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“Sag’, wie weit noch? Wie weit
Muss man gehen, damit man alles erreicht?”

Montez, Casper — 7 Leben






Zusammenfassung

Bei statistischen Verfahren des Maschinellen Lernens besteht die Moglichkeit
falscher Vorhersagen. Vor allem im Hinblick auf sensitive Modellentscheidungen
ist es wichtig sicherzustellen, dass falsche Vorhersagen korrigiert werden konnen.
Algorithmen der Erkldrbaren Kiinstlichen Intelligenz ermoglichen es, falsche
Entscheidungsgriinde aufzuzeigen. Die Moglichkeit, falsche Entscheidungsmech-
anismen aufzudecken, verhindert diese jedoch nicht. Das Forschungsgebiet
Erkldrbares Interaktives Maschinelles Lernen gibt Forschenden die Moglichkeit,
Erklarungen, die den Entscheidungsmechanismus reprédsentieren, anzupassen.
Die Algorithmen unterscheiden sich in ihrer Art, das menschliche Feedback in
das Modell einzubetten. Einige Algorithmen nutzen Modell-Spezifika, wie zum
Beispiel das Bestrafen von Gradienten in irrelevanten Regionen. Andere verfolgen
eine modell-agnostische Herangehensweise, die die Korrelation von menschlichem
Feedback zu Erkldrungen und der Zielvariable als zuséatzliche Trainingsinstanzen,
sogenannte Gegenbeispiele, induzieren.

Der CAIPI-Algorithmus gilt als Begriinder der zweiten Kategorie. CAIPI ist eine
Art algorithmischer Baukasten, der Komponenten zur Vorhersage, Erklarungsge-
bung, Interaktion und Gegenbeispielgenerierung iterativ verbindet. Gegenbeispiele
werden fiir Instanzen generiert, die auf Basis der falschen Griinde korrekt vorherge-
sagt wurden. Obwohl CAIPI ein modell-agnostischer Algorithmus ist, ldsst er sich
aufgrund seines grofitenteils theoretischen Konzepts schwer auf andere Doméanen
abseits der Bild- und Textklassifikation tibertragen. Die existierende Formalisierung
von CAIPI erschwert zudem die Untersuchung theoretischer Fragestellungen wie
der nach dem Einfluss von Gegenbeispielen auf den Optimierungsprozess.

Das primére Ziel dieser Doktorarbeit ist die Verbesserung von CAIPI, einerseits
durch eine mathematische Analyse der Frage, wie sich Gegenbeispiele auf
den Optimierungsprozess auswirken, andererseits durch Ab&dnderungen oder
Erweiterungen des urspriinglichen Algorithmus. Jeder Beitrag dieser Arbeit
wird entweder formal diskutiert oder experimentell evaluiert. Dies gelingt durch
folgende Forschungsfragen, die die Forschungsziele in wissenschaftlich messbare
Fragestellungen tiberfiihren:

R1 Welchen Einfluss haben Gegenbeispiele auf den Optimierungsprozess von
maschinell gelernten Modellen?

R2 Welchen Einfluss haben Anderungen der Komponenten von CAIPI, im
Spezifischen Modifikationen der Vorhersage-, Erkldarungs-, Interaktions- und
Gegenbeispielgenerierungs-Komponente, auf die Anwendungsbereiche von
CAIPI und die damit einhergehende Qualitit?

Die kombinierte Antwort beider Forschungsfragen leistet einen wichtigen
Beitrag auf dem Forschungsgebiet Erkldrbares Interaktives Maschinelles Lernen:
Wihrend der Einfluss von Gegenbeispielen formal analysiert wird, sind die theo-
retischen Ergebnisse Motivation fiir Modifikationen von CAIPI. Die modifizierten
Algorithmen verbessern entweder CAIPI im Kontext der Bildklassifikation oder
erweitern den Anwendungsbereich von CAIPI. Die wissenschaftlichen Beitrige
dieser Arbeit kdnnen in zwei Punkten zusammengefasst werden:
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1) CAIPI und alle anderen enthaltenen Methoden dieser Arbeit werden
formal beschrieben. So kann der Einfluss von Gegenbeispielen auf den
Optimierungsprozess systematisch analysiert werden. In diesem Zusam-
menhang beinhaltet diese Arbeit eine neue Methode, die mit Hilfe von
Erklarbaren Interaktiven Maschinellen Lernen mit Gegenbeispielen Random
Forests optimiert. Die theoretische Analyse zeigt, dass Gegenbeispiele
die Wahrscheinlichkeit der Anpassung des Entscheidungsmechanismus
erhohen. Eine angepasste Entscheidungsgrenze von Modellen ist jedoch nicht
gleichbedeutend mit Vorteilen in der Vorhersagequalitdt. Ergebnisse aus einer
Simulationsstudie mit einem aus den theoretischen Ergebnissen abgeleiteten
Gegenbeispiel-Filter zeigen, dass vorteilhafte von nicht vorteilhaften
Gegenbeispielen unterschieden werden kénnen. Dies gelingt dadurch, dass
die vorhergesagte Instanz dahingehend tiberpriift wird, ob sie charakteristisch
fiir Instanzen aus dem Datensatz ist. Ist dies nicht der Fall, handelt es sich um
einen Ausreifser, fiir den keine Gegenbeispiele generiert werden.

2) Zusatzlich werden durch diese Doktorarbeit zahlreiche neue Verfahren
basierend auf CAIPI entwickelt. Unter anderem verwenden vorgeschlagene
Varianten von CAIPI generative Modelle, um Gegenbeispiele zu generieren.
Dies steigert die Plausibilitit von Gegenbeispielen. Diese Modifikation
steigert sowohl die Performanz in der Bildklassifikation, ermoglicht ferner
aber auch die Modelloptimierung fiir die Klassifikation tabellarischer Daten.
Vor allem im neu erschlossenen Anwendungskontext Klassifikation von
Tabellendaten werden durch Teile dieser Doktorarbeit bedeutende neue
Methoden entwickelt: (i) FAIRCAIPI ist eine Variante von CAIPI, die die
maschinell aus Daten gelernten Verzerrungen in Modellen abschwécht.
Durch FAIRCAIPI werden maschinell gelernte Klassifikationsmodelle fairer.
(ii) HYXIML kombiniert probabilistisch logische Inferenzen und statistische
Vorhersagen aus maschinell gelernten Modellen, um Catastrophic Feedback
Forgetting zu verhindern. Bei Catastrophic Feedback Forgetting handelt es
sich um ein erstmals in dieser Arbeit beschriebenes Phianomen, bei dem die
Wahrscheinlichkeitsmasse von Nutzerannotationen nicht ausreicht, um von
optimierten Modellen beriicksichtigt zu werden.

Dariiber hinaus erlauben User Interfaces auch Personen ohne Expertise im
Maschinellen Lernen, maschinell gelernte Modelle in einem erkldrbaren und
interaktiven Setting zu optimieren. Die User Interfaces wurden jedoch nicht system-
atisch evaluiert. Zudem beinhaltet diese Arbeit neue Algorithmen des Erkldrbaren
Maschinellen Lernens fiir metrische Zielvariablen und Clustering mit arbitrdren
Datentypen. Kombiniert mit den beschriebenen Interaktionsmechanismen kénnen
weitere Anwendungsbereiche fiir CAIPI erschlossen werden.

Diese Doktorarbeit zeichnet sich durch einen formalen und algorithmischen
Fokus aus. Zahlreiche Varianten von CAIPI erschlieflen neue Anwendungsbereiche.
Die starke Ahnlichkeit aller Algorithmen trédgt zu einer Generalisierung von CATPI
bei. Zudem leistet die Untersuchung von induzierten Gegenbeispielen einen
wichtigen Beitrag im Forschungsgebiet. Nicht detailliert thematisiert werden in
dieser Doktorarbeit alternative Feedback-Induktionsverfahren wie zum Beispiel
die inkrementelle Abdnderung von Instanzgewichten. In diesem Zusammenhang
konnte eine Generalisierung der mathematischen Ergebnisse die Arbeit aufwerten.
Gemeinsam mit hybriden Verfahren im Bereich der Bildklassifikation, die Catas-
trophic Feedback Forgetting begegnen, sind dies wesentliche Ankniipfungspunkte
fiir kiinftige wissenschaftliche Arbeiten.
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Abstract

An inherent challenge of statistical machine learning models is the possibility of er-
roneous outcomes, which underscores the importance of corrigibility, particularly in
sensitive domains. Advances in the field of explainable Artificial Intelligence have
revealed that machine learning models might conduct correct decisions based on
incorrect decision-making mechanisms. The possibility of detecting erroneous de-
cision making does not prevent incorrect decision-making mechanisms, which is
why the research field explanatory interactive machine learning has equipped re-
searchers with the opportunity to revise explanations. Explanatory interactive ma-
chine learning procedures vary in their feedback injection mechanism: Some utilize
model-specific internals, e.g., they penalize gradients in indecisive regions. Others
are model-agnostic and induce additional training data, termed counterexamples,
which only contain the relation of human explanation revisions and the target.

CATIPI, the origin of the latter category, is an algorithmic framework to optimize
machine learning models that iteratively combines components to predict, explain,
and interact with instances. It generates counterexamples in iterations with cor-
rect prediction and erroneous decision-making mechanism. CAIPI, despite being
claimed to be model-agnostic, has been proposed as a theoretical concept, which
does not transfer well to practical application scenarios beyond image and text clas-
sification. Moreover, its formalization requires refinement, particularly when evalu-
ating the impact of counterexamples on the optimization framework.

This thesis aims to address CAIPI’s limitations through a formal analysis of how
counterexamples influence the iterative optimization of machine learning models,
together with algorithmic modifications of the original CAIPI framework. Each con-
tribution is formally assessed or experimentally evaluated. Consider the following
two research questions that operationalize the research objectives:

R1 How do counterexamples affect the optimization of machine learning models?

R2 How do modifications in the prediction, explanation, interaction, and
counterexample generation components affect CAIPI's applicability to
machine learning tasks?

In combination, the answers to both research questions advance explanatory in-
teractive machine learning by introducing theoretically motivated, adapted versions
of CAIPI that enhance its performance in image classification or extend its range of
applications. This thesis makes two key contributions:

1) This thesis formalizes CAIPI and each proposed method with mathematically
grounded definitions, enabling a formal evaluation of how an iterative coun-
terexample induction affects the machine learning optimization process. In
this regard, a novel method is proposed to optimize random forests by adding
counterexamples constructed to adjust the model’s decision-making mecha-
nism. Findings indicate that while counterexamples increase the probability of
adjusting the random forest’s decision boundary, the decision boundary mod-
ification and the predictive quality are decoupled, meaning that counterexam-
ples do not constantly shift the decision-making mechanism into the beneficial
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direction. A simulation study demonstrates that a proposed counterexample
filtering step can distinguish between beneficial and non-beneficial counterex-
amples. The counterexample filter assesses the representativeness of instances
and prevents the generation of counterexamples for outliers.

2) Additionally, this thesis proposes several adaptations of CAIPI, each modi-
fying one or more of its components. For example, incorporating genera-
tive models for the generation of counterexamples increases the plausibility of
counterexamples, enhancing CAIPI’s performance in image classification and
extending its applicability to tabular data classification — a novel domain for
CAIPIL. Especially for tabular data classification, two important CAIPI adap-
tations are proposed: (i) FAIRCAIPI, which optimizes bias detection metrics
to improve the fairness of classification models that might reproduce data-
inherent biases, and (ii) HYXIML, which accommodates probabilistic logic in-
ferences and machine learning predictions to counteract catastrophic feedback
forgetting. This vulnerability of explanatory interactive machine learning, dis-
cussed by this thesis, describes user annotations with insufficient probability
mass, preventing user feedback from being reflected by the optimized model
in the prediction phase.

Although not explicitly evaluated, this thesis proposes user interfaces for binary im-
age and tabular data classification tasks. Finally, it derives and evaluates explana-
tory machine learning approaches combined with feedback injection mechanisms,
which potentially expand CAIPI’s application spectrum to numeric target variables
and clustering with mixed data types.

This doctoral thesis is driven by a strong formal and algorithmic focus. It gener-
alizes the CAIPT algorithm by transferring it to diverse machine learning tasks. The
thorough derivation of CAIPI’s components causes highly similar algorithms, de-
spite being applied to various tasks and data types. Its formal focus reveals theoret-
ical insights into model optimization with counterexamples, ultimately enhancing
explanatory interactive machine learning as a research area. The thesis proposes
mostly algorithms, which induce user feedback into the model by counterexam-
ples, neglecting alternative feedback injection mechanisms, e.g., incremental weight
adaptations, which is a promising first future research direction. Alternative feed-
back injection mechanisms would benefit from a formal refinement and general-
ization — a second research topic to explore. Finally, developing hybrid approaches
against catastrophic feedback forgetting for image classification defines a potentially
impactful future research avenue.
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Chapter 1

Introduction

Data-driven, statistical machine learning (ML) models aid humans in many do-
mains, either by entirely automating processes, or by providing auxiliary informa-
tion learned from data: Examples include the automatic detection of defective com-
ponents for industrial quality control (Miiller et al., 2022), ML-aided parameter es-
timation for complex engineering mechanisms (Wirth, Schmid, and Voget, 2022), or
the identification of cancer tissue to support physicians (Kourou et al., 2015). All
of the prior use cases have in common that they require a high degree of expert
knowledge. Naturally, extraordinary high expertise is expected to be rare through-
out domains, putting ML models into the position that they may outperform the
majority of users, while domain experts are still superior in their respective task.

This circumstance can lead to the chance that domain experts induce their knowl-
edge into ML models, which are then exploited to guide and potentially educate
novices (Wirth, Schmid, and Voget, 2022). Furthermore, the former use cases might
evolve: For instance, installing new production facilities might cause novel types of
damages, mechanical instruments might behave differently when transferred into
regions with different humidity or temperature, or novel types of cancer might oc-
cur. In all examples, ML models improve if they are re-trained, which requires accu-
mulated expert advice over time.

Crucial for the adaptation of ML models is their trustworthiness, as domain ex-
perts need to be certain that the ML model’s decision boundary reflects the correct
decision-making mechanism (Thaler and Schmid, 2021; Wirth, Schmid, and Voget,
2022), which can be revealed by explanatory ML (or more broadly Explanatory Arti-
ficial Intelligence (XAI)) techniques (e.g., Schwalbe and Finzel, 2023, and references
therein). At this point, this thesis restricts itself to local explanatory ML approaches
that illustrate the reasons for a specific prediction given a specific instance.

Explanatory Interactive Machine Learning (XIML) (Teso and Kersting, 2019) en-
ables users to iteratively revise local explanations of ML models to optimize ML
models and refine their decision-making mechanism. Specifically relevant to the un-
derstanding of XIML for this thesis is the iterative interactivity on explanations with
a model optimization objective. Interacting with explanations of ML models has been
shown to strengthen the users’ trust in ML models (Teso and Kersting, 2019). Hence,
XIML is suitable for both a continuous human knowledge induction into ML models
and their trustworthy application.

Broadly, there exist two categories of XIML methods: Model-specific algorithms
are either tailored to a specific ML model type, such as the interactive loss function
adaptation in the deep learning context (Schramowski et al., 2020), or entirely novel
algorithms like interactive self-explainable neural networks (Teso, 2019). Model-
agnostic methods are mostly variations of the CAIPI algorithm (Teso and Kersting,
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Figure 1.1: Research area. This figure situates CAIPI in the research area using Clever-Hans
predictions (Lapuschkin et al., 2019). CAIPI overweighs feedback by counterexamples.

2019)!. CAIPI enables human users to refine the decision-making mechanism of
ML models by an iterative interaction with their local explanations. In iterations,
where the prediction is correct but the explanation reveals an incorrect perception of
the decision boundary, CAIPT generates counterexamples — novel training instances
that enforce the relation between decisive features and the target. Counterexamples
move the decision boundary into the presumably correct direction.

The overarching objective of this thesis is an algorithmic enhancement of CAIPI
that ultimately leads to an improved applicability of CAIPT across diverse ML tasks.
The remainder of this chapter is organized into four sections: Section 1.1 will re-
view the original formalization and evaluation of CAIPI (Teso and Kersting, 2019)
to identify its major limitations. Section 1.2 will translate CAIPI’s limitations into
the research objectives of this thesis and list the contributions of this work. It will
conclude with the formulation of research questions to support the contributions by
scientific evidence. The XIML research area, in general, and CAIPI as a specific rep-
resentative and central element of this thesis will be set into the broader context of
related publications in Section 1.3. Finally, Section 1.4 will outline the structure of
this thesis, emphasizing the complementary role of each chapter. This thesis consol-
idates and expands on the results of publications by the author during his doctoral
candidature. These will be summarized in Section 1.4, which will also describe how
the publications affect certain parts of this thesis.

1.1 CAIPI and its Limitations

This section contains two paragraphs: The first one locates CAIPI in the ML research
domain and briefly discusses the formalization and evaluation strategy of the orig-
inal publication (Teso and Kersting, 2019). The algorithmic discussion will be more
technical than ordinary for introductions. However, the discussion will be as shal-
low as possible to spare out non-essential technical details. The second paragraph
lists the major limitations of CAIPI, which this thesis aims to overcome.

CAIPI algorithm  Figure 1.1 situates CAIPI in the research area (center) using
Clever-Hans predictions (Lapuschkin et al.,, 2019) on the Pascal VOC data set?,
where the class label horse correlates with a watermark. Because traditional ML
has, depending on the specific algorithm, a more or less opaque input output
relation between the image and the class label (top left), local XAI techniques

LCAIPTis not an acronym. It inherits its name from its underlying local explanation procedure Local
Interpretable Model-agnostic Explanations (LIME) (Ribeiro, Singh, and Guestrin, 2016). The authors
write: "CAIPIrinhas are made out of LIMEs." (Teso and Kersting, 2019)

*http://host.robots.ox.ac.uk/pascal/V0C/voc2007/, 21 May 2024.
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highlight the decisive features for the model’s decision — in this case, the watermark
(bottom left). XIML enables users to revise the explanations, e.g., by annotating the
supposably decisive features — here, the horse itself (top right). This figure leaves the
translation from human revision to feedback induction into the model unspecified,
as algorithms belonging to the XIML category follow heterogeneous strategies.
CAIPI is an explain-to-revise loop using counterexamples, e.g., augmented cropped
decisive features (bottom right). CAIPI is also the most prominent representative of
the category model-agnostic XIML algorithms (Section 1.3).

CAIPI (Teso and Kersting, 2019) iteratively aligns components (i) to train a ML
model, (ii) to select the most-informative instance, (iii) to obtain a ML prediction
(iv) as well as a corresponding explanation, (v) and to generate counterexamples
based on a human explanation revision (Figure 1.2, left). In each optimization it-
eration, a pre-trained ML model (line 1) selects the most-informative instance from
an unlabeled data set (line 3). If a human user evaluates the prediction of the most-
informative instance (line 4) to be correct, a local explanation depicts the reasons
leading to the prediction (line 5). CAIPI uses Local Interpretable Model-agnostic Ex-
planations (LIME) (Ribeiro, Singh, and Guestrin, 2016) as a local explainer. LIME is
a two-stage algorithm, where the instance is first segmented and the relevance for
the segments is determined by a subsequent model. If both prediction and decision-
making mechanism are correct (line 6) — the prediction is Right for the Right Reasons
(RRR) —, the most-informative instance is added to the labeled data. If the prediction
is Wrong (for the Wrong Reasons) (W), the labeled data set is appended by the cor-
rected most-informative instance. If, however, the prediction is correct but not the
reasons revealed by the explanation — the prediction is Right for the Wrong Reasons
(RWR) —, a human user revises the explanation (line 7) and the generated counterex-
amples overweigh the human feedback (lines 8 and 9). Finally, the most-informative
instance is removed from the unlabeled data set (line 10) before the model is re-
trained (line 11) to prepare the subsequent optimization iterations.

While CAIPI’s original local explanation method — LIME —in a more recent article
has been associated with faithfulness drawbacks, as the authors have found a high
variance among the explanations generated after the application of different image
segmentation algorithms (Schallner et al., 2019), the algorithm has also been shown
to be an inferior choice on tabular data (Lundberg and Lee, 2017). Both findings hint
that LIME restricts the applicability of CAIPI, as the CAIPI framework is built around
an explanatory ML technique, which is beneficial for some data types, mostly images
and text. Yet, CAIPI's model invariance property also involves the local explanation
component. In practice, each component of CAIPI can be modified or substituted to
satisfy specific use cases or data type demands.

Figure 1.2 (right) proposes an abstracted conceptual CAIPI overview: The model
component unifies the pre- and re-training as well as the most-informative instance
selection procedure. The interaction component illustrates that human annotation
is required for the prediction and the explanation. In the RWR case, the human
feedback serves as input for the counterexample generation procedure.

Figure 1.2 (center) illustrates the basic idea behind CAIPI’s original experimen-
tal setup for the image classification task (Teso and Kersting, 2019). The authors
have induced decoy pixels into the FashionMNIST data set® such that the pixel color
corresponds to a class label. The optimization objective is to unlearn the spurious
correlation caused by the decoy pixels. LIME highlights the decisive regions. A pre-
diction is categorized as RWR if the decoy pixels are the reasons that the classifier

3https ://github.com/zalandoresearch/fashion-mnist, 22 May 2024.
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Figure 1.2: Original CAIPI algorithm (Teso and Kersting, 2019).
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conceptual CAIPI overview

/

obtains the correct class label. In such cases, counterexamples mitigate the influence
of the spurious correlation. Counterexamples are identical images but with random-
ized decoy pixel color. The authors compare the effects of inducing {0,1,3,5} coun-
terexamples, where zero counterexamples equals coactive learning (Shivaswamy
and Joachims, 2015). They infer an improved predictive performance on test data
without decoy pixels for five counterexamples per RWR iteration.

Teso and Kersting (2019) also provide experimental evidence for text data clas-
sification, yet with fewer reimplementation details. Their GitHub repository* also
contains some implementations for CAIPI and tabular data, which, however, is re-
stricted in the sense that it is constructed to classify grid patterns. Therefore, this
thesis will refer to image classification as CAIPI’s primary application domain and
supposes the application of CAIPI on tabular data as unsolved. This thesis explicitly
excludes text classification with CAIPI, which has been part of Sebastian Kiefer’s dis-
sertation (Kiefer, 2023). In summary, this thesis particularly targets CAIPI variations
in the image and tabular data classification domains.

Limitations Various limitations directly follow from the formalization and the ex-
perimental setup of the original CAIPI algorithm (Teso and Kersting, 2019):

1) Car1rlis formulated and evaluated as a theoretical concept, which cannot be
put into practice without further extensions such as user interfaces.

2) Even if CAIPI is extended such that human users can operate it, the selection
of components restricts CAIPI to image and text classification tasks.

3) The formalization of CAIPI is incomplete, as it contains no outcome case dis-
tinction. Nor are the procedures built on formal definitions,

4) which causes the inability to target theoretical research questions.

Limitations 1) and 2) restrict CAIPI's practical applicability. Limitations 3) and 4)
confine the possibility of deriving theoretical implications from CAIPIL.

The next section will summarize the scientific contributions of this thesis, begin-
ning with the translation of CAIPI’s limitations into specific research objectives from
which key contributions will emerge. Each contribution is rigorously evaluated at
a formal or experimental level. Accordingly, the section will conclude with the re-
search questions that structure this thesis.

“https://github.com/stefanoteso/caipi/blob/master/caipi/, 14 August 2024.
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1.2 Obijectives, Contributions, and Research Questions

The previous section has outlined CAIPI and identified its algorithmic and experi-
mental limitations. This section shifts focus to discuss the primary research objec-
tives of this work and highlights its scientific contributions. To substantiate these
contributions with formal, mathematical, or experimental evidence, this thesis re-
frames them as specific research questions.

Objectives To overcome the preliminary formulated limitations, this thesis will
enable users to train ML models for image and tabular data classification with CAIPI.
It will modify CAIPI's components to utilize CAIPI for the priorly mentioned ML
tasks while increasing CAIPI’s predictive and explanatory performance. The thesis
will derive a unified algorithmic formalization for CAIPI with a minimal divergence
between ML tasks and mathematically defined procedures to formally explore how
counterexamples affect the CAIPI optimization cycle.

Contributions  The research objectives can be condensed into two key contribu-
tions, which emanate from the specific contributions from each chapter or section:

1) This thesis contributes a unified, mathematically grounded algorithmic nota-
tion for CAIPI (Chapter 2) that is exploited for a theoretical discussion on the
effects of counterexamples in model-agnostic XIML (Chapter 3):

¢ In this regard, this thesis mathematically derives a novel XIML method for
tabular data. It is built upon a random forest (Breiman, 2001) and coun-
terfactual explanations (Wachter, Mittelstadt, and Russell, 2017) and gen-
erates counterexamples by subset sampling from clusters obtained by k-
means (Lloyd, 1982) (Section 3.1).

¢ This thesis proves that an induction of counterexamples into the derived
setting is not necessarily beneficial for the predictive performance of the
ML model nor for the model’s ability to follow the correct decision-making
mechanism (Section 3.2).

* Moreover, it proposes a filtering step to distinguish beneficial from non-
beneficial counterexamples and demonstrates its viability in a simulation
study (Section 3.3).

2) Furthermore, this thesis contributes CAIPI variations in the sense that either
the original performance for image classification is improved or novel appli-
cation areas are disclosed. This thesis will have its focus on image and tabular
data classification, where it will also contribute user interfaces. Nevertheless,
this thesis will provide suggestions on how to expand CAIPI to mixed-data
clustering, regression, and optimization.

¢ Specifically, this thesis proposes a CAIPI variant for tabular data that gen-
erates counterexamples using Large Language Models (LLMs) (e.g., Brown
et al., 2020). The validity of counterexamples is preserved by probabilistic
logic constraints (Raedt, Kimmig, and Toivonen, 2007). Using LLMs iter-
atively as a semantic translator between probabilistic logic predicates and
natural language, LLMs report validity violations to users, users can refine
the validity constraints, and the LLM can revise its own generation instruc-
tion (Section 4.1.1).
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¢ This thesis utilizes CAIPI as a bias mitigation in-processing method for tab-
ular data. The evaluation demonstrates superiority to a state-of-the-art bias
mitigation method (Kamiran and Calders, 2011) (Section 4.1.2).

* On image data, this thesis overcomes the predominantly theoretical evalua-
tion concept of the original CAIPI publication (Teso and Kersting, 2019). It
proposes a user interface and a counterexample generation procedure based
on data augmentation, allowing human users to optimize ML models for
binary image classification tasks (Section 4.2.1).

¢ Furthermore, this thesis identifies plausibility issues for image counterexam-
ples generated by data augmentation. It proposes a novel counterexample
generation procedure leveraging Variational Autoencoders (Kingma and Ba,
2015) and infers an improved representation of the model’s decision bound-
ary (Section 4.2.2).

¢ Targeting CAIPI's applicability beyond tabular data and image classifica-
tion, this thesis contributes a probabilistic logic surrogate model (Raedt et
al., 2015) for regression and optimization tasks (Section 4.3.1) as well as an
entropy-based model-agnostic explanatory ML method for clustering (Sec-
tion 4.3.2). Both sections contain XIML architectures that incorporate the
derived approaches.

¢ Finally, motivated by Contribution 1), Chapter 5 describes the propensity
that user feedback during the XIML optimization cycle is not reflected in
subsequent optimization iterations, which this thesis terms catastrophic
feedback forgetting. This thesis combines ML predictions and probabilistic
logic inferences (Raedt et al., 2015) to a hybrid XIML approach, which
is shown to counteract catastrophic feedback forgetting more effectively
compared to CAIPL

Research Questions Contributions 1) and 2) can be seen as this thesis’s formal and
algorithmic contribution. Both map into two distinct research questions to underpin
the contributions by either mostly formal or experimental evidence. On a formal
level, this thesis asks the following research question:

R1 How do counterexamples affect the optimization of ML models?

To assess R1, Chapter 2 will formalize the components of CAIPI (Teso and Kersting,
2019) transferred to a tabular data classification scenario. Chapter 3 will derive a
XIML method to optimize a random forest (Breiman, 2001). Despite the XIML frame-
work itself will still be model-agnostic, the formal insights into the optimization pro-
cess with counterexamples will be centered explicitly around random forests. Ran-
dom forests are comparatively simple to derive, yet are shown to have a relatively
high predictive ability, especially on tabular data (Breiman, 2001). Hence, random
forests are an appropriate choice for the first mathematical investigation of a XIML
optimization setting with counterexamples. The subsequent chapters will account
for the specificity of the results of Chapter 3, but still exploit the theoretical insights
for their conducted CAIPI component variations.

Whereas research question R1 will be addressed formally specifically for random
forests and will only be supplemented by a simulation study, R2 will be answered by
experimental evidence. This thesis asks the following algorithmic research question:
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R2 How do modifications in the prediction, explanation, interaction, and coun-
terexample generation components affect CAIPI ’s applicability to ML tasks?

Hereby, modifications refer to the exchange of either a single or multiple components
of CAIPI, e.g., a replacement of the local explanation method. Applicability will be
operationalized by predictive and explanatory performance metrics. Occasionally,
other metrics will be used, such as bias assessments in the fairness context.

The goal of the first research question is to formalize CAIPI on a mathematical ba-
sis to foster a general theoretical understanding of the effects of counterexamples in
ML training. The second research question will be applied to multiple domains. The
goal is to either improve CAIPI for its original primary proposed objective — image
classification — or to expand its application area. Research question R2 aggregates
modifications of each CAIPI component and targets multiple ML settings. Therefore,
R2 will be specified in the subsequent sections — specifically:

Section 4.1.1

R2.1 Does reasoning enhance the correctness of counterexamples generated by
LLMs?

R2.2 How do LLM-generated counterexamples with and without reasoning af-
fect the predictive and explanatory quality of XIML optimization?

Section 4.1.2

R2.3 Does the correction of explanations for fairness lead to fairer models?

R2.4 Does correcting explanations for fairness lead to fairer explanations?

R2.5 Does correcting for fair explanations have a negative impact on the predic-
tive performance of the model?

R2.6 Which is superior, FAIRCAIPI (a CAIPI variant optimizing for fairness met-
rics) or the state-of-the-art Reweighing strategy?

Section 4.2.1

R2.7 Do explanation revisions improve the predictive quality?

R2.8 Do explanation revisions lead to an improved explanatory quality?

R2.9  Does the predictive and explanatory quality benefit from explanation re-
visions for wrong predictions?

R2.10 Which is superior, CAIPI or default deep learning?

Section 4.2.2

R2.11 Do counterexamples improve the model’s predictive quality?

R2.12 Do counterexamples improve the model’s ability to follow the correct
decision-making mechanism?

R2.13 Which is superior, Bayesian CAIPI, CAIPI, or default deep learning?

Chapter 5

R2.14 Which is superior for unlearning a spurious correlation, HyXIML (Hybrid
Explanatory Interactive Machine Learning) or CAIPI?
R2.15 Does HYXIML compromise the predictive performance?
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Specific variations of R2 ensure accurate assessments of specific CAIPI modifica-
tions. The refined applicability research questions will be answered in the respective
sections. These will be aggregated into a generalized answer for R2 in Chapter 5. Al-
though this thesis proposes user interfaces, which increase CAIPI’s applicability in
the sense that they enable users without ML expertise to operate CAIPI, the user in-
terfaces are not systematically evaluated. The assessment of human interaction, e.g.,
by user studies, is not subject of this thesis and excluded from R2.

After the presentation of research question R2, the meaning of the title of this
work Enhancing Explanatory Interactive Machine Learning — A Generalization of the
CAIPI Algorithm becomes clear: This thesis will present many variations of CAIPI,
which together will increase the application bandwidth of model-agnostic XIML.
This thesis generalizes the applicability of CAIPI. The generalization will start from
a specified algorithmic formalization compared to the original publication (Teso
and Kersting, 2019). This has the benefit that CAIPI can be transferred to novel
application areas or ML tasks with minimal algorithmic modifications.

By now, the introduction has widely focused on the CAIPI algorithm (Teso and
Kersting, 2019), its limitations, and the goals of the subsequent chapters on the en-
hancement of CAIPI. The next section will take a step back and present the results of
a literature review in the research area XIML. It aims to situate the characteristics of
CAIPI among related approaches in the XIML domain in a broader scope to account
for the origins and the necessity of XIML.

1.3 Related Work

The motivational paragraphs of this introduction have briefly located CAIPI in the
research field model-agnostic XIML. This section will discuss approaches related to
CAIPI, whilst retaining its focus on XIML. CAIPI optimizes ML models by interact-
ing with explanations (Teso and Kersting, 2019). It is thus a connection between the
research areas XAl and interactive ML. Therefore, this section widens its focus to
approaches that interact with explanations in a less strict iterative manner and with-
out the model optimization objective. In the nature of a research field that itself is
an intersection of two more general research areas lies that some approaches, which
belong to one of the original areas, make substantial contributions to the combined
tield. Hence, this section will occasionally divide into either XAI or interactive ML
for results that have vital implications on XIML.

Figure 1.3 summarizes the results of the literature review. It primarily contains
XIML methods published until 31 May 2024. It also includes influential approaches
to interact with explanations without an iterative model optimization. Figure 1.3
also lists survey, review, and overview articles as well as position papers, empir-
ical evaluations, and user studies®. The remainder of this section will separately
describe the survey and user study categories with their impact on XIML, before
dividing into the category of technical contributions. The latter category will start
with interactive ML methods, before incrementally zooming into the more specific
niches interactive visualization and model-specific and model-agnostic XIML. For
an intuitive distinction, the reviewed XIML methods are summarized in Table 1.1.

5Note that the citations in Figure 1.3 are color-coded: green: survey, review, and overview articles
and position papers; orange: empirical evaluations and user studies; blue: technical contributions. The
color coding, however, is not exact, as some technical contributions also contain user studies, e.g., Teso
and Kersting (2019). The technical contribution encoding is preferred whenever appropriate.
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Surveys, review, and overview articles and position papers Mosqueira-Rey et al.
(2023) review interactive ML methods and identify intersections to XAIL They unify
sometimes deviating definitions of both research areas. Beckh et al. (2021) emphasize
the problem that existing explanatory ML methods allow users only insights into the
model and the underlying data, where both might not reflect the actual dynamics of
expert-knowledge-intensive use cases. The prior result indicates the necessity for
users to revise explanations to refine the model. Human feedback on explanations
is an important cornerstone for trustworthy ML (Adadi and Berrada, 2018; Ali et al.,
2023; Teso et al., 2023). Interacting with explanations for model adaptation is con-
sidered to be a major not yet entirely solved challenge in the XAI community (Gilpin
et al., 2018; Schmid and Wrede, 2022), which underpins the relevance of this thesis.
Schwalbe and Finzel (2023) propose a taxonomy for XAI, while also discussing the
intersection of explanatory and interactive ML. Hoffman et al. (2023) quantify the
value of explanations: Not only do the models profit from the refinement by revised
explanations, also humans rate explanations as more valuable if they are explorable
and adaptable. Users prefer to interact with the decision-making mechanism of a
model, rather than solely correcting its decision (Amershi et al., 2014), which can be
taken as an additional motivation for this thesis.

The interaction between humans and models in the optimization phase also
has algorithmic benefits: a reduction of the computational complexity of ML
tasks (Holzinger, 2016) or the labeling effort (Teso et al., 2023). Recently, Friedrich
et al. (2023) have proposed a typology for XIML methods. Pfeuffer et al. (2023)
introduce an action design research process for XIML projects. A user study review
concludes that interacting with explanations improves the joint human ML model
task performance (Bertrand et al., 2023). For instance, parameterization tasks in the
automotive sector benefit from an explainable human algorithm partnership with
corrigibility of explanations (Wirth, Schmid, and Voget, 2022).

Empirical evaluations and user studies Humans refuse to use algorithms once
they know that the algorithms’ predictions are not necessarily correct (Dietvorst,
Simmons, and Massey, 2018). However, the willingness of humans to use algorithms
increases with interaction opportunities (Dietvorst, Simmons, and Massey, 2018).
Hereby, the type of feedback plays an important role: Annotating spurious correla-
tions is superior compared to annotating the decisive features (Hagos, Curran, and
Namee, 2022). A user study of Snijders et al. (2023) assesses the task confidence of
subjects who are asked to detect fake news. They conclude that participants, confi-
dent in their task, will be less likely to accept decisions of an algorithm. Algorithms
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outperform humans in in-distribution tasks, but the joint task performance increases
with an increasing amount of out-of-distribution instances (Liu, Lai, and Tan, 2021).
The former user studies indicate that humans seek algorithmic contribution. More-
over, the predictive performance benefits from human revision.

Especially older findings, however, indicate the opposite: Bunt, Lount, and Lau-
zon (2012) evaluate diary entries of humans interacting with intelligent systems.
Only a minority of participants seek additional explanations. In the context of topic
modeling, Smith et al. (2018) find that interactivity over-amplifies the users’ trust in
the system. More recently, Gopfert et al. (2022) define intuitiveness as a concept that
describes to which extent the algorithm’s learning behavior aligns with the ability
of humans to teach. Active learning of ML models by human users is limited by the
intuitiveness of the respective model.

Relevant preliminary methods XIML combines the disclosure of the decision-
making mechanism of ML models by explanatory ML techniques (e.g., Schwalbe
and Finzel, 2023, and references therein) with the corrigibility of model outcomes by
coactive learning (Shivaswamy and Joachims, 2015). Coactive learning iteratively
queries user feedback on the prediction of the ML model, which can be seen as an
active learning (Settles, 2012) modification that queries the label of instances that are
expected to maximize the information gain of a ML model.

Interactive visualization Interactive visualization frameworks satisfy the interac-
tive explanation component of XIML but do not have the primary purpose to opti-
mize ML models or do not iteratively involve users. TribalGram (Ahn et al., 2022) is
a visualization tool for subgroup analysis in data mining. It incorporates both ex-
planatory and interactive ML concepts, without targeting ML model optimization.
Wexler et al. (2020) provide the open-source What-If? tool. exaplAlner (Spinner et
al., 2020) is a tool integrated in Tensorboard, which allows users to interact with lo-
cal explanations. The EluciDebug (Kulesza et al., 2015) framework allows users to
refine the model based on explanatory debugging. The explanation interaction is
hereby not aligned iteratively. Another framework to visualize and interact with
explanations is modelStudio (Baniecki and Biecek, 2019), which has been extended
to a fairness objective (Baniecki et al., 2021). The latter is closely related to Nakao
et al. (2022). The human algorithm interaction in modelStudio can even be formalized
using a specific grammar (Baniecki and Biecek, 2020).

Model-specific XIML methods Model-specific methods are highly individualized
and tailored to specific ML algorithms. For instance, Teso (2019) utilizes linear mod-
els that learn their weights with neural networks for active learning. Schramowski
et al. (2020) integrate the Right for the Right Reasons loss (Ross, Hughes, and Doshi-
Velez, 2017) into coactive learning, making their method suitable for deep learn-
ing and image data. The latter uses the Grad-CAM variant t-distributed Stochastic
Neighbor Embedding (Maaten and Hinton, 2008) as an explainer.

Model-agnostic XIML methods CAIPI (Teso and Kersting, 2019) can be consid-
ered as the root of model-agnostic XIML methods. The model invariance property
refers to the basic algorithmic framework of CAIPI with its distinct components (Fig-
ure 1.2, right). Specifying some or all of CAIPI's components might still restrict CAIPI
to specific models or data. Other model-agnostic XIML approaches are essentially
variations of CAIPI: For instance, Slany et al. (2022) propose a user interface that
makes CAIPI operable by end-users and use data augmentation for the counterex-
ample generation. Slany, Scheele, and Schmid (2024a) substitute the hand-crafted
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Table 1.1: Explanatory interactive machine learning methods. Comparison of Methods wrt.
their Data type, the Explainer, and whether they are Model-agnostic or model-specific. The
presence and absence of a property is indicated by v and X. The - sign indicates that the
original publication contains no specification for the respective property.

Method Model-agnostic Explainer Data
CAIprI (Teso and v LIME (Ribeiro, Singh, Image, Text
Kersting, 2019) and Guestrin, 2016)

CATIPI for computer v LIME Image
tomography
scans (Slany et al.,
2022)
Bayesian CAIPI (Slany, v Integrated Gradi- Image
Scheele, and Schmid, ents (Sundararajan,
2024a) Taly, and Yan, 2017)
FAIRCAIPI (Heidrich v SHAP (Lundberg and Tabular
etal., 2023) Lee, 2017)
HYXIML (Slany, v Counterfactuals (Wachter, Tabular
Scheele, and Schmid, Mittelstadt, and
2024c¢) Russell, 2017)
LLMXIML (Slany, v Counterfactuals Tabular
Scheele, and Schmid,
2024b)
Semantic interactive v CaSE (Kiefer, 2022) Text

learning (Kiefer,
Hoffmann, and

Schmid, 2022)
Active Learning in X Linear model -
Self-Explainable
Neural
Networks (Teso, 2019)
Interactive learning X Grad-CAM by Image
with RRR t-distributed

loss (Schramowski Stochastic Neighbor

et al., 2020) Embedding (Maaten

and Hinton, 2008)

data augmentation procedure by generative models and infer an improved explana-
tory performance. CAIPI has also been extended to tabular data, exploiting logi-
cally constrained Large Language Models (LLMs) for the generation of counterex-
amples (Slany, Scheele, and Schmid, 2024b), or to reduce biases of ML models (Hei-
drich et al., 2023). Slany, Scheele, and Schmid (2024c) conserve the human feedback
in probabilistic logic to overcome CAIPI’s problem of catastrophic feedback forget-
ting. For text data, CAIPI has been exploited to semantically improve classification
models (Kiefer, Hoffmann, and Schmid, 2022).

Naturally, the adaptation of CAIPI to other application areas requires an adapta-
tion of its components — mostly the explanation component: So use Heidrich et al.
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(2023) SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017) and Slany,
Scheele, and Schmid (2024b) and Slany, Scheele, and Schmid (2024c) counterfactual
explanations (Wachter, Mittelstadt, and Russell, 2017) to transfer CAIPI to tabular
data. Likewise, Kiefer, Hoffmann, and Schmid (2022) utilize the text-specific ex-
plainer Contextual and Semantic Explanations (CaSE) (Kiefer, 2022).

Implications for this thesis The literature review discloses that XIML has emerged
from two broader research areas: XAl and interactive ML. Despite there exist some
methods enabling users to interact with ML models (e.g., Ahn et al., 2022; Wexler
et al., 2020; Spinner et al., 2020), such interaction frameworks are not the focus of
this thesis. Instead, this thesis will mostly consider traditional algorithmic meth-
ods, which involve users in the optimization process (Settles, 2012; Shivaswamy
and Joachims, 2015), and extend them towards the interaction with explanations.
Hereby, it is important to understand that the purpose of explanation interactions is
a refinement of a ML model wrt. pre-defined quality criteria assessing the model’s
predictive quality and its ability to follow the correct decision-making mechanism.
The iterative optimization process proposed by coactive learning (Shivaswamy and
Joachims, 2015) makes explaining specific instances — precisely, those that maximize
the information gain of the ML model — mandatory. The explanation of specific in-
stances is subject of local explanation algorithms (e.g., Schwalbe and Finzel, 2023,
and references therein). Also, this thesis will exploit a small set of local explanatory
ML algorithms depending on the ML task and data types, rather than systematically
evaluating local XAI techniques in the context of XIML. All of which, as a conse-
quence, narrows down the set of particularly related methods to the model-agnostic
approaches contained by Table 1.1. Remarkable at this point is that the author has
contributed most methods in the field (Slany et al., 2022; Slany, Scheele, and Schmid,
2024a; Heidrich et al., 2023; Slany, Scheele, and Schmid, 2024c; Slany, Scheele, and
Schmid, 2024b). All of which evolve from Teso and Kersting (2019) and have in com-
mon that explanation revisions convey into additional training data, termed coun-
terexamples. Kiefer, Hoffmann, and Schmid (2022) denotes the only exception. This
thesis will continuously compare its findings to the methods in the research area in
related results paragraphs at the end of each section or chapter. Moreover, certain
parts of this thesis, particularly the Chapters 3 and 5, will put their findings into the
broader context of increasing the training data set of ML models by counterexamples
from explanation revisions.

