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Abstract

The interpretation of models is an integral part of machine learning that is referred to as
interpretable machine learning (IML). This dissertation is comprised of six papers that
bridge the gap between IML and efforts to gain an understanding of mathematical models
in other domains.

In recent years, an upsurge of research in IML brought along many novel model-agnostic
interpretation methods. Although they might seem loosely connected, the first paper presents
a generalized framework of work stages (sampling, intervention, prediction, aggregation) for
model-agnostic interpretation methods. The second paper illustrates many general pitfalls
of this methodology, which can lead to erroneous interpretations if applied incorrectly.
Furthermore, model-agnostic techniques, as well as explanations of the hyperparameter
optimization process, are related to sensitivity analysis, an auxiliary methodology used to
explain complex systems in many fields such as environmental modeling or engineering.
The third paper provides an impetus for discussion on how IML can be seen as sensitivity
analysis applied to machine learning, which integrates recent advances in IML into a larger
body of research on how to explain complex systems.

The fourth paper bridges the gap between IML and interpretations in applied statistics. It
presents a model-agnostic interpretation approach with forward marginal effects (FMEs) to
interpret any predictive model on the local, regional, and global level: The FME indicates
the change in prediction for a pre-specified change in feature values; a non-linearity measure
provides additional diagnostic information on whether the FME is a sufficient local descriptor
of the prediction function; and the conditional average marginal effect aggregates local model
explanations while preserving fidelity to the underlying predictive model. In addition, the
fifth paper introduces the R package fmeffects, the first software implementation of the
theory surrounding FMEs.

In spite of the practical relevance of explaining clusters, research in IML almost exclusively
focuses on supervised learning. The sixth paper bridges the gap with cluster explanations. It
introduces a framework of work stages (sampling, intervention, reassignment, aggregation)
to design algorithm-agnostic cluster explanation methods termed FACT (feature attributions
for clustering). Furthermore, it introduces two novel interpretation methods: SMART
(scoring metric after permutation) measures changes in cluster assignments by custom
scoring functions after permuting selected features; IDEA (isolated effect on assignment)
indicates local and global changes in cluster assignments after making uniform changes to
selected features.






Kurzfassung

Die Interpretation von Modellen ist ein integraler Bestandteil des maschinellen Lernens, der
als interpretierbares maschinelles Lernen (IML) bezeichnet wird. Die vorliegende Disserta-
tion besteht aus sechs Fachpublikationen, die Konzepte aus dem IML und der Interpretation
mathematischer Modelle in anderen Fachgebieten verbinden.

In den vergangenen Jahren brachte ein Aufschung der Forschung viele neuartige modell-
agnostische Interpretationsmethoden mit sich. Obwohl diese nur schwach verwandt erschei-
nen, stellt die erste Publikation ein allgemeines Konzept von Arbeitsschritten (Sampling,
Intervention, Prediction, Aggregation) fiir modell-agnostische Interpretationsmethoden vor.
Die zweite Publikation illustriert diverse allgemeine Fallstricke dieser Methodik, die bei
unsachgemiBler Anwendung zu félschlichen Interpretationen fiihrt. Sowohl bei modell-
agnostischen Verfahren als auch bei der Erkldrung der Hyperparameteroptimierung fin-
det sich eine Ahnlichkeit mit der Sensitivititsanalyse, eine Hilfsmethodik zur Erklirung
komplexer Systeme, die in vielen Fachgebieten wie den Geowissenschaften oder dem Inge-
nieurwesen angewandt wird. Die dritte Publikation stellt einen Diskussionsanstof3 dar, IML
als eine Form der Sensitivititsanalyse zu betrachten und integriert somit Ansétze aus dem
IML in eine groBere Anzahl von Forschungsarbeiten zur Erklarung komplexer Systeme.

Die vierte Publikation verkniipft IML mit Interpretationen in der angewandten Statistik. Sie
prasentiert einen modell-agnostischen Interpretationsansatz mit Hilfe von Forward Margi-
nal Effects (FMEs), um jegliches Vorhersagemodell auf der lokalen, regionalen und globa-
len Ebene zu interpretieren: Der FME zeigt die Anderung der Vorhersage fiir spezifizierte
Anderungen der Eingangsvariablen an; ein Non-Linearity Measure stellt zusitzliche diagno-
stische Information bereit, ob der FME ein ausreichender lokaler Deskriptor der Vorhersage-
funktion ist; der Conditional Average Marginal Effect aggregiert lokale Modellerkldrungen
ohne die Treue zum zugrundeliegenden Modell zu verlieren. Zusitzlich stellt die fiinfte
Publikation das R-Paket fmeffects vor, welches die erste Softwareimplementierung der
Theorie um FMEs darstellt.

Trotz der praktischen Relevanz Cluster zu erkliren, fokussiert sich die IML-Forschung fast
ausschlieBlich auf das iiberwachte Lernen. Die sechste Publikation verkniipft IML mit der
Erklarung von Clustern. Sie stellt FACT (Feature Attributions for Clustering) vor, ein allge-
meines Konzept von Arbeitsschritten (Sampling, Intervention, Reassignment, Aggregation)
fiir algorithmus-agnostische Cluster-Interpretationsmethoden. Dariiber hinaus werden zwei
neuartige Interpretationsmethoden vorgestellt: SMART (Scoring Metric after Permutation)
misst Anderungen in Cluster-Zuweisungen mit spezifizierbaren Scoring-Funktionen, nach-
dem ein Teil der Eingangsvariablen permutiert wurde; IDEA (Isolated Effect on Assignment)
gibt lokale und globale Anderungen in Cluster-Zuweisungen wieder, die durch Anderungen
an den Eingangsvariablen verursacht wurden.






Contents

Part |

Chapter 1
1.1
1.2
1.3
Chapter 2
2.1
2.2
2.3
2.4
Chapter 3
Chapter 4

Part Il

Chapter 5
Chapter 6
Chapter 7

Chapter 8
Chapter 9
Chapter 10

Summary and Discussion 1

Overview 3

Research Objectives 4

Outline 4

Overview of Contributing Papers 6
Background 7

Notation and Preliminaries 7

Introduction to Interpretable Machine Learning 9
Other Types of Explanations 15

Introduction to Sensitivity Analysis 18
Discussion of Contributions 23

Concluding Remarks 29

Contributing Papers 45

Sampling, Intervention, Prediction, Aggregation: A Generalized
Framework for Model-Agnostic Interpretations 47

General Pitfalls of Model-Agnostic Interpretation Methods for Ma-
chine Learning Models 61

Position Paper: Bridging the Gap Between Machine Learning and
Sensitivity Analysis 93

Marginal E [edts for Non-Linear Prediction Functions 109
fme [edts: An R Package for Forward Marginal E [edts 157

Algorithm-Agnostic Feature Attributions for Clustering 181

Xiii






Acronyms

Al arti cial intelligence.
ALE accumulated local e ects.

AME average marginal e ect.

cAME conditional average marginal e ect.

DBSCAN density-based spatial clustering of applications with noise.

DGP data generating process.

DME derivative ME.

FACT feature attributions for clustering.
FD nite di erence.

FME forward marginal e ect.

G2PC global permutation percent change.

GE generalization error.

HDMR high-dimensional model representation.

HPO hyperparameter optimization.

ICE individual conditional expectation.
IDEA isolated e ect on assignment.

IML interpretable machine learning.

LIME local interpretable model-agnostic explanations.

LM linear model.

XV



Acronyms

ME marginal e ect.

ML machine learning.
NLM non-linearity measure.

PD partial dependence.

PFI permutation feature importance.
RF random forest.

SA sensitivity analysis.
SIPA sampling, intervention, prediction, aggregation.
SL supervised learning.

SMART scoring metric after permutation.
UL unsupervised learning.

XAl explainable arti cial intelligence.

XVi



Part I.

