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Summary

Due to the ability to model even complex dependencies, machine learning
(ML) can be used to tackle a broad range of (high-stakes) prediction problems.
The complexity of the resulting models comes at the cost of transparency,
meaning that it is dif cult to understand the model by inspecting its paramet-
ers. This opacity is considered problematic since it hampers the transfer of
knowledge from the model, undermines the agency of individuals affected by
algorithmic decisions, and makes it more challenging to expose non-robust or
unethical behaviour.

To tackle the opacity of ML models, the eld of interpretable machine
learning (IML) has emerged. The eld is motivated by the idea that if we
could understand the model's behaviour — either by making the model itself
interpretable or by inspecting post-hoc explanations — we could also expose
unethical and non-robust behaviour, learn about the data generating process,
and restore the agency of affected individuals. IML is not only a highly active
area of research, but the developed techniques are also widely applied in both
industry and the sciences.

Despite the popularity of IML, the eld faces fundamental criticism, ques-
tioning whether IML actually helps in tackling the aforementioned problems
of ML and even whether it should be a eld of research in the rst place: First
and foremost, IML is criticised for lacking a clear goal and, thus, a clear de n-
ition of what it means for a model to be interpretable. On a similar note,
the meaning of existing methods is often unclear, and thus they may be mis-
understood or even misused to hide unethical behaviour. Moreover, estim-
ating conditional-sampling-based techniques poses a signi cant computa-
tional challenge.

With the contributions included in this thesis, we tackle these three
challenges for IML.
We join a range of work by arguing that the eld struggles to de ne and
evaluate "interpretability” because incoherent interpretation goals are con-
ated. However, the different goals can be disentangled such that coherent
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requirements can inform the derivation of the respective target estimands. We
demonstrate this with the examples of two interpretation contexts: recourse
and scienti c inference.

To tackle the misinterpretation of IML methods, we suggest deriving formal
interpretation rules that link explanations to aspects of the model and data. In
our work, we speci cally focus on interpreting feature importance. Further-
more, we collect interpretation pitfalls and communicate them to a broader
audience.

To ef ciently estimate conditional-sampling-based interpretation techniques,
we propose two methods that leverage the dependence structure in the data
to simplify the estimation problems for Conditional Feature Importance (CFl)
and SAGE.

A causal perspective proved to be vital in tackling the challenges: First,
since IML problems such as algorithmic recourse are inherently causal,
Second, since causality helps to disentangle the different aspects of model
and data and, therefore, to distinguish the insights that different methods
provide; And third, algorithms developed for causal structure learning can
be leveraged for the ef cient estimation of conditional-sampling based IML
methods.



Zusammenfassung

Aufgrund der F ahigkeit, selbst komplexe Abh angigkeiten zu modellieren,
kann maschinelles Lernen (ML) zur L 0sung eines breiten Spektrums von
anspruchsvollen Vorhersageproblemen eingesetzt werden. Die Komplexit at
der resultierenden Modelle geht auf Kosten der Interpretierbarkeit, d. h. es
ist schwierig, das Modell durch die Untersuchung seiner Parameter zu ver-
stehen. Diese Undurchsichtigkeit wird als problematisch angesehen, da sie
den Wissenstransfer aus dem Modell behindert, sie die Handlungsf ahigkeit
von Personen, die von algorithmischen Entscheidungen betroffen sind,
untergr abt und sie es schwieriger macht, nicht robustes oder unethisches
Verhalten aufzudecken.

Um die Undurchsichtigkeit von ML-Modellen anzugehen, hat sich das
Feld des interpretierbaren maschinellen Lernens (IML) entwickelt. Dieses
Feld ist von der Idee motiviert, dass wir, wenn wir das Verhalten des Modells
verstehen konnten - entweder indem wir das Modell selbst interpretierbar
machen oder anhand von post-hoc Erkl arungen - auch unethisches und
nicht robustes Verhalten aufdecken, (ber den datengenerierenden Prozess
lernen und die Handlungsf ahigkeit betroffener Personen wiederherstellen
konnten. IML ist nicht nur ein sehr aktiver Forschungsbereich, sondern die
entwickelten Techniken werden auch weitgehend in der Industrie und den
Wissenschaften angewendet.