1.4 Synopsis

This thesis advances CAIPI, the leading model-agnostic XIML method (Teso and
Kersting, 2019), through formal, conceptual, and algorithmic enhancements. The
thesis is organized into four main chapters, as visualized in Figure 1.4, which illus-
trates their interplay: The formal foundation will be developed in the Chapters 2
and 3: Chapter 2 will introduce a novel formalization for CAIPI on tabular data.
Chapter 3 will investigate how counterexamples affect the optimization cycle in
XIML settings. Chapter 4 will vary components of CAIPI to transfer CAIPI to tabular
data classification scenarios (Section 4.1) or to increase CAIPI’s performance in the
image classification domain (Section 4.2). Section 4.3 will propose novel explana-
tory ML approaches, which, in combination with the proposed feedback injection
mechanisms, expand CAIPI’s applicability even further, precisely to regression, op-
timization, and clustering tasks. Chapter 5 will leverage the theoretical insights on
XIML from previous chapters to identify and address cases where the weight of
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Figure 1.4: Visual synopsis.

user feedback might be insufficient or diminish over the optimization iterations —
a phenomenon termed catastrophic feedback forgetting. This modification requires
dedicated focus and will be discussed separately in Chapter 5. Chapters 4 and 5 will
contain adapted versions of research question R2, which will be answered in the
respective sections. Chapter 6 will summarize the findings, answer the primary re-
search questions of this thesis, discuss the results, and conclude this thesis by listing
open research questions and pointing out further research directories.

This thesis aspires to provide a formal derivation of methods and proofs when-
ever suitable and feasible. Sometimes, formalizations and proofs become lengthy. In
this case, certain parts will be moved into Appendix A. Likewise, Appendix B will
contain results that fit not perfectly into the contributions of this thesis but are still
interesting within a broader scope of the research area. The Appendices C and D
will provide formal information regarding the author’s scientific contributions. Pre-
cisely, Appendix C will contain author contribution statements to the publications
incorporated into this thesis. Appendix D will give an overview of the author’s
scientific activities, which are not explicitly part of this work.

Note that some of the contents of this thesis have already been accepted for pub-
lication at scientific venues. Table 1.2 summarizes the articles that contribute to this
thesis, providing a brief summary of the contents and referencing the respective
parts of occurrence. A challenge posed by a monograph that is built upon indi-
vidual articles is to relate the individual scientific contributions to the broader con-
tributions of this thesis. In the context of this thesis, Chapters 4 and 5 will target
algorithmic modifications of a single or multiple CAIPI components: Precisely, the
Sections 4.1.1 and 4.1.2 will present LLMXIML (Slany, Scheele, and Schmid, 2024b)
and FAIRCAIPI (Heidrich et al., 2023). Both are variations of the CAIPI algorithm
in the tabular data classification domain. The former generates counterexamples by
logically constrained LLMs; the latter applies CAIPI to improve the fairness of ML
models learned from data that contain biases in their distribution. The Sections 4.2.1
and 4.2.2, in contrast, will enhance CAIPI in its primary application area — image
classification. Section 4.2.1 will propose a user interface for CAIPI enabling opti-
mization experiments by human annotation (Slany et al., 2022). Section 4.2.2 will
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Table 1.2: Summary of contained publications. Overview of the publications part of
this thesis including the full Reference, a brief Summary, and the chapter or section
(Chapter/Section).

Reference Summary Chapter/Section
Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024).  CAIPI variant for tabular Section 4.1.1
"Explanatory Interactive Machine Learning with Coun- data using LLMs to generate

terexamples from Constrained Large Language Models”.  counterexamples

In: KI 2024: Advances in Artificial Intelligence. Ed. by
Andreas Hotho and Sebastian Rudolph. Cham: Springer
Nature Switzerland, pp. 324-331. poI: 10.1007/978-3-031-
70893-0_26.

Heidrich, Louisa, Emanuel Slany, Stephan Scheele, and Ute  Bias-mitigating CAIPI Section 4.1.2
Schmid (2023). “FairCaipi: A Combination of Explanatory  variant for tabular data

Interactive and Fair Machine Learning for Human and Ma-

chine Bias Reduction”. In: Machine Learning and Knowledge

Extraction 5.4, pp. 1519-1538. DOI: 10.3390/make5040076.

Slany, Emanuel, Yannik Ott, Stephan Scheele, Jan Paulus, Image-specific CAIPI variant Section 4.2.1
and Ute Schmid (2022). “CAIPI in Practice: Towards Ex-  proposing a user interface

plainable Interactive Medical Image Classification”. In: Ar-  and a generic data

tificial Intelligence Applications and Innovations. AIAI 2022  augmentation procedure for

IFIP WG 12.5 International Workshops - MHDW 2022, 5G-  the counterexample

PINE 2022, AIBMG 2022, ML@HC 2022, and AIBEI 2022,  generation

Hersonissos, Crete, Greece, June 17-20, 2022, Proceedings. Ed.

by Ilias Maglogiannis et al. Vol. 652. IFIP Advances in In-

formation and Communication Technology. Springer, pp.

389-400. pOI: 10.1007/978-3-031-08341-9_31.

Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024).  CAIPI for image classification ~ Section 4.2.2
“Bayesian CAIPI: A Probabilistic Approach to Explanatory  leveraging a Variational

and Interactive Machine Learning”. In: Artificial Intelli-  Autoencoder to generate

gence. ECAI 2023 International Workshops. Ed. by Stawomir  counterexamples

Nowaczyk et al. Cham: Springer Nature Switzerland, pp.

285-301. DOI: 10.1007/978-3-031-50396-2_16.

Amling, Jonas, Stephan Scheele, Emanuel Slany, Moritz ~ Entropy-based XAI method Section 4.3.2
Lang, and Ute Schmid (2024). “Explainable AI for Mixed for clustering

Data Clustering”. In: Explainable Artificial Intelligence.

Ed. by Luca Longo, Sebastian Lapuschkin, and Christin

Seifert. Cham: Springer Nature Switzerland, pp. 42-62.

DOTI: 10.1007/978-3-031-63797-1_3.

Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024).  Hybrid XIML method to Chapter 5
“Hybrid Explanatory Interactive Machine Learning for mitigate catastrophic

Medical Diagnosis”. In: Artificial Intelligence Applica- feedback forgetting

tions and Innovations. Ed. by Ilias Maglogiannis et al.

Cham: Springer Nature Switzerland, pp. 105-116. DOI:

10.1007/978-3-031-63211-2_9.

contribute Bayesian CAIPI (Slany, Scheele, and Schmid, 2024a) — a probabilistic vari-
ant of CAIPI that improves the plausibility of image counterexamples by building
upon statistical generative models. Section 4.3 will contain novel explanatory ML
algorithms that perspectively transfer CAIPI to regression, optimization, and clus-
tering. Section 4.3.2, for instance, will present a model-agnostic post-hoc explainer
for mixed-data clustering, which is built solely upon statistical information of the
obtained clusters (Amling et al., 2024). Finally, Chapter 5 will propose HYXIML as
a hybrid model-agnostic XIML method (Slany, Scheele, and Schmid, 2024c)—a com-
bination of ML optimization with CAIPI and probabilistic logic — that overcomes
catastrophic feedback forgetting, being a severe conceptual problem in XIML. Ad-
ditionally, Figure 1.5 depicts an intuitive categorization of the modified components
of the CAIPI variants proposed by the publications, which are part of Table 1.2, in
relation to the original algorithm (Teso and Kersting, 2019). All of the published
contents will be clearly marked at the beginning of the respective chapter or section,
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Figure 1.5: CAIPI modifications per chapter.

e.g., "the derivations and results in this section emanate from [Author] ([Year|) and
will be paraphrased".

Missing from existing publications is a formal analysis of how an iterative induc-
tion of counterexamples affects ML model optimization and an extension of CAIPI
to support numerical target variables. These concepts will be addressed in Chap-
ter 3 and Section 4.3.1, respectively. This thesis is structured around scientific pub-
lications and complements the published results by novel findings. In summary;, it
contributes a well-grounded formal investigation of the research topic and a com-
plete algorithmic adaptations part in both regards the CAIPT components as well as
the ML tasks. Particular attention is attributed to a unified notation.

The next chapter will derive a novel formalization of CAIPI that is mathemati-
cally grounded and overcomes the limitations assigned to the original formalization
(Figure 1.2, left). Moreover, Chapter 2 will contain mathematical definitions and
derivations of methods that are used throughout this thesis.
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Chapter 2

Technical Foundations

This chapter adopts the original idea of Teso and Kersting (2019) but derives a novel
formalization, which distinguishes between XIML outcome cases and is mathemat-
ically grounded. The novel formalization enables subsequent sections to slightly
vary the notation, definitions, and the algorithm itself to adopt CAIPI to various ML
tasks (R2). Although CAIPI as depicted in Figure 1.2 has been formalized as model-
agnostic XIML method (Teso and Kersting, 2019), its formalization leaves room for
improvement: Precisely, (i) CAIPI contains no outcome case distinction, e.g., a dis-
tinction of how RRR, RWR, and W iterations differently affect the labeled data set
size, and (ii) CAIPI's components are not built on mathematical definitions. Over-
coming both shortcomings is a crucial first step on the way to answer R1.

2.1 Derivation of CAIPI Components

The notation, definitions, and the algorithm of this section have already been pub-
lished with slight modifications (Heidrich et al., 2023; Slany, Scheele, and Schmid,
2024a; Slany, Scheele, and Schmid, 2024c). The goal of this section is to define a tech-
nical foundation for the rest of this work. The notation and some definitions might
therefore occasionally differ from the one in the cited publications. Each mathemat-
ical component will contain a reference pointing to the theoretical origin.

Note also that the majority of definitions in this thesis concludes with a proce-
dure that abstracts the underlying mathematical behavior. This style ensures precise
mathematical definitions, while preserving algorithmic simplicity. Moreover, algo-
rithms can be expressed in a generalized fashion — they are only varied to a minimal
extent, even when the mathematical definitions change. This style of formalization
is also in line with Teso and Kersting (2019). For now, look at the basic notation:

Notation 2.1 (Tabular Data Classification (Slany, Scheele, and Schmid, 2024c)). Let
f: X" — Y be abinary classification model from a feature set (x1, ..., xj, ..., xn)T eXx
with identifier set F = {1,...,i,...,n} to a target set Y = {0, 1}. An inference is given
as y = f(x). Let x(") denote the n-th instance in X and y the n-th instance in ).
Further, let ] : X — ) be a binary labeling function. Let (xzn),y.(,:n) )ELCX X Ybe

the n-th instance of the labeled set and xz(j ) be the n-th instance of the unlabeled set

U C X. A procedure F'iT trains or updates f on L.

CAIPI iteratively fits a ML model — for the majority of this thesis, a binary clas-
sification model — on a labeled data set for a pre-defined amount of optimization
iterations. In each iteration, it selects the most-informative instance (Definition 2.1),
which is the instance that is closest to the decision threshold. In the context of binary
classifications, this thesis assumes a prediction score interval [0, 1], e.g., obtained by
a sigmoid activation function. The decision threshold is a scalar within the predic-
tion score interval: Scores smaller or equal to the threshold yield to the one class and
scores greater than the threshold to the other class. The most-informative instance
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selection procedure obtains prediction scores for each unlabeled feature instance.
It minimizes the absolute difference between the prediction score and the decision
threshold.

Definition 2.1 (Most-Informative Instance (Slany, Scheele, and Schmid, 2024c)). As-
sume for this definition that f(x) returns the prediction score. Then, let

m :argmin{|f(xz(j)) —(xHxl(I”) ELI}
n

be the index of the most-informative instance that is closest to a binary decision thresh-
old w € [0,1]. Suppose a procedure M11 with inputs f and U that returns m.

This thesis distinguishes between a classification model and a labeling func-
tion. It assumes that the labeling function possesses knowledge about the true data-
generating process connecting the feature with the target space. This property can
be utilized to express the evaluation of the correctness of the classifier’s prediction
without the prerequisite to know the label (Definition 2.2). This property is espe-
cially important, as CAIPI iteratively assesses the correctness of predictions for un-
labeled data and corrects the label in case of wrong predictions.

Definition 2.2 (Correct Prediction (Slany, Scheele, and Schmid, 2024c)). A prediction
is correct if f(x) = I(x).

The introductory motivation of this thesis has already pointed out that XIML
goes beyond coactive learning (Shivaswamy and Joachims, 2015), where users it-
eratively correct predictions. XIML allows users to additionally interact with the
decision-making mechanism (Teso and Kersting, 2019). The labeling function rep-
resents the data-generating process — it mimics the true decision-making mechanism.
Hence, the labeling function is also part of the mathematical expression, which iden-
tifies the features of an instance that are supposed to cause (Pearl, 2009) a classifier’s
decision. Based on the labeling function, this thesis infers which features are decisive
and which features are indecisive:

Definition 2.3 (Decisive Features (Slany, Scheele, and Schmid, 2024c)). Let v C F be
the subset of decisive feature identifiers that cause a decision /(x) either individually
or in combination. The remaining features o = F \ v are defined to be indecisive.

This thesis will use suitable local explanation methods (e.g., Schwalbe and Finzel,
2023, and references therein) for the respective ML models and tasks to reveal the
model’s decision-making mechanism — the features that cause the prediction of the ML
model. The decision making of a ML model is defined to be correct if the decision is
solely caused by (a subset of) decisive features:

Definition 2.4 (Correct Decision Making (Slany, Scheele, and Schmid, 2024c)). Let
the decision making of f wrt. an instance x be correct if the decision is solely caused
by features in v. A local explanation procedure EXP takes f and x (and auxiliary
variables) as input and returns EXP( f, x)out-

Remark 2.1. Note that the expression EXP(f, x)out = EXP(f, x, [...]) serves as a place-
holder that will be specified and varied throughout this thesis. This thesis will indi-
vidually define suitable local explanation methods that operationalize the procedure
EXP in specific sections. Hereby, the output placeholder EXP(f, x)out Will be substi-
tuted with specific results of the utilized explainers.
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At this point, it is extraordinarily important to understand the difference be-
tween the correctness of the decision-making mechanism and the correctness of an expla-
nation. The former is directly connected to the causal structure — the true dynamics
that connect features and target (Pearl, 2009). The latter is associated with specific
quality criteria such as the fidelity that measures the approximation quality of expla-
nation methods wrt. a ML model (Rudin, 2019). Whenever this thesis assesses the
correctness of the decision making of a model, it refers to the former understanding.
This thesis uses local explanation methods to reveal the decision-making mechanism
of classification models and therefore assumes that the quality of the utilized expla-
nation methods suffices. Thus, in the context of this thesis, explanations cannot be
wrong. They can only depict erroneous decision making. The discussed distinc-
tion will be upheld in the mathematical parts of this thesis, but in favor of textual
brevity, experimental results will contain terms such as (in)correct explanation, accu-
rately meaning that the explanation depicts (in)correct decision making.

CAr1pI (Teso and Kersting, 2019) generates a single or multiple counterexamples
in iterations, where the prediction is correct, but a local explainer reveals erroneous
decision making of the classification model. Counterexamples are additional, novel
training instances that contain only the correlation between decisive features and
the target. The decisive features are obtained by a revision of the local explanation.
Counterexamples are supposed to refine the decision-making mechanism of a model
into the presumably correct direction according to a human user; or, proceeding with
the mathematical notation, incrementally align the decision-making mechanism of
the ML model with the true decision-making mechanism of the labeling function.

The generated counterexamples satisfy three properties (Definition 2.5): (i) They
enforce the correlation between (a subset of) decisive features and the target within
a classification model. (ii) They restrict the correlation between indecisive features
and the target within a classification model. And (iii) their label belongs to the same
class as the original — most-informative — instance.

Definition 2.5 (Counterexamples (Slany, Scheele, and Schmid, 2024c)). Let X’ x )’
be a counterexample set with |X’| = |)’| = c. A counterexample feature x’ € X"’
emerges from x such that (i) the correlation between a single or multiple features
from {x;if i € v|x € X'} and ) wrt. a classifier f is enforced and (ii) the correlation
between each feature in {x;ifi € d|x € X} and )Y wrt. f is reduced under the
constraint that (iii) /(x’) = I(x). The counterexample target y’ € )’ is the correct
prediction: y’ = I(x). A procedure GEN with inputs (x,y), an at this point arbitrary

explanation revision EXP(f, xé{m) )annot, and ¢ returns (X, V).

Remark 2.2. This thesis will define multiple counterexample generation procedures
that precisely state the mechanism behind the procedure GEN.

The Introduction (Chapter 1) has narratively introduced different outcome cases.
Table 2.1 uses the preliminary definitions of this section to precisely distinguish
between possible XIML outcome cases and their impact on the labeled data set
within the CAIPT optimization cycle. Depending on the correctness of the predic-
tion and the decision-making mechanism of a model, CAIPT iterations belong to one
of three XIML outcome cases: Right for the Right Reasons (RRR), where prediction
and decision-making mechanism are correct, Right for the Wrong Reasons (RWR),
where the prediction is correct but not the decision-making mechanism, and Wrong
(for the wrong reasons) (W), where the prediction is incorrect. The reasons yielding
to the latter case are always assumed to be incorrect, as the decision-making mecha-
nism must be erroneous for an incorrect outcome (Teso and Kersting, 2019).
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Table 2.1: XIML outcome cases (Teso and Kersting, 2019; Slany, Scheele, and Schmid, 2024a).
Case distinction based on the evaluation results of the Prediction and the decision-making
Mechanism of a model and the associated algorithmic Actions for the labeled data set.

Case Prediction Mechanism Action

RRR correct correct L=LU {(x(m),y(m))}

RWR correct incorrect L=LUX xY U{(xm, 5m)}
W incorrect incorrect L=LU {(x(’”), l(x(m)))}

In RRR iterations, the most-informative instance is added to the labeled data set
without additional intervention (Table 2.1). CAIPI also adds the most-informative
instance to the labeled data set in W iterations, however, with preliminary label
correction. In RWR iterations, CAIPI generates counterexamples that append the
labeled data set additionally to the most-informative instance.

In each iteration of the CAIPI optimization cycle, users provide feedback at two
interaction points (Definition 2.6): they evaluate and, if necessary, correct the predic-
tion and evaluate and, if necessary, revise the explanation. The purpose of the latter
correction is two-fold: First, it serves as a subsequent distinction between the cases
RRR and RWR, once the label has been evaluated as being correct. And second, the
revised explanation is used as an input containing information about the decisive
features for the counterexample generation procedure.

Definition 2.6 (Human Interaction (Slany, Scheele, and Schmid, 2024a)). Suppose a
procedure INTERACT that indicates human interaction, e.g., annotation or evaluation.

Example 2.1. Let y(") = INTERACT(xZ(Jm)) denote a human user who labels the most-
informative instance. The human interaction substitutes the labeling function.

Example 2.2. Suppose a local explanation for the prediction of the most-informative
instance f (xé,m)): Let

ExP(f, xé{m))out = Exp(f, x{(/{m))
EXP(f/ XZ(/{m) )annot = INTERACT (EXP(f, xz(/{m) )out>

denote an explanation revision. The subscript annot indicates human annotation.

Remark 2.3. Depending on the ML task, the usage of the INTERACT procedure will
differ in the remainder of this thesis. The precise specification will be made clear
from its context. For some numerical experiments, the human interaction will be
omitted and entirely be substituted by the labeling function.

What appears to be a contradiction at first is that CAIPI (Teso and Kersting, 2019)
as an explanatory interactive ML method relies on human annotation. Nevertheless,
the mathematical formalization introduces a labeling function that possesses knowl-
edge about the data-generating process designed to substitute the human annotator.
The contradiction can be solved once the labeling function is treated as an omniscient
human user. The labeling function is exploited for an automatic and reliable mathe-
matical and experimental evaluation of algorithms proposed by this thesis, which is
crucial for their quantitative assessment. A substitution of the interaction procedure
by the labeling function as input in the counterexample generation procedure will
therefore be the preferred notation for major parts of this thesis. However, CAIPI
being a concept proposed to involve human users, the foundational formalization
(Algorithm 2.1) explicitly accounts for human annotation.
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Algorithm 2.1: CAIPI(L,U,c,n) (Teso and Kersting, 2019; Slany, Scheele, and
Schmid, 2024a)

Input: Data sets £ and U, number of counterexamples c, iteration budget n
Output: Model f

1: for1l:ndo

22 f+Fir(L) > Notation 2.1
3 m <« Mi(f,U) > Definition 2.1
g 9 fxY)

5y« INTERACT(xém)) > Definition 2.6, Example 2.1
6: if 90" £ y(") then

7: ‘ L+ LU {(xz(lm),y(’”))} > Case: W
8: else

9: EXP(f, /" Jout = EXP(f, x\") > Definition 2.4
10: EXP(f, " Jannot <~ INTERACT (Exp( £ out) > Def. 2.6, Ex. 2.2
11: if Exp(f, xé,m))out = Exp(f, xé,m))annot then
12: L LU{(M, gmyy > Case: RRR
13: else
14: X, GEN(™ 90, Exp(f, 2" ) annot, ©) > Definition 2.5
15 L L Luf{l" gmyyuxxy > Case: RWR
16: U<—u\x§{’”)
17: return f

2.2 The Generalized CAIPI Algorithm

Algorithm 2.1 proposes an alternative formalization of CAIPI compared to Teso and
Kersting (2019) depicted in Figure 1.2. It optimizes a model for a fixed amount of
iterations, where each iteration starts with fitting the model on the labeled data set
(line 2). Afterwards, CAIPI selects the most-informative instance (line 3), of which it
obtains the prediction (line 4). The user provides the correct label (line 5) such that
the prediction can be corrected in the W case, before the most-informative instance is
added to the labeled data set (line 7). If the prediction is correct, a local explanation
method reveals the decision-making mechanism (line 9). The user revises the expla-
nation (line 10). If the annotated explanation is equal to the generated explanation —
no revision was necessary, the explanation is correct —, the most-informative instance
is added to the labeled data set (line 12). Otherwise, the revised explanation serves as
input for the counterexample generation procedure (line 14). The generated coun-
terexamples are added to the labeled data set together with the most-informative
instance to refine the model (line 15). Finally, the most-informative instance is re-
moved from the unlabeled data set to prepare the next iteration (line 16).

In a direct comparison to the original algorithm (Teso and Kersting, 2019), Al-
gorithm 2.1 contains more details: It explicitly distinguishes between the XIML pre-
diction outcome cases. It hereby depicts precisely which kind of user interaction is
required in each outcome case. Furthermore, it precisely states how the labeled data
set is affected in each outcome case. Moreover, every CAIPI component is based on
a mathematical definition. Finally, Algorithm 2.1 does not require narrative annota-
tion to describe its behavior (compare to Figure 1.2).
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Note that Algorithm 2.1 and all algorithms that will be defined in this thesis spare
out global hyperparameters such as the prediction threshold. CAIPI’s primary ap-
plication area is image classification (Teso and Kersting, 2019), yet the default nota-
tional domain is tabular data classification. The reasons are two-fold: First, the next
section elaborates XIML on tabular data. Introducing CAIPI on tabular data mini-
mizes notational breaks. Second, the majority of CAIPI variations proposed by this
thesis is situated in the domain of tabular data classification, making Notation 2.1 to
the most frequently used notation in this thesis.

2.3 Chapter Summary

Summary This chapter has built a theoretical foundation for the model-agnostic
XIML method CAIPI (Teso and Kersting, 2019) on tabular data, both mathematically
and algorithmically. CAIPI contains components to select the most-informative in-
stance, to reveal the decision-making mechanism, to interact with the prediction as
well as to revise the explanation, and to generate counterexamples. All of which
have been derived from mathematical definitions. The proposed Algorithm 2.1 ex-
plicitly distinguishes between the prediction outcome cases. This chapter is an im-
portant foundation for both research questions. R1 will directly build upon the def-
initions to mathematically assess the impact of counterexamples. R2 will adapt the
definitions and the algorithm to enhance CAIPI and expand its application spectrum.

Outlook A significant challenge for the notational clarity is posed by the circum-
stance that this thesis makes contributions in the image and tabular data classifi-
cation domains as well as in regression, optimization, and clustering. All domains
have their unique notational conventions. This thesis will define multiple notational
domains to follow the notational conventions within the respective domain and to
foster the notational clarity. Obviously, this might cause that some operations are
overloaded between the notational domains. This compromise is well-knowingly
taken into account as each chapter or section can be assigned to a specific notational
domain, which will be defined explicitly or become clear from context. As each sec-
tion is exclusively part of a single notational domain, inconsistent in-domain nota-
tion will be prevented whilst retaining a notational simplicity as notational conven-
tions can be followed. Occasionally, notation will be shared across domains. This
will be made explicit while in-domain consistency still is ensured.
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Chapter 3

The Role of Counterexamples

The previous chapter has introduced CAIPI (Teso and Kersting, 2019) as a framework
for human users to optimize a ML model by interacting with its decision-making
mechanism. The human annotation of a local explanation that depicts the current
decision-making mechanism of the model conveys into counterexamples that over-
weigh the human feedback. This chapter mathematically investigates the impact
of counterexamples generated by subset sampling from a-priori optimized feature
clusters by the k-means algorithm (Lloyd, 1982) on a random forest (Breiman, 2001).
The decision-making mechanism of the random forest is retrieved by counterfactual
explanations (e.g., Wachter, Mittelstadt, and Russell, 2017).

Random forests, as an ensemble of decision trees, consist of interpretable
models (Breiman, 2001). Theoretically, the decision-making mechanism of random
forests wrt. a specific prediction can be illustrated by the specific path of an
instance given the most probable tree (e.g., Guidotti et al., 2018). CAIPI (Teso and
Kersting, 2019) — or more broadly, model-agnostic XIML — is an iterative alignment
of model-agnostic procedures. Choosing a random forest is a compromise
between a comparatively high predictive quality whilst maintaining mathematical
brevity (Chen and Guestrin, 2016). Using a model-agnostic counterfactual
explainer (e.g., Guidotti, 2022, and references therein), the random forest can be
substituted by any other suitable model in the future without changing the rest of
the XIML components.

Problem Current publications on model-agnostic XIML methods investigate an
induced amount of counterexamples ranging from zero to five (Teso and Kerst-
ing, 2019; Slany et al., 2022; Slany, Scheele, and Schmid, 2024a; Slany, Scheele, and
Schmid, 2024c). They mostly put forward that ML models profit monotonously from
an increasing amount of counterexamples. Following this assumption, an infinite
amount of counterexamples would result in optimal models. The former assump-
tion is exaggerated, as it can be shown that an infinite amount of counterexamples
is likely to cause catastrophic forgetting:

Remark 3.1. The induction of an infinite amount of counterexamples causes catas-
trophic forgetting because lim;_,.o X U X' = A"

Solution This chapter will answer R1 — or precisely, provide mathematical evi-
dence on how a reasonable, non-exaggerated amount of counterexamples affects the
optimization of a random forest.
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Figure 3.1: Explanatory interactive machine learning on tabular data. A pre-trained random
forest (a) selects the most-informative instance (b). Erroneous decision making is revealed by
a counterfactual explanation (c), which is corrected by a human user (d). Counterexamples
are sampled from the cluster of the most-informative instance (e).

Contribution This section targets the first contribution of this thesis: the mathe-
matical discussion of the effects of counterexamples in XIML. It, moreover, contains
some subordinated contributions: (i) It proposes a XIML method (another CAIPI
variation such as e.g., Heidrich et al. (2023), Slany, Scheele, and Schmid (2024c), and
Slany, Scheele, and Schmid (2024b)) tailored for the binary classification of tabular
data. This includes also (ii) a user interface that enables human users without ML
expertise to interact with counterfactual explanations with the objective of gener-
ating counterexamples. Furthermore, (iii) this chapter builds upon the theoretical
results to propose a counterexample filter that controls the amount of added coun-
terexamples in RWR iterations. The utility of the latter (iv) is also underpinned by
a simulation study — experimental evidence with a controlled data-generating pro-
cess as common for statistical evaluations in active learning (e.g., Du and Ling, 2010;
Chakraborty, 2020). All of which belong to the second contribution of this thesis:
adapt and evaluate CAIPI components to expand CAIPI’s application spectrum.

Figure 3.1 illustrates how this chapter approaches RWR iterations: A random
forest (a) predicts the unlabeled data set, from which it selects the most-informative
instance (b). A human user evaluates the prediction as correct. The subsequent
counterfactual explanation (c) reveals erroneous decision making, which is corrected
by the human annotator (d). The entire feature space (labeled as well as unlabeled
features) were clustered prior to the optimization cycle with k-means. Counterex-
amples are samples from the cluster of the most-informative instance (e).

The remainder of this chapter can be split into three parts, before a final sum-
mary (Section 3.4) will aggregate the main findings and limitations of this chapter:
Section 3.1 will derive the XIML approach proposed by this chapter. It will dedi-
cate one subsection to each component: the random forest, the counterfactual ex-
plainer, and the counterexample generator. Section 3.2 will exploit the derivations
to provide mathematical evidence on how counterexamples affect the optimization
of random forests. A main finding will be: There exist cases where counterexamples
are not beneficial for the optimization of random forests. Section 3.3 will deduce a
counterexample filter that controls the amount of added counterexamples from the
theoretical results. The counterexample filter will be evaluated experimentally using
various tabular data sets with controlled data-generating process.
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Despite this chapter contributes towards the enhancement of XIML — the opti-
mization of ML models by interacting with their explanations —, this chapter does
not target interactivity nor does it extend Algorithm 2.1. This chapter provides a
mathematical perspective on a specific XIML arrangement to obtain general insights
into the concept of learning from counterexamples.

3.1 Extending the Mathematical Formalization

During this section, the components of this chapter’s XIML procedure for the bi-
nary classification of tabular data (Figure 3.1) will be derived in distinct subsections:
starting with the random forest (Breiman, 2001), followed by the counterfactual ex-
plainer (Guidotti, 2022; Mothilal, Sharma, and Tan, 2020), and concluding with the
counterexample generator, which is based on k-means (Lloyd, 1982). The purpose
of this section is two-fold: First, all concepts are formalized using Notation 2.1. And
second, the counterfactual explainer and the counterexample generator are modified
to be integrated in a XIML optimization cycle.

3.1.1 Foundations of Random Forests

Random forests are ensembles of decision trees (Breiman, 2001). A single decision
tree (Definition 3.1) obtains its split parameters by recursive partitioning (Defini-
tion 3.2). Each node, representing a subset of the feature target space, is split along
a single feature such that the resulting subsets maximize (i) the heterogeneity of tar-
gets between the obtained subsets and (ii) the homogeneity of the target within the
obtained subsets (Breiman, 2001; Fiirnkranz, 2011). The latter is measured by the
Gini impurity function (Definition 3.3), which is defined as the weighted sum of the
Gini index (Definition 3.4) of each partition. The Gini index is the sum of the squared
proportion of each target. The optimal split 6* in each recursion is determined by
6* = argmin, imp(Qy) with 6 being a placeholder for a proposal split. Practically,
the decision trees within a random forest use a subset of the feature space to foster
generalizability and prevent overfitting (Breiman, 2001).

Definition 3.1 (Decision Tree (Breiman, 2001; Fiirnkranz, 2011)). Let 6 = (i,a) € ©
be a split of a decision tree h, where i € F is a feature identifier and « is a split
threshold. An inference for x is denoted as y = h(x). The set of inferences is defined
as Y = {h(x,0)|x € X} with its shorthands ) = h(X) = h(X,®). The latter
notation is preferred whenever the split parameters are referenced explicitly.

Definition 3.2 (Partitioningé). Let O C X x Y be a subset of the feature target space.
Further, let Qéleft) = {(x,y)ifx; < a|(x,y) € Q} and Qé”ght) = 0\ Qéleft) be
subsets partitioned by 6 = (i,«) in the continuous case. Categorical variables are
split by sets of possible values.

Definition 3.3 (Gini Impurity). Let the Gini impurity wrt. Q and 0 be defined as:

: oV e o)
imp(Qp) = | \HQ\ |gmz (Q((;l ft)) + L fQ| |glnz (Qé ght)) ,

where gini(...) is the Gini index.

éDefinitions 3.2 and 3.3 stem from https://scikit-learn.org/stable/modules/tree.html (31
May 2024). They have been reformulated according to Notation 2.1.
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Definition 3.4 (Gini Index (Fiirnkranz, 2011)). Let the indicator function 7| ) return
1 if the condition in its subscript is met and 0 otherwise. Then, let the Gini index
measure the binary purity in a subset Q:
gini(Q)= Y Prp(1—Pry)=1- Y Prj*, where
vy e{0,1} ye{0,1}
N 1
Pry =Pr(y =y*) = al Y Ty
yeYy
Inferences of random forests (Breiman, 2001), being ensembles of decision trees,

are simple majority votes. The inference of the random forest is equal to the mode of
the distribution over the set of inferences of all decision trees in the random forest:

Definition 3.5 (Random Forest (Breiman, 2001)). Let a random forest be an ensemble
of D decision trees (X, ®), where @ is the set of split parameters. Then,

y=f(x)= arg;naxzﬂ(y =Y)

denotes an inference of the random forest for feature instance x, where
arg max, p(y = y) is the mode of the distribution over the set of inferences of all
decision trees within the random forest, which is defined as:

y ={y1,...yp} = {h(x,0,)|d € {1,.., D} }.

Definition 3.6 (Margin Function (Breiman, 2001)). Let Prg be a probability wrt. ©.
Then, let the margin function of any decision tree in the random forest be given as:

mr(X,Y) = Pro(h(X,0) = Y) — Pro(h(X,0) # V).

Lemma 3.1 (Generalization Error (Breiman, 2001)). The generalization error PE
of any decision tree within a random forest is said to almost surely converge to
Pryy(mr(X,Y) < 0), where Pry y is a probability wrt. X and ).

The margin function (Definition 3.6) is the difference between the truth and
the error probability of any decision tree in the random forest. Breiman (2001)
proves that the generalization error of any decision tree of a random forest almost
surely converges to the probability that the margin function is smaller than zero
(Lemma 3.1). In his proof, he distinguishes between decision trees that converge
after a finite number of optimization iterations and decision trees that do not. He
shows that also the second group of decision trees is expected to converge after an
infinite number of optimization iterations, which he terms as almost sure convergence.

Definition 3.7 (Inter-Tree Correlation (Breiman, 2001)). Let the expected inter-tree
correlation between any two decision trees within a random forest be defined as

p =Eoe [p(h(X,0),h(X,0)],
where Egg is the expected correlation between a set of split parameters ©

and any other set of split parameters ®. Let ) be encoded as {—1,1} and
p(h(X,0),h(X,0)) be the correlation coefficient.

Definition 3.8 (Strength (Breiman, 2001)). Let str = Ey y [Pro(h(X,®) = ))] be
the expected strength of any decision tree in the random forest, where Ey y is the
expected value wrt. X and ).

Lemma 3.2 (Upper Bound of the Generalization Error (Breiman, 2001)). The upper
bound of the generalization error PE* is said to be p(1 — str?) /str?.
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The upper bound of the generalization error of random forests (Lemma 3.2) is
determined by the expected inter-tree correlation (Definition 3.7) between any two
decision trees in the random forest and the expected strength (Definition 3.8) of any
decision tree in the random forest (Breiman, 2001). The lower the inter-tree correla-
tion and the greater the strength, the lower is the upper bound of the generalization
error, which implies a higher expected predictive quality of the random forest. The
proof that the upper bound of the generalization error is given by the expected inter-
tree correlation and the expected strength is based on the Chebychev’s inequality.
Breiman (2001) shows that it evaluates to the outcome of Lemma 3.2.

Definition 3.9 (Most-Informative Instance for Random Forests). Let Y be the set of
predictions of a random forest for all x € U/ obtained by

Y= {y={h(x,0;)d € {1,..,D}}|x € U}.
The most-informative instance for a random forest is then defined as:

m = argmin{max(p(§")) 3" € ¥},

where max(p(§(™)) denotes the mode of the distribution of all decision tree infer-
ences in the random forest for the n-th prediction.

There exist multiple approaches of how to select the most-informative instance
with random forests. Suppose a set of random forest predictions, each being the
distribution over the inferences of all decision trees in the random forest. Then,
the most-informative instance is the prediction with the lowest distribution mode
(Definition 3.9). A probabilistic alternative is to select the instance with the lowest
second moment from the set of the random forest’s predictive distributions.

Applying random forests to binary classification tasks with a decision thresh-
old of 0.5 and assuming deterministic decision tree inferences in the sense that each
leaf is a single-point distribution, the most-informative instance selected by Defini-
tion 3.9 will be equal to the one chosen by Definition 2.1. This is because, in binary
classifications, a simple majority vote is equal to an absolute majority vote (absten-
tion votes are not possible). The inverse of modes belonging to the negative class
directly translates into a prediction score below the threshold.

3.1.2 Revisable Counterfactual Explanations

Counterfactual explanations (Wachter, Mittelstadt, and Russell, 2017, White and
Garcez, 2020) illustrate the decision boundary of ML models. Take Marie as an ex-
ample (Figure 3.2): Marie’s credit request gets rejected. A counterfactual explainer
alters her gender from female to male, which leads to a low credit risk and ultimately
results in an acceptance of her request. Hence, counterfactual explanations modify
the feature space and answer hypothetical What if?-questions to give users an intu-
ition about the location of the decision boundary of the ML system. Counterfactual
explanations are counterfactual instances with explanation purpose generated from a
counterfactual explanation algorithm — a counterfactual explainer.
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Marie 32 part-time = female
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Figure 3.2: Counterfactual explanation. A classifier distinguishes between low and high
credit risk along a decision boundary depicted as a blue hyperplane. A counterfactual ex-
plainer alters Marie’s gender from female to male to cross the decision boundary, which
causes a shift in the prediction outcome from high to low risk.

Definition 3.10 (Counterfactual Instance (Artelt, 2019; Mothilal, Sharma, and Tan,
2020)). Let 7 be the opposite class of a binary inference y = f(x). A counterfactual
instance X emerges from x such that (i) f(¥) = ¥ and (ii) arg min_ dist(%, x), where
dist(...) is a suitable distance metric.

Remark 3.2. Assume that ¥ € X is an instance from a set of counterfactual instances
all emerging from x. Then, X is supposed to be heterogeneous in the sense that
arg max y div(X'), where div(...) is a suitable diversity metric (Mothilal, Sharma, and
Tan, 2020).

A counterfactual instance (Definition 3.10) in the classification context is sup-
posed to alter the classification outcome with minimal feature modifications. The
former property is known as validity and the latter as similarity (Guidotti, 2022).
There exist counterfactual explainers that return multiple counterfactual explana-
tions with a single query. In this case, the set of generated counterfactual expla-
nations is additionally supposed to maximize a third property — heterogeneity — to
mediate a broad understanding of the decision boundary (Guidotti, 2022)”. Mini-
mality and heterogeneity oppose each other in the sense that increasing the differ-
ence among counterfactual explanations might produce indecisive modifications.

In this chapter, counterfactual explanations are generated by a two-stage brute
force search consisting of a sampling and a post-processing stage (Definition 3.11).
The sampling stage randomly alters a minimal subset of features to obtain the op-
posite outcome. The post-processing stage iteratively revokes modifications con-
ducted to the feature space. The sampling stage preserves validity, while the post-
processing stage accounts for similarity. The post-processor might not identify the
optimal counterfactual instance in terms of similarity, but it improves the similarity.

"Note that similarity and heterogeneity can be measured by two different concepts: proximity and
sparsity (Guidotti, 2022). Proximity approaches similarity by distance metrics and measures the mag-
nitude of feature alternations, whereas sparsity accounts for the number of alternations.
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Definition 3.11 (Two-Stage Brute Force Counterfactual Explainer (Guidotti, 2022;
Mothilal, Sharma, and Tan, 2020)%). Let the two-stage brute force counterfactual ex-
plainer have a sampling and a post-processing stage:

Sampling stage:

Let there be a n-dimensional uniform distribution corresponding to the dimension-
ality of feature identifiers 7 with independent marginals

Un((a,b)”) = U(al, bl), cery U(ai, bl'), cery U(Cln, bn),

where (a;, b;) are the lower and upper bounds of feature dimension i. Let u C F be
the subset of modified features such that

a; = min({x;|x; € X'}) and b; = max({x;|x; € X'}) ifi € uand

a; =b; = x; otherwise.
Then, let X ~ U, ((a,b)") with the conditions (i) arg min, |u| and (i) f(X) = 7.
Post-processing stage:
The post-processing objective is defined to be: argmin, |%; — x;| for i € F as long

as f(%) = . Let qy,(...) return the quartile value wrt. x;. Let A indicate the step size.
The post-processor repeats

=% — 107 % if %, > x;and f = yand
=%+ 107x; if ¥; < x;and f =7

for a finite amount of iterations, where i = arg max;{|qx, (%;) — g, (x;)||i € F}.

x")
x")
)
Remark 3.3. If multiple counterfactual instances X € X are queried, the heterogene-
ity of X' can be increased by the constraint: {(x ~ U,((a,0)"))}UX ifx ¢ X.

This chapter utilizes a single counterfactual explanation per XIML iteration. If,
however, it would query a set of counterfactual instances, its heterogeneity can be
improved if the counterfactual explainer (Definition 3.11) is executed iteratively and
novel counterfactual instances are only added if they are unique. Hence, the pro-
posed counterfactual explainer could only find a set of optimal counterfactual in-
stances in the case of complex decision boundaries — when multiple ways exist to
alter the classification outcome.

The proposed counterfactual explanation procedure has two obvious limitations:
First, numerically encoded originally nominal features, are encoded as natural num-
bers. The post-processor tries to revert the modifications of nominal-scaled features
and treats hereby values of features with intermediate encoding as laying between
original and counterfactual instances. And second, it might happen that a modifica-
tion according to the currently highest quartile difference alters the model’s decision.
In this case, the respective feature is excluded from post-processing.

Definition 3.12 (Correct Decision Making for Counterfactual Explanations). A coun-
terfactual explanation is said to reveal correct decision making of a classification model
fif (i) f(%) = 1(x) and (ii) ¥; = x;if i ¢ v fori € F, where [ is the labeling function
(Notation 2.1) and v C F is the subset of decisive feature identifiers (Definition 2.3).

8Mothilal, Sharma, and Tan (2020) propose a counterfactual explanation algorithm for differentiable
models. Their GitHub repository (https://github.com/interpretml/DiCE/tree/main, 04 June 2024)
contains a model-agnostic counterfactual explainer, which is formalized by Definition 3.11. The repos-
itory nevertheless points to the cited reference. Guidotti (2022) uses the term brute force referencing
counterfactual explainers that search counterfactual explanations by random sampling.
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high I ————e low high low

Figure 3.3: User interface for tabular data. Radar charts visualize the original (left, gray) and
the counterfactual instance (right, orange overlay). The gauge charts depict the prediction
scores and outcomes of the original (left) and the counterfactual instance (right).

Within the XIML optimization cycle, counterfactual explanations have the pur-
pose to enable users to assess the correctness of the decision-making mechanism.
A counterfactual explanation is said to reveal the correct decision-making mecha-
nism if (i) the counterfactual feature instance truly alters the label and (ii) only truly
decisive features are modified to obtain the counterfactual instance (Definition 3.12).

Even if not explicitly evaluated nor essential for the results of this chapter, Fig-
ure 3.3 showcases a possible user interface that lets users interact with the decision-
making mechanism presented as a counterfactual explanation. On the left side, the
original instance is displayed in gray together with the classification model’s pre-
diction below — a high credit risk. A single counterfactual explanation generated
by Definition 3.11 is displayed as an orange overlay with its prediction score on the
right side. This way, users can inspect the counterfactual modifications and their
impact on the classification score. Users explore the decision boundary. They are
enabled to evaluate and potentially revise the counterfactual explanation.

3.1.3 Counterexample Generation by Subset Sampling

In model-agnostic XIML procedures such as CAIPI (Teso and Kersting, 2019), an
explanation revision leads to counterexamples. Counterexamples bias the training
data set of the classification model to re-locate the decision boundary closer to the
optimum according to a human annotator or the labeling function in the case of
numerical evaluations. In the running example of this chapter, counterexamples are
similar instances as Marie’s but with random values except for the decisive features
— in this case, the employment status.