Summary and Discussion






1 Overview

The term machine learning (ML) may be traced back to Samuel (1959) and could be described
as providing computers with the ability to solve tasks from experience. This experience is
encapsulated in mathematical models derived from data. The abundant availability of data
and computational resources in the twenty- rst century has propelled ML to the forefront
of scienti c and economic progress. Often used synonymously with the term arti cial
intelligence (Al), itis both a driver of automatization and knowledge discovery. Applications
are as diverse anedicing Rajkomar et al. 2019; Boulesteix et al. 20288ychology{Dwyer

et al. 2018),economicgMullainathan et al. 2017; Athey et al. 2019ance (Goodell et

al. 2021),text mining(Zizka et al. 2021) speech processin@@eng et al. 2013)robotics
(Pierson et al. 2017§limate modelingDueben et al. 2018), dvideo) gamegSkinner et al.

2019; Silver et al. 2016).

The process of interpreting models has become an integral aspect of ML. This young and
quickly evolving eld of research is typically referred to as interpretable machine learning
(IML) (Molnar 2022) or explainable arti cial intelligence (XAl) (Kamath et al. 2021).

In recent years, there has been an upsurge of interest in IML with applications such as
neurosciencéFellous et al. 2019judicial settinggDeeks 2019)surgical decision support
systemgGordon et al. 2019)atural language processind@anilevsky et al. 2020)irug
discovery(Jimenez-Luna et al. 2020}igital pathology(Evans et al. 2022)obotics(Das

et al. 2021),software engineeringTantithamthavorn et al. 2021gybersecuritySharma

et al. 2022) education(Khosravi et al. 2022)earth observatior{Gevaert 2022), opower
systemgMachlev et al. 2022).

However, the motivation to explain mathematical models is neither new nor limited to ML.
For instance, in the earth sciences, models are typically explained via sensitivity analysis
(SA) (Razavi et al. 2021). An innate connection between IML and SA exists, as both elds
are based on similar principles and methodological approaches to explain mathematical
models. The research community has not fully acknowledged this connection, resulting in
potential research gaps and related work not being referenced su ciently. Further inspiration
can be drawn from applied statistics where interpretability plays a major role in modeling
tasks. Comprehensible and actionable model explanations of the\fmm does the
predicted outcome change if a set of features changes by speci ed amouatsXnown

as marginal e ects (MEs) in many domain sciences suckamsometric§Greene 2019),
psychologyMcCabe et al. 2022), anedical researcliOnukwugha et al. 2015) but are not



1. Overview

acknowledged in ML. Finally, many model-agnostic techniques are potentially applicable
to the unsupervised clustering setting. In spite of the practical relevance of explaining
clusters, IML largely focuses on supervised learning (SL). All this is an indication that IML
could pro t from bridging gaps to other elds and adopting a broader perspective on the
interpretation of mathematical models.

1.1. Research Objectives

This dissertation is comprised of six papers contributing to the science of interpreting
mathematical models, albeit in quite di erent aspects. It thus may be seen as a journey
through di erent elds guided by the theme of interpretability. Speci cally, | pursue three
objectives in my research:

Sensitivity Analysis.  Working towards a change of direction in the research community
to synthesize ML and SA, better reference related work, and exploit research gaps.

Marginal E ects.  Adapting MEs for the application to non-linear models, thereby estab-
lishing them as a valuable model-agnostic interpretation method.

Cluster Explanations.  Adapting interpretation approaches from SL to the unsupervised
clustering setting.

1.2. Outline

This dissertation consists of two major parts. In the rst part, | will provide the reader with
general background information on IML, other types of explanations connected to ML, and
SA. Furthermore, | will summarize the key contributions of each paper and discuss how they
relate to the overarching theme of bridging gaps in IML, potential avenues for development,
and future developments of the eld. The second part includes each contributing paper and
the corresponding declaration of author contributions.

Sensitivity Analysis.  We rst venture out into the eld of SA and gain new perspectives on
existing interpretation methods. General principles seem to underlie the rapidly growing
amount of techniques to explain models. The rst bridge aims at discovering such
principles and establishing a connection between methods both within IML and across
di erent domains (where many interpretation methods are broadly compiled under the
umbrellaterm of SA). Chapter 5 (Scholbeck et al. 2020) reveals that many model-agnostic
interpretation methods are based on the same work stages, which is termed the SIPA
(sampling, intervention, prediction, aggregation) framework. Model-agnostic methods let
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us decouple the modeling process from the interpretation process but are subject to certain
pitfalls, including the interpretation of models that do not generalize well, ignoring feature
dependencies and interactions, or making unjusti ed causal interpretations. Chapter 6
(Molnar et al. 2022) provides guidance on identifying such common pitfalls and potential
solutions. Many pitfalls stem from the SIPA methodology, which analyzes the sensitivity
of the model output or model performance with respect to variations in feature values.
Similar approaches are used to explain the hyperparameter optimization (HPO) process
(Hutter et al. 2014; Moosbauer et al. 2021). Chapter 7 (Scholbeck et al. 2023b) provides
an impetus for discussion on how IML can be seen as SA applied to ML, which integrates
recent developments in IML into the larger body of research in SA on how to explain
general complex systems.

Marginal E ects. The next step on our journey is applied statistics, which in the context
of this thesis refers to domain sciences that utilize classic statistical models such as
(generalized) linear or generalized additive models. This incledesometric§Greene
2019),psychologyMcCabe et al. 2022), anedical researcifOnukwugha et al. 2015).

In such elds, interpretability plays a major role in most modeling tasks, which strongly
contrasts with the algorithmic black box nature of modeling in ML (Breiman 2001b). To
interpret the above-mentioned white box model types, MEs (Williams 2012) (which refer
to derivatives of the prediction function with respect to a feature or changes in prediction
due to changes in feature values) are used to interpret the feature-target relationship.
Although MEs are typically computed analytically, due to the model equation being known
in such scenarios, they can be formulated in a model-agnostic way via forward di erences,
resulting in simple and valuable model-agnostic interpretations of the\fommdoes the
predicted outcome change if a set of features changes by speci ed amou@kapter

8 (Scholbeck et al. 2024) bridges the gap to applied statistics by introducing a uni ed
de nition of forward marginal e ects (FMESs) as a model-agnostic interpretation method
with options to explain models on the local (observation-wise), regional (concerning
subgroups), and global level (concerning the entire feature space). In addition, Chapter 9
(Lewe et al. 2023) describes the R packhgeffects , the rst software implementation

of the theory surrounding FMEs.

Cluster Explanations. The last step on our journey brings us to unsupervised learning
(UL), or more speci cally, clustering. While the recent wave of publications in IML
has almost exclusively focused on SL (Molnar 2022), unsupervised methods such as
clustering have been mostly ignored. In spite of the practical relevance, addressing
the issue of cluster interpretability has been limited (Bertsimas et al. 2021). Chapter
10 (Scholbeck et al. 2023a) introduces a novel algorithm-agnostic approach to explain
assignments of observations to clusters. This represents an evolution of thought from
model-agnostic interpretations in SL to algorithm-agnostic interpretations in clustering.
First, the SIPA framework from Chapter 5 is adapted to the unsupervised clustering
setting where the prediction stage is replaced by a reassignment stage; based on this
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conceptual approach for the clustering setting, two interpretation methods termed the
scoring metric after permutation (SMART) and the isolated e ect on assignment (IDEA)
are developed. SMART measures changes in cluster assignments by custom scoring
functions after permuting selected features. IDEA indicates local and global changes in
cluster assignments after making uniform changes to selected features.