Trotz der Popularit at von IML ist das Feld mit fundamentaler Kritik kon-
frontiert, die in Frage stellt, ob IML tats  achlich dabei hilft, die oben genannten
Probleme von ML anzugehen, und ob es (berhaupt ein Forschungsgebiet sein
sollte: In erster Linie wird an IML kritisiert, dass es an einem klaren Ziel und
damit an einer klaren De nition dessen fehlt, was es f  Ur ein Modell bedeutet,
interpretierbar zu sein. Weiterhin ist die Bedeutung bestehender Methoden
oft unklar, so dass sie missverstanden oder sogar missbrauchtwerdenk onnen,
um unethisches Verhalten zu verbergen. Letztlich stellt die Sch  atzung von auf
bedingten Stichproben basierenden Verfahren eine erhebliche rechnerische
Herausforderung dar.
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In dieser Arbeit befassen wir uns mit diesen drei grundlegenden Heraus-
forderungen von IML.
Wir schlieen uns der Argumentation an, dass es schwierig ist, "Interpreti-
erbarkeit” zu de nieren und zu bewerten, weil inkoh  arente Interpretation-
sziele miteinander vermengt werden. Die verschiedenen Ziele lassen sich je-
doch ent echten, sodass koh arente Anforderungen die Ableitung der jewei-
ligen Zielgr 6Ren informieren. Wir demonstrieren dies am Beispiel von zwei
Interpretationskontexten: algorithmischer Regress und wissenschaftliche In-
ferenz.
Um der Fehlinterpretation von IML-Methoden zu begegnen, schlagen wir vor,
formale Interpretationsregeln abzuleiten, die Erkl &arungen mit Aspekten des
Modells und der Daten verkn Upfen. In unserer Arbeit konzentrieren wir uns
speziell auf die Interpretation von sogenannten Feature Importance Meth-
oden. Daruber hinaus tragen wir wichtige Interpretationsfallen zusammen
und kommunizieren sie an ein breiteres Publikum.
Zur ef zienten Sch atzung auf bedingten Stichproben basierender Interpreta-
tionstechniken schlagen wir zwei Methoden vor, die die Abh  angigkeitsstruk-
tur in den Daten nutzen, um die Sch atzprobleme f Gir Conditional Feature Im-
portance (CFIl) und SAGE zu vereinfachen.

Eine kausale Perspektive erwies sich als entscheidend f tr die Bew altigung
der Herausforderungen: Erstens, weil IML-Probleme wie der algorithmische
Regress inharent kausal sind; zweitens, weil Kausalit at hilft, die verschiedenen
Aspekte von Modell und Daten zu ent echten und somit die Erkenntnisse,
die verschiedene Methoden liefern, zu unterscheiden; und drittens k  6nnen
wir Algorithmen, die f Ur das Lernen kausaler Struktur entwickelt wurden, f Ur
die ef ziente Sch atzung von auf bindingten Verteilungen basierenden IML-
Methoden verwenden.
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Chapter 1

General Introduction

1.1 Overview

Due to the ability to model even complex dependencies, machine learning
(ML) can be used to tackle a broad range of (high-stakes) prediction problems
[Tarca et al., 2007, Kourou et al., 2015, Zeng et al., 2017, Wuest et al., 2016,
Liakos etal., 2018, Raghavan et al., 2020]. The complexity of the resulting mod-
els comes at the cost of transparency, meaning that it is dif cult to understand
how the model works by inspecting its parameters.

This so-called opacity is considered problematic since our trust in ML models

is based on estimating the model's risk, but there are requirements that loss
functions and test sets do not capture [Doshi-Velez and Kim, 2017]: For ex-
ample, models may rely on non-robust associations [Lapuschkin et al., 2019]
or may pick up unfair or unethical behaviour [Bender et al., 2021]. Further-
more, individuals affected by algorithmic decisions should be able to contest
and change them [Wachter et al., 2017a, Ustun et al., 2019, Freiesleben, 2021],
and practitioners are interested in using the model to gain insightinto the data
[Doshi-Velez and Kim, 2017, Freiesleben et al., 2022].

To tackle the opacity of ML models, the eld of interpretable machine learning
(IML) has emerged [Breiman, 2001, Friedman, 2001, Ribeiro et al., 2016, Lund-
berg and Lee, 2017, Wachter et al., 2017b, Ustun et al., 2019, Covert et al., 2020,
Karimi et al., 2020a, Molnar, 2020]. The eld is motivated by the hope that if
we understood the model's behaviour — either because the model itself was in-
terpretable or because we had access to post-hoc explanations —we could also
expose unethical and non-robust behaviour, learn about the data-generating
process and restore the agency of affected individuals.