This subsection proposes a novel counterexample generation procedure for the
binary classification of tabular data. It is based on subset sampling from clusters
obtained by k-means (Lloyd, 1982). Its formalization has been refined various
times (e.g., Bock, 2007). This thesis combines the derivations of Lloyd (1982) and
Bock (2007) and formalizes k-means according to Notation 2.1.

Clustering with k-means (Definition 3.13) divides a feature space into k partitions
(clusters) with partition centers (cluster prototypes). Intuitively, k-means clustering
combines two optimization objectives: It searches for optimal prototypes that mini-
mize the distance to each of their cluster entities. Furthermore, it examines clusters
whose entities are closest to the prototypes. The joint optimization function is solved
iteratively by alternating the optimization objectives. There exist lower bounds for
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each optimization objective in each iteration: The lower bound of the former objec-
tive is met for prototypes being the expected values of their clusters. The latter lower
bound is reached if each instance is assigned to the cluster with the closest prototype.
Practically, k-means starts with a random initialization of prototypes and continues
the optimization of the alternated objectives for a finite number of iterations or until
a stationary solution for clusters and prototypes is found (Bock, 2007).

Definition 3.13 (k-means Clustering (Lloyd, 1982; Bock, 2007)). Let the k-
means clustering algorithm divide the feature space into k partitions (clusters)
B = {BW,.,B0),. B0} C X by:

k
5.2 =L [,

where {z(l), oz, ...,z(k)} = Z with Z" are the partition centers (prototypes), p(x)
is the distribution over the feature space X at x, and ||...||, is the 12-norm, short for

VY1 (x; — E[x;])2. Let the optimal prototypes for a set partitions Z wrt. B denoted
as Z* and the optimal partitions for a set of prototypes B wrt. Z termed B* be:

z* = (z*M, 220, ., 20 with z*() = [{(x|x e BD)|x e X}} and
B* = {B*M, . B*0), ., B*® with
B0 = {x| %20 = min({|lx,zll, |z € Z})|x € A},

x —z0) H2 dp(x)

Minimizing g (B, Z) by altering the objectives has the lower bounds:
e(B,Z2%) Z/ x —E [{(x|]x € BU )|x€X}”’ and
j=1

¢(B*, Z) = /Xmin({Hx —z||,|z € Z})dx for B € B.

Definition 3.14 (Counterexample Generation by Subset Sampling). Suppose a set of
clusters B and their prototypes Z inherited from Definition 3.13. Let counterexample
generation by subset sampling be executed in four chronological steps:

(i) Retrieve the index of the closest prototype to the feature instance x by

j= argrnin{”x,z(j)H2 20 € Z} :
J
(ii) Sample a counterexample feature set from the selected cluster:
X" ~ BY such that |X’| = c.
(iiif) Obtain the corresponding counterexample target set by
V={y =1(x"x" € x'}.
(iv) Randomize indecisive features of each x’ € X’ by
X' ~{Uy((a,b)")|x" € X'}, where
a; = min({x}|x} € X'}) and b; = max({x}|x] € X'}) ifi ¢ vand
a; = b; = x| otherwise.
Counterexample features are sampled from the cluster of the most-informative
instance (Definition 3.14). Practically, the proposed targets are the predictions of the
classification model. They can be overruled by human annotators or the labeling
function if necessary. Decisive features are retrieved from the explanation revision.

Indecisive features are randomized by draws from a multivariate uniform distri-
bution (Definition 3.11). Note that the proposed counterexample generator suffers
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from the identical limitations in terms of numerically encoded originally nominal
features as the counterfactual explainer derived in the previous subsection.

3.2 Theoretical Implications

This section investigates the assumption that more counterexamples are better. This
assumption is put forward by evaluations of existing CAIPI variations (Teso and
Kersting, 2019; Slany et al., 2022; Slany, Scheele, and Schmid, 2024a), which com-
pare the predictive and explanatory performance of {0,1,3,5} counterexamples per
RWR iteration. The goal of this section is to give a mathematically grounded answer
to the question if more counterexamples are better, given the derived components of
the previous section. The findings can then be taken as a foundation for algorithmic
adaptations, which will be part of the next section, and further mathematical deduc-
tions, such as the identification of axioms for which the findings of this chapter hold.
The latter is left for future work.

The theoretical implications are restricted to random forests being ensembles of
decision trees (Breiman, 2001). Therefore, this section will first investigate how coun-
terexamples affect a single decision tree. Afterwards, the findings will be utilized to
examine the effects of counterexamples on the predictive quality and the correct de-
cision making of random forests.

Lemma 3.3 (Decision Trees and Decisive Features). Any split & = (i,a) € © of a
decision tree h(X, ®) is more likely to be conducted along decisive features v than
on indecisive features. That is: V0 € ©, Prg(i € v) > Pre(i ¢ v).

The subsequent deductions are based on Lemma 3.3. Its proof can be found in
Appendix A.1. The proof is based on two assumptions: First, indecisive features are
assumed to be uncorrelated with the target which can be expressed by a uniform
distribution. Second, the feature space is assumed to be dividable into a decisive
and an indecisive feature set. Definition 3.3 states that splits of decision trees are
determined by the impurity function — the lower, the higher the split probability.
Then, it follows from the weak learner condition (Kearns and Valiant, 1994; Schapire,
1990) that learned models with correlation between features and target are superior
to random guessing — the absence of correlations. Hence, splits of a decision tree are
more likely to be conducted along decisive features.

Proposition 3.1 (Decision Trees and Counterexamples). A positive number of coun-
terexamples does not decrease the probability that a split of a decision tree is con-
ducted along decisive features. Formally: Yc € INT,Prg (i € v) > Pre(i € v),
where @, is a set of split parameters under the influence of ¢ counterexamples.

Proposition 3.1 states that counterexamples enhance the chance that the cor-
rect decision-making mechanism is present in a decision tree. It is proven in Ap-
pendix A.2, which investigates the impurity function in extreme cases: when the
targets are randomly or perfectly distributed. Perfect means that only instances with
equal label are contained by a leaf. Each XIML outcome case is evaluated for each
impurity function case. It can be inferred that counterexamples do not interfere with
perfect splits but enforce the purity of random splits.

Theorem 3.1 (Generalization Error and Counterexamples). Considering the entire
feature target space X, Y, there exists a non-zero probability that counterexamples
do not reduce the upper bound of the generalization error. That is: Pry y(PE} >
PE*) # 0, where PE} and PE* indicate the upper bound of the generalization error
in the presence and absence of counterexamples.
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The upper bound of the generalization error is a measure for the worst expectable
predictive behavior of any decision tree in the random forest (Lemma 3.2). It is
determined by the expected inter-tree correlation of any two decision trees in the
random forest and the expected strength of any decision tree in the random for-
est. Theorem 3.1 states that there exist cases where the upper bound of the gen-
eralization error does not improve under the influence of counterexamples com-
pared to the absence of counterexamples. Intuitively, the proof of Theorem 3.1 (Ap-
pendix A.3) shows that there exist cases where counterexamples do neither reduce
the expected inter-tree correlation nor increase the expected strength. Those are the
cases where Theorem 3.1 holds. Indeed, the expected inter-tree correlation does not
decrease with counterexamples because counterexamples are essentially the identi-
cal sequence of decisive features. Furthermore, it can be shown that the expected
strength only improves for counterexamples that have been generated from an in-
stance, which has a sufficiently high similarity to the instances in the feature set.

Corollary 3.1 (Correct Decision Making and Counterexamples). There exists a non-
zero probability that counterexamples do not enhance the correct decision making
of a random forest in the sense of Definition 3.12.

The correctness of the decision-making mechanism revealed by a counterfactual
explanation is determined by two criteria: (i) The counterfactual feature truly alters
the label given a labeling function and (ii) only truly decisive features are altered
(Definition 3.12). The probability that the first criterion holds improves with a de-
creasing upper bound of the generalization error. A generalization error of zero for
every decision tree in the random forest would indicate an equality of the random
forest and the labeling function given an observed finite data space. It therefore suf-
fices to revisit Theorem 3.1 that states that there exists a non-zero probability that the
upper bound of the generalization error does not improve with added counterexam-
ples. Hence, counterexamples do not ensure an improvement of the first criterion,
which is a sufficient argumentation for Corollary 3.1. Counterexamples, however,
improve the second criterion, as they enhance the probability that the decisive fea-
tures are present in a decision tree (Proposition 3.1), which can be transferred to the
random forest as a sequence of decision trees (Lemma 3.1).

3.3 Experimental Evidence for a Counterexample Filter

The essence of the previous section is: Counterexamples are expected to improve the
predictive quality and the ability to follow the correct decision-making mechanism
of random forests if the original instance, from which counterexamples are gener-
ated, is, on average, similar to the remaining instances in the data set. This section
utilizes the theoretical findings and proposes a counterexample filter that controls
the number of counterexamples.

Definition 3.15 (Counterexample Filter). Suppose that median(...) returns the me-
dian value of a set, m is the index of the most-informative instance (Definition 3.9),
and ¢ is a distance threshold. Let the counterexample filter be defined as follows:

¢ = 0 if median <{ Hx(m) — tz lx € X\x(’”)}> > delsec=05.

The counterexample filter (Definition 3.15) is applied to each RWR iteration.
It essentially eliminates counterexamples for expected out-of-distribution instances
and generates the maximum investigated amount of counterexamples for instances,
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where counterexamples are expected to contribute positively to the predictive per-
formance. The range of zero to five counterexamples corresponds to the inspected
amount of counterexamples in existing model-agnostic XIML publications (Teso and
Kersting, 2019; Slany et al., 2022; Slany, Scheele, and Schmid, 2024a; Slany, Scheele,
and Schmid, 2024c).

Setup This section provides experimental evidence on the German Credit Risk
(Credit), Adult, Diabetes and Heart data sets’. The pre-processing pipeline is identi-
cal for all data sets: Rows with missing values are removed. Categorical features are
replaced by natural numbers such that the order information is preserved in the case
of ordinal data. Traditionally, XIML evaluations involve human annotators (Slany
et al., 2022). Other XIML evaluation approaches include the unlearning of induced
spurious correlations (Teso and Kersting, 2019; Slany, Scheele, and Schmid, 2024c;
Slany, Scheele, and Schmid, 2024b) or the exploitation of remarkable characteristics
of the data set. The latter can be divided into the unlearning of biases (Heidrich
et al., 2023) or feature-specific knowledge retrieved from deterministic procedures,
e.g., that horizontal lines are characteristically for sevens in the binary classification
task ones versus sevens (Slany, Scheele, and Schmid, 2024a). This section proposes
an additional XIML evaluation approach and utilizes labeling functions to control
the data-generating process and substitute the human annotator (Table 3.1). The la-
beling functions are chosen such that the original proportion of classes is preserved.
Some experiments in active learning have a similar setup (e.g., Du and Ling, 2010;
Chakraborty, 2020).

The predictive performance is evaluated by the false positive and false negative
rates, fp-rate = fp/(fp +tn) and fn-rate = fn/(fn + tp), respectively, where tp is
the number of true positives, tn the number of true negatives, fp the number of false
positives, and fn is the number of false negatives. The fp-and fn-rates are preferred
over precision, recall, and accuracy as they are conditioned on negative and positive
labels. They are, therefore, more robust wrt. biases in the data, e.g., the gender bias
in the Credit data set. The correct decision making is evaluated by Definition 3.12
and also conditioned on positive and negative correct predictions. For the sake of
readability, the presentation of the experimental results will use the terms correct
explanations, explanatory performance, and correct decision making as synonyms. This
section uses a 70/30 train test split. The test set size for the evaluation of the correct
decision-making mechanism is ceiled to 100 per experiment and data set. All exper-
iments are repeated for five different but fixed random seeds. The random forest
consists of 100 decision trees with balanced class weights. The minimum split size
is set to two. Table 3.2 contains baseline results for the predictive and explanatory
performance of random forests trained on all available training data.

For the XIML setting, the random forest is pre-trained on 10 random instances
sampled from a n-dimensional uniform distribution, where the marginal distribu-
tions cover the feature space of all available training data. The goal is to start with
an uninformative model to project all improvements to the XIML optimization. A
fixed amount of {0,1,3,5} counterexamples per RWR iteration is added over the
course of 100 XIML optimization iterations. Remind that a XIML optimization with
zero counterexamples per RWR iteration is equal to coactive learning (Shivaswamy

Credit: https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk,
Adult: https://www.kaggle.com/datasets/wenruliu/adult-income-dataset,
Diabetes: https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset,
Heart: https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset, all 03 June 2024.


https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk
https://www.kaggle.com/datasets/wenruliu/adult-income-dataset
https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
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Table 3.1: Data-generating process. Labeling functions control the data-generating process.
All of which are inputs of a sigmoid function y™) = (1 + exp(—w™))~1. The error terms
€ are sampled from a normal distribution — specifically, €cregit ~ N(0,1), €aqur ~ N(0,4),
€Diabetes ~ N(0,3), and epeart ~ N(0, 1.5). Identifiers are replaced by variable names.

Data Labeling function /

Credit w® = -1 + 05 - I[

s n
job(") >skilled] + sav1ngaccounts() +

checkingaccount (") + age(”)I[age(,,)Sm] - 61*0 + I[housing(">:own] + €Credit
Adult o = —425+ I

hoursperweek(”>

+ 4 . educationalnum(® ) +5.

workclass (") :private] max(educationalnum

max(hoursperweek () T €adult
i (n) — _ M . bmi () . bloodpressure()
Diabetes w = —-225+ max(glucose) + 3 max(bn1) +3 max (bLoodpressard)
eD(ia)betes
n — —
Heart w - 2.3 + I[fbs(”)>120] + I[restecg('7>7énormal] + I[thal(”>7énormal] +

chol(® thalach(®”

max(chol) max(thalach) + €Heart

Table 3.2: Baseline results on synthetic data. A random forest is trained on all available train-
ing data. The Predictive performance is calculated by the fp- and fn-rate. The correctness
of the decision-making mechanism is measured by the ratio of Correct explanations condi-
tioned on positive (pos. preds.) and negative predictions (neg. preds.) for each Data set. The
results are mean values of five experimental iterations with standard deviations in brackets.

Predictive performance Correct explanations
Data fp-rate fn-rate pos. preds. neg. preds.
Credit  0.1532 (0.0312)  0.0680 (0.0240)  0.5794 (0.1434)  0.2993 (0.1521)
Adult  0.1013 (0.0049)  0.3082 (0.0141)  0.0000 (0.0000)  0.6084 (0.0187)
Diabetes 0.1281 (0.0190)  0.4229 (0.0502)  0.0269 (0.0394)  0.4912 (0.0630)
Heart  0.2352 (0.0366)  0.2040 (0.0666)  0.2503 (0.0600)  0.3378 (0.1002)

and Joachims, 2015). Additional experiments with the counterexample filter (Defi-
nition 3.15) are conducted for each data set. Its threshold parameter ¢ is the optimal
value obtained from a grid search testing threshold values ranging from 0.5 to 5.0
with a 0.5 increment. Prior to the XIML optimization loop, k-means divides the fea-
ture space into ten clusters. The GitHub repository'? contains all code and results of
this section and ensures the exact reproducibility of the experiments.

Results  Figure 3.4 exemplarily depicts the XIML optimization process for
the Credit data set. It visualizes hereby results for zero (blue) and five (red)
counterexamples without as well as for five counterexamples with filter (green).
The counterexample filter for the Credit data set has a distance threshold of 1.0
retrieved from a grid search. The baseline results are included as gray, dashed,
horizontal lines. Figure 3.4 contains subfigures for each evaluation metric: the false
positive (top left) and false negative rate (top right) as well as the ratio of correct
explanations conditioned on correct positive (bottom left) and correct negative
predictions (bottom right). The lines represent the average outcomes of five
experimental iterations. Standard deviations are included as transparent fillings
around the means. In all plots, a model optimized with XIML at least matches or

Ohttps://github.com/emanuelsla/MathXIML/, 06 June 2024.
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Figure 3.4: Optimization outcome on synthetic Credit data. Comparison of zero (blue) and
five (red) counterexamples per RWR iteration on the Credit data set with a filtered opti-
mization run with an Euclidean distance threshold of 1.0 (green). Standard deviations of
five experimental iterations are highlighted as transparent surroundings wrt. the mean re-
sults. Baseline results are depicted as dashed grey lines.

even outperforms the baseline in its best iteration, where the best iteration is not
necessarily the final one. Remarkable is that models optimized by the proposed
XIML framework contain only 100 distinct training instances and counterexamples
if added at the end of the optimization process compared to the baseline model,
which has been trained on 70 percent of all available data. An XIML optimization
with five counterexamples seems to cause models to converge faster compared to
the zero counterexample runs. The performance benefits tend to diminish over
the course of the optimization process. The counterexample filter essentially acts
as a gatekeeper. Its results are, therefore, compromises between the zero and five
counterexample cases. For the Credit data set, the counterexample filter tends to
improve the predictive performance given a stable explanatory performance.

Table 3.3 aggregates the optimal results of each of the five experimental iterations
given the predictive and explanatory performance metrics, the data sets, and the
counterexample variations. The results are mean values with standard deviations in
brackets. The best result per metric and data set is written boldly. A particularity of
this table are the 1 and | symbols. They indicate whether the induction of the coun-
terexample filter lets the optimization results converge or diverge from the optimum
compared to the five counterexamples case without a filter. The symbols are omit-
ted if the five counterexamples run with filter reaches the optimum. The utilized
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Table 3.3: Experimental results on synthetic data. The Predictive performance with fp- and
fn-rate as well as the ratio of Correct explanations for positive (pos. preds.) and negative
predictions (neg. preds.) are compared across Data sets and ¢ = {0, 1, 3,5} counterexamples
per RWR iteration as well as counterexample filters with a threshold J. The results are mean
values of five experimental iterations with standard deviations in brackets. Bold numbers
are optimal results per column and data set. The 1 and | symbols mark the positive and

negative effects of the counterexample filter compared to ¢ = 5 without a filter.

Predictive performance

Correct explanations

Data ¢ fp-rate fn-rate pos. preds. neg. preds.

Credit 0  0.0724 (0.0614)  0.0408 (0.0308)  0.6715 (0.1371)  0.4620 (0.0778)
1 0.0906 (0.0490)  0.0339 (0.0311)  0.6189 (0.0814)  0.4920 (0.0553)
3 0.0950 (0.0394)  0.0384 (0.0147)  0.6557 (0.1039)  0.5521 (0.0953)
5 0.0844 (0.0504)  0.0455 (0.0140)  0.6801 (0.1183)  0.4842 (0.0666)
5  0.0665 (0.0588) 0.0432" (0.0297) 0.6362¢ (0.1251)  0.5579 (0.0667)
(6=1.0)

Adult 0  0.0196 (0.0247)  0.3577 (0.0936)  0.0000 (0.0000)  0.7939 (0.1027)
1 0.0280(0.0271)  0.3280 (0.0368)  0.0000 (0.0000)  0.7451 (0.0986)
3 0.0219(0.0312)  0.2969 (0.0888)  0.0000 (0.0000)  0.7439 (0.0278)
5 0.0127 (0.0158)  0.3210(0.0569)  0.0000 (0.0000)  0.7600 (0.0822)
5 0.0196% (0.0247) 0.3577+(0.0936)  0.0000 (0.0000)  0.7973 (0.0979)
(6=0.5)

Diabetes0  0.0781 (0.0534)  0.3040 (0.1416)  0.1091 (0.0460)  0.5974 (0.1431)
1 0.0491(0.0606)  0.2979 (0.1175)  0.1153 (0.0680)  0.5973 (0.0509)
3 0.0254(0.0203) 0.3128 (0.0710)  0.1315 (0.0624)  0.6780 (0.0681)
5 0.0581(0.0540)  0.2691 (0.0710)  0.1227 (0.0519)  0.6516 (0.0592)
5 0.0439" (0.0362) 0.3137+ (0.0644) 0.1366 (0.1028)  0.5898 (0.0736)
(6=3.5)

Heart 0 0.1716 (0.0769)  0.1136 (0.1213)  0.3957 (0.1436)  0.4882 (0.0540)
1 0.1542(0.0473)  0.1109 (0.1082)  0.3773 (0.1188)  0.5436 (0.1161)
3 0.1638(0.0366)  0.0975(0.0738)  0.3754 (0.0944)  0.5435 (0.1063)
5 0.1720 (0.0363)  0.0778 (0.0630)  0.3707 (0.0982)  0.5228 (0.0349)
5 0.1487 (0.0663)  0.0675 (0.0723)  0.3817' (0.1240) 0.5253" (0.0443)
(6=4.5)

distance threshold values for the counterexample filters are extracted from a grid
search. Overall, it can be observed that more counterexamples are not always better.
Such a trend seems only to exist for the Diabetes data set, where a larger amount
of counterexamples tends to positively impact the predictive and explanatory per-
formance. XIML optimization always outperforms the baseline (Table 3.2) with two
exceptions: the false negative rate and the ratio of correctly explained positive pre-
dictions on the Adult data set, where the latter, however, matches the baseline (even
if it is zero). Whenever the five counterexample cases do not already find the best
solution, the counterexample filter either yields the best outcome or lies closer to the
optimum compared to the plain five counterexamples optimization. Two exceptions
are the false negative rate on the Adult data set and the ratio of correctly explained
negatives on the Diabetes data set.
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3.4 Chapter Summary

Summary This chapter has mathematically derived a XIML method tailored for the
binary classification of tabular data. It is based on random forests (Breiman, 2001)
and counterfactual explanations (e.g., Wachter, Mittelstadt, and Russell, 2017) em-
bedded into a user interface, which lets human users infer and revise the decision-
making mechanism of the classification model. The explanation revision conveys
into counterexamples sampled from clusters optimized with k-means (Lloyd, 1982)
and overweighs the user’s perception of the decision boundary in the subsequent
optimization iterations.

The main contribution of this chapter is a mathematical investigation of the ef-
fects of inducing counterexamples into model optimization. For random forests,
counterexamples serve as a vehicle to inject the decision-making mechanism of a
user into the ML model. The model refinement by a user explanation revision and
the predictive performance metrics are decoupled in the sense that more counterex-
amples increase the probability that the decision-making mechanism of any deci-
sion tree in a random forest gets adjusted, which has been shown to determine the
decision-making mechanism of random forests as entity (Breiman, 2001). However,
there exists no guarantee that a local adjustment of the decision boundary causes a
global performance improvement. This finding also applies for the ability to achieve
the correct decision-making mechanism. Furthermore, it can be shown that exces-
sive human intervention results in catastrophic forgetting.

The theoretical deductions are partially based on the expected strength of any
decision tree in the random forest, which, among others, determines the expected
predictive behavior and the ability for correct decision making of random forests.
It is expected that counterexamples built from in-distribution instances improve the
quality of random forests while out-of-distribution instances might interfere with it.
The subsequent contribution made by this chapter is a simulation study that com-
pares adding multiple counterexamples and coactive learning to an optimization
that employs a gatekeeper choosing between both cases. The experiments show that
the counterexample filter improves the optimization results in most cases, either by
achieving the best outcome or by finding solutions closer to the optimum.

Answer to research question Overall, this chapter has contributed the theoretical
evidence to answer the first research question of this thesis:
R1 How do counterexamples affect the optimization of ML models?
Given random forests, binary classification tasks, and tabular data, counterexam-
ples improve the probability that the decision-making mechanism is adjusted. This
does not necessarily cause an improvement in the predictive performance nor for the
classifier’s ability to follow the correct decision-making mechanism.

Related results This chapter extends the spectrum of current predominantly ex-
perimental research in the XIML domain (Teso and Kersting, 2019; Schramowski
et al., 2020; Slany et al., 2022; Heidrich et al., 2023; Slany, Scheele, and Schmid,
2024a; Slany, Scheele, and Schmid, 2024c; Slany, Scheele, and Schmid, 2024b). Some
XIML procedures that utilize the learning from counterexamples concept (Slany et al.,
2022; Slany, Scheele, and Schmid, 2024a) struggle to explain the missing improve-
ment caused by the induction of an increasing amount of counterexamples. This
chapter uses an identical experimental setup to other model-agnostic XIML evalua-
tions (Teso and Kersting, 2019; Slany et al., 2022; Heidrich et al., 2023; Slany, Scheele,
and Schmid, 2024a) with the specificity to control the data-generating process. In
comparison to the closest related experimental setups (Heidrich et al., 2023; Slany,
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Scheele, and Schmid, 2024b), which also apply a CAIPI variant to tabular data, this
simulation study varies the amount of counterexamples. The contributions made by
this chapter go a step beyond existing XIML methods: This chapter provides indica-
tions why the performance of current CAIPI variants might be limited.

Limitations The derivations, proofs, and evaluations in this chapter have several
limitations, which can be sorted into three groups: explicitly exploited mathemat-
ical assumptions, implicit mathematical assumptions, e.g., conducted by problem
simplifications, and flaws in the simulation study.

¢ Explicit mathematical assumptions:

Although this chapter aims to provide evidence for model-agnostic XIML pro-
cedures, it restricts itself to a specific choice of CAIPI components (Teso and
Kersting, 2019) to target the binary classification of tabular data, which is a con-
tradiction. This contradiction can be weakened if the derivations are treated as
specific formalization for otherwise model-agnostic CAIPI components. A cru-
cial assumption is the numerical encoding of categorical features. The conse-
quence of the derivational section is that numerical features erroneously gain
importance during the counterfactual and counterexample generation (Defi-
nitions 3.11 and 3.14). This limitation is even amplified in the proof of The-
orem 3.1 (Appendix A.3), where also ordinal features are miss-treated when
calculating the 12-norm. The same applies for the definition of the counterex-
ample filter (Definition 3.15).

¢ Implicit mathematical assumptions:

Even though the key results of this chapter are that counterexamples do not
necessarily improve random forests and that expectably improving counterex-
amples can be separated from others, this chapter does not provide insights on
the optimal amount of counterexamples. Another missing abstraction is an an-
swer to the question where exactly the theoretical implications apply. In other
words, this chapter lacks axioms that state for which combination of ML task,
ML model, data type, counterfactual explainer, and counterexample genera-
tor Theorem 3.1 and by that Corollary 3.1 hold. The final not explicitly stated
assumption is that indecisive feature target relations by means of the labeling
function are expected to be uncorrelated. Famous examples like Clever-Hans
predictions (Lapuschkin et al., 2019) prove this assumption wrong. The as-
sumption, however, is a crucial simplification for the proof of Lemma 3.3 (Ap-
pendix A.1) and thus also essential for the subsequent theoretical implications.
Unanswered questions are: Is this assumption necessary to prove Lemma 3.3?
If yes, what consequences arise for the implications of this chapter?

¢ Simulation study:
The counterexample filter is supposed to be a gatekeeper separating
instances where counterexamples are expected to be beneficial from others
(Definition 3.15). Nevertheless, the filtered optimization does not always reach
the optimum (Table 3.3). One reason is that the threshold value might not be
optimal, as it emerges from a grid search with a finite set of possible threshold
values. Another reason is that model improvements are often compromises:
Samples that improve the false positive rate might not improve the false
negative rate. Additionally, the ratio of correct explanations, measuring
the correct decision making ability, is conditioned on correct predictions for
a given class. More correctly predicted instances might therefore decrease
the fraction of instances that have undergone correct decision making. The
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simulation study also assumes that counterfactual explanations are always
capable of revealing the decision-making mechanism. While this might be
true in the restricted controlled setting of this chapter, real-world settings
could benefit from additional enhancements of the counterfactual explainer
(Definition 3.11). An example of such an enhancement is proposed by
Appendix B. The final limitation is the modification of the data-generating
process (Table 3.1). It might have benefits for the evaluation of the simulation
study and has been conducted such that the class distribution of the original
data sets are approximately matched. It, nevertheless, leaves room for
improvement: For instance, feature interactions could have been included or
the magnitude of the error terms could have been varied.
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Chapter 4

CAIPI Component Adaptations

The objective of this thesis is the enhancement of XIML with a generalization of
CAIPI (Teso and Kersting, 2019) as a specific focus topic. This thesis has a two-
sided view on the terms enhancement and generalization: One side offers mathematical
insights into model optimization with counterexamples as well as an algorithmic
specification. The other side takes the specified CAIPI algorithm (Algorithm 2.1) as
a starting point for further adaptations to enlarge its application spectrum.

While the first topic has been extensively discussed in the previous chapter, this
chapter focuses on the second perspective. Its goal is to propose CAIPI variations
that either offer beneficial properties for CAIPI’s primary original application area
— image classification (Teso and Kersting, 2019) —, or extend CAIPI towards tabular
data classification. The XIML framework proposed in Section 3.1 is also a CAIPI
variant, which belongs to the second group.

This chapter will be the most extensive chapter of this thesis consisting of two
main sections: one for tabular-data-specific (Section 4.1) and one for image-specific
adaptations (Section 4.2). Although CAIPI has been initially applied to image
data (Teso and Kersting, 2019), this chapter starts with tabular data. Major parts of
the notation of the previous chapter that formalizes a XIML method for tabular data
can be recycled. This minimizes the amount of breaks in the notation. This chapter
will go beyond image and tabular data classification in a third section that will
propose explanatory ML frameworks that can be integrated into CAIPI to conquer
regression, optimization, and clustering tasks (Section 4.3). The integration of those
explanatory ML techniques into CAIPI is left for future work.

This chapter will, in combination with the subsequent chapter, answer R2. The
majority of sections in this chapter have been published. The explicit reference will
be given at the beginning of the respective sections. Additionally, Appendix C will
state the author’s contribution to the cited articles. As most presented methods have
originally been structured as individual scientific contributions, they contain indi-
vidual research questions. One objective of this chapter is therefore the unification of
the sometimes deviating structures. The presentation of each method will start with
a motivational paragraph that includes a problem description, a brief summary of
the proposed solution, and a statement about the resulting scientific contributions.
Furthermore, modified versions of Figure 1.2 (right) will highlight the changes of
the proposed CAIPI variant compared to the original algorithm (Figure 1.2, left). As
CAIPI is defined to be a model-agnostic framework (Teso and Kersting, 2019), the
figures highlighting the modifications spare out the model component. The research
questions will be consecutively enumerated, e.g., R2.1, R2.2, etc., throughout this
chapter and answered in short summaries at the end of each section, which also
includes specific related results and limitations. The main part will consist of three
paragraphs: specific auxiliary methods, a specification of the conducted CAIPI adap-
tation with a modified CAIPI algorithm if necessary, and experimental evidence.
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A chapter summary (Section 4.4) will aggregate all findings. In contrast to the
previous chapter summary (Section 3.4), it will not answer one of the primary re-
search questions. The answer to R2 will be part of the next chapter, which will also
consider the results of this chapter.

4.1 Tabular-data-specific Adaptations

This section will propose two tabular-data-specific CAIPI variations: First, the coun-
terexample generation of the CAIPI variant from Section 3.1 will be replaced by
Large Language Models (LLMs) (Slany, Scheele, and Schmid, 2024b). LLMs al-
low users to query an infinite amount of novel training data by a natural language
prompt. However, LLMs sometimes produce invalid results (Hammond and Leake,
2023), which is why the counterexample generation procedure will additionally be
enhanced by logical post-processing (Section 4.1.1). And second, this section will
demonstrate that CAIPI can also be utilized to optimize classification metrics apart
from the predictive performance or the ability to follow the correct decision-making
mechanism. Precisely, Section 4.1.2 will describe FAIRCAIPI (Heidrich et al., 2023) —
a CAIPI variant that reduces biases of ML models and informs users if their annota-
tions induce biases.

4.1.1 Counterexamples by Constrained Large Language Models

This section paraphrases and occasionally extends contents of Slany, Scheele, and
Schmid (2024b). It also uses figures, tables, definitions, and an algorithm of Slany,
Scheele, and Schmid (2024b), which will be cited explicitly. Appendix C.1 states the
contributions the author made in the scope of the referenced publication.
Historically, novel or augmented training data have been generated by methods
that leverage statistical concepts — for instance, random sampling or Bayesian
methods, such as multiple imputation (Li, Stuart, and Allison, 2015) or Gibbs
sampling (Gelfand, 2000). Recently, a XIML method (Slany, Scheele, and Schmid,
2024a) has even exploited generative statistical ML to generate counterexamples
(Section 4.2.2). The rise of Generative Pre-trained Transformer (GPT) models (Brown
et al., 2020) and the public availability of LLMs that can be operated by end-users
using natural language prompts has expanded the opportunities to generate novel
training data (Chung, Kamar, and Amershi, 2023; Ribeiro and Lundberg, 2022).

Problem The validation of LLM outputs becomes crucial because LLMs have been
shown to potentially produce invalid results from either a semantic or a causal per-
spective (Hammond and Leake, 2023) — a behavior that is publicly discussed as LLM
hallucination (e.g., Huang et al., 2023). Ill-generated counterexamples that do not
reflect the properties of correct decision making (Definition 3.12) induce incorrect
correlations into the training data of ML models. This prevents the ML models from
reaching the human-defined optimal decision-making mechanism.

Solution The side-effect is mitigated as soon as the training data set is only ap-
pended by counterexamples that reflect the correct decision-making mechanism.
Therefore, this section pairs the LLM with a logical program that selects valid coun-
terexamples from the LLM output. The logical program acts as a gatekeeper pre-
venting invalid counterexamples from corrupting the training data.
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Figure 4.1: LLMXIML overview (Slany, Scheele, and Schmid, 2024b). Counterexample gen-
eration with constrained LLMs. A set of validity constraints is induced from the labeled
data set (1). A random forest, pre-trained on the labeled data set, predicts the unlabeled
data set (2) to select the most-informative instance, which is removed from the unlabeled
data set (3). A user evaluates the prediction (4) and the explanation (5). The LLM-generated
counterexamples (6) are evaluated by a probabilistic logic program (7). Additionally, the
LLM translates violated validity constraints to humans (8) and humans are enabled to gen-
erate additional constraints (9). The LLM revises its instruction using violated constraints as
prompts (10). The validated counterexamples are added to the training data set (11).
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Figure 4.2: LLMXIML component adaptations.

Contribution LLMs have been used for data generation (Chung, Kamar, and
Amershi, 2023; Ribeiro and Lundberg, 2022) and they have also already been paired
with logical reasoning (Nye et al., 2021) but not in the context of a XIML framework,
which is the first contribution of this section. Second, once validity constraints in
the gatekeeper program are violated, the LLM prompt to generate counterexamples
can automatically be revised. Translators between natural language and logical
programs are already available (Yang, Ishay, and Lee, 2023) . In XIML, they can
be aligned iteratively to inform users about constraint violations or to refine the
constraints — the third contribution.

More specifically, this section introduces the model-agnostic XIML framework
LLMXIML (Figure 4.1). In comparison to CAIPI (Teso and Kersting, 2019), it uses
counterfactual explanations (Wachter, Mittelstadt, and Russell, 2017) instead of
LIME (Ribeiro, Singh, and Guestrin, 2016) as local explanation method (Figure 4.2).
The originally absent user interaction is modeled by an LLM, which also generates
the counterexamples instead of data augmentation used in traditional CAIPI.

Precisely, LLMXIML (Figure 4.1) utilizes a random forest that selects in each XIML
iteration the most-informative instance. A human annotator evaluates its predic-
tion. If the prediction is correct, a counterfactual explainer alters the feature space
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to enable human users to assess the decision boundary and thus evaluate the cor-
rectness of the decision-making mechanism. In cases of erroneous decision making,
counterexamples are queried from the pre-instructed LLM. The counterexamples are
evaluated afterwards using a probabilistic logical program containing validity con-
straints. The user is informed about constraint violations by the LLM that addition-
ally acts as a semantic translator between probabilistic logic and natural language. In
this regard, violated constraints can be transformed into LLM instruction revisions
and users can also instruct the LLM to refine the validity constraints.

Subordinated research questions Similarly to CAIPI (Teso and Kersting, 2019),
LLMXIML is evaluated in its ability to unlearn spurious correlations. In contrast to
CaAI1P1, however, LLMXIML focuses on tabular data instead of image data as the con-
version of an unstructured natural language prompt into a tabularly structured nat-
ural language output is closer than from natural language into images. This section
will answer the following research questions (Slany, Scheele, and Schmid, 2024b):

R2.1 Does reasoning enhance the correctness of counterexamples generated by
LLMs?

R2.2 How do LLM-generated counterexamples with and without reasoning af-
fect the predictive and explanatory quality of XIML optimization?

The remaining structure of this section is as follows: First, auxiliary methods
will be described. In a direct comparison to Slany, Scheele, and Schmid (2024b),
this paragraph will be more extensive. Second, the CAIPI adaptations (Figure 4.2)
will be discussed in detail. A third subsection will contain experimental evidence,
which will be used to answer the subordinated research questions and to discuss the
preliminary findings in a final subsection.

Auxiliary Methods

This section is situated in the domain of Notation 2.1. Figure 4.2 reveals the differ-
ences of LLMXIML to CAIPI (Teso and Kersting (2019), Algorithm 2.1) — precisely,
the utilization of counterfactual instances as local explanations, a user interaction
via LLM prompts, and the counterexample generation and validation by LLMs and
probabilistic logic, respectively. While the counterfactual explanation framework of
LLMXIML is equal to the one defined in Definition 3.11, the subsequent paragraphs
will provide background information on the idea behind LLMs and an introduction
in probabilistic logic. The latter part will be split into probabilistic logic and prob-
abilistic rule learning. As the auxiliary methods are no key concepts of this thesis,
the introduction will be restricted to necessary prerequisites for LLMXIML and other
XIML variants contained by this thesis. References to primary sources and in-depth
derivations will be given at the appropriate points.

Large language models Historically, ML architectures for natural language pro-
cessing (NLP) tasks have been task-specific, meaning that a single model is required
for each ML task (Brown et al., 2020). Self-attention network architectures such as
present in transformer models provide the ability to capture sequences in a weakly
supervised fashion, which means that an embedding sequence is connected with a
label (Vaswani et al., 2017). Transformer models, therefore, have enabled ML re-
searchers to use task-agnostic architectures for NLP (Brown et al., 2020). Until re-
cently, a subsequent task-specific fine-tuning step, termed single- or few-shot learn-
ing has been required to match the performance of traditional NLP models such
as executed in the second generation of GPT (GPT-2) models (Radford et al., 2019).
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Thereafter, the NLP models’ complexity has increased in both dimensions, the num-
ber of training data and the number of inherent parameters, making the third gen-
eration of GPT (GPT-3) models large language models (Brown et al., 2020). This has
enabled ML researchers to apply zero-shot fine-tuning, which is a natural language
task description instead of traditional ML training examples (Brown et al., 2020).
The GPT-3 models (Brown et al., 2020) have recently been made publicly avail-
able by OpenAl, which makes them operable even by end-users. LLMXIML exploits
OpenAl’s gpt-3.5-turbo model!! by the integration of an API provided by OpenAL

Probabilistic logic  Despite LLMs being highly versatile and easy to operate,
their output might suffer from semantic or causal shortcomings (Hammond
and Leake, 2023). LLMXIML will overcome these flaws with probabilistic logical
post-processing. Intuitively, probabilistic logic (Definition 4.1) such as proposed
by the ProbLog framework (Raedt, Kimmig, and Toivonen, 2007) is a flexible yet
simple representation of a probability to which a conjunction of events, so-called
body predicates, affects another event, termed target predicate, in rule format. The
flexibility of probabilistic logic becomes noticeable once readers understand that
each entity in a probabilistic logic program can have its own probability, being it
rules, predicates, or facts.

Definition 4.1 (Probabilistic Logic (Raedt, Kimmig, and Toivonen, 2007; Slany,
Scheele, and Schmid, 2024c)). Let a probabilistic logic rule be defined as

r=p:H:-B€R,
where p € [0, 1] denotes the rule’s truth probability, H is the rule’s head, also known

as the target predicate that remains constant for all » € R, and B is either a single
body predicate, e.g., B = b, or a conjunction of body predicates that is B = by, ..., b,.

Example 4.1. The following probabilistic logic rule is the only rule in R (Slany,
Scheele, and Schmid, 2024c): 0.9:: risk_high(X):-status(X, part-time). With a 90
percent probability, a part-time employment status yields a high credit risk.

Remark 4.1. Note that the target predicate is modeled as a unary predicate because
the validity constraints will also be of arity one. The target predicate in this context
could equally be written as: risk(X, high).

Remark 4.2. Using probabilistic logic (Raedt, Kimmig, and Toivonen, 2007), each
predicate (and fact) can have its own truth probability, e.g., py:: b.

Example 4.2. 0.9:: status(X, part-time) expresses that 90 percent of part-time em-
ployed instances are truly part-time employed, e.g., caused by measurement errors.

Probabilistic programs are evaluated for specific queries given a set of rules by
the success probability (Definition 4.2). The success probability is the sum of the
products of each rule’s probability and the product of the probabilities of all its pred-
icates. This step is comparable to obtaining predictions in a statistical ML setting.

Definition 4.2 (Success Probability (Kimmig et al., 2011; Slany, Scheele, and Schmid,
2024c)). Let the success probability Prs(q|R) of a query q wrt. a set of rules R be
Prs(q|R) = ) Pr(q|R)Pr(LIR),
LCLg
where L is a set of ground facts of the set of all ground facts in R denoted as Lg.

Mhttps://platform.openai. com/docs/models/gpt-3-5-turbo, 01 July 2024.
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Example 4.3. Reconsider the probabilistic rule of Example 4.1 and suppose that
Marie is part-time employed with a probability of 90 percent. The success proba-
bility of Marie having a high credit risk, e.g., § = risk_high(Marie), then is

Prg(risk_high(Marie)|R) =0.9-0.9 = 0.81.

The product of the rule probability and the probability of the predicate present in
both the instance Marie and the rule denotes that Marie has a high credit risk with a
probability of 81 percent (Slany, Scheele, and Schmid, 2024c).

Probabilistic rule learning The presence of a rule set is a prerequisite for the cal-
culation of the success probability. Figure 4.1 reveals that users are able to refine
the set of rules by appending validity constraints. The preliminary rule set, how-
ever, is induced by probabilistic rule learning, for which this thesis applies PROB-
FoIL* (Raedt et al., 2015), a probabilistic version of the first-order inductive rule
learning (FOIL) (Quinlan, 1990) algorithm.

Similar to statistical ML algorithms, probabilistic logic rule learning algorithms
require training data, known as probabilistic examples (Definition 4.3). Probabilistic
examples model probabilistic logical relations between an instance and an attribute
of the instance — in this case, either by unary or binary predicates. The former stands
for the certainty to which an instance is associated with a binary variable; the latter
expresses the probability that a variable of an instance possesses a certain value.

Definition 4.3 (Probabilistic Example (Raedt et al., 2015; Slany, Scheele, and Schmid,
2024c)). Let t(x(”)) = i_n translate the index of x € X into a ProbLog literal and let
name(x;) return the name of feature x;. Further, let ¢ denote a target predicate that
is the target name and the name of the positive class separated by an underscore.
A probabilistic example e € E for the n-th instance is defined as follows, where the
second column is repeated for each i € F and p = 1if y™ = 1 and 0 otherwise:

instance(t(x(™)). name(x;) (t(x™), xl.(n)). prd(t(x™)).
The procedure TOPROBEX with inputs x("), y("), and ¢ returns e.

Example 4.4. Suppose the probabilistic example of Marie, assuming that she is the
first instance in X’ (n = 1) (Slany, Scheele, and Schmid, 2024c):

instance(i_1). status(i_1, part-time). 1.0::risk_high(i_1).

Remark 4.3. Definition 4.3 can easily be transformed into modeling validity con-
straints by adding 1.0:: valid(t(x(")) to each (x,y) € £, where valid = ¢.

Example 4.5. Transferring Example 4.4 into a validity constraint then yields:

instance(i_1). status(i_1,part-time). risk(i_1,high). 1.0::valid(i_1).