1.3. Overview of Contributing Papers

Chapter 5. Scholbeck, C. A., Molnar, C., Heumann, C., Bischl, B., and Casalicchio, G.
(2020). \Sampling, Intervention, Prediction, Aggregation: A Generalized Framework
for Model-Agnostic Interpretations”. InMachine Learning and Knowledge Discovery
in Databases: International Workshops of ECML PKDD 201%r¥urg, Germany,
September 16{20, 2019, Proceedings, Part Ed. by Cellier, P. and Driessens, K.
Vol. 1167. Communications in Computer and Information Science. Cham: Springer
International Publishing, pp. 205{21@0i: 10.1007/978-3-030-43823-4_18

Chapter 6. Molnar, C., Kenig, G., Herbinger, J., Freiesleben, T., Dandl, S., Scholbeck,
C. A., Casalicchio, G., Grosse-Wentrup, M., and Bischl, B. (2022). \General Pitfalls
of Model-Agnostic Interpretation Methods for Machine Learning Models". ArAl -
Beyond Explainable Al: International Workshop, Held in Conjunction with ICML 2020,
July 18, 2020, Vienna, Austria, Revised and Extended Papeds by Holzinger, A.,
Goebel, R., Fong, R., Moon, T., Melller, K.-R., and Samek, W. Vol. 13200. Lecture
Notes in Computer Science. Cham: Springer International Publishing, pp. 3€{68.
10.1007/978-3-031-04083-2_4

Chapter 7. Scholbeck, C. A., Moosbauer, J., Casalicchio, G., Gupta, H., Bischl, B., and
Heumann, C. (2023b). \Position Paper: Bridging the Gap Between Machine Learning
and Sensitivity Analysis". In: arXiv2312.13234 [cs.LG]

Chapter 8. Scholbeck, C. A., Casalicchio, G., Molnar, C., Bischl, B., and Heumann, C.
(2024). \Marginal E ects for Non-Linear Prediction Functions". liData Mining and
Knowledge Discover$8.5, pp. 2997{3042doi: 10.1007/s10618-023-00993-x

Chapter 9. Lewe, H., Scholbeck, C. A., Heumann, C., Bischl, B., and Casalicchio, G.
(2023). \fme ects: An R Package for Forward Marginal E ects". In: arXig310.02008
[cs.LG]

Chapter 10. Scholbeck, C. A., Funk, H., and Casalicchio, G. (2023a). \Algorithm-
Agnostic Feature Attributions for Clustering". IrExplainable Arti cial Intelligence:
First World Conference, xAl 2023, Lisbon, Portugal, July 26{28, 2023, Proceedings, Part
I. Ed. by Longo, L. Vol. 1901. Communications in Computer and Information Science.
Cham: Springer Nature Switzerland, pp. 217{24@i: 10.1007/978-3-031-44064-9_13



2 Background

2.1. Notation and Preliminaries

The nature of the data dictates how the machine learns, predicts, and how its predictions can
be explained. This dissertation is concerned with ML on structured, tabular data. SL (main
subject of Chapters 5 to 9) and UL (main subject of Chapter 10) are two major learning
paradigms.

2.1.1. Supervised Machine Learning

SL is concerned with learning a relationship between features and a target Vabiasbel

on labeled training data. We assume observatiar— ¥’ with x'® 2 X andH® 2 Y

are drawn i.i.d. from an unknown data generating process (DGP) which is dend®ed by
where” = 1- ;—ee¢_,° denotes the random variables associated witH?taémensional
feature spacX = X3 X », and. denotes the random variable associated with the
target spac® . A subset of features is indexed by the 6etf 1—«<«+—g? The complement
feature set is denoted by( = f1—+e+—n(. The feature vectox'® can be partitioned

into vectors of feature value@(180 andxls(o. With slight abuse of notation, we denot®

e

by X~ X regardless of the feature indices(in For a single feature of interegt,is

( 1
replaced by, We have access to adataBet 1x'&— o @11 Alearning algorithm
(also referred to as inducer) learns the prediction functioB: X ! Y  from a training
subseD 4in D with =44, Observations, a process that is dictated by the hyperparameter
con guration, 2

| :Dyai— °7! B

The space of learnable models is restricted to the hypothesis Bpace

B2H

1For regression tasks, we typically model a univariate target, while in classi cation, the dimensionality of the
target depends on the number of classes. The explanation methods discussed in this thesis can easily be
extended to multi-output prediction problems if they are applied to a single output at a time.
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The model is trained such that it is able to generalize well given unseen test data. The
model's generalization error (GE) with respect to the loss fundtigde ned as:

h [
GE=Eix_n p._ ! Bx°-H

As P __is generally unknown, most learners use empirical risk minimization to train the
model:

. 5
| e Po_

" emp &=

—train 8:1x'®— H®° 2 Dyain

B= argmin' emp &°
8

The nal performance of the trained model is evaluated by a general performance measure
d (which may coincide witH ) on a test subs@ st D :

(
XY H! R
d:

1D e 7! GE

Resampling and aggregating results has been demonstrated to be an e cient use of data
(Bischl et al. 2023); for instanc& can be split up into di erent training and test sets in

an outer loop whileD y4in can be further split up into a training and test set to validate the
model in an inner loop for HPO. In addition to controlling the behavior of the ledrner

we can con gure the entire learning procedure yiagor example via the speci cation of
resampling splits.

2.1.2. Clustering

UL is concerned with discovering patterns in unlabeled training data where no designated
target variable is observed. A large part of UL concerns clustering (3ewet al. 2016)
which aims at partitioning a data set of unlabeled data x'& Df1_veeg into : clusters

D2 D — 22 fl-see—gsuchthaD '2°\D '%2°=;8 29—22fl-eee—g " 21 < 2.

The data are partitioned so that observations within clusters are more similar (or in closer
proximity) to each other than to observations in other clusters. Through clustering, we can
identify an underlying structure in the data, which can also be used for data compression
(Jain 2010). As noted by Jain et al. (1988), it is crucial how to de ne and measure proximity,
which is inherently context-dependent.

This resulted in thousands of clustering algorithms with a large spectrum of methodological
approaches that can be categorized in di erent ways (Jain 2010; Xu et al. 2015; Ezugwu
et al. 2022). Well-established categories include partitional methods, suchmasns
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clustering (MacQueen 1967); hierarchical methods, such as nding nested partitions of the
data with a top-down or bottom-up approach (Han et al. 2012); density-based methods,
such as density-based spatial clustering of applications with noise (DBSCAN) (Ester et al.
1996); or grid-based methods such as statistical information grid-based clustering (Wang
etal. 1997).

In contrastto SL, no ground truth label exists, and thus evaluating the quality of the clustering
is more complex. Human experts may provide a proxy for a ground truth clustering, whose
closeness to the found clustering can be evaluated with extrinsic methods such as the cluster
homogeneity with respect to the ground truth label (Han et al. 2012). Given no such proxy,
clusterings are evaluated with intrinsic methods which typically quantify the compactness
and separation of clusters such as the silhouette coe cient (Rousseeuw 1987). Selecting
an appropriate number of clustersis paramount for a high-quality clustering. Some
algorithms such as-means clustering require the number of clustets be speci ed as a
hyperparameter, while other algorithms such as DBSCAN adaptively search for the optimal
number of clusters. In this regard, the elbow criterion (Thorndike 1953) is an established
heuristic that takes into account the trade-o between too few or too many clusters.

2.2. Introduction to Interpretable Machine Learning

2.2.1. History

Molnar et al. (2020) provide an insight into the history of IML: Interpretable predictive
models can be dated back as far as the early 1800s; but whereas the development of
the support vector machine (Vapnik et al. 1974) or neural networks and deep learning
(Schmidhuber 2015) revolutionized ML throughout the second half of the twentieth century,
interpretations of such black box models only became a concern in the 2000s, e.g., with the
introduction of a built-in feature importance measure for random forests (RFs) (Breiman
2001a); the mid 2010s marked an upsurge of interest in model interpretations, resulting
in novel model-agnostic interpretation methods, such as local interpretable model-agnostic
explanations (LIME) (Ribeiro et al. 2016), and novel interpretable model types, such as
rule-based methods (Angelino et al. 2018). The 2010s could therefore be considered the
de ning time period for the crystallization of IML as a recognized eld of research.

The term IML historically pertained to model explanations, but one could argue that any
e ort to interpret ML on some level shall be included under the same umbrella term. For
instance, the emergence of novel HPO approaches such as Bayesian optimization (Jones
et al. 1998; Hutter et al. 2011; Snoek et al. 2012) was accompanied by e orts to better
understand the HPO process (Hutter et al. 2014; Moosbauer et al. 2021), and an increasing
number of publications is exploring cluster explanations (De Koninck et al. 2017; Bertsimas
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et al. 2021; Lawless et al. 2023). Throughout this dissertation, the reader may notice my
e orts to expand the perspective on IML to include more types of explanations than mere
model explanations.

