 0.956709

Micro-F2 Val – 0.935037 0.971684
Test 0.567800 0.935614 0.970308

Subset Accuracy Val – 0.679400 0.818400
Test 0.104332 0.676976 0.817308

Hamming Loss Val – 0.103267 0.056733
Test 0.431812 0.103552 0.057439

Mean Jaccard Similarity Val – 0.863333 0.931444
Test 0.415724 0.863542 0.930311

Precision (micro) Val – 0.853266 0.905433
Test 0.567782 0.852158 0.905647

Recall (micro) Val – 0.957989 0.989789
Test 0.567806 0.959096 0.987943

Precision (macro) Val – 0.838168 0.879215
Test 0.499519 0.833348 0.877007

Recall (macro) Val – 0.950898 0.984794
Test 0.499541 0.951939 0.981854
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Figure N.16: Macro-F2 across perturbation rates for the FFNN, XGBoost OvR, and the prior
baseline under per_cell_random. The shaded area denotes the 95% confidence
interval of the prior baseline.

Figure N.17: Overall label-wise F2 scores on the test set for the FFNN and XGBoost one-vs-rest
models under per_cell_random.

94



Figure N.18: False-positive rate as a function of perturbation rate for the four degradation types
under per_cell_random.
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Figure N.19: Recall at a false-positive rate of at most 5% as a function of perturbation rate for the
four degradation types under per_cell_random.

Figure N.20: Label-wise F2 heatmap across degradation rates and co-occurrence for Missing-
ness under per_cell_random.

Figure N.21: Label-wise F2 heatmap across degradation rates and co-occurrence for
Noise/Measurement Error under per_cell_random.
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Figure N.22: Label-wise F2 heatmap across degradation rates and co-occurrence for Out-

liers/Extreme values under per_cell_random.

Figure N.23: Label-wise F2 heatmap across degradation rates and co-occurrence for Distribu-
tional Shift/Drift under per_cell_random.
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