PROBFOIL* (Raedt et al., 2015) automatically extends the positive probabilistic
examples such as in Example 4.5 with negative ones. PROBFOIL" starts with an
empty rule set R = @ and the most general proposal rule r = p:: H:-True. It itera-
tively adds predicates if the following criteria are met: (i) Predicates must exceed a
prior specified significance threshold, (ii) adding the predicate must improve the m-
estimate, and (iii) adding the rule with its predicate to the set of rules must improve
the accuracy. It adds novel rules as long as they are beneficial for the accuracy (Raedt
et al., 2015; Slany, Scheele, and Schmid, 2024c). Raedt et al. (2015) propose and ex-
tensively explain the PROBFOIL" algorithm. For the remainder, whenever a set of
logical rules is mined from probabilistic examples, this thesis assumes a procedure
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INDUCE that takes a target predicate ¢ and a set of examples E as input and returns
a set of rules R (Slany, Scheele, and Schmid, 2024c).

Adaptations

In a direct comparison to CAIPI (Teso and Kersting, 2019), LLMXIML contains three
modifications (Figure 4.2): Already introduced has been the use of a counterfactual
explainer for tabular data (Definition 3.11). Novel modifications are the user inter-
action by means of semantic LLM translations and the counterexample generation
and post-processing by LLMs and probabilistic logic, respectively. Counterexamples
are generated by a pre-instructed LLM given a prompt that contains information on
the current instance and the amount of queried counterexamples. Counterexamples
are supposed to mitigate indecisive and enforce decisive feature target correlations
(Definition 2.5). Note that Definition 4.4 locally overloads the counterexample gen-
eration procedure exclusively for this section.

Definition 4.4 (Counterexamples by LLMs (Slany, Scheele, and Schmid, 2024b)).
Suppose that GEN (Definition 2.5) in this section takes x, y, and c as input and ap-
plies gpt-3.5-turbo'? with the generation instruction and prompt of Figure 4.3 to
generate a counterexample feature and target set X”, ).

LLMs, being complex and probabilistic models (Brown et al., 2020), might occa-
sionally produce invalid results from a semantic or causal perspective (Hammond
and Leake, 2023). Such LLM hallucinations (Huang et al., 2023) can be alleviated by
logical validation, which will be called reasoning in the following (Definition 4.5).
Intuitively, LLMXIML induces a preliminary set of validity constraints, which can be
refined by human annotators. A candidate counterexample is supposed to satisfy
each constraint to be logically valid. Otherwise, it is rejected.

Definition 4.5 (Reasoning (Slany, Scheele, and Schmid, 2024b)). Suppose that R con-
tains validity constraints induced by PROBFOIL* (Raedt et al., 2015) from a set of
probabilistic examples E (Example 4.5). Let a procedure REASON with inputs X, ),
and R return X* and )* — the instances for which the success probability (Defini-
tion 4.2) of each r € R evaluates to Prg > 0 —such that X* x Y* C X x ).

Example 4.6. Suppose the following validity constraint:
1.0::valid(X):-risk(X, high), status(X, part-time).

Further, assume that two counterexamples have been generated:

instance age gender risk status |  valid
cl 32 male high part-time 1.0
c2 32 female high full-time 0.0

The second instance evaluates to zero because it does not satisfy the status predicate.
Hence, after the reasoning step, only the first instance persists.

LLMXIML is formalized by Algorithm 4.1. It transfers the labeled data set into
logical predicates (line 1) to induce a preliminary set of validity constraints (line 2).
Note that the probabilistic examples are constructed such that the original target is
appended to the features and the validity target predicate is added. Each optimiza-
tion iteration starts with fitting the model on the labeled data set (line 4) to select the

2https://platform.openai. com/docs/models/gpt-3-5-turbo, 01 July 2024.
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Algorithm 4.1: LLMXIML(L, U, ¢, n) (Slany, Scheele, and Schmid, 2024b)

Input: Data sets £ and U/, number of counterexamples c, iteration budget n
Output: Model f

1: E < {TOPROBEX(x Uy, valid, valid)|(x,y) € L} > Def. 4.3, Re. 4.3
2: R + INDUCE(valid, E) > Raedt et al. (2015)
3: forl:ndo

4 f+Fi(L) > Notation 2.1
5 m < Mi(f,U) > Definition 3.9
69— flx")

7 if pim) £ l(xé,m)) then

8 L+ LU {(xz(/{m),l(xl(/m)))} > Case: W
9: else

10: if Exp(f,x\/")) then > Definitions 3.11, 3.12
11: ‘ L+ LU {(x}/,m),w))} > Case: RRR
12: else

13: X%, V% « REASON(GEN(x\", 9™, ¢),R) > Definitions 4.4 and 4.5
14 L LU{(M,gmuxr x Y > Case: RWR
15 U <—u\xl(/,’”)

16: return f

most-informative instance from the unlabeled data set (line 5). Its prediction and,
if correct, its decision-making mechanism are evaluated. In case of an erroneous
prediction, the instance is added with corrected prediction to the labeled data set
(line 8). Correct predictions conducted by correct decision making are added to the
labeled data set without additional action (line 11). A LLM generates counterexam-
ples in iterations where erroneous decision making leads to the correct outcome (line
13). The generated counterexamples are validated by a logical reasoning step. Only
valid counterexamples are added (line 14). Finally, the current most-informative in-
stance is removed from the unlabeled data set (line 15).

LLMXIML (Algorithm 4.1) has three differences compared to the original CAIPI
formalization of this thesis (Algorithm 2.1): First, before entering the optimization
loop, it induces a set of validity constraints. This modification is related to the sec-
ond difference, which is a specification of the counterexample generation procedure.
And third, LLMXIML does not contain specific human interaction points. The rea-
sons for this are two-fold: First, the experiments in the next subsection will be purely
numerical without specific human annotation. And second, Figure 4.1 indicates that
the human algorithm interaction in the presence of a LLM and a logical program is
more sophisticated than in the original formalization.

Figure 4.3 specifies how semantic translations between probabilistic logic and
natural language and the counterexample generation by a LLM extends the human
algorithm interaction compared to Algorithm 2.1. It contains LLM instructions and
prompts to generate counterexamples, to inform users about violated validity con-
straints, and to enable users to refine the probabilistic logical programs by natural
language. Additionally, Figure 4.3 shows that LLMs can revise their own instruction
by extending it with translated violated probabilistic logic constraints.
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Figure 4.3: LLM interaction (Slany, Scheele, and Schmid, 2024b). Instructions, prompts,
and (expected) LLM outputs. LLMXIML uses LLMs to generate counterexamples and as a
semantic translator between a set of ProbLog rules to inform users, to enable users to refine
the probabilistic logic program, and to revise the generation instructions.

Experiments

Setup An ablation study estimates LLMXIML’s ability to unlearn a spurious cor-
relation (Definition 4.6) on the the Adult, German Credit Risk (Credit), Diabetes,
Diagnostic, and Heart data sets'3. Tt compares coactive learning (Shivaswamy and
Joachims, 2015), with LLMXIML with and without the reasoning component. LLMX-
IML without reasoning is CAIPI (Teso and Kersting, 2019) for tabular data (Algo-
rithm 2.1) with LLM-generated counterexamples. The pre-processing is identical for
each data set: Rows with missing values are removed, numerical features are stan-
dardized, and categorical features are replaced by natural numbers, where the order
information for ordinal features is preserved.

Definition 4.6 (Spurious Correlation (Slany, Scheele, and Schmid, 2024c)). Let a spu-
rious correlation be induced into the labeled instances (x,y) € L as follows:

Xspurious = 1(X) ifw < 0.9, where w ~ U(0,1) and

xspurious ~ y otherwise.

LLM-generated counterexamples are said to be valid if the values for the spuri-
ous correlation are valid and the spurious correlation is mitigated (Definition 4.7).
In the beginning, the LLM is instructed to also choose invalid values. The exper-
iment is constructed such that the instruction set incrementally narrows down to
valid choices by applying the reasoning step (Example 4.7).

Definition 4.7 (Valid LLM-generated Counterexample (Slany, Scheele, and Schmid,
2024b)). Let Xspurious, c indicate the spurious correlation feature for counterexamples.
For binary classifications, a LLM-generated counterexample is valid if (i) its value is
valid that is Xspurious, ¢ € {0,1} and (ii) it does not enforce the spurious correlation
meaning that Xspurious, ¢ 7 Y-

1B Adult: https://www.kaggle.com/datasets/wenruliu/adult-income-dataset,
Credit: https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk,
Diabetes: https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset,
Diagnostic: https://www.kaggle.com/datasets/uciml/breast-cancer-wisconsin-data,
Heart: https://wuw.kaggle.com/datasets/johnsmith88/heart-disease-dataset, all 03 July 2024.


https://www.kaggle.com/datasets/wenruliu/adult-income-dataset
https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk
https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset
https://www.kaggle.com/datasets/uciml/breast-cancer-wisconsin-data
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset

50 Chapter 4. CAIPI Component Adaptations

Example 4.7. Suppose that the LLM is instructed to choose Xspurious, c from
{0,1,2,...,10} for counterexamples. If Xspurious,c € {2,...,10} — validity condition
(i) failed —, then {0,1,2,...,10} \ Xspurious, c» Which incrementally narrows down the
instruction set to valid values (Slany, Scheele, and Schmid, 2024b).

All experiments are repeated for five different but fixed random seeds using a
random forest with 100 decision trees and balanced class weights and 250 LLMXIML
optimization iterations. Table 4.1 establishes baseline results. It trains classifiers
on 70 percent of all available data and assesses the weighted average of precision
and recall on the remaining 30 percent. It contains results for the random forest
and compares it to a support vector classifier with balanced class weights and a
multi-layer perceptron with 100 neurons in a single hidden layer and an adaptable
initial learning rate of 0.1*. The baseline assessment is not part of Slany, Scheele,
and Schmid (2024b). A random forest may only be the optimal choice for the Heart
data set. The performance benefits of other models on other data sets, however, are
comparatively small, making the random forest still an acceptable choice.

Results Table 4.2 assesses the correctness of counterexamples wrt. Definition 4.7
and compares hereby the presence and absence of the reasoning step for each data
set. Without the logical post-processing, the LLM continues to be instructed to
choose also invalid values for the spurious correlation feature during the counterex-
ample generation. Therefore, correct counterexamples can only be expected to a
minor extent. It can be observed that logical validation — the application of the rea-
soning component — enhances the correctness of the generated counterexamples.
Nevertheless, there exists a high discrepancy regarding the magnitude of the im-
provement.

Table 4.3 compares the weighted average of precision, recall, and correct
explanations conditioned on correct predictions of coactive learning (Shivaswamy
and Joachims, 2015) and LLMXIML with and without reasoning across data sets.
It shows that LLM-generated counterexamples generally offer predictive and
explanatory performance benefits, except on the Adult data set. The variant with
the reasoning component is only strictly superior on the Credit and Heart data
sets. The overall magnitude of the performance improvements is comparatively
low. The graphical assessment confirms the findings (Figure 4.4). Interestingly,
counterexamples seem to have measurable benefits especially on the Credit and
Diabetes data sets, both having modest predictive performance results. A LLMXIML
iteration budget of 250 is insufficient for the Adult data set, as the performance
metrics do not converge. Its baseline performance (Table 4.1) is higher. The
predictive performance of LLMXIML models is slightly worse compared to the
baseline models.

Classifiers that even initially have a profound ability to follow the correct
decision-making mechanism result in fewer RWR cases. The consequence is that
the reasoning component is executed less frequently, giving fewer opportunities to
revise the LLM instruction. Therefore, paradoxically, high-performing classifiers are
accompanied by lower-quality counterexamples. Lower-quality counterexamples
offer less improvement capacities for the classifiers.

14Random Forest: https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
RandomForestClassifier.html, Support Vector Classifier: https://scikit-learn.org/stable/
modules/generated/sklearn.svm.SVC.html, Multi-Layer Perceptron: https://scikit-learn.org/
stable/modules/generated/sklearn.neural_network.MLPClassifier.html, all 03 July 2024
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Table 4.1: Baseline on tabular data. A random forest (RF), a support vector machine (SVM),
and a multi-layer perceptron (MLP) are trained on 70 percent of the instances of various
tabular Data sets to assess the weighted average (&) of their Precision and Recall on the
remaining 30 percent of instances. Superior results per data set and metric are indicated in
bold. Standard deviations of five random seeds are given in brackets.

O Precision I Recall
Data RF SVM MLP RF SVM MLP
Adult 0.806 (0.0055)  0.838 (0.0045)  0.812(0.0045)  0.806 (0.0055)  0.762 (0.0045)  0.816 (0.0055)
Credit 0.612 (0.0268)  0.624 (0.026)  0.592(0.0217)  0.604 (0.0219)  0.616 (0.027)  0.594 (0.0195)
Diabetes  0.752 (0.0148)  0.754 (0.0207)  0.732(0.0311)  0.756 (0.0114)  0.734 (0.0152)  0.732 (0.0311)
Diagnostic 0.938 (0.0192)  0.944 (0.0207)  0.946 (0.0089)  0.938 (0.0192)  0.944 (0.0207)  0.944 (0.0089)
Heart 0.986 (0.0055)  0.864 (0.0251)  0.972(0.0179)  0.986 (0.0055)  0.862 (0.0204)  0.972 (0.0179)

Table 4.2: Ratio of valid counterexamples (Slany, Scheele, and Schmid, 2024b). Comparison
of the ratio of valid counterexamples across Data sets and the Modes with and and without
(w/o0) logical validation (reasoning). Standard deviations are given in brackets. Superior
results are written as bold numbers. Welch’s test results are given as p<0.01: x**, p<0.05: x*.

Data ‘ Mode: ¢ =1w/oreasoning ¢ = 1 with reasoning
Adult 0.0967 (0.0819) 0.8858™* (0.1413)
Credit 0.1300 (0.0751) 0.9063"* (0.0557)
Diabetes 0.1304 (0.1068) 0.4197 (0.0702)
Diagnostic 0.0000 (0.0000) 0.0291 (0.0482)
Heart 0.0659 (0.0990) 0.6057" (0.1564)

Table 4.3: LLMXIML results on tabular data (Slany, Scheele, and Schmid, 2024b). Compari-
son of the weighted average (J) of Precision, Recall, and the ratio of correct explanations
(Corr. Expl.) across Data sets and Modes: coactive learning (c=0) and XIML (c=1) with and
without (w/0) reasoning (r.). Standard deviations are given in brackets. Superior results per
metric and data set are written as bold numbers.

Data Mode © Precision © Recall © Corr. Expl.
Adult c=0 0.7431 (0.0179) 0.7660 (0.0156) 0.4166 (0.0122)
c=lw/or. 0.7434(0.0157) 0.7564 (0.0364) 0.4064 (0.4064)
c=1r. 0.7455 (0.0222) 0.7660 (0.0273) 0.4125 (0.0444)
Credit c=0 0.6106 (0.0200) 0.6090 (0.0208) 0.3451 (0.0429)
c=lw/or. 0.6005 (0.0197) 0.6013 (0.0215) 0.3687 (0.0387)
c=1r. 0.6217 (0.0328) 0.6192 (0.0303) 0.4560 (0.0278)
Diabetes c=0 0.7290 (0.0251) 0.7191 (0.0317) 0.3929 (0.0521)
c=lw/or.  0.7398 (0.0222) 0.7470 (0.0216) 0.4628 (0.0186)
c=1r. 0.7393 (0.0207) 0.7452 (0.0205) 0.4670 (0.0172)
Diagnostic c=0 0.9074 (0.0085) 0.9059 (0.0083) 0.4987 (0.0018)
c=lw/or.  0.9083 (0.0078) 0.9071 (0.0077) 0.5000 (0.0000)
c=1r. 0.9074 (0.0085) 0.9059 (0.0083) 0.4987 (0.0018)
Heart c=0 0.8949 (0.0217) 0.8932 (0.0232) 0.4974 (0.0010)
c=lw/or. 0.8997(0.0197) 0.8977 (0.0209) 0.4981 (0.0014)
c=1r. 0.9090 (0.0214) 0.9068 (0.0238) 0.4989 (0.0016)
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Figure 4.4: LLMXIML optimization on tabular data (Slany, Scheele, and Schmid, 2024b).
The weighted average (w. avg.) of precision, recall, and ratio of correct explanations
(corr. expl.) of a random forest is evaluated across the data sets over the course of 250
XIML iterations. Each plot compares the absence of counterexamples (c=0, red) to a single
LLM-generated counterexample with (c=1 reasoning, blue) and without (c=1 w/o reason-
ing, green) the logical validation component. The lines depict the mean results over five
experimental iterations with standard deviations shown as transparent surroundings.

Section Summary

Summary This section has presented LLMXIML (Figure 4.1) as a model-agnostic
XIML variant to train binary classification models on tabular data. LLMXIML utilizes
LLMs to generate counterexamples. This section has shown that LLMs frequently
generate invalid counterexamples (Table 4.2). Therefore, LLMXIML post-processes
counterexamples by a logical reasoning step to filter out invalid counterexamples.
The combination of semantic translations of probabilistic logical predicates, LLMs
for counterexample generation, and an iterative and interactive optimization set-
ting such as model-agnostic XIML (Teso and Kersting, 2019), makes LLMs revisable.
LLM translations of violated validity constraints into natural language extend the
LLM instruction to generate counterexamples. The results indicate that such LLM
revisions are effective in preventing invalid counterexamples in subsequent opti-
mization iterations (Table 4.2).

Semantic translations between validity constraints and natural language also ex-
pand the interaction points (Figure 4.3): Users are informed if counterexamples are
invalid. They can also refine the logical program by natural language prompts.

The promising interaction setting and the improved counterexample quality,
however, does not yet translate into predictive and explanatory quality improve-
ments (Table 4.3). Although the induction of a LLM-generated counterexample is
superior to the absence of counterexamples in most cases, logical post-processing
enhances the quality metrics only on a minority of the investigated data sets.
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Answers to subordinated research questions The experimental evidence leads
to the following answers for this section’s research questions (Slany, Scheele, and
Schmid, 2024b):

R2.1 Does reasoning enhance the correctness of counterexamples generated by
LLMs?
Reasoning by probabilistic logic validation improves the correctness of LLM-
generated counterexamples given a random forest and the investigated data sets.

R2.2 How do LLM-generated counterexamples with and without reasoning af-
fect the predictive and explanatory quality of XIML optimization?
In the experimental setting, LLM-generated counterexamples have generally a
positive impact on the predictive and explanatory performance of the optimized
ML model. The logical post-processing is only beneficial to a minor extent.

Related results Conceptually, LLMXIML borrows ideas from various research di-
rections involving LLMs, e.g., the data generation by LLMs (Chung, Kamar, and
Amershi, 2023; Ribeiro and Lundberg, 2022), the integration of logical reasoning into
LLMs (Nye et al., 2021), or the combination of logical programs and natural language
by LLMs (Yang, Ishay, and Lee, 2023). Algorithmically, LLMXIML modifies the local
explanation and counterexample generation component. Compared to CAIPI (Teso
and Kersting, 2019), LLMXIML uses counterfactual explanations (e.g., Wachter, Mit-
telstadt, and Russell, 2017) and LLMs. Both changes make LLMXIML especially suit-
able for tabular data despite the algorithmic framework still being model-agnostic.
This section shows that logical validation improves the LLM output, which is in line
with Nye et al. (2021). Similar to other model-agnostic XIML evaluations (Teso and
Kersting, 2019; Slany et al., 2022; Heidrich et al., 2023; Slany, Scheele, and Schmid,
2024a; Slany, Scheele, and Schmid, 2024c), LLMXIML’s evaluation finds an improved
predictive performance and enhanced ability to follow the correct decision-making
mechanism when adding counterexamples. In contrast to Teso and Kersting (2019),
Slany et al. (2022), and Slany, Scheele, and Schmid (2024a), the experiments in this
section do not alter the number of counterexamples. A novel result is that in a XIML
setting, models with logically enhanced LLM-generated counterexamples are not
strictly superior to models with LLM-generated counterexamples without logical
validation.

Limitations The experiments demonstrate that logical validation, on the one hand,
mostly even significantly enhances the counterexamples” quality (Table 4.2). On the
other hand, the improved counterexample quality does not convey into the predic-
tive nor the explanatory performance of the classification model (Table 4.3). Several
limitations contribute to this paradox. They can be grouped into conceptual limita-
tions of the generated counterexamples and flaws in the experimental design. As a
thorough theoretical formalization is a claimed key contribution of this thesis, a final
group of limitations will address mathematical shortcomings.

* Generation of counterexamples:
In the scope of the experiments, counterexamples are designed to randomize
the induced spurious correlation rather than enforce a causal relation. The
degree of the spurious correlation is decreased by counterexamples, even if
they contain invalid values. Therefore, invalid counterexamples might have
the same effect as valid ones. Thus, logical validation for counterexamples
designed to randomize spurious correlations offers only a small improvement
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potential. A potentially superior alternative is the extraction of validity con-
straints from structured causal models (e.g., Pearl, 2009), putting logical rea-
soning into the position to separate causal from in-causal counterexamples.

¢ Experimental setup:

LLMXIML with a single counterexample and 250 optimization iterations does
not find a converged solution for all data sets (Figure 4.4). Hence, the iter-
ation budget and the amount of counterexamples should be increased. The
experiments rely on a random forest exclusively, while the baseline test clearly
shows that other models perform superior on most data sets (Table 4.1). De-
spite only being evaluated on tabular data, LLMXIML claims to be a model-
agnostic XIML method. This section does not contain a generalized evaluation
on multiple data types, which is a necessary improvement step in the future.

¢ Theoretical formalization:

The derivation of probabilistic logic and probabilistic examples is meant to be
general to reconsider the definitions in subsequent sections of this thesis. A
visible drawback is that validity constraints cannot be constructed from Defi-
nition 4.3 without the additional modification formulated in Remark 4.3. Fur-
thermore, PROBFOIL* (Raedt et al., 2015) is the first algorithm applied in the
context of this thesis without a thorough mathematical derivation. The deriva-
tion of PROBFOIL™ is outside the scope of this thesis. Readers interested in the
mathematical details are therefore referred to Raedt et al. (2015). Logical rea-
soning (Definition 4.5) is also loosely defined and refers to the probability that
an instance is valid given a set of validity constraints. Although this might be
a special case of logical reasoning, it is certainly more specific than following a
logical program to obtain a conclusion (Smith, 2020).

4.1.2 Optimization for Fairness

This section rephrases contents originally published in Heidrich et al. (2023). This
section contains figures, tables, definitions, and algorithms of Heidrich et al. (2023).
The occurrences of which will be cited explicitly. An additional reference is given
to Appendix C.2, which contains information about the author’s contribution to the
cited publication.

In the previous section (Section 4.1.1), model-agnostic XIML has been used to
improve the correctness of the decision-making mechanism with a primary focus
on predictive performance. Even though the decision-making mechanism of a sin-
gle instance and a classification model with high predictive performance is correct,
counterexamples on a global level might still reproduce biases.

Envision a female customer applying for a loan at a credit institute (Heidrich et
al., 2023). The credit institute’s risk manager might detect that the assisting classifier
has a gender bias, systematically depriving women. Now, consider the counterex-
amples generated by LLMXIML (Figure 4.1, step 11) that essentially randomize inde-
cisive features — in this case, the gender variable. By chance, counterexamples still
contain an over-proportional relation between a female sex and a high credit risk,
which amplifies the gender bias. This problem is even intensified for counterexam-
ple generation procedures, which are based on conditional probability distributions
such as subset sampling (Definition 3.14). Subsets might be split along the gender
variable, causing counterexamples to even enforce the gender bias.
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Figure 4.5: Gender distribution on Credit data set (Heidrich et al., 2023). Suppose that men
are the favored (F) and women are the deprived (D) group. A low risk is the positive (P) and
a high risk is the negative (N) label. Male applicants have a higher proportion of granted
loans (FP) compared to female customers (DP).

The German Credit Risk (Credit) data set'® serves as an example where
the probability that partitions separate the gender attribute is elevated. Fig-
ure 4.5 visualizes the frequency of applicants associated with a high and low
credit risk conditioned on the gender variable. Each bar corresponds to one
of the following groups (Kamiran and Calders, 2011, Heidrich et al., 2023):

DP Deprived (unprivileged) group with Positive (favorable) label
DN Deprived (unprivileged) group with Negative (unfavorable) label
FP  Favored (privileged) group with Positive (favorable) label

FN Favored (privileged) group with Negative (unfavorable) label

Figure 4.5 suggests that the conditional probability of men having a low credit
risk is higher than the one for women. Generally, biases are enforced by instances
belonging to either the FP or the DN group.

Problem Disproportional conditional probability distributions of indecisive but
sensitive features, e.g., the gender attribute in Figure 4.5, make ML models vulner-
able to reproducing data-inherent biases. Even model-agnostic XIML methods that
identify learned biases in ML models are not necessarily able to mitigate them, de-
pending on their counterexample generation procedure (e.g., Definition 3.14).

Solution This section proposes FAIRCAIPI (Figure 4.6) as a solution to mitigate
learned biases in classification models. In comparison to CAIPI (Teso and Kerst-
ing, 2019), its primary optimization objective is the improvement of fairness metrics
given a pre-trained classification model (Figure 4.7). FAIRCAIPI focuses on tabular
data. Local explanations from SHAP (Lundberg and Lee, 2017) reveal whether the
most-informative instance reproduces biases. In the case of biased decision mak-
ing, counterexamples randomize the protected attribute — in this section, the gender
variable.

Bhttps://aif360.readthedocs.io/en/latest/modules/generated/aif360.datasets.
GermanDataset.html, 10 July 2024.
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Figure 4.6: FAIRCAIPI overview (Heidrich et al., 2023). XIML in the domain of lending. A
client applies for a loan. The credit institute’s risk manager is supported by a ML model,
assessing the customer’s creditworthiness. If the ML model correctly suggests to decline the
credit request out of erroneous reasons — for instance, because the applicant is a woman —,
the accountant has the opportunity to mitigate the gender bias by re-training the model.
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Figure 4.7: FAIRCAIPI component adaptations.

Contribution In the fair ML literature, various methods exist to improve the fair-
ness of ML models. Heidrich et al. (2023) offer an extensive overview. Broadly,
bias mitigation methods can be sorted into pre-, in-, and post-processing categories.
The latter category is the smallest group, constraining model outcomes or mod-
ifying the decision threshold. Pre-processing methods modify the weight of in-
stances before model training. FAIRCAIPI is an in-processing method. The closest
related in-processing method that also interacts with explanations is from Nakao et
al. (2022). The interaction, however, is not strictly iteratively, making FAIRCAIPI the
only model-agnostic XIML method for bias mitigation according to the definition of
this thesis (Figure 1.3). Hence, FAIRCAIPI is a model-agnostic XIML framework that
(i) uncovers and (ii) reduces learned biases of ML. models. Furthermore, FAIRCAIPI
(iii) detects human bias during the optimization phase (Heidrich et al., 2023).

Subordinated research questions FAIRCAIPI is evaluated in its ability to unlearn
the gender bias of the Credit data set'® in comparison to Reweighing (Kamiran and
Calders, 2011) — a state-of-the-art bias mitigation pre-processing method. Precisely,
this section will answer the following research questions (Heidrich et al., 2023):

R2.3 Does the correction of explanations for fairness lead to fairer models?

R2.4 Does correcting explanations for fairness lead to fairer explanations?

R2.5 Does correcting for fair explanations have a negative impact on the predic-
tive performance of the model?

R2.6 Which is superior, FAIRCAIPI or the state-of-the-art Reweighing strategy?

1https://aif360.readthedocs.io/en/latest/modules/generated/aif360.datasets.
GermanDataset.html, 10 July 2024.
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Auxiliary Methods

Compared to CAIPI (Teso and Kersting, 2019), FAIRCAIPI contains two modifications
(Figure 4.7): First, the focus is shifted from optimizing a ML model from scratch to
unlearning a bias present in a ML model without compromising its predictive per-
formance. Second, FAIRCAIPI focuses on tabular data and reveals the impact of fea-
tures causing a bias reproduction by SHAP (Lundberg and Lee, 2017). This section is
structured accordingly and starts with auxiliary methods for bias detection. In this
regard, it will also present Reweighing (Kamiran and Calders, 2011) as a baseline
method for FAIRCAIPI. Afterwards, it will introduce the mathematics behind SHAP.
Suppose the domain of Notation 2.1 for this section.

Bias detection and mitigation The protected attribute (Definition 4.8) refers to
the feature which causes a biased decision of a ML model (Mehrabi et al., 2022;
Chen et al., 2019). In this section, the protected attribute is the gender. Other exam-
ples are age, ethnicity, religion, or, generally, socio-demographic features. Protected
attributes have a privileged and an unprivileged group. Privileged groups have
systematic benefits from biased decision making and unprivileged groups are sys-
tematically disadvantaged. Note that this thesis uses the expressions privileged and
unprivileged groups, and favored and deprived groups as synonymes.

Definition 4.8 (Protected Attribute (Mehrabi et al., 2022; Chen et al., 2019; Heidrich
et al., 2023)). Let S be the feature identifier of the protected attribute with the values
xs = s indicating the privileged and xs = § the unprivileged group, respectively.

Outcomes of classification models can be favorable (Definition 4.9) or unfavor-
able (Bellamy et al., 2018). In the context of the running example, the favorable
outcome is a low and the unfavorable outcome a high credit risk.

Definition 4.9 (Favorable Label (Bellamy et al., 2018; Heidrich et al., 2023)). Let§ = d
and § = d denote the favorable and unfavorable label of a prediction § = f(x).

The combination of both dimensions results in four groups (Kamiran and
Calders, 2011) — deprived/favored group with positive/negative label (Figure 4.5).
Bias detection metrics (Table 4.4) compare the conditional distributions of receiving
the (un)favorable label given that an instance belongs to the (un)privileged group
or compare performance metrics across privileged and unprivileged groups.

Table 4.4: Bias detection metrics (Heidrich et al., 2023). The table contains Equations of bias
detection Metrics. False and true positive rates are abbreviated by fpr and tpr. The false
discovery rate fdr is calculated by fp(fp + tp)~!, where fp and tp indicate false and true
positives. A procedure COMP with inputs f and S computes all bias detection metrics on the
test data.

Metric Equation
Statistical Parity (Dwork et al., 2012) SP=Pr(§j=d|S=s)—Pr(§=d|S =3)
Equalized Odds (Hardt, Price, and EqOdds =
Srebro, 2016) TU(fpres=s — fprs—s) + (tprs—s — tprs—s)]

Equalized Opportunity (Hardt, Price, EqOpp = tprs—s — tprs—s
and Srebro, 2016)

False Positive Error Rate Balance FPERB = fprs—s — fprs—s
(Chouldechova, 2017)

Predictive Parity (Chouldechova, 2017) PP = fdrs—; — fdrs—s
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Equalized Opportunity (Hardt, Price, and Srebro, 2016), the False Positive Error
Rate Balance (Chouldechova, 2017), and Predictive Parity (Chouldechova, 2017) all
rely on predictive performance metrics. The former focuses on the opportunity for
an instance to receive the favorable label. The others target the bias-reproducing
association with an unfavorable label. Equalized Odds (Hardt, Price, and Srebro,
2016) is slightly different and averages both objectives. Statistical Parity (Dwork et
al., 2012) does unlike the others not require access to the ground truth and calcu-
lates the difference of the probabilities of receiving the unfavorable label between
the privileged and unprivileged groups. All metrics have their optimum at zero,
which expresses parity between privileged and unprivileged groups.

The baseline for FAIRCAIPI is Reweighing (Kamiran and Calders (2011), Defini-
tion 4.10). Reweighing is a pre-processing procedure which modifies the proportion
of the protected attribute to achieve a Statistical Parity value close to or equal to zero.

Definition 4.10 (Reweighing (Kamiran and Calders, 2011; Heidrich et al., 2023)).
Reweighing a-priori modifies the proportion of {x; if i = S|x € X'} such that it satis-
ties Statistical Parity (Table 4.4).

FAIRCAIPT calculates all bias detection metrics and presents the results to the
user. Users can directly observe the consequences of their annotations on the fair-
ness of the classification model. If bias detection metrics deviate from the optimum,
FAIRCAIPI notifies users that their annotations enforce biases. This thesis uses the
terms bias detection metrics and fairness metrics as synonyms. The detection of
biases is a prerequisite to improve the fairness of classifiers.

SHAP SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017) first sim-
plifies the feature space by a transformation function. Afterwards, it approximates
the model by a weighted sum of the simplified features. The weights are attribution
values, which express the impact of each feature on the decision (Definition 4.11).
The attribution values are quantified by eliminating features. Features with attribu-
tion values over a pre-defined threshold are said to be relevant.

Definition 4.11 (SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017;
Heidrich et al., 2023; Amling et al., 2024)). Let a model g approximate f by

flx) =8(®) =yo+¢'x
from a simplified feature space & obtaineol_from a transformation function 1 such
that the reverse transformation yields x = h (%). Let SHAP values be an attribution
vector ¢ = (1, ..., ;)T corresponding to & with g = f (7 x(0)). It is said that
exp={x;jif¢; > Blie F} Cx

is the subset of relevant features, where g is an attribution threshold. Suppose that Z
are subsets of ¥ that has size M. Then, the attribution value of ¢; is quantified by:

w0 = Y M D g ) pe ),

iCx
where f, is equal to f but has a varying input cardinality. Suppose for this section
that ExXP (Definition 2.4) takes f and x as input, applies SHAP, and returns exp.

SHAP has three properties (Lundberg and Lee, 2017; Heidrich et al., 2023): lo-
cal accuracy as long as the transformation function is valid, which ensures faithful
explanations; missingness, which states that zero, meaning missing, features have
zero attribution; and consistency, which means that a stronger feature importance
for the original model is also reflected in a higher attribution value. Proofs are given

in Lundberg and Lee (2017), which build upon the work of Young (1985).
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Adaptations

FAIRCAIPT has the objectives to (i) detect and (ii) mitigate biases of ML models and to
(iif) inform users if their explanation revision enforces biases (Heidrich et al., 2023).
Model decisions are said to be biased if either the favorable outcome is associated
with the privileged or the unfavorable outcome co-occurs with the unprivileged
group (Definition 4.12).

Definition 4.12 (Biased Decision Making (Heidrich et al., 2023)). Let y = f(x) €
{d,d} be a favorable or an unfavorable prediction of a feature x with a protected
attribute S and the deprived and favored groups s and 3. Let exp C x be the relevant
features for f(x) (Definition 4.11). The decision making is said to be biased if

9 =d and Jexpexpi—s = Sor § = d and Jexp,expi—s = 5.

The bias mitigation strategy of FAIRCAIPI is embedded in its counterexample
generation procedure (Algorithm 4.2). The general objective is to remove a bias-
enforcing association between the protected attribute and the target. FAIRCAIPI’s
counterexample generator differentiates between favorable and unfavorable classi-
fication outcomes (line 2). It generates a proposal set for the protected attribute (line
3). Hereby, it removes the value belonging to the deprived group for unfavorable
predictions and the value of the favored group for favorable predictions. It replaces
the protected attribute with samples from the proposal set (line 5) and assigns the
target (line 6) for the queried amount of counterexamples. The counterexample gen-
erator (Algorithm 4.2) is exclusively applied in this section and abbreviated by GEN.

FAIRCAIPI re-trains a classification model in each iteration. Before and after the
training step, it computes bias detection metrics to inform users about the impact of
their annotation (line 2). Afterwards, it selects the most-informative instance (line 3),
which is predicted (line 4) and evaluated by a human annotator (line 5). If the predic-
tion is wrong, the corrected most-informative instance is added to the labeled data
set (line 7). Otherwise, a SHAP explanation reveals the decision-making mechanism
(line 9). A user decides if the prediction is corrupted by biases (line 10). In the ab-
sence of biases, the most-informative instance is added to the labeled data set with-
out further corrections (line 12). If biases have been identified, bias-mitigating coun-
terexamples (line 14) are added additionally (line 15). Finally, the most-informative
instance is removed from the unlabeled data set (line 16).

Apart from the counterexample generation procedure, FAIRCAIPI has three key
differences compared to Algorithm 2.1: First, FAIRCAIPI uses SHAP as local expla-
nation procedure. Second, users interact with the decision-making mechanism with
the sole objective of mitigating biases. Third, FAIRCAIPI calculates bias detection
metrics before and after fitting the model. This reveals the impact of user annota-
tions on the fairness of the classification model and potentially educates users.

Algorithm 4.2: GEN(x, y, S, c) (FAIRCAIPI) (Heidrich et al., 2023)

Input: Feature x, label y, protected attribute S, number of counterexamples c
Output: Counterexample data sets X7, )"
X =Y 0
s* <« 3gify=delses* < s
s« {xji—g|x; € X} \s*
for1l:cdo
x" < sample(s’) if x;_g = s* else x; for x; € x
L X —XU{x}LY « Y Uly}
return X', )’

N TN
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Algorithm 4.3: FAIRCAIPI(L, U, S, c, n) (Heidrich et al., 2023)

Input: Data sets £ and U, protected attribute S, number of counterexamples c, iter-
ation budget n
Output: Model f
1: for1l:ndo

22 f <« Fir(L) and Comp(f,S) > Notation 2.1, Table 4.4
> Calculate fairness metrics before and after FIT and present to the user

3: m < MIi(f,U) > Definition 2.1
&9 e f))

5y « INTERACT(x\") > Definition 2.6
6: if 9" = (") then

7: ‘ L+ LU {(xl(lm),y(m))} > Case: W
8: else

9: exp < EXP(f, xz(/{m)) > Definition 4.11
10: biased <— INTERACT (exp) > Definitions 2.6 and 4.12
11: if not biased then
12: L Lu{(,gmyy > Case: RRR
13: else
14: XY GEN(xZ(Im), (M), S, c) > Algorithm 4.2
15: B L+ LU {(x&m),]}(m))} ux’x)y’ > Case: RWR
6 U—U\T
17: return f

fe (L)
Comr(f,S) Comr(f,S)

!

generate and add counterexamples Select and predict
X', Y GEN(xM, 5™, S, c) m < Mu(f,U)
L+ LU {(x};”%g("’))} UXx' xy' 9o f(xgn))

evaluate and/or correct explain
prediction and/or explanation exp < EXp(f, xz(/m))

notify user in case of
active or passive human bias

Figure 4.8: Graphical representation of FAIRCAIPT (Heidrich et al., 2023). FAIRCAIPI selects
the most-informative instance. If the prediction is correct, a local explanation reveals poten-
tial biases. Counterexamples generated from user explanation revisions mitigate detected
biases. FAIRCAIPI notifies users if their feedback has a negative impact on the fairness of the
classification model.
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Technically, as long as the knowledge about biased decision making in the sense
of Definition 4.12 can automatically be inducted into the optimization cycle, FAIR-
CAIPI does not need a manual human annotation. Although the experiments in the
next section will exploit such an automatic evaluation, biases might be more com-
plex than in the comparatively simple scenario of gender biases in the credit lend-
ing setting. Moreover, FAIRCAIPI, being a model-agnostic XIML method, explicitly
aims to involve human users during model optimization. Figure 4.8 visualizes how
FAIRCAIPI (Algorithm 4.3) can be complemented such that users effectively mitigate
model bias and FAIRCAIPI notifies human users if they induce biases. The distinc-
tion between active and passive bias is especially important. Passive bias refers to
unintended human actions that induce bias. Active bias, on the contrary, refers to
human actions that knowingly enforce the model bias. Therefore, FAIRCAIPI can
help reveal bias but is only effective in mitigating the model and potentially even
the human bias if human users act out of good intentions (Heidrich et al., 2023).

Supplementary to the publication (Heidrich et al., 2023), there exists a GitHub
repository!”. Both FAIRCAIPI variants are implemented: the autonomous execution
setup suitable for reproducing experiments and the interactive mode, where human
users can mitigate biased decision making of a pre-trained ML model.

A final remark on the time complexity of FAIRCAIPI (Heidrich et al., 2023): The
time complexity of model-agnostic XIML methods in general is linear in terms of
the alignment of CAIPI components. In this case, FAIRCAIPI integrates SHAP as an
explanation framework. Generally, SHAP is intractable but can be approximated in
polynomial time (Lundberg and Lee, 2017; Arenas et al., 2023). Hence, the CAIPI
skeleton without specific operationalization of its components is computationally
viable. If the integrated methods are computationally inefficient, CAIPI variants will
inherit their time complexity and therefore also become computationally inefficient.

Experiments

Setup  FAIRCAIPI is evaluated in its ability to mitigate the gender bias of a
pre-trained random forest'® on the Credit data set!®. In this regard, 550 instances
are treated as labeled and 150 as pseudo-unlabeled, meaning that the label can be
queried during the FAIRCAIPI optimization. The remaining 300 instances are test
data. This setup results in a comparatively high starting predictive performance of
75 percent accuracy. At this point, it is important to have a well-performing model
to determine whether the occlusion of the relation between the protected attribute
and the target compromises the predictive performance.

The a-priori predictive performance is higher than reported by Table 4.1. This
has several reasons: First, the included features are different. Second, the evaluation
metrics are different. Whereas this section reports the accuracy and precision and
recall per class, the former section has calculated the weighted average. Third and
most importantly, the pre-processing pipeline is optimized for the Credit data set.
This means, for instance, clustering, ceiling, and min max scaling numerical features.

The experiment is executed once with 100 FAIRCAIPI optimization iterations.
The sex feature is the only protected attribute. Whether a decision-making mecha-
nism is biased or not, is evaluated by Definition 4.12 with an attribution threshold of

https://github.com/emanuelsla/faircaipi, 09 July 2024.

Bhttps://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
RandomForestClassifier.html, 03 July 2024.

Phttps://aif360.readthedocs.io/en/latest/modules/generated/aif360.datasets.
GermanDataset.html, 10 July 2024.
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0.005. Reweighing (Kamiran and Calders (2011), Definition 4.10) serves as a bench-
mark method. The experiment can be reproduced by the GitHub repository?.

Results In terms of the predictive performance, FAIRCAIPI even improves the
baseline model and outperforms the bias mitigation strategy Reweighing (Table 4.5).
Figure 4.9 visualizes that FAIRCAIPI’s predictive performance is constant during its
optimization process. This finding is noteworthy because FAIRCAIPI unlearns rele-
vant but indecisive correlations. Decreasing the number of correlations within a ML
model is expected to cause a reduced predictive performance.

The bias detection metrics in Table 4.6 have their optimum at zero. FAIRCAIPI
is superior for each metric compared to Reweighing. The only exception is Statisti-
cal Parity, which is the optimization constraint of Reweighing. Remarkable is also
that the final FAIRCAIPI model, which is not necessarily the optimum, is superior
to Reweighing. Moreover, Reweighing seldomly improves the baseline model. The
results suggest that FAIRCAIPI makes models fairer, whereas Reweighing only im-
proves Statistical Parity, which is not a general fairness improvement.

Table 4.5: FAIRCAIPI predictive performance results (Heidrich et al., 2023). Comparison of a
Default random forest without fairness optimization to FAIRCAIPI and Reweighing (Kami-
ran and Calders, 2011) for various predictive performance Metrics. Precision, recall, and
F1-score are evaluated on each Subset of the label. Superior results are written boldly.

Metric Subset Default FAIRCAIPI Reweighing
Accuracy - 0.73 0.76 0.72
Precision good risk 0.76 0.77 0.75

bad risk 0.60 0.68 0.58

Recall good risk 0.89 0.92 0.89

bad risk 0.38 0.39 0.34
F1-score good risk 0.82 0.84 0.82
bad risk 0.47 0.5 0.43
10
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Figure 4.9: Predictive performance during FAIRCAIPI optimization (Heidrich et al., 2023).
Accuracy assessment (dashed blue line) over the course of 100 FAIRCAIPT iterations. The
mandatory lower bound for the accuracy lies at 70 percent (orange line).

Wpttps: //github.com/emanuelsla/faircaipi, 09 July 2024.
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Table 4.6: FAIRCAIPI fairness results (Heidrich et al., 2023). Comparison of bias Metrics
(Table 4.4). Default refers to the random forest without fairness optimization. FAIRCAIPI
after 100 optimization iterations and its optimal value (FAIRCAIPI (opt.)) are compared to
Reweighing (Kamiran and Calders, 2011). Superior results are written as bold numbers.