Although IML is increasingly applied in research and practice [Fellous et al.,
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2019, Deeks, 2019, Gade et al., 2019, Gordon et al., 2019, Danilevsky et al., 2020,
Jiménez-Luna et al., 2020, Tosun et al., 2020, Das et al., 2021, Tantithamthav-
orn and Jiarpakdee, 2021, Sharma et al., 2022, Yang, 2022, Khosravi et al., 2022,
Gevaert, 2022, Machlev et al., 2022, Fiok et al., 2022], the eld falls short of
expectations. IML is criticised for suffering from fundamental problems:

1. Often, the goal of IML is seen in making models "interpretable”, but
there is no clear de nition of what that means [Lipton, 2018, P aez, 2019,
Freiesleben and Konig, 2023];

2. IML methods themselves are subject to interpretation, but we lack clear
interpretation rules [Krishna et al., 2022, Freiesleben and K ©6nig, 2023];
and

3. many theoretically appealing methods require knowledge about the
data-generating process that is usually not readily available [Hooker and
Mentch, 2019, Frye et al., 2020].

The contributions in this thesis are focused on tackling these three issues.

Contributions

Towards Clari cation of Interpretation Goals and Target Estimands. IML is
criticized for lacking a de nition of what it means for a model to be opaque

or interpretable [Lipton, 2018, P aez, 2019, Freiesleben and Konig, 2023] —
and therefore to lack the means to evaluate the proposed methods. Finding

a de nition for “interpretability” is impossible because the term con ates
several incompatible goals [Lipton, 2018, P aez, 2019, Freiesleben and Konig,
2023]. To make progress, the different goals must be disentangled such that
coherent requirements can motivate the design and choice of IML methods.
Throughout the thesis, we investigate two interpretation contexts: recourse
[Konig et al., 2023, 2021] and scienti ¢ inference [Freiesleben et al., 2022]. We
demonstrate that by disentangling each context from other interpretation
scenarios, coherent requirements can be derived.
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Towards Preventing Misinterpretation of IML. The interpretation of explana-
tions is often unclear, and thus methods may be misunderstood or misused to
hide unethical behaviour [Rudin, 2019, Krishna et al., 2022, Bordt et al., 2022,
Freiesleben and Konig, 2023]. To tackle the misinterpretation of IML meth-
ods, we suggest deriving formal interpretation rules that link explanations to
aspects of the model and data; In our work, we speci cally focus on the in-
terpretation of feature importance. Furthermore, we propose estimators to
quantify the uncertainties involved in their estimation [Molnar et al., 2021].
To raise awareness in a broader audience, we collect interpretation pitfalls and
illustrate them on examples [Molnar et al., 2022].

Towards ef cient estimation of conditional-sampling-based methods. To
be useful, IML methods must often incorporate knowledge about the data-
generating process; however, this knowledge is usually not readily available
and dif cult and expensive to obtain.

More speci cally, a range of work argues that IML methods should not
evaluate the model in unseen and unrealistic regions [Hooker and Mentch,
2019, Frye et al., 2020, Chen et al., 2020, Freiesleben et al., 2022]; therefore
feature perturbations must be constructed such that dependencies with the
remaining features are preserved. More speci cally the perturbations must be
sampled from the conditional distribution of the feature given its covariates.
Learning conditional samplers is a dif cult and expensive task [Zhou et al.,
2022].

To tackle the issue, we propose two methods that enable a more ef cient
estimation of conditional-sampling-based methods [Molnar et al., 2023,
Luther et al., 2023].

Importance of a Causal Perspective

A causal perspective proved particularly important in tackling the three afore-
mentioned challenges.

Firstly, many questions in IML are inherently causal and thus, causality is re-
guired to formalise and estimate the target estimands. For example, with  re-
course explanations, we aim to guide individuals rejected by an algorithmic
system towards actions that allow them to revert the unfavourable decision;
Thus, recourse recommendations are concerned with causal effects.

Secondly, many IML methods are based on perturbations of the model inputs

— a form of intervention; Thus, we need causality to capture the meaning of
the methods' outputs and to assess whether a link between the explanation
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goal and explanation technique can be established. !

On a more pragmatic stance, causal structure learning methods allowed us to
greedily identify conditional independencies in the data, which proved help-
ful in making the estimation of a conditional-sampling-based interpretation
technique (SAGE values) more ef cient.