2.2.2. Re ections on Interpretability

Interpretability and explainability are often used synonymously but can also be understood
as di erent concepts (Marcinkess et al. 2023; Lipton 2018). For instance, Rudin (2019)
refers to IML as the design of intrinsically interpretable models and to explainable ML as
the application of post-hoc interpretation methods to an existing, typically black box, model.
In the context of this dissertation, | do not di erentiate between an interpretation and an
explanation.

A pressing question surrounding IML is how to de ne interpretability which, unfortunately,
has been insu ciently answered (Lipton 2018). Interpretability is often misused as a means
to an end instead of an end in itself (Krishnan 2020). Itis generally de ned opportunistically
to demonstrate a method's e ectiveness, resulting in futile attempts to objectively compare
and benchmark interpretation methods. Most discussions on interpretability pertain to
models (Molnar 2022; Molnar et al. 2024a; Krishnan 2020; Lipton 2018; Rudin et al. 2022;
Rudin 2019). However, the principles discussed below can be easily applied to explanations
of other aspects of ML such as HPO or clustering.

Why Interpretability. Molnar et al. (2024a) formulate three goals of explanations, inspired
by Adadi et al. (2018):

Explain to justify: By understanding models, their decisions can be justi ed, particularly
if results are unexpected. A better understanding of models establishes trust in their
decision making capabilities and may even be a prerequisite to employ them in regulatory
environments (Wachter et al. 2018; Lipton 2018).

Explain to improve: Especially in high-stakes decision making contexts, knowing when
models fail is paramount. We therefore need to understand the processes dictating how
they operate to counteract and prevent malfunctionings (Krishnan 2020). Malfunctionings
can manifest in di erent ways. For one, they depend on formal requirements set out in
advance. For instance, regulations can be put in place to prevent a model learning to
discriminate against minorities (Goodman et al. 2017), which links back to the goal of
explaining to justify Furthermore, understanding what the model has learned lets us
improve its predictive performance.

Explain to discover: Models are now able to nd patterns in data sets of unprecedented
magnitudes. Coupled with model explanations, these patterns can be uncovered and
expressed in a comprehensible way.

10



2.2. Introduction to Interpretable Machine Learning

Attempts at De ning Interpretability. Interpretability may be de ned as the degree to
which humans are able to understand the model's decision making process (Miller 2019). A
similar de nition measures interpretability as the degree to which a human can predict the
model's decision (Kim et al. 2016). Although human comprehension inarguably plays an
important role in interpretability, it is neither objectively measurable for individuals (mul-
tiple models rated by a single individual), nor across multiple individuals (a single model
rated by multiple individuals), thus lacking necessary mathematical precision. Interpretabil-
ity is closely connected to complexity and sparsity (Rudin et al. 2022; Molnar et al. 2020).
Although better quanti able, this shifts the burden to (also quite arbitrary) complexity and
sparsity measurements which, furthermore, are not a su cient descriptor of interpretability.
For instance, a regression model with a single cubic term is more sparse than a model with
two linear terms but less comprehensible to the human mind. In other domains, interpretabil-
ity is connected to the infusion of prior knowledge, e.g., about physical processes, into the
modeling process (Zhang et al. 2020). It is now widely agreed upon that interpretability
is a multi-faceted concept and could include complexity / sparsity, the ability for disen-
tanglement of information ows, generative constraints such as in physics, manual control
of the learning process, the ability for visual interpretations, and more (Rudin et al. 2022).
Scienti c explanations are also widely discussed in philosophy of science. By di erentiating
between explanandum (what is explained) and explanans (how it is explained), explanations
can be approached via logical models such as the deductive-nomological model (Hempel
et al. 1948). Due to the many di erent philosophical models for scienti ¢ explanations
(Woodward et al. 2021), philosophical approaches are not further discussed in the context of
this dissertation. The fact that we cannot concisely de ne interpretability does not, however,
diminish the scienti c contributions of interpretation methods (Krishnan 2020).

A Case for Goal-Oriented Interpretations. ~ The missing conceptual foundation of IML
carries the risk of techniques being applied without a clear vision of how the model shall
be interpreted. A proper strategy should consist of de ning the goals (or purpose) of the
interpretation upfront, then deciding on an appropriate method (Freiesleben et al. 2023).
Chen et al. (2022) argue to treat IML methods as diagnostics for ML, similar to classic
statistical diagnostics such as error bars or hypothesis tests, with clear guidelines for when
and how to apply a method. They use the analogy of a doctor assessing a patient's overall
health with diagnostic tools such as x-rays or blood pressure measurements; neither tool is
a su cient descriptor of the patient's overall health but can provide crucial information on
speci ¢ questions, e.g., whether the patient su ers from a bone fracture or of cardiovascular
disease. In other words, the diagnostic tool is linked to a speci c use case. Freiesleben
etal. (2024) enlarge upon this idea and advocate a step-wise approach for scienti c inference
with IML: rst, formalize a scienti ¢ question and establish whether IML is able to answer

it, then design a model property descriptor (in other words, an interpretation technique) to
answer the question and estimate it, and furthermore, quantify the uncertainty connected
with the model property description.
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2. Background

2.2.3. Principles of Model Interpretations

Model Structure. Interpretable models provide built-in measures informing about the
relationship between features and the predicted outcome. Regression models with known
model equations (such as (generalized) linear or generalized additive models), decision trees,
or: -nearest-neighbors are well-established interpretable model types.

Consider the model equation of a linear model (LM) for an observation
Bixo=\p, UG, *** 4G, n (2.1)

wheren denotes the residual. A coe cient such & provides immediate insight into the
direction and magnitude of the change in predicted outcome due to a change in the value of
G. Such a model description can be referred to as a feature e ect (Scholbeck et al. 2020;
Casalicchio et al. 2019).

We can also interprety as the importance of the associated feature, as a large e ect on
the predicted outcome makes a feature more important to the model behavior. Feature
importance is also linked to uncertainty; for instanc& iis associated with a large e ect on

the prediction, but the uncertainty associated v@tls low, we could argue that it is not an
important feature of the model. Alternatively, the importance of a feature can be measured
by evaluating its impact on the model performance (Casalicchio et al. 2019).

The in uence of features on the predicted outcome can also be referred to as a feature
attribution (Zhou et al. 2022). Unfortunately, a standardized terminology for IML does not
yet exist.

Given its comprehensible model equation, the LM could be considered the prime example for
an interpretable model. But even with access to a model equation, the workings of the model
might be di cult to interpret. By introducing non-linear feature terms or interactions, we
quickly lose comprehension of the individual e ects of features. Recall that interpretability
can be considered a multi-faceted concept, where sparsity or complexity of the model plays
a major role.

Scope of Explanation. We need to further di erentiate between local, regional, and global
explanations: Local explanations explain the model for a single data point; regional expla-
nations explain the model for a region of the feature space; and global explanations explain
the model for the entire feature space. Given randomly sampled data, global explanations
can be estimated by considering an entire data set, whereas regional explanations can be
estimated by considering subsamples from speci ¢ subspaces. The contributing paper by
Scholbeck et al. (2020) in Chapter 5 showcases how in general, global model explanations
result from aggregating local explanations. For the LM, local, regional, and global expla-
nations coincide, but they can di er considerably for non-linear models. Therefore, it is
important to carefully select the appropriate explanation scope for the task at hand.
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2.2. Introduction to Interpretable Machine Learning

2.2.4. Classic Model-Agnostic Methods

In recent years, model-agnostic techniques have become the centerpiece of IML (Molnar et
al. 2020). They can be used to generate insight into the in uence of features on the predicted
outcome for any predictive model. But they are also applicable to interpretable models,
where they may provide additional, crucial insight. For instance, a decision tree with binary
splitsis highly interpretable, due to decision rules resembling the human thought process, but
it does not provide a metric indicating a feature's importance, which model-agnostic methods
can provide. The contributing paper by Scholbeck et al. (2020) in Chapter 5 demonstrates
that model-agnostic methods work by querying the model with di erent feature values, a
methodology akin to SA. This connection is further explored in the contributing paper by
Scholbeck et al. (2023b) in Chapter 7.