Metric Default FAIRCAIPI FAIRCAIPI Reweighing
(opt.)
Statistical -0.0886 -0.0447 -0.0391 0.0000
Parity
Equalized -0.1568 -0.0909 -0.0038 -0.1819
Odds
Equalized -0.0514 -0.0295 -0.0007 -0.1237
Opportunity
FPERB -0.2622 -0.1524 0.0038 -0.2401
Predictive -0.0322 -0.0026 0.0008 -0.0053
Parity
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Figure 4.10: FAIRCAIPI optimization for fairness metrics (Heidrich et al., 2023). Comparison
of bias detection metrics (Table 4.4) over the course of 100 FAIRCAIPI iterations. The optimal
value of each metric is zero (black line).
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Figure 4.11: Fairness of predictions and explanations in FAIRCAIPI optimization (Heidrich
et al., 2023). Number of unfair predictions and explanations in each of the 100 FAIRCAIPI
optimization iterations on labeled and test data.
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Figures 4.10 and 4.11 depict that the bias detection metrics improve and the
amount of unfair predictions and explanations decrease over the course of the FAIR-
CAIPI optimization. The improvements mainly arise around the optimization iter-
ations 40 to 60 with comparatively stable results before and after. Interestingly, the
number of unfair predictions is strictly higher than the number of unfair explana-
tions. This is the case because unfair explanations always cause unfair predictions.
Contrary, predictions can be unfair - e.g., if an instance of the deprived group re-
ceives an unfavorable label —, even if the decision-making mechanism is unbiased.

Section Summary

Summary FAIRCAIPI (Algorithm 4.3) is a bias mitigation in-processing method
based on model-agnostic XIML. It modifies CAIPI (Teso and Kersting, 2019) in
the sense that it uses SHAP explanations to evaluate whether the underlying
decision-making mechanism of an instance contains biases (Figure 4.7). If a bias
in the decision-making mechanism is detected, counterexamples outweigh the
instance’s correlation between the protected attribute and the predictive outcome
(Algorithm 4.2). FAIRCAIPI can either train models from scratch or fine-tune models
to mitigate learned biases.

The experiments indicate that FAIRCAIPI improves the fairness of ML models
(Figures 4.10 and 4.11). Hereby, FAIRCAIPI is also superior to the state-of-the-art
bias mitigation pre-processing strategy Reweighing (Kamiran and Calders (2011),
Definition 4.10, Table 4.6). Whilst retaining a stable predictive performance over the
optimization process (Figure 4.9) and not being the primary optimization objective,
FAIRCAIPI tends to improve the model’s predictive performance (Table 4.5).

Despite FAIRCAIPI is evaluated automatically in a simulation study, it can also
be operated interactively and thus iteratively involve human users (Figure 4.8). In
addition to prior presented user interfaces such as Figure 3.3, FAIRCAIPI presents
fairness metrics to users. With FAIRCAIPI, users have an awareness of how their
annotations affect the fairness of the classification model. In summary, FAIRCAIPI
is a tool that (i) detects and (ii) mitigates machine bias and (iii) reveals human bias.
FAIRCAIPI can potentially be used to educate users to mitigate human bias, which
is beyond the scope of this thesis and left for future work.

Answers to subordinated research questions  Based on the experimental
results, the research questions can be answered as follows (Heidrich et al., 2023):

R2.3 Does the correction of explanations for fairness lead to fairer models?
Yes, for a random forest pre-trained on the Credit data set, FAIRCAIPI optimiza-
tion improves the investigated fairness metrics with results close to the metrics’
optimum.

R2.4 Does correcting explanations for fairness lead to fairer explanations?
Yes, the experimental results show that FAIRCAIPI reduces the number of unfair
explanations. This means that the decision-making mechanism is less likely to be
corrupted by the gender bias of the Credit data set.

R2.5 Does correcting for fair explanations have a negative impact on the predic-
tive performance of the model?
No, the results indicate a stable predictive performance over the course of the
FAIRCATIPI optimization. FAIRCAIPI even tends to improve the predictive perfor-
mance compared to the baseline model and a model trained on data pre-processed
by Reweighing.
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R2.6  Which is superior, FAIRCAIPI or the state-of-the-art Reweighing strategy?
FAIRCAIPI is superior to Reweighing within the scope of the experiments. Over-
all, FAIRC AIPI outperforms Reweighing in improving the model’s fairness and in
terms of the predictive quality.

Related results FAIRCAIPI is a bias mitigation in-processing method similar to
Nakao et al. (2022). It has been evaluated in comparison to a state-of-the-art bias mit-
igation pre-processing procedure (Kamiran and Calders, 2011) and achieved supe-
rior results regarding fairness and predictive performance. Furthermore, FAIRCAIPI
is a CAIPI variant (Slany, Scheele, and Schmid, 2024a; Slany, Scheele, and Schmid,
2024c; Slany, Scheele, and Schmid, 2024b) that alters both the explanation and coun-
terexample generation framework compared to the traditional algorithm (Teso and
Kersting, 2019). The closest related experimental setup is the one of Slany, Scheele,
and Schmid (2024b), which also induces a single counterexample per RWR itera-
tion — in this section, an iteration with biased decision making. The results do not
compare well for several reasons: First, the data set and the pre-processing pipeline
differ. Second, FAIRCAIPI fine-tunes a pre-trained model, whereas Slany, Scheele,
and Schmid (2024b) train a model from scratch. Third, the local explainers are dif-
ferent. FAIRCAIPT uses SHAP (Lundberg and Lee, 2017), whereas Slany, Scheele,
and Schmid (2024b) rely on counterfactual explanations (Wachter, Mittelstadt, and
Russell, 2017). Fourth, the optimization objective is shifted from predictive and ex-
planatory performance improvements to improve the fairness of the classification
model, which also conveys into the construction of counterexamples.

Limitations It has been shown that FAIRCAIPI is a viable approach to optimize
classification models on the Credit data set?! with the gender feature as a single pro-
tected attribute for fairness. The restrictions to classification models and a specific
data set with a single protected attribute are the major limitation of FAIRCAIPI. This
limitation can be further broken down into the categories algorithmic formalization
and experimental setup:

¢ Algorithmic formalization:

FAIRCAIPI (Algorithm 4.3) has one algorithmic and one conceptual drawback:
Algorithmically, FAIRCAIPI is formalized such that it can consider a single pro-
tected attribute. Although the extension to multiple uncorrelated protected
attributes seems straightforward, FAIRCAIPI leaves open whether biases con-
sisting of correlated features can be detected and mitigated. On the conceptual
level, user knowledge about biased decision making is mandatory. Bias miti-
gation with FAIRCAIPI is only possible if users are able to identify biases in the
decision-making mechanism. Apart from that, FAIRCAIPI leaves open how it
can be transferred to other ML tasks and data types.

¢ Experimental setup:
The experimental evaluation is sparse in direct comparison to the model-
agnostic XIML methods presented in the previous sections. The experiments
are only executed once such that no standard deviations can be reported.
FAIRCAIPI is compared against a bias mitigation pre-processing method
(Kamiran and Calders (2011), Definition 4.10), although it is classified as
in-processing method. The single benchmark, moreover, is not even strictly
superior to the default model without bias mitigation (Table 4.6). In general,
the experiments should be extended: More data sets and benchmark methods

2lhttps://aif360.readthedocs.io/en/latest/modules/generated/aif360.datasets.
GermanDataset.html, 10 July 2024.
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should be included as well as the amount of counterexamples should be
evaluated. At some points, FAIRCAIPI claims to uncover and potentially even
reduce human bias, but does not present necessary psychological background
concepts that support the hypothesis.

4.2 Image-specific Adaptations

This section leaves the terrain of tabular data and proposes two CAIPI modifica-
tions for image data. Remember that image data has been the primary applica-
tion domain of CAIPI (Teso and Kersting, 2019). The Introduction (Chapter 1) has
found that one limitation of CAIPI is the absence of a user interface, which end-
users can operate for the image classification task. The next section closes this gap
and will propose a practical user interface for image data (Slany et al., 2022). More-
over, it incorporates a counterexample generation procedure by data augmentation
and actively involves humans in the experiments. The second CAIPI modification
aims to improve the counterexample generation based on data augmentation (Slany,
Scheele, and Schmid, 2024a). Similar to what Section 4.1.1 has done for tabular data,
this section will use a statistical generative model — precisely, a Variational Autoen-
coder (Kingma and Ba, 2015) - to generate counterexamples.

421 User Interaction and Data Augmentation

The majority of this section has already been published in Slany et al. (2022) with
slight modifications. This also includes definitions, figures, and tables, which will
be referenced accordingly. Some mathematical notation is part of Slany, Scheele,
and Schmid (2024a). Concepts taken from the latter publication will be referenced
as such. By adopting the notation of Slany, Scheele, and Schmid (2024a), this section
preempts the following one. A unified notation for model-agnostic XIML on image
data facilitates the mathematical formalization of the proposed modifications. The
Appendices C.3 and C.4 state the author’s contribution to Slany et al. (2022) and to
Slany, Scheele, and Schmid (2024a), respectively.

Originally, CAIPI (Teso and Kersting, 2019) has been evaluated on the FashionM-
NIST data set??, where decoy pixels have been inducted into the images such that the
color corresponds to the class label. CAIPT has been evaluated in its ability to unlearn
the artificially added spurious correlation. Despite this experimental setup has been
adopted by some of the proposed CAIPI variants of this thesis, e.g., Section 4.1.1, it
leaves the human out of the equation, which is problematic in the sense that CAIPI
claims to be interactively optimizable by human users (Teso and Kersting, 2019).

Problem Despite CAIPI (Teso and Kersting, 2019) puts forward to be an interactive
method, it does not contain a user interface for the investigated image classification
task. Moreover, the randomization of induced decoy pixels to generate counterex-
amples does not transfer to real-world classification scenarios.

Solution This section proposes a user interface for CAIPI (Teso and Kersting, 2019).
It also specifies a data augmentation procedure that can be applied to binary image
classification tasks, where humans are able to identify the decisive features.

2nttps://github.com/zalandoresearch/fashion-mnist, 22 May 2024.


https://github.com/zalandoresearch/fashion-mnist

4.2. Image-specific Adaptations 67

interaction
image-specific user interface

counterexamples
counterexample generation by
data augmentation

conceptual CAIPI overview

Figure 4.12: Practical CAIPI component adaptations.

Contribution This section contributes (i) a image-specific CAIPI user interface
along with (ii) a data augmentation procedure to optimize models with CAIPI within
the scope of binary image classification tasks. Using both contributions as prerequi-
sites, this section (iii) contains the first evaluation of CAIPI’'s algorithmic behavior
with label and explanation corrections retrieved from human annotators. It fur-
thermore (iv) clarifies the question of whether additional explanation corrections
for wrong predictions are superior to solely correcting their label.

This section re-implements the traditional CAIPI framework within its original,
primary application avenue — image classification (Teso and Kersting, 2019). Apart
from a mathematical specification of how concepts such as LIME (Ribeiro, Singh,
and Guestrin, 2016) are leveraged for CAIPI, it puts CAIPI into practice, meaning that
the interaction and counterexample generation components are transformed such
that CAIPI can be operated by end-users for any binary image classification task.
Thus, a user interface for CAIPI and a fairly simple data augmentation procedure to
generate counterexamples from user feedback are the only adaptations compared to
the original publication (Figure 4.12, Teso and Kersting (2019)).

Subordinated research questions The reimplementation goal also conveys into
the research questions. Compared to Teso and Kersting (2019), the research ques-
tions targeting the algorithmic convergence are extended by the question of expla-
nation corrections for wrong predictions and a baseline study (Slany et al., 2022).

R2.7 Do explanation revisions improve the predictive quality?

R2.8 Do explanation revisions lead to an improved explanatory quality?

R2.9  Does the predictive and explanatory quality benefit from explanation re-
visions for wrong predictions?

R2.10 Which is superior, CAIPI or default deep learning?

Auxiliary Methods

This is the first section that does not contain a mathematical investigation nor an
algorithmic modification of CAIPI (Teso and Kersting, 2019). Instead, this section
proposes a CAIPI user interface. Nevertheless, it is necessary to introduce some
foundational concepts. CAIPI now operates on image data requiring the following
notational adjustment (Notation 4.1). Users are enabled to generate counterexam-
ples from LIME (Ribeiro, Singh, and Guestrin, 2016) explanation revisions, which
are augmented versions of the decisive features (Definition 4.13).
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Notation 4.1 (Image Classification (Slany, Scheele, and Schmid, 2024a)). Let X €
X C RW*H be an image matrix with width W and height H. Let X; denote a pixel
with identifiers F = {1,...,i,.., WH}. Let f : X — ) be a binary differentiable
classifier with target set ) = {0,1}. An inference is defined as y = f(X). Let
(X(Ln),y(ﬁn)) € L C X x Y denote the n-th instance of a labeled and Xg ) ceU CX
the n-th instance of an unlabeled subset. Let [ : X — ) be a labeling function.

Definition 4.13 (Decisive Image Features (Slany, Scheele, and Schmid, 2024a)). Let
D € {0,1}"*H ({indecisive, decisive}) be a binary mask of decisive features of an
image X that cause a decision y = [(X) either individually or in combination such
that Xp = D - X blacks out indecisive features.

LIME and the data augmentation pipeline will be derived in distinct paragraphs.
Both concepts will be exploited for the user interface proposed in the next section.

LIME Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro, Singh,
and Guestrin, 2016) simplifies the feature space by projecting the original feature
instance into binary super-pixels, which represent the presence or absence of similar
pixels in an area. Typically, this step is conducted by segmentation algorithms (e.g.,
Schallner et al., 2019). Afterwards, multiple samples of the super-pixel instance for-
mulate an auxiliary data set, which is used as input for the explanatory model. The
instances are preferably sampled locally wrt. the original instance, which is ensured
by the euclidean distance in the exponential kernel. The optimal explanatory model,
according to LIME, is the one that minimizes the distance to the original model and
has a low complexity — for instance, a small amount of weights in the case of a linear
explanation model (Definition 4.14).

Definition 4.14 (Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro,
Singh, and Guestrin, 2016; Slany et al., 2022)). Let LIME search for the optimal ex-
planation model ¢ € G for f wrt. X based on a combined loss function consisting of
an approximation and a complexity term:

¢(X) =argminL(f, g, x) + Q(g).
geG

Approximation:
Let X € {0,1}""*H be a binary representation of X, indicating the absence or pres-
ence of super-pixels. Let (Z ~ X) € Z be a sample of super-pixels aggregated to a
set. Let the approximation loss between g and f be defined as
L(f,&mx) = ) mx(2)(f(2) — §(Z))* with
ZeZ
mx(2) = exp(= ||X, Z|302),

— 5
where Z = h x(Z) is a reverse transforma’i(gn function such that Z € RV*H in the
sense of reversing the transformation X = & (X) and ¢ is the width of || X, Z||,..
Complexity:
Let ()(g) be a measure for the complexity of g. Assuming that g is a linear model,
Q)(g) is the number of adaptable weights.

—
Remark 4.4. Note that similar to Definition 4.11, g and & in Definition 4.14 denote
the approximation and transformation functions. Each definition parameterizes the
functions differently, as they belong to distinct notational domains.
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LIME claims to produce faithful explanations given a feature instance, as it re-
verses the simplification of the sampled super-pixel set to query the label of super-
pixel instances directly from the classification model (Ribeiro, Singh, and Guestrin,
2016). The variance of relevance areas attributed by LIME has been shown to be
comparatively high when using different image segmentation algorithms (Schall-
ner et al., 2019). This jeopardizes the faithfulness assumption. Yet, this section still
uses LIME as a local explainer, as it is also present in the traditional CAIPI frame-
work (Teso and Kersting, 2019).

Data augmentation Counterexamples in CAIPI are supposed to overweigh the cor-
relation of the decisive features and the target. Basically, this can be seen as increas-
ing the weights of a subset of features for a specific instance. A way to accomplish
such a local weight adaptation is by repeating the subset of features multiple times.
Copying the instance as is potentially results in problems such as overfitting. Data
augmentation is an appropriate alternative, as it replicates yet randomly alters the
decisive features. The random modification potentially increases the robustness of
the classifier against the position or angle of the decisive features. This might be
especially beneficial in early CAIPI iterations or for a weakly pre-trained model.

CAIPI's data augmentation procedure is visualized in Figure 4.13. Essentially, a
user selects the decisive features for the prediction in RWR cases, which are then
re-scaled, rotated, and translated. The data augmentation procedure is executed
multiple times corresponding to the queried amount of counterexamples with an
identical set of decisive features. Each output of the data augmentation pipeline is
a counterexample feature instance. The counterexample target set is the repeated
prediction of the original instance (Definition 4.15).

Definition 4.15 (Counterexamples by Data Augmentation). Let the counterexample
feature and target sets by means of data augmentation be defined as:

(X' ={t(D-X)|1:c}) x (V' = {f(X)[1:¢c}),
where T augments an image with operations corresponding to the data augmenta-

tion pipeline (Figure 4.13), D is the matrix of decisive features (Definition 4.13), and
c is the number of counterexamples.

Remark 4.5. Practically, the augmentation operations in T depicted by Figure 4.13
are taken from Buslaev et al. (2020).

original instance | feature selection |
1 1

Figure 4.13: Data augmentation (Slany et al., 2022). A data augmentation procedure scales,
rotates, and translates a subset of pixels of an original instance after the feature selection.
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Adaptations

Suppose that a binary classifier distinguishes computer tomography (CT) images of
the chest from CT images of the abdomen?3. In each iteration, the CAIPI user in-
terface (Figure 4.14, top left) presents the most-informative feature instance and the
classifier’s prediction to the user along with the possible XIML outcome cases (Ta-
ble 2.1). First, the user assesses the correctness of the classifier’s prediction. In this
case, the depicted instance is correctly predicted to belong to the class of chest CT
images. The Explanation button reveals the underlying reasons for the prediction
by means of a LIME explanation (top right). Here, the user argues that the explana-
tion is correct but is (partly) based on erroneous reasons as LIME (Definition 4.14,
Ribeiro, Singh, and Guestrin (2016)) partly attributes the background to be decisive
for the prediction — an RWR case. By pressing the True (WR) button, the user has the
opportunity to revise the explanation (bottom left) by annotating the decisive pixels
(Definition 4.13). The annotated image can be visualized in a preview mode (bottom
right). It serves as an input for the data augmentation procedure (Figure 4.13) to
generate counterexamples (Definition 4.15). The presented instance is added with
its counterexamples to the labeled data set.

Accordingly, instances are added to the labeled data set without modifications in
the RRR case (button True (RR) ) and with corrected label in the in the W case (button
False(W)). In the background, the currently presented most-informative instance is
removed from the unlabeled data set.

By the proposed CAIPI frontend (Figure 4.14), users without ML expertise can
optimize binary image classification models with CAIPT (Teso and Kersting, 2019).
The subsequent experimental section contains evidence for models optimized with
user interface annotations.

Prediction: ChestCT Prediction: ChestCT

Explanation Explanation

prediction
uoneue[dxd

Prediction: ChestCT

Explanation

annotation
manaad

up 0 50 100 150 200 250 300
Confirm Preview Reset pencil width = 20

Down ﬂ(--)i'QE

Figure 4.14: Image-specific user interface (Slany et al., 2022). The CAIPI user interface dis-
plays the model’s prediction and explanation to a user. The user annotation revising the
explanation is visualized in a preview mode.

Bhttps://www.kaggle.com/datasets/andrewmvd/medical -mnist, 15 July 2024.
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Experiments

Setup This section provides experimental evidence for optimizing binary classi-
fication models on the FashionMNIST (T-shirt/top versus pullover) and the Medi-
calMNIST (chest versus abdomen) data sets®*. Whereas the FashionMNIST has also
been used by Teso and Kersting (2019), the MedicalMNIST extends CAIPI’s applica-
tion spectrum. All data sets (labeled, unlabeled, and test sets) are balanced. Each
experiment is only executed once.

Each optimization cycle starts with 100 labeled instances and continues for 100
CAIPI optimization iterations. Similarly to Teso and Kersting (2019), the experiments
compare the impact of zero, one, three, and five counterexamples per RWR itera-
tions, where the zero counterexamples case can be seen as coactive learning (Shiv-
aswamy and Joachims, 2015). Additionally to the original evaluation, each experi-
ment is repeated with the modification that also the explanations of wrong predic-
tions are revised such that counterexamples are generated in RWR and W cases.

All experiments optimize a convolutional neural network. It consists of a single
convolutional layer with two filters, 9 x 9 kernel size, and stride parameter one; a
pooling layer with kernel size 8 x 8 and stride parameter eight; a linear layer with
98 neurons; a dropout layer with a dropout rate of 0.5; and two dense layers with
16 and a single neuron. The model is re-trained in each CAIPI iteration with a batch
size of 64 for five epochs. The neural network is optimized by Adam with the binary
cross-entropy loss and a 0.0001 learning rate. It has been implemented in PyTorch?.
The baseline exploits the identical settings but conducts a 70/30 train test split.

The optimization is conducted by human annotation by the aid of the CAIPT user
interface (Figure 4.14). The label corrections are equal to the ground truth labels,
which is possible as both unlabeled data sets are only pseudo-unlabeled. The ex-
planation revisions are subjective annotations of two human annotators, who have
been instructed to annotate the entire object without fragments as being decisive.

The predictive performance is quantified by the accuracy metric on 30 percent of
the instances that serve as test data. The ability to follow the correct decision-making
mechanism, or simply, the explanatory performance, is computed by the intersection
over union metric (Definition 4.16) on 200 randomly selected pre-annotated test in-
stances. It divides the intersection of the revised and the LIME explanation by their
union (Definition 4.14, Ribeiro, Singh, and Guestrin (2016)).

Definition 4.16 (Intersection over Union (loU) (Rezatofighi et al., 2019)). Suppose
two bounding boxes A and B with arbitrary dimensions within the dimensionality
of X. Their IoU is defined as:

|ANB|

|AUB|

IoU(A, B) =

Results Overall, the results do not indicate that the induction of more counterex-
amples is superior, not even that counterexamples in general are beneficial com-
pared to coactive learning (Shivaswamy and Joachims, 2015), in terms of the pre-
dictive (Table 4.7) or the explanatory performance (Table 4.8). Also, no clear trend
exists on whether additional explanation revisions for wrong predictions — overall
more counterexamples —are superior or perhaps inferior compared to the traditional
CAIPI setup with counterexamples in RWR iterations (Teso and Kersting, 2019).

24FashionMNIST: https://github.com/zalandoresearch/fashion-mnist,
MedicalMNIST: https://www.kaggle.com/datasets/andrewmvd/medical-mnist, 15 July 2024.
Zhttps://pytorch. org/docs/stable/index.html, 15 July 2024
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Table 4.7: CAIPI predictive performance (Slany et al., 2022). Accuracy obtained by CAIPI
optimization conditioned on Data sets, Modes and c counterexamples.

Data Mode | e 0 1 3 5

MedicalMNIST RWR 96.02 9542 9451 96.75
RWR +W 96.83 9748 96.92 97.52

FashionMNIST RWR 95.64 94.79 9540 94.95
RWR +W 94.33 95.02 94.24 94.10

Table 4.8: CAIPI explanatory performance (Slany et al., 2022). Average IoU (Definition 4.16)
between LIME and user explanation wrt. Data sets, Modes and ¢ counterexamples.

Data Mode ‘ c 0 1 3 5

MedicalMNIST RWR 41.59 44.74 4036 42.87
RWR + W 39.64 4237 41.12 4047

FashionMNIST RWR 6524 64.41 6440 6548
RWR + W 6443 65.76 63.10 66.38

The predictive performance results are constantly high and in line with the base-
line: 94.67 percent accuracy on the MedicalMNIST and 95.26 percent accuracy on
the FashionMNIST. The explanatory performance tends to be stable on a fairly high
level. The baseline explanatory performance has not been assessed by Slany et al.
(2022). Still interesting is the finding that both coactive learning (Shivaswamy and
Joachims, 2015) and CAIPI (Teso and Kersting, 2019) reduce the labeling effort dra-
matically. It requires only 200 annotated instances compared to thousands of in-
stances on the FashionMNIST and the MedicalMNIST. Yet, explanation revisions are
additional and possibly even more costly annotations.

Section Summary

Summary This section has proposed a user interface for CAIPI (Figure 4.14). It aims
to involve human annotators in the optimization cycle actively and hides the techni-
cal details of ML optimization. It re-implements CAIPI (Teso and Kersting, 2019) in
the sense that it optimizes a comparatively shallow convolutional neural network on
the FashionMNIST data set. By including additional results on the MedicalMNIST,
it extends CAIPI’s application areas. To transfer the optimization framework across
domains, this section proposes a counterexample generation procedure by an aug-
mentation of decisive features (Figure 4.13). Teso and Kersting (2019) put forward
that more counterexamples are beneficial. Therefore, this section asks whether addi-
tional counterexamples obtained by explanation revisions for wrong predictions are
superior to generating counterexamples solely in RWR cases.

The experimental results, however, are discouraging. Although CAIPI optimiza-
tion achieves a similar predictive performance while reducing the amount of train-
ing data remarkably, CAIPI is not strictly superior to coactive learning (Shivaswamy
and Joachims, 2015) in the investigated settings in terms of the predictive (Table 4.7)
and the explanatory quality (Table 4.8). This implies that more counterexamples
have no beneficial impact — not when increasing the amount of counterexamples in
RWR iterations and not when generating counterexamples additionally for W cases.
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Answers to subordinated research questions The following answers to the re-
search questions (Slany et al., 2022) can be deduced from the experimental results:

R2.7 Do explanation revisions improve the predictive quality?
No, counterexamples from explanation revisions do not improve the predictive
quality within the context of the experimental setting.

R2.8 Do explanation revisions lead to an improved explanatory quality?
No, counterexamples generated from revised explanations do not enhance the
model’s ability to follow the correct decision-making mechanism.

R2.9 Does the predictive and explanatory quality benefit from explanation re-
visions for wrong predictions?
There exists no clear trend whether additional counterexamples from explanation
revisions for wrong predictions are superior or inferiot.

R2.10 Which is superior, CAIPI or default deep learning?
The predictive performance of both optimization strategies is comparatively sim-
ilar. CAIPI optimization reduces the amount of training data. Hence, CAIPI can
be seen as superior compared to default deep learning.

Related results This section aims to re-implement the components motivated by
the original CAIPI framework (Teso and Kersting, 2019). Different from Teso and
Kersting (2019) is the experimental setup, where humans actively revise explana-
tions instead of an automatic mitigation of induced spurious correlations. This ex-
perimental setup, in fact, is unique in the model-agnostic XIML literature (Table 1.1).
In general, CAIPI (Teso and Kersting, 2019) and all of its variants (Heidrich et al.,
2023; Slany, Scheele, and Schmid, 2024a; Slany, Scheele, and Schmid, 2024c; Slany,
Scheele, and Schmid, 2024b) benefit from including counterexamples — a finding that
this section could not reproduce. A reproducible finding is that models optimized
with CAIPI at least match the baseline performance (Teso and Kersting, 2019; Hei-
drich et al., 2023; Slany, Scheele, and Schmid, 2024a; Slany, Scheele, and Schmid,
2024b).

Limitations Frequently, experiments that do not result in the expected outcome
are connected to various limitations. In this case, they can be clustered into prob-
lems with human annotations and counterexamples for images as well as conceptual
mistakes of the experimental setup.

* Human annotations:

There have been 16 optimization runs (four counterexample variations times
two data sets times two modes) with 100 optimization iterations each, which
results in 1, 600 human annotations. The decisive features of 200 instances have
been annotated on each of the two test data sets. In total, 2,000 human anno-
tations have been conducted. They have been evenly split across two labelers.
A small sample of instances has been annotated by both labelers to ensure a
inter-labeler consistency. This has not been quantified and might therefore be
lower than expected in the qualitative assessment.

* Image counterexamples:
Counterexamples generated by data augmentation for image data are a
modified subset of pixels. Without a conceptual understanding associated to
the pixels, counterexamples might not be beneficial for learning the correct
decision-making mechanism. In other words, if a pattern such as a T-shirt
does not occur similarly in novel images, the counterexamples’ effect might
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diminish, as image counterexamples do not contain the knowledge that a
T-shirt has a torso piece and sleeves. Even if one can expect that a T-shirt
will re-occur in the FashionMNIST example, in more complex cases such as
the identification of cancer tissue, the identical pattern is more unlikely to be
present twice or more frequently. Moreover, the user interface (Figure 4.14)
enables humans to annotate positive counterexamples — what features qualify
a T-shirt to belong to the T-shirt class. Human explanations for a T-shirt might
be negative: An image belongs to the T-shirt class because it has no long
sleeves. Such explanations cannot be annotated with the user interface.

¢ Experimental setup:

The intersection over union metric (Definition 4.16) might be unsuitable to as-
sess the correctness of the decision-making mechanism. In some cases, all fea-
tures besides the object have been identified as relevant. In the sense as the
annotators have been instructed to mark decisive features, this is an perfect
inverted explanation. The intersection over union metric, however, reports an
explanation quality of zero. A more sophisticated alternative is the general-
ized intersection over union metric (Rezatofighi et al., 2019), which still would
not be able to account for the preliminary problem. LIME (Ribeiro, Singh, and
Guestrin, 2016) has been proven to have faithfulness problems when using dif-
ferent image segmentation algorithms (Schallner et al., 2019). It is also worth
improving. LIME has been used as it is also the local explanation algorithm
implemented in traditional CAIPI (Teso and Kersting, 2019). In general, the
experimental setup appears to be too simple as even coactive learning (Shiv-
aswamy and Joachims, 2015) matches the baseline performance, which barely
leaves room for improvement when inducing counterexamples. The experi-
ments have been reduced from a categorical to a binary classification in com-
parison to Teso and Kersting (2019). The experimental complexity has been
sacrificed in favor of an intuitive and easy-to-implement user interface. Also,
the experiments should have been repeated multiple times with varying ran-
dom seeds to compute standard deviations, which has not been done due to
the high labeling effort.

4.2.2 Counterexamples by Variational Autoencoders

A large proportion of the contents of this section is taken from Slany, Scheele, and
Schmid (2024a). This includes definitions, algorithms, figures, and tables, which
have been cited accordingly. The text has been rephrased such that the referenced
publication is embedded into this thesis. Appendix C.4 provides information to
which extent the author has contributed to Slany, Scheele, and Schmid (2024a).
CaAIpI as proposed originally by Teso and Kersting (2019) has been evaluated by
unlearning the spurious correlation, which had been induced by decoy pixels that
correspond to the class label. Counterexamples have a random association between
color and label and incrementally weaken the spurious correlation. Obviously, this
approach does not transfer well into practical applications of CAIPI beyond aca-
demic experiments. Therefore, the previous section has proposed a data augmenta-
tion procedure (Figure 4.13), which, in theory, can be applied to every binary image
classification task, where users can be expected to identify the decisive features.
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Figure 4.15: Problematic data augmentation (Slany, Scheele, and Schmid, 2024a). Depending
on the domain, data augmentation, e.g., Figure 4.13, might produce unintended results. In
this case, the augmented decisive features of a seven mimic a one.
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Figure 4.16: Bayesian CAIPI component adaptations (Slany, Scheele, and Schmid, 2024a).

What has not been discussed is that data augmentation pipelines are handcrafted
in the sense that they are implemented by ML engineers, frequently without domain
knowledge. Figure 4.15 executes the identical data augmentation pipeline, consist-
ing of scaling, rotating, and translating the decisive features, for the classification
task ones versus sevens on the MNIST data set?.

Suppose that horizontal bars are decisive for class seven and vertical bars for
class one. Figure 4.15 shows that data augmentation might produce implausible re-
sults. A counterexample generated from the augmented decisive features of a seven
mimics a one, despite they are associated with the label seven. Such counterexam-
ples do not project the human domain knowledge consistently into the model and,
therefore, cannot be expected to have a beneficial impact on the correctness of the
decision-making mechanism of the classifier.

Problem Counterexamples generated by data augmentation might be implausible,
which impedes the model optimization with CAIPI.

Solution Statistical generative models promise realistic counterexamples. A prob-
abilistic CAIPI variant, termed Bayesian CAIPI, is based on a Variational Autoen-
coder (Kingma and Welling, 2014) that encodes all available data into the latent
space. Counterexamples are sampled from the Variational Autoencoder’s likeli-
hood distribution. The classifier predicts images from the latent space and is thus
assumed to be differentiable. This enables Bayesian CAIPI to utilize Integrated Gra-
dients (Sundararajan, Taly, and Yan, 2017), a pixel-wise explanation method for dif-
ferentiable image classification models. The adaptations compared to traditional
CAr1pI (Teso and Kersting, 2019) are summarized in Figure 4.16.

Contribution Bayesian CAIPI draws counterexamples from the likelihood distri-
bution of a Variational Autoencoder. Therefore, this section (i) contributes a novel

26https ://yann.lecun.com/exdb/mnist/, 18 July 2024.
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counterexample generation procedure for image data. Detached from CAIPI adapta-
tions, this section (ii) integrates a classification task into the Variational Autoencoder
and trains a classifier directly from the latent space.

Subordinated research questions The predictive performance of Bayesian CAIPI
and its ability to find the correct decision-making mechanism will be evaluated
and compared to traditional CAIPI (Teso and Kersting, 2019) and default deep
learning by the following research questions (Slany, Scheele, and Schmid, 2024a):

R2.11 Do counterexamples improve the model’s predictive quality?

R2.12 Do counterexamples improve the model’s ability to follow the correct
decision-making mechanism?

R2.13 Which is superior, Bayesian CAIPI, CAIPI, or default deep learning?

Auxiliary Methods

This section is built upon Notation 4.1. Despite the process to obtain the most-
informative instance does not change compared to Definition 2.1, it still needs to
be redefined. This is done in Definition 4.17, which now accounts for image data.

Definition 4.17 (Most-Informative Instance for Images (Slany, Scheele, and Schmid,
2024a)). Assume for now that f returns the prediction score. Then, let the most-
informative instance for a set of images be defined as:

m= argmin{]f(XZ(j)) — DcHXZE{n) € Z/l},

where a € [0,1] is the prediction threshold of f. Suppose that the procedure MII in
this section takes f and U/ as input and returns m.

Compared to the CAIPI variant for image data from the previous section, this
section integrates two existing approaches into CAIPI: Integrated Gradients (Sun-
dararajan, Taly, and Yan, 2017) as pixel-wise attribution map given an image and a
Variational Autoencoder (Kingma and Welling, 2014) to generate counterexamples.
Both concepts will be formalized in the following two paragraphs.

Integrated Gradients Bayesian CAIPI uses a pixel-wise attribution map to assess
the relevance that the classification model associates with each pixel. The attribution
map is obtained by Integrated Gradients (Sundararajan, Taly, and Yan, 2017). Its
basic idea is to calculate the partial derivatives of the classifier wrt. pixels, which are
incrementally influenced by a baseline image. Theoretically, the interpolation factor
ranges from zero to one, which is why Integrated Gradients forms an integral. Out
of efficiency reasons, Integrated Gradients can be approximated by a subset of the
interpolation factors (Definition 4.18).

Definition 4.18 (Integrated Gradients (Sundararajan, Taly, and Yan, 2017; Slany,
Scheele, and Schmid, 2024a)). Let the Riemman summation approximation of In-
tegrated Gradients (IG) be defined as follows:
K of(Xp+ (X =Xp)) 1

where X3 is a baseline image (here an image with pixel values zero) and K is the
number of differentiation steps. Let M € {0,1}"V*H be the explanation mask such
that M; = 1if IG; > B and M; = 0 otherwise, where B is an attribution threshold for
a prediction § = f(X). Suppose that EXP in this section takes f, X, and X3 as input
and returns M.
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input encoder latent space decoder reconstruction
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Figure 4.17: Variational Autoencoder (Slany, Scheele, and Schmid, 2024a). The encoder
projects an image into the latent space of which the decoder reconstructs it.

The attribution values are mapped to a binary explanation mask. Values above a
certain attribution threshold are said to be relevant; others are said to be irrelevant.

Variational Autoencoder Traditional Autoencoders encode data into a smaller
representation, termed latent space, and reconstruct the data from the latent rep-
resentation afterwards (Vincent et al., 2008). Their probabilistic counterparts, Vari-
ational Autoencoders (Kingma and Welling, 2014), define a probability distribution
over each model component: the prior distribution over the latent space, the poste-
rior distribution over the encoder, and the likelihood distribution over the decoder.
Samples from the prior distribution evaluate the likelihood distribution for a given
image, resulting in a novel representation of an input instance (Definition 4.19).

Figure 4.17 contains an example from the image domain: An image displaying
a seven is compressed into a latent representation by the encoder network. The
decoder network reconstructs the image by samples from the latent distribution. As
the reconstructed seven is a novel image, Variational Autoencoders are statistical
generative models (Kingma and Welling, 2014).

Definition 4.19 (Variational Autoencoder (Kingma and Welling, 2014; Doersch, 2016;
Slany, Scheele, and Schmid, 2024a)). Let a Variational Autoencoder vae : X — X en-
code an image into a latent space representation by an encoder enc : X — Z and re-
construct the image from the latent space representation by a decoder dec : Z — X.
The set of latent space representations is defined as Z = {z(l), .y z(”)} and the set of
reconstructed images is given as X = {X(1, ..., X("}. Both correspond to the set of
images X. Suppose a procedure that takes & as input and returns enc and
dec. Moreover, let there be the following probability distributions: the marginal dis-
tribution p(X), the prior distribution p(z), the likelihood distribution of the decoder
p(X|z,0), and the posterior distribution of the encoder gy(z|X). The parameter 6 is
now a placeholder for the parameters in vae.

The state-of-the-art optimization procedure for Variational Autoencoders is Vari-
ational Inference (Blei, Kucukelbir, and McAuliffe, 2017). The true posterior distri-
bution is intractable caused by an unknown but constant marginal distribution over
the data, as the data are only partially observed. Therefore, Variational Inference
searches for a tractable distribution that approximates the posterior (Definition 4.20).

By the Bayes rule, the distributional difference, termed Kullback-Leibler (KL)
divergence (e.g., Blei, Kucukelbir, and McAuliffe, 2017), can be reformulated into
the sum of the marginal and an expectation conditioned on the distribution over the
latent space. A second KL divergence is introduced between the proposal posterior
and the prior, which is subtracted from the likelihood distribution in the Evidence
Lower BOund (ELBO) (e.g., Blei, Kucukelbir, and McAuliffe, 2017). It becomes clear
that maximizing the ELBO results in a well-suited approximation of the posterior, as
it minimizes the approximation loss given a unknown normalizing constant.
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Definition 4.20 (Variational Inference (Kingma and Welling, 2014; Doersch, 2016;
Blei, Kucukelbir, and McAuliffe, 2017; Slany, Scheele, and Schmid, 2024a)). Varia-
tional Inference optimizes Variational Autoencoders. The Kullback-Leibler (KL) di-
vergence is the difference between the encoder g4 (z|X) and the intractable true pos-
terior distribution p(z|X):

KL [g6(2|X) || p(2[X)] = log p(X) + Eqyz) [log g0 (2|X) — log p(X|z) —log p(2)] -
This definition can be reformulated wrt. the marginal distribution p(X):

log p(X) = Eyy(z) [log p(X[2)] = KL [99(2[X) || p(2)] + KL [g6(2[X) [| p(z|X)],
where a second KL divergence is drawn between the encoder and the prior p(z).
Suppose that the Evidence Lower BOund (ELBO) is defined as:

ELBO(q) = Ey, () [log p(X]|2)] — KL [g0(2[X) || p(2)] -
Inserting the ELBO into the original equation yields:
KL [96(z[X) [| p(2[X)] = —ELBO(q) + log p(X).

Maximizing the ELBO is equal to minimizing the approximation loss of the posterior
given the marginal distribution.

Practically, the KL divergence part of the ELBO is still unsuitable for deep learn-
ing optimization. The latent representation stems from a distribution and is thus
probabilistic, making it costly or even impossible to compute during backpropaga-
tion. The solution is the reparameterization trick (Kingma and Welling, 2014). The
prior is mostly a standard normal distribution such that the resulting posterior of
the encoder will also be normally distributed. The encoder network is constructed
such that it outputs two parameters: y for the posterior mean and ¢ for the posterior
variance. A random draw from a normal distribution with the mean equal to the
posterior mean and a fixed variance, mostly chosen to be one, € ~ N(yu,1) serves
as a scaling parameter for the posterior variance. The latent representation in the
simplest case is: z = p + €0. The benefit of reparameterization is that the latent rep-
resentation is still random, but the randomness originates in a distribution outside
the deep learning optimization process. The objective of the likelihood is to maxi-
mize the reconstruction quality. Therefore, it is practically measured by conventional
deep learning loss functions such as the 12-norm (Doersch, 2016).

Introducing a preliminary latent space encoding requires some notational ad-
justments for this section (Notation 4.2). First, the association subscripts to labeled
and unlabeled data sets need to be expanded on the latent space encodings. Second,
nesting is a mathematically elegant way of combining a latent space encoding and
a classifier if both functions are differentiable. This results in a single differentiable
model. The encoder is fixed when training the classifier and vice versa.

Notation 4.2 (Image Classification from Latent Space (Slany, Scheele, and Schmid,
2024a)). Let f’ be a differentiable binary classification model from the latent space
f"+ Z — Y with an inference denoted as y = f'(z). Extending Notation 4.1, let
the association of z € Z to labeled and unlabeled sets be indicated by subscripts —
precisely, z; € Z for the labeled and z;; € 2y for the unlabeled set. Suppose that
the procedure now trains or updates f’ taking Z x ) as input. The generalized
notation for the nested function f’(enc(X)) of each X € X is f’ o enc.
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Adaptations

In comparison to CAIPI (Teso and Kersting, 2019), Bayesian CAIPI uses Integrated
Gradients (Sundararajan, Taly, and Yan, 2017) as local explainer and trains a Varia-
tional Autoencoder (Kingma and Welling, 2014) on all available training data before
the optimization cycle to sample counterexamples from the likelihood distribution.
Integrated Gradients and the optimization of Variational Autoencoders has suffi-
ciently been discussed in the previous section. Algorithm 4.4 illustrates Bayesian
CAIPI’s counterexample generation procedure. Samples from the likelihood distri-
bution are drawn for the desired amount of counterexamples (line 3). Note that the
reparameterization trick (Kingma and Welling, 2014) also applies to this step. The
generated counterexample is multiplied by the matrix of decisive features to black
out indecisive features (line 4). This step is optional and only applicable if the vari-
ance in the reparameterization step is sufficiently small such that the positions of
the decisive features in the reconstructed image change only to a minor extent. In
practice, the matrix of decisive features can also be obtained from the user interface
proposed by the previous section (Figure 4.18). In the RWR case, where counterex-
amples are generated, the prediction has already been evaluated as being correct,
which is why each counterexample can be connected to its validated label in a final
step (line 5).

Bayesian CAIPI (Algorithm 4.5) trains a Variational Autoencoder before the opti-
mization cycle on all available images to encode the labeled and unlabeled data sets
(line 1). A classification model is trained with the encoded labeled images (line 4) to
select the most-informative instance from the encoded unlabeled data set afterwards
(line 5). The prediction of the most-informative instance (line 6) is evaluated (line 7).
If it is wrong, the image of the most-informative instance is added to the labeled
data set with the corrected label (line 9). In case of a correct prediction, Integrated
Gradients (Sundararajan, Taly, and Yan, 2017) generates a mask of relevant pixels
wrt. the nested classification model (line 11). A user annotates the decisive pixels
(line 12). If the generated explanation is equal to the user annotation, the image
of the most-informative instance and its prediction is added to the labeled data set
without further actions (line 14). Otherwise, counterexamples — decisive features of
novel instances — are generated (line 16). The counterexample data sets accompany
the most-informative instance in the labeled data sets (line 17). The image of the
most-informative instance is removed from the unlabeled data set (line 18).