Structure of the Dissertation

The dissertation is structured in four parts. The rst and current part is the
general introduction (81). We started this chapter with a high-level overview
of the thesis contents. As follows, we introduce our notation and background
on supervised learning (81.2.1), causality (81.2.2), and interpretable machine
learning (81.2.3). Then, we postulate the three challenges for IML that in our
view are most pressing, and that we tackled in our contributions (81.3). As a
rst contribution, using the introduced notation and causal formalism, we in-
troduce a taxonomy of nine different perspectives on model and data (§1.4),
which will help us to create an explanatory link between explanation and ex-
planandum.

After the general introduction (81) we present the included articles (82), sum-
marise how our contributions tackle the postulated challenge and discuss lim-
itations and open problems (83), and conclude the thesis by returning to the
eponymous hook: If Interpretability is the Answer, What is the Question (84)?

1.2 Notation and Background

In this section, we introduce notation and background relevant to this thesis.

* In 81.2.1, we introduce notation for the supervised learning paradigm.

* In 81.2.2, we recapitulate causal concepts relevant to our work, including
the do-operator, causal graphs, d-separation, observational identi abil-
ity, the ladder of causation and structural causal models.

* In 81.2.3, we introduce important terminology in the eld of IML as well
as the de nitions of the IML methods most relevant to our work, i.e.,
Permutation Feature Importance (PFI), Conditional Feature Importance
(CFI), Partial Dependence Plots (PDPs), Individual Conditional Expect-
ation (ICE) curves, M-Plots, SHAP and SAGE values, as well as Counter-
factual Explanations (CEs) and Causal Recourse (CR).

LIML methods are typically based on assessing the effect of perturbations of the model
inputs. We will formalise such model-level interventions in §1.4.
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notation meaning
XY ¢ features, target, prediction
f*h prediction model, raw prediction function
L; R; Remp loss, risk, empirical risk
X ?YjZ,X 6?YjZ conditional dependence, conditional independence
do(X = x) setting variable X to value x with an intervention
X ?4Y)Z,X 63 Y]Z d-separation, no d-separation
X pre pre-intervention state of X (factual)
X post post-intervention state (counterfactual)
] all features except j, i.e., Dnfj g
Xs, X§ perturbations P (Xs), P(XsjXc)
G causal graph (more graph notation in Table 1.2)

Table 1.1: Overview of our notation.

Readers familiar with the introduced concepts and methods may skip the
background sections and may refer to Table 1.1 for a summary of our notation,
and to 84 for a list of abbreviations.

1.2.1 Prediction Model and Statistical Notation

In our work, we focus on interpreting supervised machine learning (ML)
models. We denote the prediction target as Y, the covariates (variables,
features) as X , the estimated model as f", and the corresponding prediction as
¥ := f\(X). For discrete targets, the raw prediction function is denoted as  h.
The loss function is denoted as L, the risk as R and the empirical risk as Remp.
We capitalise random variables and use the respective lowercase letter for
observations. For example, X = x means that the random variable X takes
value x. We write probability distributions as P (X) and event probabilities
asP(X = x) or p(x). To indicate that X and Y are conditionally independent
given Z, we write X ? YjZ and X 67? YjZ to indicate their dependence.
We also refer to dependence as association or co-occurrence and to linear
dependence as correlation.

Supervised ML models are designed to approximate aspects of the condi-
tional distribution of Y given the covariates X, i.e., P(YjX). Which aspect
is modelled depends on the choice of the loss function. If the model is well
speci ed and optimal w.r.t. the mean squared error, it re ects the conditional
expectation E[Y|X]. Similarly, for categorical targets, if the model is optimal
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w.r.t. cross-entropy loss, itre ects P (Y]X) [Hastie et al., 2009].

1.2.2 A Brief Introduction to Causal Inference

Supervised ML models excel at modelling associations; They can be used to
predict within the distribution on which the model was trained. For example,

we can use supervised learning models to diagnose diseases based on obser-
vations of potential causes and symptoms.

However, in many scenarios, we are not only interested in association but also
in causality; and association does not imply causation.

» For example, in medicine, we do not only want to diagnose diseases
but also want to treat them. These are qualitatively different ques-
tions: While disease diagnosis is only concerned with association
(co-occurrence), treatment effect estimation is an inherently causal
task, that cannot be answered with association alone: Although symp-
toms are associated with the disease, only interventions on causes have
the potential to heal (while interventions on symptoms will leave the
disease unaffected).