Popular local interpretation methods include the individual conditional expectation (ICE)
(Goldstein et al. 2015), LIME (Ribeiro et al. 2016), anchors (Ribeiro et al. 2018), counter-
factual explanations (Wachter et al. 2018), Shapley val8esinbelj et al. 2010), or Shapley
additive explanations (Lundberg et al. 2017).

Popular global methods include the partial dependence (PD) (Friedman 2001), Shapley
additive global importance (Covert et al. 2020), the permutation feature importance (PFI)
(Fisher et al. 2019), or accumulated local e ects (ALE) (Apley et al. 2020).

As the list of available methods is vast and growing steadily, this section will only illustrate
methods that are particularly relevant for the contributing papers in this dissertation, namely
the ICE, PD, PFI, and LIME. For a more comprehensive overview, the interested reader may
be referred to the work of Molnar (2022).

Individual Conditional Expectation and Partial Dependence. The ICE represents the
prediction of an SL modeB for a single observatior'® while replacingx(80 by ¢ and

keeping the observed valuglsff xed:
ICE o (x(° = Bxg %0

The PD represents the global, average in uence of a set of features. It can be formulated for

the DGP or as a Monte-Carlo estimate (which corresponds to an aggregation of ICES):
1

PD(lx_(O: glx.(_/\ (03p,\(
€;

ik

PDp - (% ° = B xx{

81

Computing ICEs and averaging out the in uence of the remaining features requires the
generation of arti cial combinations of feature valuesMIf and” ( are dependent, such
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2. Background

Figure 2.1.: ICEs and PD for two di erent modeld_eft: Similarly-shaped ICE curves
with vertical di erences indicate an additive in uence of other featuriggyht:
Di erently-shaped ICE curves indicate an interaction betwé&erand other
features.

arti cial instances might be unlikely to occur in reality, thus creating a biased estimate of
the feature e ect. Ignoring feature dependencies is a common pitfall of model-agnostic
interpretations, which will be discussed in the contributing paper by Molnar et al. (2022) in
Chapter 6.

The ICE and PD are prominent tools due to their diagnostic capabilities and simplicity. In
univariate ICE plots, vertical di erences between ICEs inform us about an additive in uence
of other features on the prediction, while di erent trajectories of the ICE curves tell us about
an interaction.

As an illustration, consider the following DGP:

G Unift 55° G Unift 55° n #1w0-1°
H=G, G, n H=GG&G, n

We train two RFs to predidty andH on 200 generated samples. Fig. 2.1 visualizes ICEs
and the PD for the in uence of on the predictedd (left) or H value (right). For both
DGPs, the ICE and PD plot provides model diagnostics about the isolated e €cbafthe
local and global level and whether there are interactions with other features.

Permutation Feature Importance.  Another option is to evaluate how querying the model
with di erent feature values a ects the model performance. The PFlis based on a simple but
compelling principle: if shu ing feature values|which destroys the mutual information
between a feature and the target|results in a loss in performance, this feature must have
been important.
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It is generally advisable to use test data to compute the PFI (Molnar 2022). To be precise,
assume we shu e thedth column in a test séD s and denote the shu ed data set by
Diest 9 The PFlis estimated as:

BFlg = dl[Ttest—@)‘go dlDtest—go

This principle has since been extended to groups of features (Au et al. 2022). However,
shu ing also destroys the mutual information between the feature and other features, thus
distorting the in uence of interactions. A potential remedy is to shu e conditionally on the
values of other features (Molnar et al. 2024b).

Local Interpretable Model-Agnostic Explanations. LIME is a local technique that
approximates the black box model in the vicinity of a single data point with an interpretable
surrogate model. LIME predicts with (arti cially) sampled instances and uses a kernel
function to weight the predictions by the instances' proximity to the point of interest.
Afterwards, an interpretable surrogate model is trained to predict the weighted predictions.
Consider a surrogate modé] a functioncy wherecy1z° indicates the proximity of an
instancez to the instance of interest a complexity measure for the surrogate model, and

a measuré¢ indicating the discrepancy between the surrogate médeld the black box
model Bin the locality de ned bycy. Formally, the surrogate model is found by minimizing

* with respect t® while limiting the complexity of6:

argmin *19—6—;(6, 16°
6

2.3. Other Types of Explanations

2.3.1. Marginal E ects

MEs have been historically associated with applied statistics (Williams 2012; Arel-Bundock
2023) and are not included in the classic toolbox of model-agnostic IML methods (Molnar
2022). MEs are often motivated by the desire to achieve an interpretation similar to a beta
coe cient for generalized linear models (McCabe et al. 2022). We rst need to di erentiate
between MEs for continuous and categorical features.

Changes in Continuous Features.  Predominantly in econometrics, MEs for continuous
features are de ned in terms of derivatives of the prediction function with respect to a feature
(Greene 2019), which I will refer to as a derivative ME (DME):

mBtx°

DMEx_o= mne
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2. Background

The derivative can be numerically approximated with nite di erences (FDs). A popular
choice is a forward di erence with a very small value of the step size

Ql —X (o]
DMEx_g M - 0

The quality of the approximation generally increases for smaller step sizes but may deteriorate
due to numerical factors such as cancellation errors (Sauer 2011).

An alternative, lesser known de nition is based on forward di erences, hereafter referred to
as FME. We can easily de ne it for multiple feature changes:

FMEX_h( = ng( . he=x (°

Changes in Categorical Features.  Categorical MEs correspond to the change in pre-
diction when switching a reference category to another category (Williams 2012x For
categories, we receive 1 categorical MEs. Let the categories of thh feature be de-
noted by =f2;—ee¢e=2) We rst select a reference catega2y 2 . For an observation

X, the categorical MEs correspond to:

"MEx-9,22% 2 nf2ag = B2 x & Boxx ¢
T 2.2 nf2ag

Problems of MEs. Although MEs can be applied to any predictive model, there are several
obstacles: First, multiple de nitions of MEs exist, and the de nition of categorical MEs does
not serve any goal-oriented interpretation; second, albeit its prominence in econometrics
(Greene 2019), the DME is not particularly suited for e ect interpretations, as a change in
feature values results in a di erent prediction than implied by the derivative; third, the better-
suited FME su ers from a loss in information about the shape of the prediction function
along the forward di erence; fourth, aggregating MEs to the global average marginal e ect
(AME), as it is typically done in many domain sciences (Onukwugha et al. 2015), is not
sensible for highly non-linear models.

These points form the motivation for the contributing paper by Scholbeck et al. (2024) in
Chapter 8, which introduces a uni ed de nition of FMEs for continuous and categorical
features, a non-linearity measure (NLM) to provide additional diagnostic information on
whetherthe FME is a su cient local descriptor of the prediction function, and the conditional
average marginal e ect (CAME) to estimate regional instead of global e ects.
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2.3. Other Types of Explanations

2.3.2. Cluster Explanations

In many applications, interpretability of the clustering result is a speci ¢ requirement (Han
et al. 2012). However, Bertsimas et al. (2021) note that most clustering algorithms are not
designed with interpretability (in the original feature space) in mind.

As a remedy, one could apply post-processing methods to the clustering result such as
computing cluster prototypes, which fails for elongated or non-isotropic clusters; additional
metrics such as the variance in each dimension of the cluster, which complicates interpre-
tations by increasing the number of summary statistics; or dimensionality reduction and
subsequent visualization of the clustering in two dimensions, which obfuscates the relation-
ship between the original feature space and the clustering (Bertsimas et al. 2021).