Algorithm 4.4: GEN(p(X|z,0),y,D,c) (BAYESIANCAIPI) (Slany, Scheele, and
Schmid, 2024a)

Input: Decoder’s likelihood distribution p(X|z, #), label y, decisive features D,
number of counterexamples ¢
Output: Data sets of labeled counterexamples X", )’
1. XYV O

2: forl:cdo
3: X + p(X|z,0) > Definition 4.19
& X+ XD > Definition 4.13

5 X XU{XEY <« YV Uu{y)
6: return X', )’
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Algorithm 4.5: BAYESIANCAIPI(L, U, ¢, n, Xp) (Slany, Scheele, and Schmid, 2024a)

Input: Data sets £ and U/, number of counterexamples c, iteration budget #, baseline

image Xp
Output: Models f’, enc
1: enc,dec + {X|(X,y) e L} UU) > Definition 4.19
2: forl:ndo
3 Zr, Ve {(enc(X),y)|(X,y) € L}; Zy < {enc(X)|X e U}
& f e (2 x Vr) > Notation 4.2
5. m < Mi(f' oenc,U) > Definition 4.17
6 9"~ iz
7. y™ « INTERACT(X ") > Figure 4.18
8 if y(m) # y(’”) then
9: L+ LU {(Xé,m),y(’”))} > Case: W
10: else
11: M « Exp(f oenc, X", Xp) > Definition 4.18
12: D < INTERACT(M) > Figure 4.18
13: if M = D then
14: L Lu{(xim,gmyy > Case: RRR
15: else
16: X',V GEN(dec(XJ"), 9™, D, ) > Algorithm 4.4
17: B L L+ LU {(Xﬁ”’,wﬂ)} ux’ x )y > Case: RWR
18 U <—U\X£,m)

19: return f',enc

tk 00 tk
Prediction: 7 Prediction: 7

Explanation Explanation

True(RR)
True(WR)

False(W)

Up

Confirm Preview Reset pencil width =15

Down

Figure 4.18: User interface for Bayesian CAIPI (Slany, Scheele, and Schmid, 2024a). The
CAIP1 user interface (Figure 4.14) can also be used for the image classification task ones
versus sevens. Here, the seven has been predicted correctly but out of the erroneous reasons
as the explanation is empty (left) and the user annotates the decisive features (right).
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There are some modifications present in Bayesian CAIPI in comparison to the
first CAIPI formalization of this thesis (Algorithm 2.1). Bayesian CAIPI operates
on image data; Algorithm 2.1, in contrast, on tabular data. Even when neglecting
this adaptation, Bayesian CAIPI contains modifications in three regards: (i) Bayesian
CAIPI prepares the counterexample generation procedure in the sense that it approx-
imates a latent representation of all images. The counterexamples are sampled from
the likelihood distribution. (ii) The classification model is nested in the sense that
either encoded images are used as input or the classifier is attached to the encoder.
(iif) This specification is also important to the explanation component of Bayesian
CAI1PI, which requires differentiable models (Sundararajan, Taly, and Yan, 2017).

By nesting two differentiable models f’ and enc and using an explainer for dif-
ferentiable models (Sundararajan, Taly, and Yan, 2017), Bayesian CAIPI is no longer
model-agnostic in the strict sense. The first modification is motivated by mathemat-
ical convenience, the second because LIME generates varying explanations when
substituting the underlying segmentation algorithm (Schallner et al., 2019). By train-
ing any image classification model f directly on the latent representation and treat-
ing the encoding as a separate step, the model invariance property can be restored.
What is left is a replacement for the explainer by a model-agnostic method such as
LIME (Ribeiro, Singh, and Guestrin, 2016). Hence, both modifications are not neces-
sary for Bayesian CAIPI and can easily be reversed, which is why Bayesian CAIPT is
still classified as being a model-agnostic XIML method.

Experiments

Setup In five experimental iterations, the classification task ones versus sevens on
the MNIST data set? is evaluated wrt. the predictive performance computed by the
accuracy metric and the ability to follow the correct decision-making mechanism.
An explanation is said to be correct if at least one high-activated pixel is on the verti-
cal bar for class one and at least one high-activated pixel is on the horizontal bar and
none on the vertical bar for class seven. A bar is defined as a consecutive alignment
of at least five pixels along one axis. The attribution threshold (Definition 4.18) is set
to 0.025. From each of the two classes, 6,000 randomly selected instances are in the
unlabeled data set. The remaining 1,000 instances of each class are combined to a
test data set. The initial labeled data set consists of ten images, of which each pixel is
sampled from a uniform distribution with lower bound zero and upper bound one.
The initial model is supposed to be completely uninformative. The goal is to project
the impact of {0,1,3,5} counterexamples per RWR iteration during 100 optimiza-
tion iterations directly to Bayesian CAIPI.

The Variational Autoencoder® has an encoder and a decoder network. The en-
coder consists of two convolutional layers with kernel size three and stride param-
eter two for each dimension. There are 32 filters in the first and 64 in the second
convolutional layer. The convolutional output is flattened for the final dense layer
with four neurons. The dense layer contains four neurons as the latent dimension-
ality is set to two because of two classes and reparameterization implies network
outputs for the first and the second moment. This means two parameters times two
latent dimensions. The decoder starts with a dense layer with 1,568 neurons. The
latent representation is reshaped into two dimensions and propagated through three
transposed convolutional layers to reconstruct the image. The first two transposed
convolutional layers invert the encoder, the third has a single filter. Except for the

2https://yann.lecun.com/exdb/mnist/, 18 July 2024.
2https://wuw.tensorflow.org/tutorials/generative/cvae, 19 July 2024.
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Table 4.9: Bayesian CAIPI experimental results (Slany, Scheele, and Schmid, 2024a). Average
Bayesian CAIPI results for various Metrics and ¢ counterexamples. The best results per
metric are highlighted in bold. Standard deviations are provided in brackets.

c: 0 1 3 5
98.60 (0.55)  98.40 (0.55)  98.40 (0.55)  98.40 (0.55)

Metric

accuracy

77.70 (10.47) 77.62 (19.83) 44.94 (34.96) 58.63 (17.73)
0.30(0.17)  0.64(126) 1.19(1.44)  8.38(1.70)

class one

ratio corr. expl.:
class seven

1.0 4

0.9 | | ¢

B3

accuracy

2

0.6

iteration

Figure 4.19: Bayesian CAIPI predictive performance (Slany, Scheele, and Schmid, 2024a).
Accuracy for a single optimization run of zero (blue) and five (orange) counterexamples.

iteration 1 iteration 30 iteration 60 iteration 100

Figure 4.20: Bayesian CAIPI explanatory quality (Slany, Scheele, and Schmid, 2024a). Pixel
relevance visualization for an exemplary prediction across Bayesian CAIPI optimization it-
erations. Only the red pixel lies above the attribution threshold.

final layers of the encoder and the decoder, all layers use rectified linear unit activa-
tion. The Variational Autoencoder is trained for 20 epochs with the Adam optimizer
and a learning rate of 0.0001.

The classification model is stacked on top of the encoder. It has two dense lay-
ers: 512 neurons and rectified linear unit activation in the first and one neuron with
sigmoid activation in the second layer. It is trained for 50 epochs with the Adam
optimizer, a learning rate of 0.001, and the binary cross-entropy loss function.

The Variational Autoencoder is trained once prior to the optimization cycle. The
classification model is re-trained in each Bayesian CAIPT iteration. All models are
implemented in TensorFlow?.

Two baseline tests are conducted: First, Bayesian CAIPI's counterexample gener-
ation procedure (Algorithm 4.4) is replaced by the data augmentation pipeline (Fig-
ure 4.15) without the rotation step to mimic traditional CAIPI (Teso and Kersting,

Phttps://wuw.tensorflow.org, 19 July 2024.
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2019). This experiment is executed with five counterexamples per RWR iteration.
The second baseline test is the default deep learning optimization, where all avail-
able training data are used to train the classifier. Traditional CAIPI optimization
yields a test accuracy of 97.97 percent. The model correctly explains 68.67 percent of
ones and 0.00 percent of sevens. The default deep learning model has a test accuracy
of 98.06 percent and explains 36 percent of ones and 0.69 percent of sevens correctly.

Results The average ELBO of the Variational Autoencoder is -28.22 (0.64). Ta-
ble 4.9 indicates a stable predictive performance, where the zero counterexamples
case, in fact, has slight benefits. The explanatory performance results are interest-
ing. Whereas the correctness of the decision-making mechanism for class one tends
to diminish with an increasing amount of counterexamples, the decision-making
mechanism for class seven has not been present for the zero counterexamples case
but increases up to 8.38 percent in the five counterexamples runs. The results sug-
gest that the model has only learned the decision-making mechanism for a one and
has inferred a seven when no one has been detected. Counterexamples pertubate
this single-sided decision making — they weaken the decision-making mechanism of
class one and strengthen the mechanism for class seven.

A graphical comparison of selected zero and five counterexamples cases visual-
izes that counterexamples contribute to a faster convergence with fewer numerical
instabilities (Figure 4.19). A possible explanation is that counterexamples increase
the training data set more quickly. Visualizing the explanation masks for an exem-
plary seven hint at supporting the numerical results (Figure 4.20). In iteration one,
both bars are equally attributed. The attribution tends to move to the horizontal bar,
resulting in a relevant pixel after the final optimization iteration.

In general, if balanced decision making is a quality criterion, Bayesian CAIPI with
five counterexamples outperforms traditional CAIPI and the default deep learning
optimization. Moreover, similar to traditional CAIPI (Section 4.2.1), Bayesian CAIPI
also reduces the labeling effort compared to default deep learning optimization.

Section Summary

Summary Historically, CAIPT (Teso and Kersting, 2019) has been evaluated by
counterexamples that randomize decoy pixels, which had been induced into image
data sets such that each color corresponds to a specific class. A preceding CAIPI vari-
ant, applying CAIPI to human-centric classification scenarios (Slany et al., 2022), has
used data augmentation to generate counterexamples. Data augmentation pipelines
still require some degree of domain knowledge. The absence of the necessary do-
main knowledge might produce implausible counterexamples (Figure 4.15). There-
fore, this section has proposed an alternative approach to generate counterexamples
- embedded into Bayesian CAIPI, a probabilistic CAIPI variant. Variational Autoen-
coders (Kingma and Welling, 2014) encode all available data —labeled and unlabeled
— into a latent distribution. Counterexamples are sampled from the decoder and
multiplied by the binary mask of decisive features to black out indecisive features.
This way, Bayesian CAIPI generates novel yet realistic representations of decisive
features. The experiments show that Bayesian CAIPI matches the predictive per-
formance of default deep learning and traditional CAIPI (Teso and Kersting, 2019)
but outperforms both regarding the model’s ability to follow the correct decision-
making mechanism. Despite the predictive performance of Bayesian CAIPI does not
benefit from increasing the number of counterexamples, the decision-making mech-
anism of the classification model transforms from a single-sided representation of
the target classes to reflecting both classes (Table 4.9).
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Answers to subordinated research questions The experimental eval-
uation leads to the following answers to the subordinated research
questions formulated in this section (Slany, Scheele, and Schmid, 2024a):

R2.11 Do counterexamples improve the model’s predictive quality?
No, counterexamples in Bayesian CAIPI do not improve the predictive quality in
terms of the accuracy metric.

R2.12 Do counterexamples improve the model’s ability to follow the correct
decision-making mechanism?
If balanced decision making is a desirable criterion, counterexamples in Bayesian
CAIPI improve the ability to follow the correct decision-making mechanism.

R2.13 Which is superior, Bayesian CAIPI, CAIPI, or default deep learning?
Revisit the preliminary answer. Bayesian CAIPI's results are similar to the ones
of traditional CAIPI and default deep learning, except it is the only evaluated
approach that induces the decision-making mechanism of the class seven.

Related results Bayesian CAIPI proposes an alternative counterexample genera-
tion variant compared to CAIPI (Teso and Kersting, 2019) similar to Slany et al. (2022)
and Heidrich et al. (2023). The experiments of this section are in line with the origi-
nal CAIPI evaluation (Teso and Kersting, 2019) and another CAIPI modification that
aims to optimize classification models for image data using the CAIPI framework
and human feedback (Slany et al., 2022). Both repeat the identical experimental
setup with a varying amount of counterexamples per RWR iteration ranging from
zero to five. In fact, Bayesian CAIPI is supposed to extend the experiments of Slany
et al. (2022), which serves as a baseline. In a direct comparison, both Bayesian CAIPI
and Slany et al. (2022) match the predictive performance of the default deep learning
model but only Bayesian CAIPI improves the model’s decision-making mechanism.

Limitations The experiments reveal that Bayesian CAIPI optimization induces the
decision-making mechanism of a second class into a binary classification model,
which otherwise only decides between presence and absence of the first class. Nev-
ertheless, the magnitude of the adjustment of the decision-making mechanism is
relatively small and Bayesian CAIPI provides no measurable benefits for the predic-
tive performance. Possible reasons for this observation can be broken down into the
categories limitations of the experimental setup and non-ideal design choices.

¢ Experimental setup:

The classification task ones versus sevens appears to be too simple — even
simpler than in the previous section — for state-of-the-art image classification
models. An indication is that the predictive performance does not improve
comparing coactive learning (Shivaswamy and Joachims, 2015) and the five
counterexamples per RWR iteration case. Also, the experiments reveal com-
paratively high standard deviations, especially for the decision-making mech-
anism in the three counterexamples case. The variance might originate in the
latent dimension of the Variational Autoencoder. Indeed, the hyperparame-
ters of which have not yet been systematically evaluated. The amount of latent
dimensions, for instance, has been chosen because of the binary classification
model. The risk exists that this representation does not capture the entity of all
ones and sevens well, which potentially results in noisy counterexamples for
some instances that have been predicted correctly for erroneous reasons.

* Design choices:
The missing systematic evaluation of the Variational Autoencoder transitions
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into specific component decisions. Integrated Gradients (Sundararajan, Taly,
and Yan, 2017) appears to be a non-ideal choice for Bayesian CAIPI’s local ex-
planation component for several reasons: First, as already been discussed, it
restricts Bayesian CAIPI to differentiable classification models — unnecessarily
making a model-agnostic XIML method model-specific. This section has pre-
sented ways to reverse this restriction in context of Algorithm 4.5. Second,
Integrated Gradients is a pixel-wise attribution method. Regarding correct de-
cision making, this means that single pixels decide between correct and wrong
mechanisms. This might over-amplify the importance of single pixels. Also,
explanations for instances of class one are always correct if the attribution is
sufficiently high, as no horizontal bars exist. This might be why ones are over-
proportionally often predicted out of correct reasons (Table 4.9). In general,
the definition of decision-making mechanisms being correct if horizontal or
vertical bars are sufficiently important, has its limits if bars are slightly rotated
and not aligned along the x- or y-axis. Bars that cannot be identified will al-
ways cause incorrect decision making according to the experimental setup of
this section. A final point to discuss is the mask of decisive features (Defi-
nition 4.13). In the context of Variational Autoencoders, it might be the case
that the reconstruction deviates from the original image. An unexpectedly
high deviation can lead to counterexamples with artifacts if some pixels are
not blacked out or a subset of pixels is blacked out unintentionally.

4.3 Potential CAIPI Extensions

The model invariance property claimed by CAIPI (Teso and Kersting, 2019) would
also include models used for regression, optimization, and clustering. Although
XIML algorithms have been used for various data types, none of the reviewed pub-
lications specifically addresses the mentioned ML tasks (Table 1.1). Unfortunately,
this is also not a contribution made by this thesis. However, it notices this gap and
proactively proposes suitable explanation algorithms for regression and optimiza-
tion (Section 4.3.1) as well as for clustering (Section 4.3.2). Each of the two sections
will conclude with potential feedback mechanisms such that the proposed method
can be integrated into variants of CAIPI. Contrary to the evaluations of previously
proposed CAIPI variations, the subsequent sections will not contain research ques-
tions, as they would not pay into the overarching research questions of this thesis
(Section 1.2).

4.3.1 Regression and Optimization

Regression models have various applications. They can either be used for pure anal-
ysis purposes, where a statistician is interested in the quantitative relationship be-
tween a feature and a regression target, they can be used to explore relationships
between variables, or for forecasting (Welc and Esquerdo, 2018). Concepts of regres-
sions are also recycled in optimization (Wirth, Schmid, and Voget, 2022). Depending
on the use case, the number of features, and the complexity of the model, they may
cause incomprehensibility for domain experts. An iterative application of regres-
sion models exacerbates this circumstance, as high-quality feedback from domain
experts influences optimization positively (Wirth, Schmid, and Voget, 2022).
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Figure 4.21: PHAL overview. PHAL approximates an opaque regression model by proba-
bilistic logic rules corresponding to a statistical property of the regression target.

Problem  Although regression models are vastly built upon domain-specific
knowledge, their ex-post adaptation by the induction of novel knowledge is a major
challenge due to their complexity and the number of features involved. By now,
there exists no XIML framework that focuses on regression models.

Solution This section overcomes a gap that prevents the induction of knowledge
into regression models by symbolizing regressions with probabilistic logic (Raedt,
Kimmig, and Toivonen, 2007). Regression models are abstracted into multiple bi-
nary classifications wrt. statistical characteristics of the regression target. The cen-
tral argument is: Statistical abstractions, such as means, quartiles, or standard devi-
ations, describe regression models more intuitively than simple scalars do.

Contribution This section contributes Post-Hoc model Approximation with Logic
(PHAL). PHAL relies on a statistical feature extraction procedure, where the extracted
features are exploited as probabilistic facts and the rule learning algorithm PROB-
FOIL* (Raedt et al., 2015) yields probabilistic logic rules, which serve as a surrogate
for the regression model. The algorithmic contribution behind PHAL is the connec-
tion of statistical feature extraction and probabilistic logic, which reduces the search
space for probabilistic rule learning and expands PROBFOIL* to regression scenarios.

Among other experiments, PHAL is applied to the Boston housing data set®.
Figure 4.21 visualizes the intuition behind PHAL: Suppose a scenario, where the av-
erage house prices of districts in Boston are conditioned on the room number, which
can be expressed in a regression model that is assumed to be opaque to domain ex-
perts such as the local mayors. The regression model is then abstracted in a logical
surrogate model obtained by PHAL.

This section does not contain dedicated research questions, as those would be
unrelated to this thesis’s major research questions. It, nevertheless, experimentally
evaluates PHAL, which will be derived in detail in the next section, in comparison
to GridEx (Sabbatini, Ciatto, and Omicini, 2021) — a state-of-the-art knowledge ex-
traction method for regression models, which is based on hypercubes. The section
summary will address the impact of the experimental results on CAIPI.

Onttps://www.kaggle.com/datasets/schirmerchad/bostonhoustingmlnd, 24 July 2024.
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Methods

During this section, a Gaussian Process regression (Rasmussen and Williams, 2006)
models the relationship between a tabular feature set with arbitrary values and a
continuous target. PHAL will use a subset of feature instances — an explanation set
XExp — which is excluded from training to induce the surrogate model (Notation 4.3).

Notation 4.3 (Tabular Data Regression). Again, let (x1, ..., X, ..., xn)T =x¢€ Xbea
feature vector of a feature set with identifier set F = {1, ...,i,...,.n}. Now,lety € ) C
R be the target of a regression model f : X — ). Specifically, f is a Gaussian Process
regression (Rasmussen and Williams, 2006) with radial basis kernel function. Let

f(x) = £l X, Y, x ~ NE[fu] X, V), 2], cov(f.)),

where f, is the predictive distribution. Suppose that ¥ = (Ymean, Ycoo) = f(x). Let
x() (y(”)) reference the n-th instance in X' (). Let Xy, C & be an explanation set.

Remark 4.6. The covariance of the predictive distribution cov( f.) is computed with
the kernel function of the Gaussian Process regression model. See Rasmussen and
Williams (2006) for details.

Example 4.8. A regression model estimates the average house price of districts in
Boston. Assume that the average house price of Charlestown is calculated as:

y(Charlestown) — (ymean = 750,000, Yeoo = 375, 000) _ f(x(Charlestown)),

where the indication of the instance Charlestown is simplified by a superscript.

With Gaussian Processes (Rasmussen and Williams, 2006), each prediction
emerges from a distribution, which explicitly quantifies the variation by the
second moment of a normal distribution. The inverse coefficient of variation
(Definition 4.21) projects the coefficient of variation to an interval ranging from zero
to one and subtracts the value from one. It is assumed to be a suitable measure for
the certainty of a prediction because it puts the estimate in relation to its variation.

Definition 4.21 (Inverse Coefficient of Variation). Let the inverse coefficient of variation
(inv_cv) be a measure for the certainty associated with a prediction:

Yprop = inv_co(y) = 1 — co with cv = Yoo * (Yimean + 0.01)"!and cv € [0,1].

Example 4.9. Consider the values obtained by Example 4.8. The inverse coefficient
of variation is calculated as follows:

Yprob = 0.5~ 1 — [375, 000 - (750,000 + 0.01)—1] .

PHAL has two steps: (i) An abstraction step, where the level of measurement is
reduced by statistical feature extraction procedures (Definition 4.22) and (ii) a rule
learning step, where PROBFOIL* (Raedt et al., 2015) returns a probabilistic logical
surrogate for the regression model wrt. constructed examples. Note that statistical
feature extraction can go beyond locality measurements such as the quartile values
(Example 4.10). For instance, higher-order derivatives can be used to relate the slope
of a function to the regression target. Hence, on the one hand, the abstraction step
reduces the information degree, but simultaneously, on the other hand, increases the
flexibility of the surrogate representation.

geﬁnition 4.22 (Statistical Feature Extraction). Suppose a transformation function
h that serves as a statistical featire extraction method to reduce the information de-
gree. Then, ¥ = h (x) and J = " (Ymean) indicate abstractions of feature and target.
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Example 4.10. Assume that the room number is the only feature in X and
(Charlestown)

Xrooms = 4. Further, assume that h_> translates the numeric feature
into quartile values. Then, suppose that J (x(Charlestoun)) _  g(Charlestoun)
and glSherlestom) g5 meaning that 75 percent of all districts in
Boston on average have four or less rooms. Moreover, suppose that

7( Sr?gl':;rlestown)) — g(Charlestown) =1.0

Both components, the inverse coefficient of variation and the statistical feature
extraction, are part of the construction of probabilistic examples for regression mod-
els. Similar to the classification case, Definition 4.23 models the relation between
features and the regression target: The instance is instantiated by a unary predicate
representing a position in the data set. Each feature is modeled as a binary predi-
cate containing the instance name and the abstracted feature. The target predicate is
built wrt. a specific target value of the feature extraction procedure. If the instance
evaluates to the target value, its probability is replaced by the inverse coefficient of
variation. Otherwise, the target probability is zero.

Definition 4.23 (Probabilistic Example for Regression Models (Raedt et al., 2015)).
Let ¢, the target predicate of a probabilistic example for regression models, be built by:

p(t(x" )) with ¢ = < h >_<name(y)>_<target_value>,

where t(x(")) = i_n translates ’che_> position of x € X into ProbLog syntax, name(y)
returns the name of the target, < i > is the name of the feature extraction method,
the <target_value> is the desired abstracted value wrt. h and:

p= mv_cv(y ) (Definition 4.21)

if ]7(”) = <target_value> with y~(”) = 7(y§,§le)an) (Definition 4.22)  and
p=0 otherwise.

A single probabilistic example for regression models e is then defined
as follows, where the second component is repeated for each i € F:

instance(t(x(™)). name(x;) (t(x(”)),hfl(")). pp(t(x™)),
where #(") = 7(3((”)). Suppose now that TOPROBEX (x(), ("), 7, ¢) returns e.

Example 4.11. Assuming that Charlestown is the only instance in X, a probabilistic
example can be constructed as follows, taking the information of the Examples 4.8
to 4.10 into account:

instance(i_1). rooms(i_1,h75). 0.5::quartile_price_100(i_1).

Remark 4.7. Note that unique or multiple feature extraction procedures can abstract
each feature. In those cases, using distinct prescripts of the abstracted feature value
is important — in particular, replace h.

Remark 4.8. Practically, multiple examples per target feature extraction procedure
¢ are constructed and aggregated to a target predicate set ® — for instance, replacing
<target_value> by 0, 25, 50, 75, and 100 in the quartile example.

Definition 4.24 (Metric Inferences). Suppose that the success probability Prs(q|R)

for a query g (Definition 4.2) is calculated for each query predicate ¢ € P w1th

corresponding rule set R € R. If Prg(q|R) > «a, the metric inference is § = " y(7)
(_

and nil otherwise, where § , reverses the transformation, nil stands for a missing
value, and « € [0,1] is a prediction threshold.
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Example 4.12. Suppose & = 0.5 and assume the following rule sets:

R = {Rl = {0.9 :: quartile_price_100(X) :- rooms(X,h75)},

Ry = {0.9 :: quartile_price_25(X) :- rooms(X, h25)}}.

The success probability Prg(quartile_price_100(Charlestown)|R;) = 0.9, the one
for R, evaluates to zero. Reversing the transformation in the running example
means replacing the quartile value with the quartile boundary, e.g., assume for

%
Charlestwon, h ,(1.0) = 800,000 (Example 4.10, Figure 4.21).

PHAL (Algorithm 4.6) induces a set of rules per target predicate (line 2). For each
target predicate, it iterates over the feature data set (line 4), where each instance is
predicted (line 5). Using the predictions, probabilistic examples are generated (line
6), which are together with the target predicate input for the rule induction (line 7).

Compared to PROBFOIL* (Raedt et al., 2015), Algorithm 4.6 is executed itera-
tively for abstracted features and targets. This also holds for the inference step
(Definition 4.24), during which each target predicate is evaluated. If the success
probability exceeds a prior specified prediction threshold, the transformation step
is reversed such that continuous values replace the logical inferences. A drawback
of this procedure is that logical inferences might produce missing values and the
reverse transformation is deterministic.

%
Algorithm 4.6: PHAL(f, h , ®, Xgyp)

—
Input: Regression model f, statistical feature extraction procedure &, set of target
predicates @, explanation data set Xy,
Output: Set of probabilistic logic rule sets R

1: R+ @

2: for¢p € ddo > Definition 4.23, Remark 4.8
3: E+— @

4: for x € XEyp do

5: y <+ f(x) > Notation 4.3
6: L EUTOPROBEX(x,y, 1 , ) > Definitions 4.21, 4.22 and 4.23
7: R UINDUCE(¢, E) > Raedt et al. (2015)

8: return R
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Experiments

Setup PHAL is evaluated in comparison to GridEx (Sabbatini, Ciatto, and Omicini,
2021) regarding its fidelity (Definition 4.25), stability (Definition 4.26), and complex-
ity, measured as the average number of rules and the average number of predicates
per rule on the Boston Housing (Housing) and Wine Quality (Wine) data sets®!.
GridEx*? is a knowledge extraction algorithm for tabular data with continuous tar-
get variables. It searches for rules consisting of lower and upper bounds of features
that describe a continuous outcome. The lower and upper bounds span an area
in the feature space. Multiple areas can be visualized as cubical shapes, which is
why the rule components of GridEx are termed hypercubes (Sabbatini, Ciatto, and
Omicini, 2021).

Definition 4.25 (Fidelity (Rosenfeld, 2021)). Let fidelity be the performance difference
wrt. classification metrics denoted as A, in this case the false positive (f p-) and false
negative rate (fn-rate). The predictions of the regression model are abstracted by

7= 7(ymmn) (Definition 4.22), where (Ymean, Yeov) = f(x) (Notation 4.3).

Definition 4.26 (Stability (Rosenfeld, 2021)). Let P be the set of unique predicates
of all rules in R in experimental iteration ¢. The stability (S) of predicates between
two experimental iterations ¢ and #' is:

|PO AP

|POUPE)|

Remark 4.9. To compute the stability of GridEx (Sabbatini, Ciatto, and Omicini,
2021), the set of unique hypercubes is used.

S(PH, Pty =

Fidelity is measured by classification instead of regression metrics. One can
easily reduce the information degree of the regression model’s predictions, but in-
creasing the information degree of rule outcomes such as the reverse transformation
step in PHAL most certainly introduces systematic differences between PHAL and
GridEx. Therefore, all outcomes are abstracted into quartile values. The stability
metric is based on the Jaccard index and divides the intersection of unique predi-
cates by their union. The stability results are the average stability estimates compar-
ing each of the five experimental iterations to every other experimental iteration.

From each data set, 50 percent of instances are used to train the Gaussian Process
regression model®® and 25 percent of instances are used to obtain the surrogate mod-
els. The remaining 25 percent of instances are test data, where the abstracted first
moment of the predictions of the Gaussian Process regression are treated as ground
truth. This step is crucial because the surrogate models are designed to mimic the
regression model rather than to maximize the predictive performance.

Results PHAL is superior in terms of fidelity and stability (Table 4.10). GridEx, on
the contrary, has slight benefits in terms of the complexity.

31Housing: https://www.kaggle.com/datasets/schirmerchad/bostonhoustingmlnd,
Wine: https://wuw.kaggle.com/datasets/danielpanizzo/wine-quality, 25 July 2024.

pttps: //github.com/psykei/psyke-python, 25 July 2024.

Bhttps://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.
GaussianProcessRegressor.html, 25 July 2025.
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Table 4.10: PHAL experimental results. Comparison of fidelity determined by the perfor-
mance difference (A) in false positive (f p) and false negative (fn) rate, complexity measured
as the average number of rules and the average number of features per rule, and stability (S)
between two Methods and Data sets wrt. a regression model.

Data Method A-fp-rate A-fn-rate # Rules @ Features S
Housing PHAL 0.04 (0.03) 0.11 (0.09) 7.20 (0.84) 2.87 (0.51) 0.85 (0.04)
GridEx 0.09 (0.05) 0.39 (0.40) 5.00 (0.00) 1.40 (0.55) 0.19 (0.01)
Wine PHAL 0.04 (0.02) 0.07 (0.04) 2.80 (0.84) 3.68 (0.29) 0.87 (0.06)
GridEx 0.09 (0.05) 0.47 (0.20) 4.40 (1.14) 1.40 (0.89) 0.26 (0.03)

Section Summary

Summary PHAL (Algorithm 4.6) is a knowledge extraction procedure for regres-
sion models that returns a probabilistic logical theory specifically for a target predi-
cate, which is a statistical property of the regression target. Users construct the shape
of the surrogate model by defining the feature extraction procedures. The extracted
features are converted into logical predicates, where PROBFOIL* (Raedt et al., 2015)
induces the surrogate model. PHAL is beneficial regarding fidelity and stability in re-
lation to GridEx (Sabbatini, Ciatto, and Omicini, 2021), a state-of-the-art knowledge
extraction procedure for continuous target variables (Table 4.10).

Limitations PHAL connects statistical feature extraction and probabilistic
rule learning, which is otherwise more common for classification tasks. Hence,
there exist some conceptual limitations, which will be discussed. Moreover, the
experimental evaluation is shallower compared to other evaluations in this thesis.
Still, there exist some improvement opportunities.

¢ Conceptual limitations:

Probabilistic logic, in general, has its benefits in an uncertain environment that
consists of many complex relations in the feature space (Raedt, Kimmig, and
Toivonen, 2007). An open question is whether tabular data regression tasks
are scenarios, where the benefits of probabilistic logic apply. It might be the
case that more intuitive and computationally efficient rule learning algorithms
such as decision trees achieve comparative results to PROBFOIL" (Raedt et al.,
2015). On the upside, PHAL increases knowledge extraction opportunities. For
instance, when leveraging the second moment, PHAL is capable of returning
theories that inform users where highly unstable results are probable. The in-
verse coefficient of variation (Definition 4.21) requires a model that estimates
the uncertainty, which is a restriction to a specific class of models. Perspec-
tively, when integrating PHAL into the CAIPI framework (Teso and Kersting,
2019), CAIPI's model invariance property would be jeopardized. Ensemble or
Bayesian models at least extend the set of suitable models for PHAL.

¢ Experimental setup:
The experiments should be extended towards more data sets and baseline
methods. Regression and optimization have been treated as synonyms.
Strictly, this chapter only provides evidence for regression problems. Critical
in the broader scope of XIML is the data type, which determines the choice
of the explanation and feedback algorithm. Therefore, it can be argued
that the implications apply also in the optimization context, which is also
underpinned by Chakraborty, Wirth, and Seifert (2024). The experimental
setup systematically favors PHAL over GridEx because the regression target
that serves as the ground truth for the fidelity is abstracted similarly to when
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obtaining the surrogate model. GridEx, on the contrary, uses the raw feature
and target space as input. For the sake of comparability, its predictions are
abstracted afterwards. The randomness in the selection of the explanation
data set might be the dominant reason for the instability of GridEx, which is
more vulnerable than PHAL that transforms the feature and the target space
a-priori and thus also removes possible outliers. The stability of GridEx is
corrupted once the range of the feature target space changes, the one of PHAL
only if quartile boundaries change drastically. PHAL explicitly induces a
theory for each possible target predicate, which is similar to the possible test
outcome cases. GridEx might model the majority of the feature target space
accurately, but false negative predictions might result from a proportion of the
target space, which is poorly represented in the explanation data set.

Implications for CAIPI PHAL (Algorithm 4.6) is an eligible algorithm to be in-
tegrated into CAIPI (Teso and Kersting, 2019) in the context of regressions. Even
though it is no local explanation algorithm in the strict sense, it might be beneficial
for CAIPI in two aspects: First, it captures the regression model’s general behavior
while containing rules that apply to a specific instance. Hence, PHAL belongs more
into the category of global explanation procedures (e.g., Schwalbe and Finzel, 2023),
but local explanations can be deduced from it. Second, the predicates in the PHAL
surrogate are tailored to the users’ needs, as the statistical feature extraction proce-
dures can be arbitrarily substituted, as long as they suit the data type. To generate
counterexamples, one can first select the rules that cover an instance — similar to lo-
cal explanations. The rules can be revised afterwards — similar to the explanation
revisions in the RWR case. The revised rules partition the unlabeled data set wrt. to
the decisive features. Counterexamples would be random samples of the partitioned
data set, where the indecisive features are randomly substituted.

Figure 4.22 showcases a possible explanatory interactive regression approach in-
corporating PHAL within the scope of the running example. Having a regression
model selected the most-informative instance, a user evaluates its prediction and
the decision-making mechanism depicted as the subset of PHAL rules covering the
instance. In this case, the average house prices of districts in Boston are estimated
by the districts” average room numbers. A PHAL rule covering the most-informative
instance, the district Roxbury, suggests a relation between the 25 percent quartile of
rooms and the 25 percent quartile of house prices with a 90 percent probability. The
user corrects the association such that the 25 percent room quartile is associated with
the 50 percent house price quartile. The user might also be certain about this asso-
ciation, thus modifying the probability to 100 percent. Three unlabeled instances
are covered by the revised rule. A sampling procedure generates counterexamples
by a random selection of instances from the restricted unlabeled data set. Their ad-
dition with random noise scaled by the rule probability prevents overfitting. The
counterexamples strengthen the user’s perception of the relation associated with the
most-informative instance. Note that this kind of explanation revision does not de-
terministically locally reflect decision-making mechanisms of instances similar to
the most-informative instance, yet generally refines the regression model. On the
upside, the explanation revision is more flexible, making also generalizations and
specifications feasible. The applicability of such an explanatory interactive regres-
sion model has not yet been experimentally evaluated, but it appears to be a promis-
ing future research direction.
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7 0.9 it quartile_price_100(X) :- rooms(X,h75).\‘\
0.9 :: quartile_price_25(X) :- rooms(X,hZS),,,'
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Figure 4.22: Explanatory interactive regression outline. A regression model selects the most-
informative instance from the unlabeled data set. PHAL generates a rule set serving as a
surrogate for the regression model. A human evaluates the prediction and explanation and
revises the applicable rule. The revised rule restricts the unlabeled data set, from which
instances are sampled and random noise is added.

Nevertheless, integrating PHAL into CAIPI also has some severe drawbacks:
First, a certain proportion of the unlabeled data set must be restrained as an
explanation data set. Second, obtaining a surrogate model in each RWR iteration
is costly and might be inaccurate depending on the available examples, which
are determined by the quality of the regression model. Especially in early CAIPI
optimization iterations, where the regression model might have a poor predictive
quality, positive or negative probabilistic examples might be rare.

Other methods with characteristics akin to PHAL also prove to be highly suitable
for CAIPI. For example, integrating a decision tree with an initial abstraction step
promises comparable efficacy. Counterfactual explainers (e.g., Guidotti, 2022, and
references therein) offer a purely local explanation approach. However, for contin-
uous target variables, establishing an alteration threshold analogous to the target
class modification in classification scenarios is required.

4.3.2 Mixed-Data Clustering

The contents of this section are published in Amling et al. (2024) and rephrased. This
section uses figures, tables, definitions, examples, and an algorithm of Amling et al.
(2024), which are cited accordingly. Appendix C.5 contains detailed information
about the author’s contribution to the referenced publication.

XIML algorithms such as the ones reviewed in Table 1.1 focus exclusively on
supervised ML problems. Consequently, they neglect clustering as the most promi-
nent unsupervised ML task (Madhulatha, 2012). Clustering decomposes a data set
into smaller sets with meaningful structures, also termed partitions or clusters. Var-
ious clustering algorithms exist with distinct conceptual approaches. For instance,
k-means (Lloyd, 1982) partitions data sets wrt. representative instances — in this case,
the expected instance. Contrary, Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) (Ester et al., 1996) searches for density regions in a data space.
Hence, different clustering algorithms applied to the same data set might result in a
different outcome. Another crucial problem is that clustering benchmarks target pri-
marily spatial data with continuous values (Gagolewski, 2022). They neglect hereby
the unique challenges, e.g., for distance metrics, introduced by mixed-data scenar-
ios, which are mostly present in tabular data. Existing post-hoc explanatory ML
techniques for clustering are frequently based on surrogate models, e.g., Morichetta,
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Casas, and Mellia (2019) use LIME (Ribeiro, Singh, and Guestrin, 2016), which, de-
pending on their faithfulness, might introduce approximation errors and thus inac-
curate explanations. Other post-hoc cluster explainers use feature importance values
but restrict themselves to a single explanation type (e.g., Scholbeck, Funk, and Casal-
icchio, 2023), despite a diverse user group might benefit from multimodal explana-
tions. Revisit Amling et al. (2024) for an exhaustive literature review of explanatory
ML algorithms for clustering.

Problem Local explanations are a prerequisite for an iterative revision of cluster-
ing algorithms by XIML (Teso and Kersting, 2019). For clustering, there exists a
research gap in developing post-hoc explanation methods that directly explain par-
titions without surrogate models or prior knowledge about the clustering algorithm.

Solution Categorical and continuous definitions of the entropy that measures the
information concentration lead to local feature importance scores for clusters decom-
posing a data space with different scales of measurement. The local feature impor-
tance score is the basis for various modes of explanations: precisely, cluster-specific
prototypes and rules and global feature importance scores for the entity of clusters.

Contribution This section contributes (i) a mathematical derivation of a model-
agnostic explanation approach for mixed-data clustering based on local feature im-
portance values as well as (ii) a deduction of various explanation types from the
local feature importance scores. Related to this chapter is (iii) the clusterExplainR li-
brary®* implemented in R, which generates multimodal explanations for a clustering
process with mixed data.

The explanation types generated by clusterExplainR are visualized by
Figure 4.23. Evaluating clustering algorithms is challenging due to the lack
of ground truth in real-world applications. Hence, this section compares a
subset of the explanation types to established methods on clustering benchmark
data sets (Gagolewski, 2022): precisely, the global feature importance score to
SHAP (Lundberg and Lee, 2017), and the rules to Cluster Analysis with Multidi-
mensional Prototypes (CIAMP) (Bobek et al., 2022). For additional experiments on
real-world data sets, refer to Amling et al. (2024).

Subsequently, the explanation types of clusterExplainR will be derived in a first
and evaluated in a second part. The section summary will target the question of how
clusterExplainR can be incorporated into a variation of CAIPI for clustering.
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Figure 4.23: clusterExplainR overview (Amling et al., 2024).

34https://github.com/imperonas/clusterExplainR, 29 July 2024.
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Methods

Clustering is an unsupervised ML task that divides a feature data space into smaller
subsets. Similar to other domains of this thesis, mixed-data clustering on tabular
data has it own notational conventions formalized in Notation 4.4.

Notation 4.4 (Mixed-Data Clustering (Amling et al., 2024)). Let (x1, ..., x;, ..., x,)T €
X be an instance of a feature data set with identifier set = {1, ...,1,...,n}, of which
C C F is the subset of categorical and M = F \ C is the subset of metric identi-
fiers. Let hard clustering decompose X into the partitions {B(), .., B} = B. Let
X denote the random variable behind a feature dimension in & with a outcome of a
possible outcome set z € Z, where Xp and Zp express the random variable and the
set of possible outcome values wrt. partition B. Finally, let X = (X3, ..., Xj, ..., X;;) be
the sequence of random processes corresponding to the feature dimensions in X.

Definition 4.27 (Entropy (MacKay, 2003; Marsh, 2013; Amling et al., 2024)). Let en-
tropy measure the information concentration of a feature wrt. its level of measure-
ment. Let there be a categorical and a continuous case:

Shannon (categorical) entropy:
Suppose a discrete random variable X of a feature from {x;|i € C,x € X}. Let
pz = Pr(X = z). Then, the Shannon entropy is:

H(X) = =} pzlog,(p2).

zeZ

Continuous entropy:

Now, suppose a continuous random variable of a standardized feature from {x;|i €
M, x € X} with Z = |—0c0, 00[ and probability density function p. Then, the contin-
uous entropy is defined as:

H(X) = — [ p(z)10g, p(z)d=

Definition 4.28 (Local Feature Importance Score (Amling et al., 2024)). Let the local
feature importance score (IF1S) be defined as follows:

IFIS(X,B) =1 —min(H(Xp) - H(X)™},1).

Each explanation type of clusterExplainR leverages entropy (Definition 4.27) as
a mathematical concept that quantifies the information concentration of a feature
within a corresponding random process (MacKay, 2003). Features that are split het-
erogeneously across clusters maximize the entropy, while features with homoge-
neous distributions, e.g., one value is only contained by one cluster, minimize the
entropy. Deduced explanations are model-agnostic and mathematically sound, as
clusterExplainR accommodates categorical and continuous scales of measurement,
both present in tabular data. By comparing the entropy of a feature within a certain
cluster to its global entropy, the information concentration of a feature of a cluster is
contextualized in relation to the population. A feature equally distributed across the
population will have an entropy close to one, whereas the same feature will have an
entropy close to zero if it is concentrated in a cluster. In this case, the feature is said
to be locally important for the cluster (Definition 4.28).
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Example 4.13. Suppose the following clusters partitioning the gender variable of a
data set (Amling et al., 2024).

gender X B B B®)
female 60% 87.5% 50% 0%
male 40% 12.5% 50% 100%

The local feature importance score for the first cluster is calculated as:
H(gender) = — (0.6 -log, 0.6 + 0.4 - log, 0.4) ~ 0.97
H(genderyn)) = — (0.875 - log, 0.875 + 0.125 - log, 0.125) ~ 0.54

H(genderyq)) > . 0.54

—— =~ 0.44.
H(gender) 0.97

IFIS(gender, B")) = 1 — min (

The global feature importance score (Definition 4.29) quantifies the impact of a

feature on the clustering process in general. It is calculated as the average of all
clusters’” local feature importance scores.

Definition 4.29 (Global Feature Importance Score (Amling et al., 2024)). Suppose k
partions B € B. Then, the global feature importance score (§F1S) is defined as:

gFIS(X,B) = < lelg IFIS(X, B)) kL.

Example 4.14. Calculating [FIS for the remaining clusters of Example 4.13 results in
IFIS(gender, B®)) = 0.0 and IFIS(gender, B®)) = 1.0. Hence, gFIS(gender, B) =
(044 +0+1) x § = 0.48 (Amling et al., 2024).

The entity cluster matching score (Definition 4.30) assesses the representative-
ness of the important features of an instance for a cluster. It unifies two components:
a component quantifying the general representativeness of the instance and the local
feature importance score. Intuitively, the entity cluster matching score normalizes a
feature’s local importance within a cluster relative to its importance across all clus-
ters, thereby scaling the representative measure for a feature value.