» As teased in 81.1, the distinction between association and causation
matters for IML and thus for this thesis: First of all, interpretation goals
such as recourse are concerned with causal effects. Secondly, many
IML methods perform some form of intervention, such that a causal
formalism is required to express their meaning.

The eld of causal inference is concerned with formalising and answering
causal questions. As follows, | introduce fundamental concepts and notation
that are necessary to follow this dissertation. The contents of this section only
scratch the surface of the rich body of work in causality. For a more in-depth
introduction, we refer to a range of textbooks on the matter [Spirtes et al.,
2000, Pearl, 2009, Peters et al., 2017, Miguel et al., 2023].
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Figure 1.1: Although mosquitoes M have a negative causal impact on tourism
income |, both are positively correlated. The reason is that the confounder
season S has a strong positive impact on both.

Simpson's Paradox

It is well known that association does not imply causation. Simpson's paradox
serves as a vivid illustration of this difference. It shows that even when two
variables exhibit a positive correlation, their underlying causal relationship
may be negative or non-existent. This paradox arises due to confounding
variables that in uence both the dependent and independent variables,
inducing misleading associations. It highlights the necessity of careful causal
analysis and consideration of confounders to draw accurate conclusions
about causal effects.

Let us explain the paradox at an example (visualised in Figure 1.1). Sup-
pose the Swedish government wants to understand how the prevalence of
mosquitoes M impacts income from tourism 1. Suppose furthermore that
season S affects both mosquito prevalence and tourism income: Both tourists
and mosquitoes generally prefer summertime. Because of this confounding ,
tourism income and mosquito prevalence are positively associated. If the
Swedish government were to equate association with causation, they might
decide to grow the mosquito population to attract more tourists. However,
since tourists dislike mosquitoes, the real causal effect is the opposite.

The do-operator

In the preceding paragraphs, we illustrated that association and causation are
distinct concepts. While associative statements concern the distribution of
the variables in the environment in which they were observed (the  observa-
tional distribution), causal statements involve interventions that  change the
causal dependencies in the data. Thus, they concern distributions that are, in
general, different from the observational distribution. We refer to these distri-
butions as interventional distributions.

The standard statistical notation allows us to describe different aspects of the
observational distribution via conditioning and marginalisation but does not
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allow us to express changes in the distribution through interventions. For
example, P(YjT = 1) does not describe the interventional distribution of Y
where all individuals were forcibly administered treatment but only describes
the subpopulation of individuals who happened to get treated in the observa-
tional distribution.

The so-called do-operator was introduced to describe interventions and inter-
ventional distribution formally. As such, withthe  do-operator, we address the
limitations of the standard statistical framework in capturing interventions
and expressing causal queries.

For example, it allows us to express that we force all population members to
receive treatment by writing do(T = 1). Using the do-operator we can also ex-
press the distribution of Y given the intervention as P (Yjdo(T = 1)) and the
treatment effect, which compares the outcome probability under the inter-
vention with treatment one to the outcome probability under the intervention

with treatment zero, as P(Yjdo(T =1)) P(Yjdo(T =0)).

In order to estimate interventional quantities, i.e., expressions involvinga  do
operator, we either need access to data from the respective interventional dis-
tribution or causal knowledge. Data from the interventional distribution can

be collected by performing experiments; for example, so-called randomised
controlled trials (RCTs) are the gold standard for inferring causal relationships

in medicine. However, such experiments are often infeasible or unethical.

Thus, in many scenarios, we have to resort to observational data and causal
knowledge. Over the course of this introduction to causal inference, we illus-
trate how causal knowledge can be used to estimate causal effects. However,
before we can do that, we need a way to express causal knowledge. One type
of causal model are so-called causal graphs.

Causal graphs and d-separation

In this thesis, we often use so-called causal graphs to visualise causal struc-
ture: We already encountered a causal graph in Figure 1.1 where | used it to
visualise Simpson's paradox, in 81.4 | use a causal graph to visualise the model
and data ecosystem in IML, and in several of our contributions we use causal
graphs to illustrate what insight IML methods actually allow or to estimate
causal effects.

In the causal graph G, the nodes represent the modelled (endogenous)
variables with index set D, and directed edges (! ) represent their causal re-
lationships: The direct causes of a variable j 2 D —the endogenous variables
that causally affect variable j, even if all other covariates are held constant via
an intervention — are direct parents pa(j) in the causal graph; Vice versa, the



1.2 Notation and Background 9

direct effects of a variable are direct children ch(j) in the graph. This is also
called the Strict Causal Edge Assumption. As a consequence, all causes are
ascendants asdj ) and effects are descendants d(j ).