Interpretable Clustering. A simple solution is to select an interpretable clustering al-
gorithm, which provides intelligible information about the characteristics of a cluster. An
interpretable algorithm may also search for more interpretable clusters (regarding character-
istics de ned by the algorithm). One option is to search for a clustering that can be expressed
as a decision tree (Bertsimas et al. 2021; Fraiman et al. 2013). Interpretable clustering of
numerical and categorical objects (Plant et al. 2011) is an information-theoretic approach
that minimizes the minimum description length of each cluster and nds a rule descrip-
tion by assuming that clusters are multivariate normally distributed. Lawless et al. (2022)
simultaneously search for clusters and construct polytopes around them that act as cluster
descriptors.

Algorithm-Agnostic Cluster Explanations. In many applications, restricting the choice

of clustering algorithm to interpretable ones is not an option. Similarly to model-agnostic
methods for SL, algorithm-agnostic methods create insight into the clustering for any clus-
tering algorithm. Such interpretations are typically post-hoc and consider a given, xed
clustering. A simple option is to train an SL classi er to predict the found cluster labels,
which is interpreted instead (De Koninck et al. 2017). Carrizosa et al. (2022) select a
representative instance within each cluster referred to as a prototype. Lawless et al. (2023)
describe clusters by constructing polyhedrons around them.

Another option is to reassign instances to existing clusters after manipulating feature values,
which essentially corresponds to an SA of the clustering result. The global permutation
percent change (G2PC) indicates the fraction of observations being reassigned to di erent
clusters after shu ing feature values; the local permutation percent change indicates the
reassignment of a single instance after perturbing feature values (Ellis et al. 2021). For a
given clustering D *%° 22f1-seeg the post-hoc assignment of an observatidio a cluster
index2 2 f1- -+« +«—gbased on a pre-de ned criterion can be formalized by the funéion

X1f 1-seeg
x 7! 2
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2. Background

2.3.3. HPO Explanations

Training Complexity and HPO. Understanding the HPO process is in large part dictated by
the complexity of the training process. For instance, training LMs simply requires solving
normal equations, a rather comprehensible process thatis su ciently understood by humans.
For more complex model types such as RFs, the training process involves training many
di erent regression trees, a process that is understood by humans conceptually but is too
complex to comprehend in detail. This trickles down to the interpretability of the HPO
process, which we typically are interested in: the less interpretable the training process, the
less interpretable the HPO process.

Explanations of HPO. An increasing number of techniques provide insight into the rela-
tionship between andGE, which can be formalized by the functikn

(
I R
, 7! GE

Hutter et al. (2014) conduct a functional analysis of variance of the HPO process for an RF
surrogate. Moosbauer et al. (2021) develop a PD for HPO with uncertainty estimate en-
hancements by exploiting uncertainty quanti cation mechanisms in Bayesian optimization.
An ablation analysis (Fawcett et al. 2016; Biedenkapp et al. 2017) can be used to iteratively
modify hyperparameter settings one parameter at a time and evaluate changes in the model
performance.

2.4. Introduction to Sensitivity Analysis

2.4.1. Overview

SAis an auxiliary discipline used to explain complex mathematical systems with applications
as diverse agnvironmental modelingSong et al. 2015; Wagener et al. 2019; Shin et al.
2013; Haghnegahdar et al. 2017; Gao et al. 2023; Mai et al. 2022; Nossent et al. 2011),
engineering(Guo et al. 2016; Ballester-Ripoll et al. 2019; Becker et al. 20huiglear
safety(Saltelli et al. 2002)biology (Sumner et al. 2012gnergy managemefitian 2013),
economicgHarenberg et al. 2019; Ratto 2008), nancial risk managemen{Baur et al.
2004).

History. Razavi et al. (2021) reveal several facts about the historical origins and evolution
of SA: While the basic notion of changing one or multiple factors to evaluate their e ects
on the outcome or a quantity of interest has a long history in science, the modern era of SA
started to materialize in the 1970s and 1980s with the widespread adoption of computational
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2.4. Introduction to Sensitivity Analysis

modeling and the extension of design of experiments to design of computer experiments
(Santner et al. 2018); however, contributions to SA are scattered among di erent elds,
resulting in a lack of visibility.

Systems Modeling. Saltelli et al. (2008) de ne SA as the study of how uncertainty in model
output can be attributed to uncertainty in model inputs. A system consists of interconnected
models (essentially functions) that can be data-driven or mechanistic (also referred to as
process-based) (Razavi et al. 2021). An SA model, which can be any functional relationship
between inputs and outputs, is therefore a more general notion than an ML model. Data-
driven and mechanistic models are increasingly combined to form hybrid systems (Razavi
2021; Reichstein etal. 2019), but the principles and methods to explain systems are universal.
To be precise, a system consists of multiple modetsapping a vector of inputs 2 Z to
a vector of outputg| 2 Q: (
|
q: Z'Q
z7' q

Models within a system are typically interconnected such that outputs of one model are
inputs to another model. This results in \trickle-down" e ects where changing a system
input has e ects on multiple models. The time-dependent nature of many systems, e.g., in
the earth sciences (Gupta et al. 2018), further complicates SA. For instance, the conversion
of rainfall to runo in hydrological systems can be subject to a certain delay (Beven 2012).

As an example, consider the earth system modeling framework (Collins et al. 2005; Hill
et al. 2004), a software suite developed for the implementation of multi-component systems
in the earth sciences. A component represents a physical domain such as an atmospheric,
oceanic, or land surface model. Such component models may be independently developed
and must be coupled together through appropriate software interfaces and data conversion
protocols.

Such a system may now be analyzed for various purposes: assessing the accuracy of the
modeled system in describing real world phenomena, identifying in uential input factors,
identifying regions in the input factor space that are most in uential in determining output,

or identifying interactions between input factors (Razavi et al. 2015).

How SA Relates to IML. Whereas IML started to materialize as a separate eld in the
2010s, the origins of SA date back many decades. Both elds have similar motivations, but
SAis a much broader eld to explain any system of functional relationships (see Table 2.1).
It can therefore be used as an overarching framework to interpret various aspects of ML,
both conceptually and methodologically. This key message is expounded in the contributing
article by Scholbeck et al. (2023b) in Chapter 7.
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IML SA
Historical 2000s and 2010s 1970s and 1980s
Origins
scattered among elds
Scienti c ML -centric (e.g.,operatlo_ns research
Venues earth sciences
engineeringetc.)
Model . data-driven
data-driven
Types process-based
feature-prediction anv svsterm of
Explanation feature-performance Y Sy

interconnected models
hyperparameter-performance

Table 2.1.: A comparison of IML and SA in terms of their historical origins, what scienti c
venues papers are published in, the types of models that are explained, and the
types of explanations.

2.4.2. Methods

We can characterize sensitivities within a system with a diverse spectrum of methods that
can be categorized in multiple ways. Inspired by Razavi et al. (2021), | categorize methods
as FD-based, distribution-based, or regression-based. Furthermore, many approaches use
additional metamodels to reduce computational costs. Due to the vast number of publications
on SA, this section only provides a short overview, raising no claim to completeness. For a
more comprehensive overview (and slightly di erent categorizations), the interested reader
may be referred to the works of Saltelli et al. (2008), looss et al. (2015), Borgonovo et al.
(2016), or Razavi et al. (2021).

Finite-Di erence-Based. These methods gather FDs in model output from multiple points

of the input space. This includes (numeric) derivatives and larger step sizes, e.g., in the
form of elementary e ects. The elementary e ect is a forward di erence with large, varying
step sizes and was rst introduced as part of the Morris method (Morris 1991; Campolongo
et al. 2007; Saltelli et al. 2008). The Morris method is an important representative of one-
factor-at-a-time methods, which create paths through the input space by varying one factor
at a time while keeping all remaining factors xed. FD-based methods are often used for
screening purposes due to their simplicity and low computational cost but are criticized for
leaving important areas of the input space unexplored (Saltelli et al. 2010). Novel FD-based
methods include derivative-based global sensitivity measures (Sobol et al. 2010), which
average derivatives of the model with respect to inputs at locations obtained via random or

20



2.4. Introduction to Sensitivity Analysis

quasi-random sampling, and variogram analysis of response surfaces (Razavi et al. 2016),
which summarizes the variance of FDs with equal distance across the input space.