Definition 4.30 (Entity Cluster Matching Score (Amling et al., 2024)). Let the entity
cluster matching score (ECMS) be defined as follows:

_ Ywerxexm(xi, Xp) - IFIS(X, B)
ECMS(x,X,B) = S cox IFIS(X, B) , where
Pr(Xg =x;) -max ({Pr(Xg=2)|ze Z 1 jfiec,
m(xi,XB):{ (Xs = x;) - max ({Pr(Xp = z)|z € Zs})
pXB(xi) - max (pXB (Z))

including the assumption that the outcomes of px, for x; and z are feasible.

otherwise,

Prototypes (Definition 4.31) are representative instances per cluster. The instance
of a cluster that maximizes the entity cluster matching score can be considered as
the prototypical instance.

Definition 4.31 (Prototype (Amling et al., 2024)). Let arg max
turn the prototype of partition B.

ECMS(x,X, B) re-

xXE€B
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Example 4.15. Consider the example of Amling et al. (2024). Suppose the random
variable weight with realization 75kg. Further, assume that IFIS(weight, BV)) =
0.33 with Pueignt () (75) = 0.05 and mode( Pueignt ) = 0.05. Finally, assume a single

woman (w) and a single man (m) from cluster B, both with weight = 75kg. Then
ECMS can be computed by:
~1.0-044+1.0-0.33

ECMS(w, (gender, weight), B(l)) = 0441033 = 1.0,
142 A4 + 1. .
ECMS(m, (gender, weight), B(l)) ~ 0.1429 ;24 _:(;.330 x 0.33 ~ 0.51.

Hence, the instance (w) is the chosen prototype for cluster B(!.

Finally, the local feature importance score can also be used to generate rules that
describe a cluster (Algorithm 4.7). The rules are logical conjunctions of ranges for
continuous features and feature values for categorical features. A rule set, in this
case, are conjunctions of predicates for each feature. The RULESEARCH algorithm
starts with the most general rule (line 1). It refines the rule as long as false positives
exist (line 2). It selects the most important feature of a cluster (line 5) and evalu-
ates randomly sampled proposal rules (line 6) according to a rule selection heuristic
(Definition 4.32) wrt. the Fl-score. The selected proposal rule extends the prelimi-
nary rule if it generates at least one true negative (line 7). Otherwise, the feature is
omitted and the procedure continues as long as features are available. Figure 4.24 is
a graphical representation of the RULESEARCH algorithm.

Definition 4.32 (Rule Search Heuristic (Amling et al., 2024)). Let each rule r € R
decompose X into a partition B € B denoted as B = r(X). Let F1(r(&X’)) return
the corresponding Fl-score. Let Rpx be a set of proposal rules for partition B and
random variable X. Then, the rule search heuristic is: arg max,{F1(r(X))|r € Rpx}.

ignore feature
T no

true

negatives
?

select best
feature rule

(categoric set,

numeric range)

false

positives
?

select most
important
feature

calculate
IFIS

yes no
add rule to
—> cluster rule
cluster rules

restrict data based
on cluster rules

yes

Figure 4.24: clusterExplainR rule search algorithm (Amling et al., 2024).

Example 4.16. Consider the following exemplary rules obtained by Algo-
rithm 4.7 (Amling et al., 2024):

Cluster 1 (Accuracy: 80, Coverage: 87.5):
Gender is Female
AND Weight is between 64.4 and 85.1

Cluster 2 (Accuracy: 60, Coverage: 100):
Weight is between 56.1 and 92.9

Cluster 3 (Accuracy: 100, Coverage: 100):
Gender is Male
AND Weight is between 43.4 and 45.6
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Algorithm 4.7: RULESEARCH(B, X, X) (Amling et al., 2024)

Input: Partition B, dataset X, sequence of random variables X
Output: Rule set R describing partition B
: R+ @
: while J,cpx)x ¢ Bdo
: r+— ;X X

1
2
3
4 whiler =2 A|X'| >0do

5: X « argmax, {IFIS(X,B)|X € X'} > Definition 4.28
6: 1" < argmax {F1(r(X))|r € Rpx} > Definition 4.32
7 r 1 ifr'(X) # X else X' < X'\ X
8: R <+ RUTr
9: return R

This section has proposed a local feature importance score, which compares the
entropy of feature dimensions within a cluster to the overall population. More ex-
planation types have been deduced from the local feature importance score: a global
feature importance score assessing the general importance of features for a cluster-
ing process, prototypical instances for clusters, and rules describing a cluster.

Experiments

Setup The entropy-based clusterExplainR approach is evaluated on four cluster-
specific yet numerical benchmark data sets, named wingnut, mkl, mk2, and iso-
lation (Gagolewski, 2022). All of which define spatial clustering tasks, which Fig-
ure 4.25 visualizes. Important to understand is that cluster benchmarks provide a
cluster ground truth and, therefore, mimic a perfect clustering outcome without ap-
plying a clustering algorithm. Readers interested in evaluations on real-world data
sets, which have been clustered manually, are referred to Amling et al. (2024).

This section has contributed the first model-agnostic, entropy-based, multi-
modal explanatory ML approach for mixed-data clustering. As a consequence,
appropriate benchmark methods with the same characteristics as clusterExplainR
are scarce. Therefore, the evaluation concentrates on the global feature importance
score and the cluster rules and compares them to the well-established methods
SHAP (Lundberg and Lee, 2017) and CIAMP (Bobek et al., 2022). SHAP is applied
similarly to Definition 4.11 but uses a random forest®® as a surrogate model,
which is trained with the cluster identifiers as labels. CIAMP leverages the
Anchor explainer (Ribeiro, Singh, and Guestrin, 2018) on a clustered data set as a
surrogate model and generates rules containing bounding boxes with a range in
the continuous case and a set of possible values for categorical features. The rules
are evaluated in terms of fidelity, now measured by the accuracy and the coverage
metric, and simplicity, calculating the average number of rules per cluster and
the average number of features per rule. The results can be reproduced using the
clusterExplainR R library®.

Results Figure 4.25 compares RULESEARCH (Algorithm 4.7) to CIAMP (Bobek et
al., 2022) and shows a similar result in terms of spatial clustering tasks. Both ex-
plainers are capable of finding profound rules for tasks with independent feature
dimensions (wingnut, mk1). The rules of both algorithms do not suffice for data

3Shttps://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
RandomForestClassifier.html, 30 July 2024.
36https://github.com/imperonas/clusterExplainR, 29 July 2024.
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RULE SEARCH
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Figure 4.25: clusterExplainR rule-based cluster explanations (Amling et al., 2024).

sets with correlated feature dimensions (mk2, isolation). This conveys also in the
accuracy and coverage metrics of each cluster, where RULESEARCH tends to have
minor benefits even for benchmark data sets with correlated feature dimensions in
comparison to CIAMP (Table 4.11). Interesting is the complexity evaluation, where
RULESEARCH by definition (Algorithm 4.7) generates a single rule per cluster. Yet,
also the average number of features per cluster point to simplicity advantages of
RULESEARCH compared to CIAMP (Table 4.12).

The global feature importance score behaves similarly to SHAP (Figure 4.26) in
terms of the feature ranking and the attribution magnitude. The only exception is
the isolation data set, where SHAP retrieves an almost uniform attribution over the
clusters for each feature and the global feature attribution score concentrates almost
its entire attribution magnitude to the first cluster for each feature.

Table 4.11: clusterExplainR rule fidelity evaluation (Amling et al., 2024). Comparison of
the fidelity between RULESEARCH and CIAMP measured by the Accuracy and Coverage
metrics for each Cluster and Data set.

RULESEARCH CIAMP

Data Cluster Accuracy Coverage Accuracy Coverage
wingnut Cluster 1 100% 100% 100% 100%
Cluster 2 100% 100% 100% 100%
mkl1 Cluster 1 100% 100% 100% 100%
Cluster 2 97% 91% 99% 98%
Cluster 3 98% 94% 99% 100%
mk2 Cluster 1 51.3% 99.8% 49% 99%
Cluster 2 58.2% 96.2% 49% 98%
isolation Cluster 1 98.7% 100% 66% 90%
Cluster 2 53% 99.9% 69% 30%

Cluster 3 - - 65% 33%
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Table 4.12: clusterExplainR rule complexity evaluation (Amling et al., 2024). Comparison of
the rule complexity between RULESEARCH and CIAMP by the average number of rules per
cluster (& Rules), and the average number of features per rule (& Features) across Data sets.

RULESEARCH CIAMP
Data & Rules & Features & Rules & Features
wingnut 1.0 1.0 4.0 3.25
mk1 1.0 1.67 3.33 3.5
mk?2 1.0 2.0 5.0 3.5
isolation 1.0 2.0 5.0 3.93
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Figure 4.26: clusterExplainR global feature importance score SHAP comparison (Amling et
al., 2024).

Section Summary

Summary The clusterExplainR framework proposes multiple explanation types
— in particular, local and global feature importance scores, prototypes, and rules —
which are mathematically derived solely from the information concentration of fea-
tures in clusters. Hence, clusterExplainR is a mathematically sound, model-agnostic,
and multimodal explainer, which specifically targets the challenges related to mixed
data. The evaluation shows that explanations derived from clusterExplainR behave
similarly to state-of-the-art explanation strategies, which is why clusterExplainR is
a profound, novel, and beneficial way to target the opaqueness frequently encoun-
tered in unsupervised mixed-data clustering.

Limitations The evaluation setup reveals the necessity for particular mixed-data
clustering benchmarks. The evaluation in Amling et al. (2024) suggests a trade-off
between validated benchmark data, which are frequently continuous spatial clus-
tering tasks, and complex mixed-data clustering tasks, where even state-of-the-art
clustering approaches encounter problems when trying to find stable solutions. De-
spite the latter is no problem for the application of explanatory ML techniques, the
noisy results might amplify in surrogate models of XAI techniques, making a stable
experimental evaluation challenging. It can be expected that this drawback will di-
minish if mixed-data clustering benchmarks and more model-agnostic explanatory
ML approaches for mixed-data clustering become available.
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The clusterExplainR framework faces some open challenges: First, the obtained
rules are unsuitable to capture feature interactions (Figure 4.25). Second, the ten-
dency of the categorical entropy to converge to zero is higher than for the contin-
uous entropy (Definition 4.27). Hence, categorical features might be favored over
continuous features. The discrepancy between categorical and continuous feature
dimensions is a known issue to distance metrics, which combine both scales of mea-
surement (e.g., Gower, 1971). Finally, RULESEARCH (Algorithm 4.7) tends to pro-
duce specific rules with small intervals in the continuous case (Figure 4.25, mk1),
potentially counteracting the interpretability and generalizability.

Implications for CAIPI In practice, even if clustering is considered as being an
unsupervised ML task, it is a highly interactive approach where practitioners might
incrementally revise the feature set or adapt the parameters to obtain a stable yet
meaningful clustering result. Whereas the numerical stability can be measured, the
meaningfulness of clusters is context-dependent. Consider a scenario where a data
set with thousands of features shall be explored by clustering. Based on distance
metrics, the most-heterogeneous cluster can be identified — the cluster equivalent of
the most-informative instance. The local feature importance score estimates the rel-
evance of a feature in the most-heterogeneous cluster. A practitioner might possess
the knowledge that a high importance value has erroneously been associated with
a specific feature. The feature weight for the instances in the most-heterogeneous
cluster can be incrementally decreased to have a context-specific adjustment, which
maximizes the expected overall stability improvement. This setup can be used, for
instance, to counteract potential biases in clusters similar to Heidrich et al. (2023). In
general, the feedback loop in the clustering case needs to be more sophisticated than
the added counterexamples by CAIPI (Teso and Kersting, 2019) in the classification
case. The overarching goal of clustering is to split a high-dimensional data set into
meaningful subsets. An additional increase in complexity appears to be inviable,
potentially having severe drawbacks for the computational efficacy of clustering al-
gorithms. Therefore, the incremental weight adjustment is a promising feedback
opportunity, which is worth exploring in the future.

Figure 4.27 further illustrates a potential integration of the derived local feature
importance score into an explanatory interactive clustering framework. Envision a
data space consisting of the features weight and gender similar to the running ex-
ample of this section and suppose the necessity to derive meaningful subsets of the
data space by clustering. Assume that a clustering algorithm has found three clus-
ters: two clusters partitioning instances wrt. their weight and one heterogeneous
cluster, which can be considered as the most-informative cluster according to the en-
rolled interaction framework. The local feature importance score attributes a slightly
elevated importance value to the gender feature in the most-informative cluster. A
human practitioner has the knowledge to identify the instances” gender as being in-
decisive in the specific context of the most-informative cluster. The user revises the
explanation, resulting in a weight reduction of the gender variable of the instances
that belong to the annotated cluster for the clustering algorithm. Figure 4.27 puts
forward that local weight adaptations by explanation revisions are beneficial for ob-
taining stable and meaningful partitions of the data space. Two clusters partitioning
instances according to their weight appear to be meaningful subsets for the data
space in the specific context of the outlined example. The evaluation of this hypoth-
esis is a promising future research direction, expanding the applicability of XIML
even further.
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Figure 4.27: Explanatory interactive clustering outline. An iterative clustering procedure is
capable of selecting the currently most-informative cluster. Its explanation — here, the local
feature importance score — is presented to a human user who identifies the gender feature as
being indecisive. The explanation revision refines the clustering process incrementally and
ultimately finds more expressive and stable clusters.
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4.4 Chapter Summary

Figure 4.28 summarizes the CAIPI component adaptations discussed in this chapter.
Based on the conceptual CAIPI overview (right), the adaptations are listed and color-
coded (middle): Orange belongs to adaptations that in summary improve CAIPI's
performance in its original, primary application area image classification (Teso and
Kersting, 2019). Encoded in blue are modifications that expand CAIPI’s applicability
towards tabular data classification tasks (left). Furthermore, this chapter has intro-
duced two explanation frameworks, that potentially broaden CAIPI’s application
spectrum to regression, optimization, and clustering (bottom), color-coded green
and red. The latter adaptations need to be paired with modifications of the inter-
action and counterexample generation, or more broadly feedback injection, com-
ponents. Each modification contains section numbers in brackets. Please revisit the
section summaries for each adaptation’s specific derivations, results, and limitations.
Note that the prediction component has not been modified at this stage. Its adap-
tation will be addressed in the next chapter, which, in combination with the results
from this chapter, will answer R2.

In summary, this chapter has proposed CAIPI variants that either surpass
CAIPI (Teso and Kersting, 2019) in pre-defined aspects of image classification tasks
or transform CAIPI to tabular data classification tasks, a previously unconquered
application area of CAIPI. Moreover, the proposed regression, optimization, and
clustering explanation frameworks expand CAIPI's applicability even further
when paired with the outlined interaction and feedback injection components. All
methods have been rigorously derived and evaluated, leading to the conclusion
that this chapter enhances CAIPI both in terms of novel application domains and
improved performance metrics.
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Chapter 5

Catastrophic Feedback Forgetting

The contents of this chapter have been published in Slany, Scheele, and Schmid
(2024c¢). This chapter contains materials — precisely, figures, tables, definitions, and
algorithms —, which are cited accordingly. The text has been rephrased. Refer to
Appendix C.6 for an author contribution statement for the referenced publication.

ML models have proven as being effective tools for the medical do-
main (Qayyum et al,, 2021). The corrigibility of the model’s predictions, the
ability to revise the model’s decision-making mechanism, and thus enriching the
optimization phase with the physician’s annotations are crucial for a trustworthy
application of ML in the medical domain (Holzinger, 2016). All prerequisites
are met by XIML such as shown by Slany et al. (2022), who apply CAIPI (Teso
and Kersting, 2019) to the classification of CT images. The previous chapter has
transferred CAIPI to various ML tasks, such as the classification of tabular data like
in the following scenario:

Consider the use case of assisting physicians during diagnosis, specifically in as-
sessing the diabetes risk of patients, which serves as the running example in this
chapter (Figure 5.1). Suppose a corrigible ML model in both regards, the predic-
tion and the decision-making mechanism, optimized by CAIPI (Teso and Kersting,
2019). Imagine the model associates Marie, a female patient with a high body mass
index (BMI), with a high diabetes risk. A counterfactual explainer alters Marie’s
gender, resulting in a low diabetes risk. The physician observes that an equiva-
lent male patient with a high BMI is not prevented from having a high diabetes
risk, prompting the inference that the ML model’s decision boundary is erroneously
influenced by the gender variable. The physician’s explanation revision generates
counterexamples that randomize the gender feature while maintaining the relation-
ship between a high BMI and a high diabetes risk. Statistical learning frameworks
such as optimizing a ML model with CAIPI might encounter a subsequent iteration
in which a novel female patient with high BMI, Sandra, is again correctly predicted
to have a high diabetes risk. Yet, the counterfactual explainer might reveal the iden-
tical decision making error for Sandra like previously for Marie. Apparently, the
physician’s revision has not prevented the error in the decision-making mechanism.
Dealing with sensitive domains such as medical diagnosis, this behavior of CAIPI
might have severely dangerous consequences if left undetected. This phenomenon,
a form of catastrophic forgetting particular to XIML, is termed catastrophic feedback
forgetting in this chapter (Slany, Scheele, and Schmid, 2024c).

Problem CAIPI (Teso and Kersting, 2019) is prone to catastrophic feedback forget-
ting. Counterexamples alone do not ensure that the user feedback on the decision-
making mechanism persists throughout the CAIPI optimization cycle, expressed for-
mally by Remark 5.1.
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Figure 5.1: HYXIML problem statement.

Remark 5.1. The induction of an underproportional amount of counterexamples
wrt. a feature data set causes catastrophic feedback forgetting in the sense that
limgw, XUX =X.
%—m

Even if the induced amount of counterexamples is sufficient, statistically learned
models do not guarantee that (i) the decision-making mechanism of counterexam-
ples is learned as intended and (ii) the decision-making mechanism of a single coun-
terexample is preserved over the course of XIML iterations.

Remark 5.1 reveals, in relation to Remark 3.1, a deadlock scenario, where an
underproportional amount of counterexamples is not guaranteed to adjust the deci-
sion boundary - causing catastrophic feedback forgetting. Yet, an overproportional
amount of counterexamples corrupts the training data set, leading to catastrophic
forgetting. The latter has drastic consequences for the training in general — inhibit-
ing generalizing ML models —, which is why catastrophic feedback forgetting must
be mitigated without additionally increasing the mass of counterexamples.

Solution Predictions of statistical ML models are accompanied by inferences from
probabilistic logic rules. The user annotations in explanation revisions are conserved
in logical programs from which rule sets are induced. Given a distance metric, log-
ical inferences substitute ML predictions for instances similar to instances that have
received explanation revisions. Highly precise rules ensure that novel yet similar
instances receive the same decision-making mechanism, which conserves the user
feedback and thus counteracts catastrophic feedback forgetting.

Contribution This chapter contributes HYXIML (Figure 5.2) — a hybrid XIML ap-
proach, the first for medical diagnosis according to the literature review (Table 1.1).
HYXIML extends the traditional CAIPI framework (Teso and Kersting, 2019) by prob-
abilistic logic inferences with rules induced by PROBFOIL™ (Raedt et al., 2015). Using
the Gower distance (Gower, 1971), an appropriate distance metric for tabular data
that accommodates categorical and continuous features, similar instances, such as
the ones for which the user has revised the explanation, are identified among novel
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Figure 5.2: HYXIML overview (Slany, Scheele, and Schmid, 2024c). HYXIML depicts the
decision-making mechanism by counterfactual explanations. In RWR iterations, HYXIML
adapts the decision boundary by counterexamples from explanation revisions and conserves
the user annotations in a logical program. Logical inferences overrule ML predictions for
instances similar to ones that have received explanation revisions.
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Figure 5.3: HYXIML component adaptations.

instances. Logical inferences substitute ML predictions for similar instances. The
implementation of HYXIML is available in a GitHub repository®.

In comparison to CAIPI (Teso and Kersting, 2019), HYXIML substitutes the ex-
planation component with counterfactual explanations (Wachter, Mittelstadt, and
Russell, 2017) (Figure 5.3). Prominent and novel in HYXIML is the adjustment of
the prediction component, which combines statistical ML predictions with logical
inferences given a distance metric.

Subordinated research questions The research questions (Slany, Scheele,
and Schmid, 2024c) compare HYXIML to CAIPI in its ability to unlearn a
spurious correlation on two tabular data sets from the medical domain.
They also take the predictive performance into account because the correct
decision-making mechanism is conditioned on correct predictions, as this
thesis supposes the mechanism behind wrong predictions to be incorrect.

R2.14 Which is superior for unlearning a spurious correlation, HYXIML or
CAIpP1?
R2.15 Does HYXIML compromise the predictive performance?

This chapter contains subordinated research questions. It continues the consec-
utive enumeration from the previous chapter. In the chapter summary, first, the
contents of this section will be summarized and discussed, during which the subor-
dinated research questions will be answered. This chapter concludes with an answer
to the second main research question of this thesis for which it also considers the re-
sults of the previous chapter. Apart from a summary section, this chapter is split
into two sections, one that derives and one that evaluates the HYXIML approach.

https: //github.com/emanuelsla/HybridXIML/, 01 August 2024.
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5.1 Hybrid Explanatory Interactive Machine Learning

This section formalizes a training and a prediction algorithm, denoted as TRAIN
(Algorithm 5.1) and PREDICT (Algorithm 5.2). The prediction component of HYX-
IML accommodates probabilistic logic inferences and ML predictions and therefore
requires an algorithmic specification.

The prerequisites for the training algorithm have already been defined over the
course of this thesis. In the domain of Notation 2.1, a statistical ML model, specif-
ically a random forest (Breiman, 2001), is incrementally trained to select the most-
informative instance (Definition 3.9). Similarly to previous sections that have trained
a random forest within variations of the CAIPI framework (e.g., Section 4.1.1), HYX-
IML depicts the decision-making mechanism by a counterfactual explainer (Def-
inition 3.11). The novelty of HYXIML is that the user feedback is conserved in
probabilistic logic examples to induce a set of probabilistic logic rules with PROB-
FOIL* (Raedt et al., 2015). Probabilistic logic and probabilistic examples have also
been defined in the Definitions 4.1 and 4.3 and can be put into the context of the
domain medical diagnosis by the following examples:

Example 5.1. Assuming that Marie is the first instance in the data set (n = 1)
and her BMI is the only decisive feature, her probabilistic example is given as
follows (Slany, Scheele, and Schmid, 2024c):

instance(i_1). bmi(i_1,high). 1.0::risk_high(i_1).

Remark 5.2. In addition to Definition 4.3, only decisive features i € v (Definition 2.3)
are incorporated into probabilistic examples to ensure that the induced probabilistic
rule set contains only the relation between decisive features and the target.

Example 5.2. Using probabilistic examples such as the one in Example 5.1 and PROB-
FOIL* (Raedt et al., 2015), a probabilistic logic rule set can be obtained. Suppose that
the following rule is the only rule in R (Slany, Scheele, and Schmid, 2024c):

1.0::risk_high(X):-bmi(X, high).

The former rule expresses that a high BMI certainly causes a high diabetes risk.

HYXIML will be evaluated in its ability to unlearn an artificial spurious correla-
tion (Definition 4.6). The counterexample generation procedure is equivalent to its
basic formalization (Definition 2.5). All regular features are treated as being decisive;
the spurious correlation feature is said to be indecisive. Hence, counterexamples re-
peat the instance but replace the spurious correlation with random draws from ).

The components are assembled to HYXIML’s training algorithm (Algorithm 5.1).
Its skeleton is equal to the basic CAIPI pipeline (Algorithm 2.1): It trains a model (line
3), selects the most-informative instance (line 4), evaluates its prediction (line 6) and,
if it is predicted correctly, also its explanation (line 10). The XIML outcome case han-
dling in terms of the labeled data set is also identical: In case of wrong predictions,
the instance appends the labeled data set with its corrected label (line 7). Instances
with correct predictions based on the correct reasons are added to the labeled data
set without further actions (line 11). Correctly predicted instances with erroneous
decision making are added together with counterexamples to the labeled data set
(line 13). At the end of each iteration, the currently most-informative instance is
removed from the unlabeled data set (line 17). The training procedure of HYXIML
extends the RWR case: The user annotations are conserved in a probabilistic logic
program (line 15), from which a set of probabilistic logic rules is induced (line 16).
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Algorithm 5.1: TRAIN(L, U, ¢, n) (Slany, Scheele, and Schmid, 2024c)

Input: Data sets £ and U, number of counterexamples c, iteration budget n
Output: Model f, set of probabilistic rules R, example feature set Xt

1. E< O, X+ @

2: for1l:ndo

3 f« (L) > Notation 2.1
4 m< Mu(f,U) > Definition 3.9
5: plm) f(xz(/{m))

6 if 9 £1(x/")) then

7 L LU{EM M) > Case: W
8: else

9: % Exp(f,x") > Definition 3.11
10: if Tspurious = xz(;:p)umus then > Definition 4.6
11: L LU{(xm,gmy} > Case: RRR
12: else
13: L+ LU {(xu ,y M)} U{GEN(xY,9(™,c)} > Case: RWR, Def. 2.5
14: Xg +— XU {xu }

15: E + E U {TOPROBEX(x\7", 5, ¢)} > Definition 4.3
16: R <— INDUCE(¢, E) > Raedt et al. (2015)
7 U—U \ xu )

18: return f, R, Xr

The rule set serves as an additional prediction tool and is therefore returned addi-
tionally to the optimized model (line 18). The subsequent prediction step requires
knowledge about the instances that have undergone an explanation revision. Such
instances are aggregated in a data set (line 14), which is also returned.

Definition 5.1 (Logical Inference (Kimmig et al., 2011; Slany, Scheele, and Schmid,
2024c)). Let Ps(q|R) be the success probability of a query g wrt. R (Definition 4.2).
Let a procedure INFER take R and x as input and return a logical inference § = y
corresponding to the target predicate if Ps(q|R) > &, where « is a decision threshold,
and § = i # y otherwise.

Definition 5.2 (Unscaled Gower Distance (Gower, 1971; Slany, Scheele, and Schmid,
2024c)). Let the procedure DIST take a feature vector x and any other feature vector
xother 59 input and return the unscaled Gower distance, which is defined as follows:

icc L er
ooy - il e el () BT
‘x| ieM |x| |xc|

Let M C Fand C = F\ M be locally defined subsets of metric and categorical
identifiers. The indicator function 7 returns 1 if its condition is met and 0 otherwise.

Algorithm 5.2: PREDICT(x, f, R, X%, J) (Slany, Scheele, and Schmid, 2024c)
Input: Instance x, model f, set of probabilistic rules R, example feature set A,
threshold ¢
Output: Prediction §
1: § < INFER(R, x) if min({D1ST(x,xg)|xg € Xr}) < delse f(x) > Defs.5.1,5.2
2: return j
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The prediction component of HYXIML (Algorithm 5.2) decides between a logical
inference (Definition 5.1) and a ML prediction based on a distance metric (Defini-
tion 5.2). If the minimal distance between a novel instance and the instances in the
collected explanation revision feature set is smaller than a pre-defined threshold,
a logical inference substitutes the ML prediction. If the success probability (Defi-
nition 4.2) for a query given a probabilistic rule set exceeds a preliminary defined
decision threshold, the instance receives the positive label, otherwise the negative
label. HYXIML leverages the Gower distance (Gower, 1971), which combines simi-
larity measures for categorical and continuous variables.

In summary, HYXIML strengthens the importance of the user’s annotations by
collecting the explanation revisions in a probabilistic logic program. Highly precise
probabilistic logic rules overrule ML predictions of novel instances, similar to the
instances that have undergone an explanation revision. This way, it can be ensured
that novel yet similar instances receive the user-intended decision-making mech-
anism. Thus, HYXIML is designed to effectively counteract catastrophic feedback
forgetting, otherwise present in CAIPI (Teso and Kersting, 2019).

5.2 Experimental Evidence for a Hybrid Approach

Setup HYXIML is evaluated in comparison to CAIPI (Teso and Kersting, 2019) in
its ability to unlearn a spurious correlation (Definition 4.6) on two tabular data sets
from the medical domain, Diabetes and Diagnostic®®. HYXIML replaces ML pre-
dictions by logical inferences given a similarity measure using the Gower distance
(Definition 5.2). A superiority of HYXIML over CAIPI implies a positive impact of
including logical inferences. This can most easily be assessed by directly comparing
ML predictions and logical inferences during the CAIPI optimization phase.

During five experimental iterations, a random forest with balanced class
weights® is trained with CAIPI with 250 optimization iterations and five
counterexamples per RWR iteration for each of the two data sets. The RWR data
set is extracted in each tenth iteration, from which a set of probabilistic logic rules is
induced. A grid search within an interval ranging from 0.25 to 5.0 in 0.25 increments
determines the optimal Gower distance threshold. The decision threshold is set
to 0.5. All experiments start with 100 labeled instances with features and targets
randomly sampled from each variable’s set of possible values. The goal is to start
with an uninformative model such that optimization results can be attributed
to CAIPI or HYXIML. Figure 5.4 depicts the experimental setup. The GitHub
repository*? contains the code to reproduce the experiments.

Two comments on the experimental setup: First, random forests are rule-based
models. A baseline study has found that random forests are a viable but not an opti-
mal choice for the investigated data sets (Table 4.1). Depending on the definition (e.g.
Azevedo, Rocha, and Pereira, 2024), a connection of two rule-based approaches,
even if one is statistical and the other is logical, might not be a hybrid approach
in the strict sense. This section still refers to the approach as hybrid as it accommo-
dates statistical and logical optimization (Riiden et al., 2023; Azevedo, Rocha, and
Pereira, 2024). Moreover, it needs to be pointed out that HYXIML is model-agnostic

BDiabetes: https://www. kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset,
Diagnostic: https://www.kaggle.com/datasets/uciml/breast-cancer-wisconsin-data,
01 August 2024.
Phttps://scikit-learn.org/stable/modules/generated/sklearn.ensemble.
RandomForestClassifier.html, 01 August 2024.
“Onttps://github.com/emanuelsla/HybridXIML/, 01 August 2024.


https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset
https://www.kaggle.com/datasets/uciml/breast-cancer-wisconsin-data
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
https://github.com/emanuelsla/HybridXIML/
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Figure 5.4: HYXIML experimental setup (Slany, Scheele, and Schmid, 2024c). Instances,
which have been predicted correctly with erroneous decision-making mechanism, are with-
held and extracted in each tenth CAIPI optimization iteration. Probabilistic logic rules are
induced from each extracted data set.

such that the random forest can be replaced with other ML algorithms such as neural
networks. Second, the experiments do not address the amount of counterexamples.
This has been done in several previous works (Teso and Kersting, 2019; Slany et al.,
2022; Slany, Scheele, and Schmid, 2024a) with high transferability to this evaluation.
Instead, the experiments in this chapter focus on the distance threshold evaluation,
which is a novel component for model-agnostic XIML.

Results Table 5.1 compares the weighted averages of precision, recall, and ratio of
correct explanations given correct predictions between PROBFOIL* inferences and
ML predictions on a subset of the test data sets determined by the optimal Gower
distance threshold obtained by a grid search. Early-stage results are the optimum
values within the first 50 CAIPI optimization iterations. Late-stage results are the
optimum values within iterations 51 to 250. Probabilistic examples contain only the
relation between decisive features and the target (Remark 5.2). Hence, they always
utilize the correct decision-making mechanism and have, therefore, a deterministi-
cally perfect ratio of correct explanations. Regarding the predictive performance,
there tend to exist slight benefits in the first 50 optimization iterations, an effect that
diminishes in the later stage when the ML model has been provided with more train-
ing data. The decision-making mechanism behind ML predictions also improves
in the later CAIPT optimization phase when more counterexamples from explana-
tion revisions have been added. In summary, probabilistic logic inferences are con-
structed to be superior in utilizing the correct decision-making mechanism. Their
predictive capability is not strictly lower compared to ML predictions. Probabilistic
logic inferences are valuable in earlier optimization iterations.

Figure 5.5 provides graphical insights into the role of the Gower distance thresh-
old on the Diabetes data set. It reveals that the predictive performance behaves
mostly similar for logical inferences and ML predictions, where the latter tends to
have minor benefits. Remarkable is that the anticipated drop in the predictive per-
formance of logic inferences does not occur, even when applying the rules on all test
data without a similarity restriction. For the explanatory performance, probabilistic
logic inferences are superior to ML predictions and obtain a perfect solution given
a sufficient amount of instances in the logic program to obtain a stable rule set. The
positive impact diminishes in the later optimization iterations, where a ML model
optimized with CAIPI has an almost equivalent capability of following the correct
decision-making mechanism.

Finally, Figure 5.6 shows that the magnitude of the overall differences between
HYXIML and CAIPI is small, even if probabilistic logic inferences in HYXIML over-
rule approximately 25 percent of instances at the end of the optimization cycle. This
can be seen as a justification for the utilized experimental framework. It has been
demonstrated that logical inferences are especially superior in the early optimization
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stage. However, generally, one can expect more prediction corrections in the early
and more explanation revisions in the later CAIPI optimization iterations (Heidrich
etal., 2023; Slany, Scheele, and Schmid, 2024a). The consequence is that probabilistic
logic inferences effectively overrule ML predictions, which might have been already
predicted out of the correct reasons. Nevertheless, the HYXIML approach is benefi-
cial for weak ML models and for explanation revisions, which seldomly occur but
are important to be conserved, such as in medical diagnosis.

Table 5.1: ML predictions and logical inferences (Slany, Scheele, and Schmid, 2024c). Com-
parison of the weighted averages (&) of Precision, Recall, and ratio of correct explanations
(Corr. Expl.) on two medical Data sets across the early (iteration <= 50) and late (iteration
>50) Stage CAIPI optimization phase for an optimal Gower distance threshold 4.

@ Precision @ Recall @ Corr. Expl.
Data 0  Stage PRrROBFOIL"ML PrROBFOIL* ML PrOBFOIL* ML

Diabetes 1.5 early 0.6649 0.6737 07326 07022 1.0000 0.4716
(0.4023) (0.3988) (0.3547) (0.3402) (0.0000) (0.4009)

late  0.6445 0.6874 07199 0.7232  1.0000  0.7780

(0.2745) (0.2485) (0.2162) (0.2004) (0.0000) (0.2688)

Diagnostic early 0.9091 0.7273  0.9091 0.5455 1.0000 0.6250
(0.3015) (0.4671) (0.3015) (0.4539) (0.0000) (0.5175)

075 late  0.7229 0.8920 0.7700 0.7438  1.0000  0.8263
(0.4083) (0.2893) (0.3620) (0.3258) (0.0000) (0.3340)

iteration 50 iteration 100 iteration 150 iteration 200 iteration 250
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Figure 5.5: ML predictions and logical inferences on Diabetes (Slany, Scheele, and Schmid,
2024c). Comparison of the weighted averages of correct explanations, precision, and recall
for ML predictions and logical inferences across CAIPI optimization iterations on various
proportions of the test data set determined by the Gower distance.
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5.3 Chapter Summary

Summary ML models for sensitive and safety-critical use cases such as medical
diagnosis must be corrigible in their predictive behavior and their decision-making
mechanism (Holzinger, 2016; Slany et al., 2022). It is crucial that user annotations
persist over the course of an interactive optimization cycle such as CAIPI (Teso and
Kersting, 2019). In other words, if a physician once revises an explanation to express
that specific symptoms imply a particular disease, it must be guaranteed that the
model does not conduct the identical decision making error in the future. Errors in
the model’s decision-making mechanism that re-occur despite being corrected are
termed catastrophic feedback forgetting. It is shown that counterexamples added
during CAIPI optimization in the context of statistical ML models alone do not pre-
vent catastrophic feedback forgetting (Table 5.1).

HYXIML is a hybrid XIML approach, combining probabilistic logic inferences
and statistical ML predictions. Optimizing a ML model with CAIP], it collects the
explanation revisions in a probabilistic logic program to induce highly precise rules
by PROBFOIL™ (Raedt et al., 2015) that conserve the user’s explanation revisions.
Tabular-data use cases frequently combine features with several scales of measure-
ment. The Gower distance (Gower, 1971) accommodates distance measures for cat-
egorical and continuous variables and estimates the similarity between novel in-
stances and instances that have undergone an explanation revision. Probabilistic
logic inferences overtake the prediction phase in HYXIML for instances with a high
similarity. Statistical ML predictions are used for the remaining instances.

The experimental results show that probabilistic logic inferences, which are con-
structed to utilize decisive features exclusively, are strictly superior to ML predic-
tions in terms of the correct decision-making mechanism (Table 5.1, Figure 5.5). ML
predictions, on the contrary, have slight benefits regarding the predictive perfor-
mance and tend to utilize the correct decision-making mechanism after a sufficient
amount of explanation revisions. Overall, the effect of a hybrid approach that in-
cludes probabilistic logic inferences into CAIPI is marginal yet noticeable and neces-
sary in the context of medical diagnosis as the user knowledge persists even if ML
models are not saturated or explanation revision are unique (Figure 5.6).

Answers to subordinated research questions The experimental evidence leads to
the following answers to the research questions formulated in this chapter (Slany,
Scheele, and Schmid, 2024c):

R2.14 Which is superior for unlearning a spurious correlation, HYXIML or
CAIPI?
Given a random forest and two tabular data sets for medical diagnosis, HYXIML
is superior to CAIPI for unlearning a spurious correlation.

R2.15 Does HYXIML compromise the predictive performance?
In the context of the experimental evaluation, HYXIML does not compromise the
predictive performance.

Related Results Similar to Slany et al. (2022), who have classified CT images, HYX-
IML focuses on the medical domain but on tabular data for medical diagnosis instead
of images. As has been done in Slany et al. (2022) and Slany, Scheele, and Schmid
(2024a), HYXIML is a CAIPI (Teso and Kersting, 2019) variant that generates multi-
ple, precisely five, counterexamples per RWR iteration. In contrast to the referenced
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Figure 5.7: Extension of CAIPI adaptations summary.

publications, it does not explicitly evaluate the amount of counterexamples. HYX-
IML is a hybrid approach similar to knowledge-informed ML methods that post-
process or replace ML predictions by logical inferences (Riiden et al., 2023). Unique
for HYXIML is that it incrementally optimizes two models within a single CAIPI opti-
mization cycle. Apart from the ML model, it induces a set of probabilistic logic rules
from a probabilistic logic program with examples containing the user’s explanation
revisions in each RWR iteration. HYXIML is also the first CAIPI variant with a spe-
cific prediction algorithm (Algorithm 5.2), which decides between a ML prediction
and a logical inference based on a similarity measure. In this regard, the evaluation
of HYXIML fosters unique experiments in the XIML literature, as it conducts a grid
search to identify the optimal distance threshold.

Limitations The broader implications of HYXIML need also to be set into context
to some conceptual and experimental limitations:

¢ Conceptual limitations:
By applying PROBFOIL" (Raedt et al., 2015), the computational complexity in-
creases, leading to the question of whether the benefits of probabilistic logic are
worth a reduced computational efficacy. A possible hypothesis states: Proba-
bilistic rule learning is suitable because a probabilistic decision-making mech-
anism similar to statistical ML can be modeled with a small amount of data in
the explanation revision feature set. This hypothesis has not been evaluated.
This chapter has been motivated by the use case medical diagnosis with tabu-
lar data. An open question is whether and how the HYXIML framework can be
transferred to other data types such as image data. A possible solution is to ex-
tract the labels of features from images either with classical image processing
techniques or ML models. The labels might then be transformed into proba-
bilistic examples to induce a set of rules (e.g., Manhaeve et al., 2018). Regard-
ing the experimental results, Figure 5.6 reveals an overall low improvement
magnitude of using HYXIML compared to CAIPI (Teso and Kersting, 2019).
The beneficial properties of HYXIML have been thoroughly discussed. Using a
probabilistic background theory in addition to induced rules promises to im-
prove HYXIML especially in expert-knowledge-intensive tasks such as medical
diagnosis.
¢ Experimental setup:

Even though the experiments contain some additional evaluations such as for
the optimal distance threshold, they lack equally important evidence: For in-
stance, more ML models and other probabilistic rule learning frameworks can
be incorporated into a more sophisticated evaluation that considers tabular
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data sets beyond the medical domain and other data types. The implementa-
tion of HYX1ML*! is capable of categorical classifications, although only binary
classification tasks have been evaluated. This leads to further conceptual chal-
lenges — in particular, revised definitions to construct probabilistic examples in
the categorical case.

Answer to research question In conclusion, this chapter has provided a novel, ad-
ditional CAIPI adaptation compared to Figure 4.28. Figure 5.7 puts the modification
of the prediction component by HYXIML into the context of the conceptual CAIPI
overview (Figure 4.28), indicating that now all CAIPI components mandatory in the
sense of R2 have been modified, which leads to the following answer:

R2 How do modifications in the prediction, explanation, interaction, and coun-
terexample generation components affect CAIPI ’s applicability to ML tasks?
Within the context of the different experimental evaluations of this thesis, CAIPI's
explanation and counterexample generation components have been adapted such
that (i) CAIPI's capability for correct decision making for image classification tasks
has been improved (Section 4.2.2). Furthermore, by adapting the aforementioned
components, (ii) CAIPI has been transferred to tabular data classification tasks
(Chapter 3, Section 4.1). In regard to classification scenarios, this thesis has pre-
sented a modification of the prediction component (iii) to overcome catastrophic
feedback forgetting, which had been identified as a vulnerability for CAIPI (Chap-
ter 5). For both domains, image and tabular data classification, (iv) user interfaces
that allow human users without ML expertise to interact with CAIPI have been
proposed (Chapter 3, Section 4.2.1). Additionally, this thesis has presented and
evaluated explanation algorithms connected to possible human revision and feed-
back injection approaches that (v) potentially expand CAIPI to regression and opti-
mization as well as to clustering tasks (Section 4.3). Overall, the component modi-
fications have enhanced CAIPI's applicability in both regards: They have increased
CAIPI's capabilities in its original primary application area image classification and
expanded CAIPI's application spectrum by conquering novel ML tasks.

4pttps: //github. com/emanuelsla/HybridXIML/, 01 August 2024.


https://github.com/emanuelsla/HybridXIML/
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Chapter 6

Conclusion

6.1 Summary

Model-agnostic XIML (Teso and Kersting, 2019) combines the interactive and
iterative corrigibility of model decisions by coactive learning (Shivaswamy and
Joachims, 2015) with revisable local explanations (e.g., Schwalbe and Finzel, 2023).
CArprI (Teso and Kersting, 2019) is a model-agnostic XIML framework, which
leverages LIME (Ribeiro, Singh, and Guestrin, 2016) as a local explainer and injects
the user feedback in the form of counterexamples that emerge from explanation
revisions. CAIPI is tailored to image and text classification. The traditional
evaluation objective of CAIPI for image data is unlearning a spurious correlation,
which has been induced by colored decoy pixels correlated with the class label.
Counterexamples are identical images with randomized decoy pixel color.

This thesis has identified four limitations in the context of CAIPI (Teso and Ker-
sting, 2019): First, CAIPI’s original formalization limits CAIPI’s practical applicabil-
ity as, for instance, the proposed counterexample generation procedure for images
cannot be transferred to real-world image classification scenarios. Second, a funda-
mental theoretical motivation for XIML in general is that human users without ML
expertise are put into the position to train ML models, corrigible in their predictions
and revisable in their decision-making mechanism. The original publication does
not contribute user interfaces, counteracting the motivational proposition. Third,
the original formalization is not built upon mathematical definitions such that some
components, e.g., the outcome case distinction, remain unspecified. Finally, related
to the third limitation, is the inability to investigate theoretical research questions
such as how counterexamples affect the optimization process, as the original publi-
cation does not exhaustively specify the components.