Besides visualising the causal structure, causal graphs can be used to identify
causal effects from observational data. Therefore, the causal structure must
be linked to the dependence structure in the data. For such a link, further
assumptions are required (beyond edges correctly indicating causal relation-
ships):

* A (causal) graph is acyclic if no directed path starts and ends with the
same node; Acyclicity ensures a range of desirable properties, among
others that (given unchanged causal mechanisms) that the system
induces a unique joint distribution [Bongers et al., 2021]. Directed
acyclic graphs are also referred to as DAGs.

» The underlying probability distributionis ~ Markov with respect to a DAG
if each node | is independent of all its non-descendants nd(j) := Dnd(j)
given its parents, i.e., X; ? Xnq(j)jXpa(j) [Koller and Friedman, 2009].

If the causal graph is acyclic and Markov, we can read off conditional inde-
pendencies in the data by inspecting the causal graph: Given the Markov prop-
erty, d-separation in the graph Gimplies conditional independence in the data
[Koller and Friedman, 2009], or more formally,

Xi ?d ijXK ) Xi ? ijXK:

To assess whether two nodes are d-separated by some set K , we check for each
(undirected) path between the nodes, whether itis open or blocked by K. Ifall
paths are blocked the nodes are d-separated, otherwise they are d-connected.

notation meaning

D index set for all endogenous variables
pa(j); ch(j) parents; children of node |
asdS);nasqS) descendants; complement

d(S); nd(S) descendants; nondescendants

Xopa(i); (X; Y )pay parents excluding; including Y

Table 1.2: Overview of our graph notation.
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To assess whether a path is blocked, we regard each triplet on the path separ-
ately, if one triplet is blocked the whole path is blocked.

There are three possible types of triplets: chains ( X; ! Xyx ! Xy), forks
X, Xk ! Xy)and v-structures ( X; ! Xy Xm). Chains and forks are
blocked if the middle node isin K, for v-structures it is the other way around
[Koller and Friedman, 2009].

The three structures and the respective ow of association are visualised in
Figure 1.3. Furthermore, we provide an overview of our graph notation in
Table 1.2 and a visualisation thereof in Figure 1.2.

Observational identi ability

Before introducing causal graphs, we learned that estimating causal effects
requires causal knowledge or experimentation. As follows, we brie y sketch
how assessing the ow of association in causal graphs can help us to estimate
causal effects from observational data. More speci cally, we illustrate how
to translate a causal expression (i.e., one involving a do-operator) into a
statistical expression (i.e., one only involving the observational distribution).
Translating causal into statistical expressions is important in the context of
IML, since many questions in IML are inherently about real-world causal
effects, and access to interventional data is seldom available.

To illustrate the procedure, let us reconsider the mosquito example, illustrated

in Figure 1.4b. By inspecting the graph, we see that there is an unblocked
noncausal association path between mosquito prevalence M and tourism
income | viathe confounder season S. In this setting, we can use the so-called
backdoor adjustment to estimate the effect anyway. The reason is that the
noncausal association can be blocked by conditioning on the confounder
season. More formally, the season variable satis es the so-called backdoor
criterion.

De nition 1  (Backdoor criterion) . A set of variables C satis es the backdoor
criterion for treatment T and outcome Y, if

1. T blocks all backdoor paths, i.e. paths of association between T and Y
that go via an incoming edgeto T

2. C contains no descendants of the treatment T.

Theorem 1 (Backdoor adjustment) . If the backdoor criterion is ful lled for the
adjustment set C, the probability of Y given the intervention do(T = t) can be
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Figure 1.2: Visualisation of our graph notation.

Figure 1.3: Three possible structures of paths with three elements X 1; X;,; X3: A
chain (left), a fork (centre), and a v-structure (right). The dotted lines visualise
the association between nodes; the red forbidden sign indicates that the path

of association is closed.

Top: If X, is not conditioned upon, X3 and X3 are not d-separated in the chain
and fork structure, but are d-separated in the v-structure.

Bottom: When conditioning on X, the d-separations are ipped: In the chain
and the fork structure X, and X3 are d-separated, whereas in the v-structure
X1 and X3 are not d-separated.
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(a) Both causal and non-causal associ- (b) Only causal association between
ation between M and I. M and | after conditioningon S.