Distribution-Based.  This group of methods characterizes changes in the model output
distribution resulting from variations in inputs, for instance by focusing on statistical mo-
ments. The most established subgroup of distribution-based methods is variance-based SA
(Saltelli et al. 2008), which aims at attributing the variance in model output to the variance
in model inputs. To capture various orders of interactions between features, the model
is rst decomposed into a high-dimensional model representation (HDMR) (Rabitz et al.
1999). The Sobol index (Sobol 1990) represents the fraction of output variance explained
by individual terms in the HDMR. Other methods evaluate changes in the mean, skewness,
or the curtosis of the output distribution (Dell'Oca et al. 2017). Focusing on particular
moments is criticized for not fully characterizing the output distribution, which is what
moment-independent or density-based methods aim to achieve (Borgonovo et al. 2016).
Note that some authors refer to moment-independent methods as distribution-based SA to
di erentiate it from methods focusing on statistical moments such as variance-based SA
(Borgonovo et al. 2012).

Regression-Based. This group of methods is connected to certain types of data-driven
models that provide built-in measures to quantify the sensitivity of model output with respect
to modelinputs. Forinstance, recallthe LM from Eq. (2.1) where the beta coe cientinforms
us about the feature in uence on the predicted outcome. A modern, model-agnostic option
is to leverage the additional diagnostic value of evaluating changes in model performance
in data-driven modeling. As noted by Razavi et al. (2021), this includes approaches of
including features one at a time and evaluating improvements in model t, which is done
by multivariate adaptive regression splines (Friedman 1991) for instance, or rst training a
model with all features and evaluating changes in performance when excluding them.

Metamodeling. A major component of SA concerns metamodeling, which refers to building
surrogate models that approximate the original model but are cheaper to evaluate. Especially
for distribution-based SA, the computation of an HDMR and the characterization of the
output distribution requires many model evaluations. This is exacerbated by expensive
model evaluations in many applications such as large-scale earth system models (Naz et
al. 2023). Gaussian processes (Le Gratiet et al. 2017; Marrel et al. 2008; Marrel et al.
2009) and polynomial chaos expansion (Le Gratiet et al. 2017; Sudret 2008) are established
metamodeling approaches. Metamodeling requires accounting for additional uncertainty
associated with the metamodel (Razavi et al. 2021).
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3 Discussion of Contributions

In this chapter, | will discuss the key contributions of each paper and how they relate to
the overarching theme of bridging gaps in IML. Furthermore, | will point towards potential
research gaps the corresponding paper did not manage to address.

Chapter 5. Scholbeck et al. (2020) propose a general framework of work stages for model-
agnostic interpretation methods. The recent wave of research in IML (Molnar et al. 2020)
created many new methods (such as ICEs, LIME, or the PFI) while older ones reentered the
limelight (such as the PD). The paper demonstrates that this seemingly loosely connected
set of methods is in fact based on the same methodological approach where changes in
feature values are followed by predictions and various aggregations. This consolidates the
literature by providing a uni ed view and terminology for model-agnostic interpretations.

The SIPA framework is a rst step towards a general theory of model-agnostic interpre-
tations but leaves several avenues for development unexplored, including the formation
of a connection with SA and the de nition of a uni ed mathematical framework. These
points are partly revisited in the follow-up work in Chapter 7.

Chapter 6. Molnar et al. (2022) discuss several general pitfalls of model-agnostic in-
terpretation methods such as ignoring feature dependencies, interactions and issues in
high-dimensional settings, or making unjusti ed causal interpretations. Model-agnostic
techniques are easily applied to a predictive model but require a careful prior assessment
of the modeling task to avoid erroneous model interpretations. This work extends the
perspectives gained in Chapter 5. We are now aware of a general methodology behind
model-agnostic methods: the SIPA framework. This methodology, in connection with
data-driven models, is the root cause of many pitfalls described in this chapter. Let me
emphasize this by directly quoting the pap&ince many of the interpretation methods
work by similar principles of manipulating data and "probing' the model, they also share
many pitfalls.” (Molnar et al. 2022).

The work in Chapter 5 and 6 is a thorough evaluation of model-agnostic methods but still
lacks a comprehensive mathematical framework and axiomatic base. For instance, the
axiom of sensitivity (Janzing et al. 2020; Sundararajan et al. 2017) dictates that if a model
is not dependent on an input, the input's attribution shall be zero. It is conceivable that a
comprehensible mathematical framework for IML could be (at least partially) axiomatic,
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thus also putting the notion of pitfalls in certain scenarios on a more solid theoretical
foundation.

Chapter 7. Scholbeck et al. (2023b) form a connection between IML and SA. This paper
represents an evolution of thought from Chapter 5; whereas the SIPA methodology was
demonstrated for many model-agnostic methods by Scholbeck et al. (2020), there was an
evident but unexplored resemblance with SA, and interpretations of other ML processes
such as HPO were still not taken into account. This position paper argues that IML can
be seen as a form of SA, which integrates recent advances in IML into the larger body
of research on how to interpret complex systems. It formally describes how ML can be
viewed as a system suitable for SA and discusses how existing interpretation methods
relate to this perspective. The goal of this paper is to work towards a better recognition
of related work and the exploitation of potential research gaps that have arisen due to
the concurrent development of similar interpretation methods in di erent communities.
This paper further contributes to e orts of creating a uni ed theory of interpretations in
ML. The scope is much broader than for the SIPA framework and includes various ML
processes and model-speci ¢ interpretations.

On a less positive note, the paper factors out certain aspects of ML from the modeled
system such as causal inference or UL, albeit potential connections are pointed out.
Although it includes a more formal description of what functions interpretations in ML
may operate on, it does not provide an exhaustive mathematical framework, thus only
building a foundation for future work on the formal description of IML.

Chapter 8. This paper marks the second bridge, between IML and interpretations in applied
statistics. Scholbeck et al. (2024) present a new theory of model-agnostic FMEs to
interpret models on the local, regional, and global level. The FME is motivated by
the notion of comprehensible and goal-oriented model explanations. Common research
guestions such as the e ect ofincreasing a patient's age on the disease risk can be answered
with FDs. They are easily computed, understood, and communicated to stakeholders.
Although such interpretations are common in many domain sciences, they were not
yet properly discussed in IML. | assume this partly stems from the incomprehensible
literature on MEs and widespread confusion regarding their de nition; Arel-Bundock
(2023) describes this in his book aptly nanEte Marginal E ects Zocaccompanying
the R packagemarginaleffects . The work by Scholbeck et al. (2024) is the rst
formal introduction of MEs in an ML context. It seizes the opportunity to introduce a
uni ed, goal-oriented de nition of FMEs for continuous and categorical features and to
add multiple add-ons for non-linear prediction functions, namely the NLM and the cAME.
The NLM is an additional diagnostic measure, indicating the degree to which the FME is
a su cient descriptor of the prediction function for a speci c location in the feature space.
The cAME combats an \aggregation bias" resulting from averaging heterogeneous local
model explanations.
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Another reason that MEs had not gained traction in the ML community may be that existing
methods could be adapted to produce similar model explanations. For instance, the FME
is equal to the di erence between two values on an ICE, which is formally demonstrated
in the paper. The FME itself therefore does not represent a completely novel concept in
IML but ratheraddresses, labels, and formalizgsimportant interpretation use case that
can be answered with forward di erences by taking inspiration from applied statistics.
Note that this criticism does not apply to the NLM and cAME, which are novel concepts
that add to the diagnostic capabilities of FMEs in a meaningful way. However, there are
potential avenues for development, including di erent implementations of the subgroup
approach with cCAMESs: while the paper chooses recursive partitioning to nd subgroups
with homogeneous FMEs, observations could, for instance, also be clustered as long as
the resulting clusters can be explained intelligibly. The explanation of clusters is explored
in Chapter 10.