Driven by the identified shortcomings, this thesis has made two key contribu-
tions: First, all algorithms proposed by this thesis are built upon a strict mathe-
matical formalization, which has allowed this thesis to explore theoretical concepts
related to model optimization with model-agnostic XIML methods learning from
counterexamples. This thesis has connected the procedural formalization of algo-
rithms like utilized by Teso and Kersting (2019) with grounded mathematical con-
cepts —every procedure is formally defined. According to the review of the literature
in the XIML field, this approach to algorithmic formalizations is unique (Table 1.1).
Specifically, this thesis has found that counterexamples are only beneficial for in-
stances similar to instances in the reference data set. For others, an overproportional
amount of counterexamples harms the model optimization with CAIPI variants. It
can be shown that counterexamples increase the risk of catastrophic forgetting. Sec-
ond, this thesis has proposed several CAIPI variants that either improve CAIPI’s
performance in one of its traditional application areas, image classification, or ex-
pand CAIPI’s application spectrum beyond images or text. The major contributions
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of this thesis are related to innovative ways to generate counterexamples in the im-
age and tabular data classification context. For instance, generative ML approaches
have been used in both domains. An important contribution is enhancing the statis-
tical ML prediction component with probabilistic logic inferences. Probabilistic logic
programs preserve user explanation revisions. By substituting ML predictions with
logical inferences for instances similar to annotated ones, the risk of catastrophic
feedback forgetting — a potential vulnerability of CAIPI-is mitigated.

Both contributions correspond to the overarching research questions of this the-
sis. The first one has been evaluated mathematically and experimentally. Several
subordinated research questions in specific sections of this thesis have thoroughly
assessed the second one. Their findings have been aggregated to a final answer.

R1 How do counterexamples affect the optimization of ML models?
Given random forests, binary classification tasks, and tabular data, counterexam-
ples improve the probability that the decision-making mechanism is adjusted. This
does not necessarily cause an improvement in the predictive performance nor for the
classifier’s ability to follow the correct decision-making mechanism (Chapter 3).

R2 How do modifications in the prediction, explanation, interaction, and coun-
terexample generation components affect CAIPI ’s applicability to ML tasks?
Within the context of the different experimental evaluations of this thesis, CAIPI's
explanation and counterexample generation components have been adapted such
that (i) CAIPI's capability for correct decision making for image classification tasks
has been improved (Section 4.2.2). Furthermore, by adapting the aforementioned
components, (ii) CAIPI has been transferred to tabular data classification tasks
(Chapter 3, Section 4.1). In regard to classification scenarios, this thesis has pre-
sented a modification of the prediction component (iii) to overcome catastrophic
feedback forgetting, which had been identified as a vulnerability for CAIPI (Chap-
ter 5). For both domains, image and tabular data classification, (iv) user interfaces
that allow human users without ML expertise to interact with CAIPI have been
proposed (Chapter 3, Section 4.2.1). Additionally, this thesis has presented and
evaluated explanation algorithms connected to possible human revision and feed-
back injection approaches that (v) potentially expand CAIPI to regression and opti-
mization as well as to clustering tasks (Section 4.3). Overall, the component modi-
fications have enhanced CAIPI's applicability in both regards: They have increased
CAIPI's capabilities in its original primary application area image classification and
expanded CAIPI's application spectrum by conquering novel ML tasks.

6.2 Discussion

The intermediate summary parts of this thesis have discussed the limitations related
to specific CAIPI adaptations, including their theoretical concepts and experimental
evaluations, which is why the purpose of this section will be three-fold: First, it will
put the main findings of this thesis into a broader context. Second, it will identify
the main limitations of this thesis. Third, it will terminate with the question: What
could have been done better, if the research topic could be explored again?

In a broader spectrum, this thesis is located in the research field model-agnostic
XIML and conducts its contributions by modifying the CAIPI algorithm (Teso and
Kersting, 2019). CAIPI is the original algorithm in the research area and induces
the human feedback into the model by means of counterexamples, which are addi-
tional training data that contain only the correlation between a human annotation
of the decision-making mechanism and the target. XIML, in general, is meant to
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put humans without ML expertise into the position to train ML models and hereby
maximize their control over the underlying ML model. The resulting model is sup-
posed to conduct the correct decisions based on the correct decision-making mech-
anism from a human user’s perspective. Such a behavior is especially important in
domains where ethical considerations are relevant such as the Credit example (Sec-
tion 4.1.2) or in safety-critical domains like medical diagnosis (Chapter 5).

An additional medical use case explored by this thesis is the classification of CT
images (Section 4.2.1) — an example, where learning from counterexamples might be
inefficient. Especially, state-of-the-art image classifiers like transformer models (e.g.,
Dosovitskiy et al., 2021) require a large amount of training data. User annotations
and counterexamples for a small subset of instances have a small impact on the
entire optimization procedure. These are exactly cases, where model-specific XIML
procedures (e.g., Schramowski et al., 2020) have benefits, yet still do not solve the
issue of costly and perhaps too seldom user annotations. A possible enhancement of
model-agnostic XIML is replacing counterexamples with local weight adaptations.
Both solutions are beyond the scope of this thesis but illustrate that CAIPI variants
— or, more general, learning from counterexamples algorithms — are restricted to use
cases, where labeled data sets are rare and the human domain expertise is high.

Although a major goal of this thesis is a thorough mathematical formalization, it
still has formal limitations. Sometimes, methods are only partially derived. For in-
stance, apart from the random forest (Breiman, 2001), k-means (Lloyd, 1982), and the
Variational Autoencoder (Kingma and Welling, 2014; Doersch, 2016), no ML model
has been mathematically defined. This thesis occasionally utilizes mathematical as-
sumptions or simplifications. Examples are the erroneous association of categori-
cal variables and the 12-norm (Chapter 3) or the point value retrieval of continu-
ous probability distributions without a specification of the approximation algorithm
(Section 4.3.2). Especially challenging is the exploration of many ML domains, all
having different notational conventions. The solution has been to establish different
notational domains. A superior solution would be to obtain a unified and consistent
notation, which also holds across the domains. The experimental evaluation of this
thesis can be improved and is occasionally incomparable between sections. Even
though the utilized data sets are mostly consistent, even if some sections use only a
subset compared to others, the experimental setup is widely deviating. For instance,
Chapter 3 controls the entire data-generating process, Section 4.2.1 uses human an-
notations, and Chapter 5 unlearns spurious correlations. Despite all experimental
setups can be justified individually, their difference hinders the comparability be-
tween results. A unified experimental evaluation holds a major improvement po-
tential for this work.

In general, many improvement capabilities can be attributed to the circumstance
that the work for this thesis has started with various CAIPI adaptations, all making
their individual small contributions such as a user interface (Slany et al., 2022) or
substituting the counterexample generation procedure (Slany, Scheele, and Schmid,
2024a). Over the course of the publications, theoretical questions have led to the
major contributions of this thesis, such as the general impact of counterexamples on
the optimization process (Chapter 3) or the hybrid prediction approach to mitigate
catastrophic feedback forgetting (Chapter 5). Evaluating this work from the current
standpoint, the thesis would have benefited from an initial mathematical formaliza-
tion of CAIPI and a thorough investigation of its optimization framework. After-
wards, this thesis should have structurally explored with a consistent experimental
setup the necessary CAIPI adaptations that transfer CAIPI to novel application areas
and improve hereby its theoretical limitations and practical performance.
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6.3 Open Potentials

While each adaptation and evaluation of CAIPI (Teso and Kersting, 2019) in relation
to this thesis can be improved, as the intermediate limitations paragraphs indicate,
there exist three future research directions which appear to be particularly promis-
ing: This thesis postulates that counterexamples are beneficial for model optimiza-
tion for some instances but not for others. However, this thesis does not provide a set
of axioms describing the contexts of this finding. Moreover, the interesting question
in this context is the optimal amount of counterexamples given an instance, which is
one potential future research direction. Catastrophic feedback forgetting is a poten-
tial vulnerability in the context of XIML and causes revisions of the decision-making
mechanism to diminish during the optimization phase. This thesis has proposed
a solution that combines probabilistic logic and statistical ML. The proposed frame-
work, however, still contains some shortcomings such as higher computational costs
or a poor transferability to other ML tasks like image classification. Overcoming the
identified limitations appears to be especially relevant for concepts acting against
catastrophic feedback forgetting in the future. Finally, this thesis has not gone the
step beyond classification scenarios. Especially the research direction of explana-
tory interactive clustering is promising. Counterexamples are unsuitable for clus-
tering as they further increase the complexity of algorithms constructed to reduce
the dimensionality. Distinct approaches, for instance, local and incremental weight
adaptations, need to be explored.
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Appendix A

Mathematical Appendix

A.1 Proof of Lemma 3.3

Lemma (Decision Trees and Decisive Features). Any split 0 = (i,a) € © of a deci-
sion tree h(X,©) is more likely to be conducted along decisive features v than on
indecisive features. Thatis: V8 € ©, Prg(i € v) > Pre(i ¢ v).

Proof. Assume that the feature set can be split into a decisive set X, = {x;ifi €
v|lx € X} and an indecisive set X5 = {x;ifi ¢ v|x € X'}. Further, assume that the
absence of a causal relation in the indecisive set can be expressed by a uniform ran-
dom distribution in the sense that: X5 ~ U ((a, b)), The impurity function wrt. 6
determines the split of a decision tree (the lower the impurity function, the more
probable a split). It suffices to show that the impurity function wrt. any proposal 6,
is expected to be lower for decisive than for indecisive features:

Eg [Pr(imp((Xy x V)g) < imp((Xz x V)a))] > 0.5.
The truth of the above statement directly follows from the weak learner condi-
tion (Kearns and Valiant, 1994; Schapire, 1990) that states that any machine-learned

model on correlated sets X, and ) is superior to random guessing, which is equal
to Xz and V. It holds that Ey y [Pr(Pre(i € v) > Pre(i ¢ v))] > 0.5. O

A.2 Proof of Proposition 3.1

Proposition (Decision Trees and Counterexamples). A positive number of coun-
terexamples does not decrease the probability that a split of a decision tree is con-
ducted along decisive features. Formally: Vc € INT,Prg (i € v) > Pro(i € v),
where O, is a set of split parameters under the influence of ¢ counterexamples.

Proof. Revisit how different XIML outcome cases affect the training set of a ML
model in each iteration. RRR and W iterations are essentially equal because in RRR
cases holds that = y = I(x). In W iterations, the label is corrected such that
y = I(x). The only difference occurs in RWR iterations, where counterexamples are
added additionally to the most-informative instance.
RWR iterations: X U{x} U X' x YU {y} U,
where |X'| = )| =¢
RRR and W iterations: X U {x} x YU {y}

The probability of any proposal split § can be determined by the impurity func-
tion such that Prg (i € v) > Pre(i € v) corresponds to:

imp((XU{x}UX" x YU{ytUY)e) <imp((XU{x} x YU {y})).
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The extensive form of the impurity function imp(Qy) with Q = X x Y wrt. 6 is:

. Q(left) 1 2 1 2
imp(Qp) = | ol | [1_ [(!QUWZIWOO + <|Q(left)‘ Zz[y1]>
’Q(Vight)’ 1 o 1 ;
- <|Q<right>|zz[y01> +<|Q(rigm),21[yﬂ> :

Suppose two cases: a perfect split and a random split. For each of the two cases,
the impact of additional instances, either after RWR or after RRR or W iterations,
is investigated. Lemma 3.3 states that it is more probable that splits are conducted
along decisive features. Each additional instance reflects the decision-making mech-
anism. Hence, additional instances are supposed to decrease the impurity function.

Let imp(Qp)pertect denote the impurity function in the case of a perfect split,
where each side contains a single class. It simplifies to:

' |Q(left)| |Q(right)|

Zmp(QG)perfect: |Q| [1_ [1+0]]+W[1_ [0+1]] =0
RWR:
. Q(left) +c4+1 Q(right)
imp(Qp)perfect, RWR = | 0] lc 1 [1—[1+0]] + ||Q|+c+|1 1-[0+1]]=0
RRR and W:
' Q(left) +1 Q(right)
imp(Qp)perfect, RRRW = ||Q|+|1 [1—[140]]+ ||Q|+1‘ [1—-[0+1]]=0.

If a split is perfect, counterexamples have no minimizing impact on the impurity
function: imp(QQ)perfect, RWR — imP(QG)perfect, RRRW for any ¢ € Il\I(J)r

Random splits imp(Qg)random are cases, where the classes are equally distributed
across the subsets. The impurity function changes to:

2 2

‘ _ ‘Q(leff)‘ 1 ’Q(IEft)| 1 ‘Q(kft)‘
Zmp(QH)random - ‘Q‘ 1—- ‘Q(left)’ > + ’Q(left)| >

’Q (right) ’ B 1 |Q(right)| 2 N 1 ‘Q(right)‘ 2

e | Qright) y 2 |QUright)] 2

B |Q(left |Q left ‘Q(left)’ 2
- |Q| Z\Q left 2’Q(left)|

’Q rzght |Q rlght 2 |Q(right)| 2
T o ’Q’ 2’Q rzght 2|Q(right)|
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RWR:

lmp( Qé)random, RWR —

QUM +et1 |, [ 1Q"+c+1 2+ |QUe1)] ’
Q] +c+1 2(|QUef)| 4+ ¢ +1) 2(|QUef)| 4+ ¢ +1)
’ Q(right) | 2 | Q(right) | 2
2|Q(right)| + z‘Q(right)’
RRR and W:
imp(QB)random, RRRW —
Qe +1 | QU 41\ 1QUert
Q] +1 [\ 2(|Qlefn| + 1) * 2(]QUef)| + 1)
. ’Q(right)‘ 2 ‘Q(right)’ 2
o 2| Qlright) | + 2| Qright) | :

For random splits, counterexamples have an optimization impact on the impurity
function: Z'mP(Q@)random, RWR < imp(Q(—))random, RRR,W for any ¢ € INT .

|

|Q(right)|
Q] +c+1

‘ Q(right) ’

Q] +1

Thus, it can be inferred that imp(Qp)rwr < imp(Qg)rrrw for any ¢ € N7, from
which follows that Pre, (i € v) > Pre(i € v) forany ¢ € N™. O

A.3 Proof of Theorem 3.1

Theorem (Generalization Error and Counterexamples). Considering the entire fea-
ture target space X, ), there exists a non-zero probability that counterexamples do
not reduce the upper bound of the generalization error. That is: Pry y(PE} >
PE*) # 0, where PE} and PE* indicate the upper bound of the generalization er-
ror in the presence and absence of counterexamples.

Proof. The upper bound of the generalization error of random forests PE*
PE < p(1 — str?)/str* = PE*

is determined by the expected inter-tree correlation p and the expected strength of
decision trees within random forests str (Lemma 3.2)

p =Eeelo(h(,®) h(,0)]
str =Ex,y [PT@(]’Z(X, @) = y)]
To prove Theorem 3.1, it suffices to show that there exist cases where neither the
inter-tree correlation decreases nor the strength increases with counterexamples.

Inter-tree correlation:
Counterexamples enforce the correlation between trees

Eo.elo(h(., Oc), h(., 0¢))] = Eeer[p(h(., ©), k(. ©"))],
which can be justified by the fact that counterexamples are built with the finite set of
decisive features of a single instance. Inducing the identical split criteria in each de-
cision tree of an otherwise equal sequence does not lower the inter-tree correlation.
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Strength:
Suppose a sample (x*,y) ~ X x Y, where X’ is generated from x*.

lim PV(EXIy [P}’@C (l’l()(, ®c) = y)] > Ex,y [Pr@(h()(, @) = y)]) =1
E[{]Jxx*||;|x€X}]—0

Pr(Exy [Pre,(h(X,0) = V)] > Ex,y [Pro(h(X,0) = Y)]) =0

lim
E[{[lxx*[|o[x€ X }] =00
From the preliminary derivation follows that it can not be guaranteed that
Exy [Pre,(h(X,Oc) = V)] > Exy [Pre(h(X,©) = V)].
It can be inferred that none of the subsequent equations hold certainly
Eo.elo(h(., Oc), h(., 0¢))] <Eeelp(h(. ©),h(,0))]
Exy [Pre,(h(X,©c) = V)] > Exy [Pre(h(X,©) = V)].
It follows that Pry y(PE} < PE*) # 1 and thus Pry y(PE} > PE*) # 0. O
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Appendix B

Additional Results

Plausibility of Counterfactual Explanations

A counterfactual explanation by means of a counterfactual instance (Definition 3.10)
is supposed to satisfy two criteria: (i) it is valid — the classification outcome has
changed — and (ii) the changes in the feature space are minimal — ideally, only deci-
sive features are altered (Definition 2.3). Consider the example:

Customer: Why was my credit request rejected?
Model: Considering your income, the loan term must be 70 years.
Customer: But I am 30 years old. Am I supposed to work until 100?

Although counterfactual explanations have proven their persuasive power (van
der Waa et al., 2021), the initial example shows their drawback wrt. plausibility as
it suggests an infeasible action. This issue is an underrepresented problem in the
counterfactual explanation literature (Guidotti, 2022). Plausibility refers to whether
the generated counterfactual instance is realistic or probable given a reference pop-
ulation (Guidotti, 2022). Some counterfactual explainers (e.g., Kanamori et al., 2020)
inherently account for the plausibility of counterfactual instances by statistical dis-
tance metrics. Others apply distance metrics post-hoc to identify implausible coun-
terfactual instances (Laugel et al., 2019) or to include constraints that increase the
plausibility of generated counterfactual explanations (Artelt et al., 2021)%2.

This chapter proposes an alternative approach to increase the plausibility
of counterfactual explanations: It is built upon the assumption that a reference
population is still only an observed subset of the true population, which is why
statistical plausibility post-processors alone might still struggle to identify the
plausible among the proposed counterfactual instances. Given this proposition, this
chapter proposes logical constraints obtained from human background knowledge.
Technically, the internal decision mechanism of a surrogate model — a decision tree
— is enriched with logical rules that restrict the set of counterfactuals to plausible
instances. The surrogate model ensures that the post-processor is model-agnostic
and invariant of the counterfactual explainer.

Problem Counterfactual explanations might be implausible. Existing statistical
post-processors bear the risk that the reference population is insufficient to assess
the counterfactual explanations’ plausibility. Domain experts must have the ability
to detect and reject implausible counterfactual explanations.

Solution This chapter enriches a statistical surrogate model with a logical specifica-
tion to create a post-processor that restricts a set of counterfactual instances to plau-
sible ones only. A decision tree extracted from a classification model is translated

42This section is based on joint work with Stephan Scheele. The idea, realization, the experiments,
their evaluation, and the writing can entirely be attributed to the author. Exceptions are that Stephan
Scheele contributed to the formalization of the method by re-writing, editing, and constructing Fig-
ure B.1.
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into probabilistic logic rules and extended with logical constraints from background
knowledge. If any constraint is violated, the counterfactual instance is rejected.

Contribution = This chapter makes two contributions: First, it proposes a
model-agnostic and counterfactual-explainer-invariant plausibility post-processor
for counterfactual instances and, second, it demonstrates the practicality of
post-processing counterfactual explanations regardless of their cardinality.

Methods

The derivations of this chapter belong to the domain of Notation 2.1. Definition B.1
converts the paths of a decision tree that serves as a surrogate model for an arbitrary
binary classification model into a probabilistic logic rule set.

Definition B.1 (Decision Tree ProbLog Conversion). Suppose an explanation set
XEexp € X similar to Notation 4.3. Let a decision tree h (Definition 3.1) be a surro-
gate model for an arbitrary binary classification model f such that /1(Xgxp, f(XExp))
postulates the training step. Let CONVERT take a decision tree surrogate model as
input and return a probabilistic rule set R (Definition 4.1), where the rule probabili-
ties are the tree’s class probabilities. Suppose the following substitution operations
to transform the splits of a decision tree into unary probabilistic predicates:

<— 1 (lower), <— le (lower/equal),
=— e (equal), #— ne (not equal),
>— ge (greater/equal), >— g (greater).

Example B.1. The rule 0.9 :: risk_low(X) :- duration_g 30(X) expresses that a
person has a low credit risk with a probability of 90 percent if its loan duration is
greater than 30 years. Suppose that the body predicate has been present as a split
criterion in a decision tree, yielding a leaf with a purity of 90 percent.

Logical constraints formulate minimal plausibility conditions. Domain experts
know that if these conditions are violated, instances are implausible. Note that also
reference data sets can contain implausible instances as outliers might corrupt them.
Definition B.2 distinguishes between univariate constraints that apply to a single
feature, explicit multivariate constraints that affect multiple features, and implicit
multivariate constraints, which affect multiple features such that a condition of one
or multiple features is met.

Definition B.2 (Logical Constraint). Suppose that a and b are the lower and upper
bounds of an interval [a, b]. A logical constraint vy for an instance x € X is defined as:
e Univariate constraint: [a, b],.
* Explicit multivariate constraint: [a, by, if [a, b, where i # j.

¢ Implicit multivariate constraint: [a, b]y,, [a, b]y; such that [condition], where i #
j and [condition] is a prerequisite.
Let I be a finite set of constraints. For simplicity reasons, each y € I" will be logically
encoded as a unary definite predicate.

Example B.2. Each constraint type can be illustrated as follows:

¢ Univariate: Customers are at least 18 and at most 100 years old:
[18,100]44e; age_g_18_le_100(X).

¢ Explicit multivariate: If duration < 10 years, then yearly salary > $50, 000:
[50000, o0 [sa1ary if [0, 10]guration; salary_g 50k_IF_duration_le_10(X).
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* Implicit multivariate: The sum of age and duration in years is at most 80:
[contraint] = Xage + Xguration < 80; sum_age_duration_le_80(X).

Remark B.1. For the sake of brevity, the multivariate cases in Definition B.2 are bi-
variate. Both sides of the if-conditions can be extended.

A constrained probabilistic rule set (Definition B.3) emanates if the conjunction
of body predicates of each rule of a rule set is extended with each logical constraint.
Intuitively, each constraint is necessary for each rule to be evaluated successfully.
Hence, each constraint has a veto capability.

Definition B.3 (Constrained Probabilistic Rule Set (Raedt, Kimmig, and Toivonen,
2007)). A constrained probabilistic rule set Rr emerges from a ProbLog rule set R (Def-
inition 4.1) by extending each rule r € R by all constraints y € I’ to yield rr:

rr=p:=H:By,...,By,y|veT.

In the following, suppose the short notation rr = 7, I for a constrained rule.

Example B.3. Consider the rule from Example B.1. Example B.2 presents several
constraints. Assume that I consists solely of sum_age_duration_le_80(X). Then:

0.9 :: risk_low(X) :- duration_g 30(X), sum_age_duration_le_80(X).

In words: A loan duration greater than 30 years yields a low credit risk with a prob-
ability of 90 percent as long as the sum of the customer’s age and the loan duration
in years is smaller than or equal to 80.

The POSTPROCESSOR (Algorithm B.1) first obtains the decision tree surrogate
model, which is converted into a probabilistic rule set (1. 2). Each rule is extended
with the logical constraints (1. 3). The success probability of each counterfactual
instance on the constrained rule set evaluates whether a counterfactual instance re-
flects the decision-making mechanism of the classification model according to the
surrogate model and does not violate a human-defined plausibility constraint (1. 4).
As the post-processor takes a set of counterfactual explanations as input, it is in-
variant from the counterfactual explanation algorithm. Furthermore, the fact that
the decision paths of a decision tree are translated into probabilistic logic makes the
post-processor model-agnostic.

Figure B.1 visualizes the intuition about plausibility post-processing: First, a
counterfactual explanation is obtained using a suitable counterfactual explanation
algorithm. The original classification model is transformed into a surrogate model
and converted into a probabilistic logic rule set, which is extended by constraints.
The logical program performs a sanity check on whether the counterfactual instance
yields the counterfactual outcome and ensures that each validity constraint is met.
As soon as one constraint is violated, the success probability evaluates to zero and
the counterfactual instance is rejected.

Algorithm B.1: POSTPROCESSOR(X, f, Xgyp, T)

Input: Counterfactual data X, classifier f, explanation data Xy, constraints I’
Output: Counterfactual probabilities Pr p

1: Ry %@;PT)E — @

2: R <~ CONVERT (h(XExp, f(XExp)) > Definitions 4.1 and B.1
3 Rr < RrU{rr =r,T}forr € R > Definition B.3
4 Prp < Prp U{Pr;y = Prs(H(t(x))|Rr)} forx € X > Definition 4.2
5: return Pry
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instance age sex  job-skill housing savingaccounts checkingaccount duration purpose risk
original 25  female high own little little 36 education high
counterfactual 25  female high own little little 32 education low
|
2 @ e_sex(X), ——m——— — — — — — — — — — ——
duration_le_33(X). §& g |
2 g e_purpose(X) . —m — — — — — — — — — — — — L —
l (% £ e_a el,-(X) —————————————— ——
duration_g_28(X). 8 - gl :
sum_age_duration_le_80(X). — — — — — — — — — — — —
!
age_le_25(X). —,| g_savingaccounts_OR_g_checkingaccount_IF_1_duration(X). ——»‘
T T

Figure B.1: Plausibility post-processing for counterfactual explanations.

plausible counterfactual ‘

Experiments

Setup This section provides experimental evidence for the post-processing proce-
dure on the German Credit Risk (Credit) and Adult data sets*® in cases where coun-
terfactuals explainers return multiple counterfactual explanations. The experiments
leverage the counterfactual explainer of Mothilal, Sharma, and Tan (2020) such as
formalized in Definition 3.11. The amount of queried counterfactual explanations is
set to 100 to increase the reliability of the quantitative evaluation. The implemen-
tation of the utilized counterfactual explainer** is capable of handling actionability
constraints. Actionability ensures that some features, e.g., socio-demographic vari-
ables like age and gender, cannot be modified (Guidotti, 2022). Those extensions
are neglected in the evaluation context, as actionability is a special case of a uni-
variate plausibility constraint (Definition B.2). It can be shown that actionability is
inherently part of the post-processor. Credit, which inspires the running example,
distinguishes between high and low credit risk. Adult classifies instances along their
yearly salary into the categories above and at most $50,000. In Adult, the following
feature columns are used: educationalnum, occupation, race, gender, and hoursperweek.
The explanation data and test set ratios are set to 0.25. The classification model is a
support vector classifier with radial basis transformer®. The presented results are
mean values of five experimental iterations with standard deviations in brackets.

The false positive (fp) rates of the classification model are 0.4 (0.04) for Credit
and 0.31 (0.02) for Adult. The corresponding false negative (fn) rates are 0.33 (0.12)
and 0.22 (0.00). The fidelity estimates (Definition 4.25, without the abstraction step)
are: A-fp-rates of 0.01 (0.01) for Credit and 0.00 (0.00) for Adult and corresponding
A-fn-rates of 0.05 (0.04) and 0.01 (0.01).

Table B.1 summarizes the evaluation metrics (Guidotti, 2022). The minimality
criterion is estimated by proximity (P) and sparsity (Sp) where the first refers to
the cosine distance and the latter counts changed features. Diversity is operational-
ized by the identical metrics (Ps;y, Spsim) but compares the counterfactual instances
among each other rather than the counterfactual explanation with the original in-
stance. A 1-Nearest-Neighbor classifier that is supposed to distinguish counterfac-
tual from original instances assesses the discriminative power (DP). The stability (S)

43Credit: https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk,

Adult: https://wuw.kaggle.com/datasets/wenruliu/adult-income-dataset, 06 August 2024.
Hhttps: //github.com/interpretml/DiCE/tree/main, 06 August 2024.
“https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html, 06 August

2024.
4phttps://scikit-learn.org/stable/modules/generated/sklearn.neighbors.

NearestNeighbors.html, 06 August 2024.


https://www.kaggle.com/datasets/kabure/german-credit-data-with-risk
https://www.kaggle.com/datasets/wenruliu/adult-income-dataset
https://github.com/interpretml/DiCE/tree/main
https://scikit-learn.org/stable/modules/generated/sklearn.svm.SVC.html
https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.NearestNeighbors.html
https://scikit-learn.org/stable/modules/generated/sklearn.neighbors.NearestNeighbors.html
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Table B.1: Quality metrics for counterfactual explanations (Guidotti, 2022).

Ratio R: Ratio of returned to queried counterfactuals.
Proximity P: Average cosine similarity of counterfactual explana-
tions to the original instance.
Sparsity Sp:  Average ratio of unmodified features in counterfac-
tual explanations compared to the original instance.
Discriminative Power DP:  Accuracy of 1-Nearest-Neighbor classifier, distin-
guishing counterfactual explanations from the orig-
inal instance wrt. 100 test instances.
Actionability A: Average ratio of actionable features among the
modified features.
Proximity Similarity P;,: Average proximity among the counterfactuals.
Sparsity Similarity Sp,;,: Average sparsity among the counterfactuals.
Stability S: Comparison of average cosine distances of coun-
terfactual explanations generated from most similar
original instances.
Time T: In seconds.

is measured by the similarity between the counterfactual instances generated from
the original and its most similar instance. The metrics are enriched by the ratio of
queried to returned counterfactuals (R) and the the time (T) in seconds.

Finally, to control the evaluation of the post-processor, the subsequent list of
data-set-specific handcrafted constraints is added:

Credit:
e_age(X). e_sex(X). e_purpose(X). sum_age_duration_le_80(X).

g_savingaccounts_0OR_g checkingaccount_IF_1_durat ion(X )

Adult:
e_gender(X). e_race(X). hoursperweek_g 0_le_70(X).

g educationalnum IF_1_hoursperweek(X).

For instance, the constraint e_age(X) expresses that age is immutable, and
sum_age_duration_le_80(X) expresses that the sum of age and duration must be
less than or equal to 80. Example B.2 illustrates their construction in more detail.

Table B.2: Evaluation of plausibility post-processor. Comparison of the presence and absence
of the post-processor (post.) for counterfactual explanations on two Data sets wrt. pre-
defined quality metrics (Table B.1). Standard deviations are given in brackets.

Data post. R P Sp DP A P Spsim S T

Credit True 0.11 090 074 092 1.00 09 076 096 421
(0.07) (0.03) (0.03) (0.05) (0.00) (0.02) (0.05) (0.01) (2.62)

False 1.00 088 079 092 095 097 074 097 056
(0.00) (0.03) (0.02) (0.04) (0.02) (0.01) (0.03) (0.01) (0.04)

Adult True 009 099 056 058 1.00 099 074 099 2957
(0.07) (0.01) (0.07) (0.20) (0.00) (0.01) (0.08) (0.00) (5.84)

False 092 087 054 070 093 099 056 099 4.05
0.17) (0.17) (0.15) (0.26) (0.02) (0.00) (0.12) (0.00) (1.40)
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Results Table B.2 highlights two drawbacks of the post-processor: First, post-
processing does not guarantee the queried amount of counterfactual explanations.
The second drawback is a drastically increased computational time. The major ben-
efit of the post-processor is that it has a perfect actionability value. The remaining re-
sults are nearly stable with two exceptions: First, the discriminative power is lower
for post-processed counterfactual instances in the Adult setting, whereas, second,
the sparsity similarity among the counterfactuals is higher.

Section Summary

Summary Counterfactual explanations have emerged as an intuitive interpreta-
tion technique for ML models and represent a state-of-the-art local explanation ap-
proach in the field of XAI (Wachter, Mittelstadt, and Russell, 2017; Guidotti, 2022).
This chapter has provided a practical extension for counterfactual explanations to
improve their plausibility post-hoc, despite missing control over the explanation
algorithm or the initial classification model. Existing post-processors estimate the
plausibility of counterfactual instances with statistical distance metrics wrt. a refer-
ence data set (Laugel et al., 2019; Artelt et al., 2021). The reference data set might be
unrepresentative for the population, which is why plausibility violations might not
be detected by existing methods. The proposed post-processor builds a surrogate
in the form of a decision tree, extracts its rules recursively and adds the class prob-
abilities. The former is used to construct a probabilistic logic rule set extended by
deterministic constraints. Each counterfactual instance is propagated through the
constrained rule set to ensure their validity and to identify plausibility violations.
The experiments show that despite minor deviations, the counterfactual explana-
tion quality remains stable after post-processing.

Limitations  Discussions on the proposed counterfactual post-processing tech-
nique should focus on three dimensions: post-processing in general, the concept of
logical constraints to increase the plausibility of counterfactual explanations, and
the experimental setup.

* Post-processing:

From Table B.2 can be deduced: Apart from the ratio of returned to queried
counterfactual explanations and the computational time, the quantitative
behavior of counterfactual instances after post-processing remains stable.
Both exceptions are post-processing-inherent problems: When counterfactual
instances are deleted, the ratio of returned to queried counterfactual instances
will not improve. Neither will the computational time if operations are added.
Nevertheless, a more precise inspection of the subsequent differences — the
plummeted discriminative power and the increased sparsity similarity for
Adult - indicates another problem: A poor discriminative power implies
that the counterfactual explanations can be hardly differentiated from the
original instance. A high sparsity similarity exacerbates this circumstance.
Another general problem is that actually two distinct surrogate models are
used in the proposed framework: first, a decision tree and subsequently, a
probabilistic logic program. The decision tree is an efficient and interpretable
surrogate model, yet redundant and should be replaced with probabilistic rule
learning (e.g., Raedt et al., 2015) with probabilistic examples (Definition 4.3).
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* Logical constraints:

On a theoretical level, the post-processor depends on the awareness of plau-
sibility constraints and on the ability to express them logically. Both restric-
tions are necessary, as background knowledge depends on each individual
and implicit knowledge cannot be formalized directly. Furthermore, the post-
processor puts forward that each individual has sufficient domain knowledge
to distinguish plausible from implausible instances. A possible enhancement
is the connection of statistical post-processors with the proposed one. Another
opportunity is to extract the causal relationships of the data set with structured
causal models (e.g., Pearl, 2009) as a baseline for the plausibility constraints.

¢ Experimental setup:

Three remarks on the experimental setting: First, the Adult data set is trun-
cated to force more heterogeneous counterfactual explanations. This crucial
operation has not been evaluated. Second, the support vector classifier does
not use balancing methods for simplicity reasons, a poor-performing decision,
which should be corrected in future evaluations. In general, however, it can
be argued that the predictive power is of subsequent importance with a high
tidelity. Indeed, error rate deltas are low when the surrogate approximates
the classifier. Nevertheless, more classifiers and data sets should be explored.
Ideally, the evaluations are even expanded to multi-class classifications.

Implications for CAIPI Obviously, the implications of this chapter on CAIPI (Teso
and Kersting, 2019) are under the premise that CAIPI leverages counterfactual in-
stances as a local explanation component. Then, an improved plausibility of counter-
factual explanations might improve the users” understanding of the decision bound-
ary. Consider implausible counterfactual instances such as in the introductory exam-
ple: If some feature alternations are exaggerated or the indecisive features are altered
to an over-proportional extent instead of the decisive features to adjust the model’s
decision, users might evaluate the explanation as being incorrect, despite the deci-
sion boundary might, in fact, be located correctly. Such problems can be prevented
with higher quality — in this case, more plausible — counterfactual explanations.
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Appendix C

Peer-Reviewed Publications

C.1 Counterexamples from Constrained LLMs

Full reference:

Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024). "Explanatory Interac-
tive Machine Learning with Counterexamples from Constrained Large Language
Models”. In: KI 2024: Advances in Artificial Intelligence. Ed. by Andreas Hotho
and Sebastian Rudolph. Cham: Springer Nature Switzerland, pp. 324-331. DOI:
10.1007/978-3-031-70893-0_26.

Type: conference article with talk

My scientific contribution:

I conceptualized the paper. I was responsible for the formalization and implemen-
tation of the method. I conducted and evaluated all experiments. Ute Schmid pro-
vided feedback on the conceptualization and Stephan Scheele on the formalization.

My writing contribution:

I wrote the entire paper. Stephan Scheele provided feedback on the structure and
helped arranging the materials regarding the page limit.

C.2 FairCAIPI

Full reference:

Heidrich, Louisa, Emanuel Slany, Stephan Scheele, and Ute Schmid (2023). “Fair-
Caipi: A Combination of Explanatory Interactive and Fair Machine Learning for
Human and Machine Bias Reduction”. In: Machine Learning and Knowledge Extrac-
tion 5.4, pp. 1519-1538. DOI: 10.3390/make5040076.

Type: journal article

My scientific contribution:

I conceptualized and structured the paper. I developed a formal notation for the
FAIRCAIPT approach. Iimplemented parts of the code to reproduce and optimize the
results of the experiments, which originate in Louisa Heidrich’s MSc thesis. Further,
I curate the open-source FAIRCAIPI project linked to this article. I had help with
the mathematical notation from Stephan Scheele and Ute Schmid helped during the
revision.


https://doi.org/10.1007/978-3-031-70893-0_26
https://doi.org/10.3390/make5040076
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My writing contribution:

I wrote the paper entirely, while I recycled some parts, especially in the literature
review, from Louisa Heidrich’s MSc thesis. Stephan Scheele rewrote minor parts,
specifically the description of the SHAP approach as well as the discussion of FAIR-
CAIPT’s time complexity. Figures 1, 2, and 4 stem from Stephan Scheele.

C.3 CAIPI in Practice

Full reference:

Slany, Emanuel, Yannik Ott, Stephan Scheele, Jan Paulus, and Ute Schmid (2022).
“CAIPI in Practice: Towards Explainable Interactive Medical Image Classification”.
In: Artificial Intelligence Applications and Innovations. AIAI 2022 IFIP WG 12.5 Interna-
tional Workshops - MHDW 2022, 5G-PINE 2022, AIBMG 2022, ML@HC 2022, and AIBEI
2022, Hersonissos, Crete, Greece, June 17-20, 2022, Proceedings. Ed. by Ilias Maglogian-
nis et al. Vol. 652. IFIP Advances in Information and Communication Technology.
Springer, pp. 389—400. DOI: 10.1007 /978-3-031-08341-9_31.

Type: workshop article with talk

My scientific contribution:

This article originates in Yannik Ott’s BSc thesis, which Ute Schmid and I jointly
supervised. I conceptualized and structured the paper. I optimized Yannik Ott’s
technical realization and conducted the experiments together with him.

My writing contribution:

I wrote this paper entirely. Stephan Scheele, Jan Paulus, and Ute Schmid all offered
their review comments, which I have integrated.

C.4 Bayesian CAIPI

Full reference:

Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024). “Bayesian CAIPI: A Prob-
abilistic Approach to Explanatory and Interactive Machine Learning”. In: Artificial
Intelligence. ECAI 2023 International Workshops. Ed. by Stawomir Nowaczyk et al.
Cham: Springer Nature Switzerland, pp. 285-301. DOI: 10.1007/978-3-031-50396-
2_16.

Type: workshop article with talk

My scientific contribution:

From idea, over conceptualization, technical realization, to evaluation, the content of
this paper is entirely my own. Except, I had help with the algorithmic formalization
of Bayesian CAIPI by Stephan Scheele.

My writing contribution:

This paper is entirely written by my own. Except, Stephan Scheele wrote the start of
the Explanatory Interactive Machine Learning section. Moreover, Stephan Scheele
guided me through the editing process.


https://doi.org/10.1007/978-3-031-08341-9_31
https://doi.org/10.1007/978-3-031-50396-2_16
https://doi.org/10.1007/978-3-031-50396-2_16
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C.5 Cluster XAI

Full reference:

Amling, Jonas, Stephan Scheele, Emanuel Slany, Moritz Lang, and Ute Schmid
(2024). “Explainable AI for Mixed Data Clustering”. In: Explainable Artificial In-
telligence. Ed. by Luca Longo, Sebastian Lapuschkin, and Christin Seifert. Cham:
Springer Nature Switzerland, pp. 42-62. DOI: 10.1007 /978-3-031-63797-1_3.

Type: conference article with talk (held by Jonas Amling)

My scientific contribution:

The work is based on the MSc thesis of Jonas Amling. I assisted him during the con-
ceptualization and provided continuous feedback regarding the statistical methods
parts. Furthermore, I was responsible for the formalization of the method.

My writing contribution:

I authored the notation, definitions, explanations, algorithms, and technical parts
related to SHAP. Thereby, I modified existing materials from Jonas Amling’s MSc
thesis. Furthermore, I revised the entire text.

C.6 Hybrid Explanatory Interactive Machine Learning

Full reference:

Slany, Emanuel, Stephan Scheele, and Ute Schmid (2024). “Hybrid Explanatory
Interactive Machine Learning for Medical Diagnosis”. In: Artificial Intelligence Ap-
plications and Innovations. Ed. by Ilias Maglogiannis et al. Cham: Springer Nature
Switzerland, pp. 105-116. DOI: 10.1007/978-3-031-63211-2_9.

Type: conference article with talk

My scientific contribution:

The content of this paper is entirely my own. Except, the algorithmic formalization
emerged from discussions with Stephan Scheele, who also refined the notation.

My writing contribution:

I wrote the paper entirely, while Stephan Scheele and Ute Schmid supported me
during the revision process.


https://doi.org/10.1007/978-3-031-63797-1_3
https://doi.org/10.1007/978-3-031-63211-2_9
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Scientific Activities

D.1 Non-Peer-Reviewed Publications

Slany, Emanuel (2024). "Zusammenarbeit von Mensch und Kiinstlicher Intelligenz
in der Chemieindustrie". “perspectives” magazine by fazit, an FAZ company. To be
published.

Type: interview

Schmid, Ute, Emanuel Slany, and Stephan Scheele (2023). "Understanding the Why
and How of Trustworthy AI". Smart Sensing Insights. URL: https://websites.
fraunhofer.de/smart-sensing-insights/trustworthy-ai/.

Type: blog post

D.2 Talks

Slany, Emanuel (2024). "Zusammenarbeit von Mensch und Kiinstlicher Intelligenz
in der Chemieindustrie". ACHEMA 2024. Frankfurt (Germany), 13 June 2024.

Slany, Emanuel (2023). "PHAL: Post-Hoc model Approximation with Logic". Nordic
Probabilistic AI Summer School 2023. Trondheim (Norway), 15 June 2023.

Schmid, Ute, Emanuel Slany, and Stephan Scheele (2022). "Hybrid Explanatory In-
teractive Machine Learning — Towards Human-Al Partnerships". Airbus Tech Talk.
Virtual, 21 November 2022.

Slany, Emanuel (2022). "CAIPI in Practice: Towards Explainable Interactive Medi-
cal Image Classification". Heinz-Nixdorf Symposium 2022. Paderborn (Germany), 16
September 2022.

Slany, Emanuel (2022). "Explainable Gaussian Process Regression with Probabilis-
tic Influence and Logic". Heinz-Nixdorf Symposium 2022. Paderborn (Germany), 15
September 2022.

D.3 Reviews

"DT-PPO: Interpretable Proximal Policy Optimization using Decision Trees". IJCAI
2024.

"Deep Differentiable Symbolic Regression Neural Networks". AAAI 2023.

"Assessing the Performance Gain on Retail Article Categorization at the Expense of
Explainability and Resource Efficiency". KI 2022.
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"Agnostic Explanation of Model Change based on Feature Importance". KI - Kiin-
stliche Intelligenz 2022.

D.4 Advised Thesis

Gernlein, Lukas (2024). "An Explanatory and Interactive Machine Learning Ap-
proach for Multi-Label Classification". MSc thesis. Supervision by Emanuel Slany
and Stephan Scheele.

Hempel, Felix (2023). "Explainable and Interactive Machine Learning with Counter-
factuals and Ordinal Data". MSc thesis. Supervision by Emanuel Slany and Stephan
Scheele.

Rabshal, Solveig (2023). "Exploring the Impact of Scale of Measurement on Coun-
terfactual Explanations". BSc thesis. Supervision by Emanuel Slany and Stephan
Scheele.

Ott, Yannik (2022). "An explanatory interactive machine learning approach for im-
age classification in medical engineering". BSc thesis. Supervision by Emanuel Slany
and Ute Schmid.

Serdarov, Oraz (2022). "Explainable Unsupervised Learning for Fraud Detection".
MSc thesis with HUK-Coburg. Supervision by Emanuel Slany and Ute Schmid.

D.5 Proposals

Hauenstein, Thomas, Andreas Ernst, Emanuel Slany, Ute Schmid, and Dominik
Seufs (2024, for Fraunhofer IIS). "Intelligente, multimodale Info-Displays (IMID)".
ZIM, BMWK Germany.

Slany, Emanuel and Ute Schmid (2024, for Fraunhofer IIS). "Artificial Intelligence
assisted Technical Information Model (AITIM)". Bayern Innovativ, Germany.

Slany, Emanuel and Ute Schmid (2023, for Fraunhofer IIS). "Extension: Humanzen-
trierte Kiinstliche Intelligenz in der Chemischen Industrie (hKI-Chemie)". BMBF
Germany.
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