Figure 1.4: In this example, the goal is to assess the effect of the number
of mosquitoes in Sweden M on the total income from tourism |. The size
of the mosquito population is associated with the income from tourism via
two paths: First, via the causal effect that mosquitoes have on tourist income
(causal association). Second, via the confounder seasonality S (

), because seasonality affects both the size of the mosquito popula-
tion and the number of tourists.
The noncausal ow of association can be blocked by conditioning on S
(double lined). Thus, association and causation coincide within subgroups
where the same day of the year S = swas observed.

estimated using the adjustment formula
X
P(YJT =t,C = ¢P(C=0):
c2C

In the mosquito example, the backdoor criterion is ful lled for the adjust-
ment set season S, since S blocks all backdoor paths between M and |. Thus —
although the association between M and | is established via both causal and
non-causal paths — in subgroups where all observations stem from the same
season, only causal association remains. With the backdoor adjustment, we
thus estimate the causal effects separately for each season and then aggregate
the season-speci c effects to yield the overall effect of mosquitoes on tourism
income.

Of course, we cannot always nd an adjustment set that satis es the backdoor
criterion and, therefore, cannot always estimate causal effects using the back-
door adjustment. To identify more causal effects, the do-calculus can be used.
The do-calculus is a set of three implications that allow to translate interven-
tional into associative statements (and also imply Theorem 1). Curiously, the
do-calculus is complete, meaning that any causal effect that can be identi ed
(from observational data) can be identi ed using the  do-calculus.

Introducing the do-calculus goes beyond the scope of this thesis; We refer the
interested reader to the literature [Pearl, 2009].
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Counterfactuals and Pearl's ladder of causation

In the paragraphs on Simpson's paradox, we distinguished between associ-
ation and causation. While associative questions concern dependencies in
a given observational distribution, causal questions concern interventions
and their effects. Furthermore, we introduced the do-operator to denote
interventions formally and illustrated how interventional distributions can be
identi ed with observational data.

As follows, we further differentiate between two distinct types of causal ques-
tions. In contrast to purely interventional queries, so-called counterfactual
gueries involve both a factual observation and a counterfactual world in
which some intervention was performed. Such counterfactual questions
are ubiquitous in human reasoning. For example, in medicine, we are often
interested in understanding whether the outcome for a patient who received
treatment A (factual world) would have been different if the patient had
received treatment B (counterfactual world).

To express counterfactual queries, we need to introduce more notation.
The reason is that counterfactual statements involve two states of the same
variables, the factual pre-intervention state and the counterfactual post-
intervention state. For example, to express the counterfactual probability
of a favourable treatment outcome for a patient who had an unfavourable
outcome before treatment, we need to distinguish between the pre-treatment
and post-treatment outcomes. In this dissertation, we denote the pre-
intervention state as YP® (the factual) and the post-intervention state
as YPost (the counterfactual). Counterfactual queries can be denoted as:
P(YpOStjd(XTpOSt = t); ypre — ypre;Tpre = tpre).

In general, access to the interventional distribution is not sufcient to
answer counterfactual queries since the interventional distribution only
involves the post-intervention states of the variables. Conditioning on the
pre-intervention state is different from conditioning on the post-intervention
state. For example, P(Yjdo(T = 1);Y = yP'®) yields the post-intervention
outcome distribution for a subgroup of individuals for whom the post-
intervention outcome is  y® —which is not what we are interested in. Because
answering counterfactual queries requires access to distributions involving
both pre- and post-intervention states, they require stronger causal know-
ledge than purely interventional queries [Holland, 1986, Pearl, 2009].

Pearl categorises the different types of noncausal and causal queries on what
he calls the ladder of causation (Table 1.3). Queries that require stronger
causal knowledge are placed higher on the ladder: Associative queries are
placed on the rst rung, interventional queries are placed on the second
rung, and counterfactual queries on the third rung [Pearl and Mackenzie,
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rung name concern
1 association the observational distribution,
e.g. prediction
2 intervention interventional distributions,
e.g. (conditional) treatment effects
3 counterfactuals distributions involving both

pre- and post-intervention states,
e.g. what if one had been treated differently?

Table 1.3: Pearl's ladder of causation.

2018]. Higher-rung knowledge also allows answering lower-rung queries:
If we have access to all counterfactual distributions, we also have access to
all interventional distributions (e.g., by marginalising out pre-intervention
variables); The observational distribution is the distribution with an empty
intervention; as such access to all interventional distributions also gives
access to the observational distribution.