Chapter 9. Lewe et al. (2023) describe the software packageffects , an R imple-
mentation of the theory presented in Chapter 8. This paper presents the rst software
implementation of the theory surrounding FMEs, including the NLM and the cAME.

It is based on a modular software design to allow for future extensions and to facilitate
maintainability.

| shall also discuss hofmeffects relates to the existing software ecosystem of MEs (in
R). The R packagmarginaleffects  (Arel-Bundock 2023) is the only viable alternative

to compute FMEs: it is a comprehensive framework for various kinds of FD-based
operations (including derivatives) on model objects in R and|in succession to the release
of fmeffects |was extended with support ofmir3 (Lang et al. 2019) model objects,
which greatly enhances the user experience by supporting a large spectrum of ML models.
However,marginaleffects  does not completely cover the capabilitiesfiieffects ;

speci cally, it does not supportthe NLM and the cAME estimate via recursive partitioning.
Furthermore, let me reinforce a key argument from Chapter 8 here: FMEs can resolve
the ambiguity and confusion surrounding MEs with a uni ed de nition and desirable
goal-oriented interpretation, thereby making other de nitions obsolete.fifieéfects
package is designed accordingly and solely focuses on FMEs.

Chapter 10. This chapter bridges the third gap, between IML and cluster explanations.
Scholbeck et al. (2023a) propose a general framework to design algorithm-agnostic clus-
ter explanation methods termed feature attributions for clustering (FACT). The FACT
framework consists of a sampling, intervention, reassignment, and aggregation stage.
Furthermore, the paper presents the cluster explanation methods SMART and IDEA.
Recall that in Chapter 5, the SIPA framework for model-agnostic methods was presented
by Scholbeck et al. (2020), which serves as inspiration for FACT. This paper therefore
forms a connection with earlier research on model-agnostic methods and SA and trans-
fers various interpretation concepts to the unsupervised clustering setting. For SMART,
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3. Discussion of Contributions

we rst shu e feature values (as for the PFI), compute a confusion matrix of cluster
assignments before and after shu ing, and then summarize information contained in the
confusion matrix via custom scoring functions. For IDEA, we make isolated changes
to feature values (as for the ICE and PD), then visualize changes in cluster assignments
on the local, regional, and global level. This paper represents one of the rst works on
algorithm-agnostic cluster explanations by the means of SA, hopefully creating an impetus
for future research in this direction.

However, the concept of conducting an SA of cluster reassignments is not yet evaluated
well enough to fully evaluate its practical e ectiveness in explaining clusters. The eld
also does not provide cogent de nitions of what an explanation of a cluster is, evidently
a pervasive problem in all of interpretability research. Recall from Section 2.2.2 that
the terminterpretability is often used as a means to an end instead of an end in itself
(Krishnan 2020). Inthe paper, we introduce our methodology as describing the importance
or e ects of features for assigning observations to existing clusters, thus making it subject
to the exact same criticism. The fact that there typically is no ground truth clustering
unless created by human experts (Han et al. 2012) (which, besides, is subject to human
judgement) further exacerbates the issue of putting the eld on a solid terminological
foundation. Future work may also explore the assignment of new observations from a
hold-out data set. This concept is also used to evaluate the quality of a clustering, where
it is referred to as cluster validation (Ullmann et al. 2022), and may add to the diagnostic
capabilities of FACT methods.
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Contributions Towards Research Objectives. Let me now briey summarize how
Chapters 5 to 10 contribute towards this dissertation's research objectives.

Sensitivity Analysis.  Working towards a change of direction in the research community
to synthesize ML and SA, better reference related work, and exploit research gaps.

Contribution:  Chapters 5, 6, and 7 call attention to how pervasive the principle of
computing sensitivities is in ML, what pitfalls may arise due to this methodology when
interpreting SL models, and how IML can be connected with related work in SA.

Marginal E ects. Adapting MEs for the application to non-linear models, thereby estab-
lishing them as a valuable model-agnostic interpretation method.

Contribution: Chapters 8 and 9 introduce a uni ed de nition of FMEs for non-linear
models, including enhancements via the NLM and the cCAME, that is made accessible and
extensible through an open source software implementation.

Cluster Explanations.  Adapting interpretation approaches from SL to the unsupervised
clustering setting.

Contribution: Chapter 10 presents a general guideline on the steps involved in algorithm-

agnostic cluster explanations by the means of SA termed FACT and the two methods
SMART and IDEA.

Figure 3.1.: The contributing papers in this dissertation bridge the gap between the status

quo in IML and SA (Chapters 5, 6, 7), MEs (Chapters 8 and 9), and cluster
explanations (Chapter 10).
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4  Concluding Remarks

I would like to conclude the rst part of my dissertation by discussing the broader impact of
my work and future developments in IML.

According to Molnar et al. (2020), IML as an independent eld of research has reached
a rst level of maturity, which is attributable to survey papers, (philosophical) work on
the de nition of interpretability, the evaluation of methods and their weaknesses, as well
as software implementations; this is accompanied by a widespread adoption in the private
sector, reinforced by an increasing regulatory framework that demands explainability of ML
such as the General Data Protection Regulation in the European Union (Wachter et al. 2018).
This raises the question how the eld will (or ought to) proceed from here.

| speculate that IML will attract even more attention in the near future due to multiple reasons:
ML|often referred to as Allhas a growing impact on society and will likely permeate our
entire lives in the near future; furthermore, the ability to explain various aspects of ML is
possibly underappreciated in many practical settings where ML is already applied; and the
possibilities for explanations in ML are much more diverse than mere model interpretations,
which is the most visible area of IML at the moment (Molnar 2022).

Regarding the latter, the diverse topics of this dissertation, discussed under the umbrella of
interpretability, motivate us to broaden the perspective on IML. Besides HPO and cluster
explanations, there are various other aspects of ML that can pro t from (better) explanations.
For instance, research is already carried out in interpretable reinforcement learning (Milani
et al. 2023; Glanois et al. 2022) or interpretable dimensionality reductiosrKBnd et

al. 2023). With this dissertation, | hope to contribute towards a a more comprehensive
perspective on IML.

Furthermore, | argue that the development of mathematical and possibly axiomatic frame-
works for interpretations in ML is worth pursuing further; not only from a theoretical
viewpoint but also a practical one, as it will contribute towards a more goal-oriented and
justi able application of techniques in real-world scenarios.

So far, | only discussed the positive impact of ML on society, but | must not fail to mention
the conspicuous threats of ML to humanity as well. The rapid progress of ML with machines
solving certain tasks even better than humans evokes connotations of a future where humans
will be surpassed by machines in all aspects of our lives. For instance, humans have already
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4. Concluding Remarks

been surpassed in playing Go (Lee et al. 2016), and ChatGPT is now able to generate essays
whose quality is rated higher than that of human-written essays (Herbold et al. 2023). In
a large recent survey, 2778 top researchers in ML were asked to conjecture about the pace
of progress of the eld; the aggregate forecast puts the chance of machines outperforming
humans in every possible task by 2047 at 50% (Grace et al. 2024). For one, this necessitates
the development of ethical guidelines regulating ML, many of which have already been
published (Hagendor 2020). Beyond that, the ability to understand how the machines we
train operate will be instrumental in avoiding adverse outcomes for humanity. It creates the
means for humans to control the deployment of ML in real-world scenarios. If we understand
how the machine is trained and how it predicts, we can make (ethically) justi able decisions
when to intervene or even decide against using ML. Trustworthy and responsible Al (Barredo
Arrieta et al. 2020; Liu et al. 2022; Bz-Rodrguez et al. 2023) are newly-emerging terms
pertaining to a diverse set of desiderata of ML systems, where explainability is just one aspect
among others, including fairness, privacy, or robustness. | predict that such multi-faceted
umbrella terms will become increasingly relevant when discussing IML.

| therefore con dently assume that the impact of IML on society is|and will stay|an
overall positive one. Through my dissertation, | hope to have had a small positive impact
as well. With this closing statement, | invite the reader to continue with the contributing
papers in Part I1.
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