Assuming unchanged circumstances, counterfactual statements can also be
seen asindividualised causal effect prediction, where the pre-intervention
state of an individual is used to make the post-intervention prediction more
accurate. For example, in our work on recourse (Paper I), we leverage the pre-
intervention observation to tailor the effect estimate to the speci c individual.
Furthermore, we leverage both the pre- and post-intervention observation
to decide whether somebody is quali ed when the person reapplies after
implementing recourse.

Structural Causal Models

In the preceding paragraphs, we distinguished between interventional and
counterfactual queries and learned that counterfactual queries require
stronger knowledge than interventional ones. To answer counterfactual
queries, we need some way to transfer pre-intervention evidence into the
post-intervention state. As we will demonstrate, so-called Structural Causal
Models (SCMs) allow such a transfer.

While causal graphs only encode structural knowledge, SCMs also model the
variables' functional relationships. Speci cally, in SCMs, each variable is a
function of its direct causes and its unobserved causal in uences in the form
of noise terms U. Modelling each variable as a function of its direct causes
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captures the intuition of underlying (deterministic) causal mechanisms.
The unobserved noise terms capture all stochasticity; Given their state, the
observed variables are determined.

More formally, SCMs model the data generation process as a model
M = hX;U;fi that consists of the endogenous variables X 2 X, the
mutually independent exogenous variables U 2 U, and the structural
equations f : U ! X .2 The structural equations are of the form:

X =i (Xpag): Y ):

A model of the interventional distribution can be obtained by xing the
intervened-upon values to | (e.g. by replacing the structural equation
f| = |).

The exogenous variables are the key to answering counterfactual queries. By
reconstructing the exogenous variables from the evidence, for instance, using
the inverse of the structural equations, °we can adaptthe SCM to represent the
speci cindividual and situation. The adapted SCM can then be used to reason
about interventions while taking the pre-intervention evidence into account.
More formally, counterfactuals are computed in three steps: First, the evid-
ence in the pre-intervention observation is used to reconstruct the exogenous
variables U (abduction, i.e., learning P(U;jX = xP)). Second, the structural
interventions corresponding to do(a) are performed ( action). Finally, we can
sample from the counterfactual distribution P (X P°StjX = xP'®;do(a)) using the
abducted noise and the intervened-upon structural equations ( prediction ).
To conclude, SCMs allow answering questions on all three levels of Pearl's
ladder of causation [Pearl, 2009, Pearl and Mackenzie, 2018].

Summary

In the preceding paragraphs, we distinguished between association and
causation; Additionally, we differentiated between interventional and coun-
terfactual causal queries. To formally denote causal queries, we introduced
the do-operator and notation for factual and counterfactual states. Further-
more, we introduced two types of causal models that allow answering causal
queries, namely causal graphs and structural causal models.

2The mutual independence ensures that no dependencies between the variables are in-
duced by latent confounders

3If the structural equations are not invertible the distribution of possible states has to be
learned (see later in the text).
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1.2.3 Interpretable Machine Learning Methods

In this section, we introduce the interpretation techniques most relevant to
our work, as well as several attributes commonly used to categorise them. For
readers familiar with the IML literature, the section may be skipped. For a
comprehensive overview of interpretable machine learning (IML), we refer the
interested reader to the literature [Molnar, 2020, Holzinger et al., 2020].
Throughout this section, | will introduce the de nitions of the following inter-
pretation techniques: Individual Conditional Expectation (ICE) curves, Par-
tial Dependence Plots (PDPs), Permutation Feature Importance (PFI), Condi-
tional Feature Importance (CFl), Counterfactual Explanations (CEs), Causal
Algorithmic Recourse (CR) and two Shapley-based methods called SHAP and
SAGE (see Figure 1.5).

In this section, we formally introduce the methods but do not discuss their in-
terpretation or usefulness. The interpretation of the methods is the concern
of several of our contributions (82).

Overview and Terminology

Albeit multiple works distinguish between terms such as interpretable , ex-
plainable , and transparent, all of these terms are overloaded with a range of
different meanings [Doshi-Velez and Kim, 2017, Lipton, 2018, Guidotti et al.,
2018, Weller, 2019, Krishnan, 2020]. In this dissertation, | use explainable Al
(xAl) and interpretable machine learning (IML) interchangeably in their most
abstract sense: as an umbrella term for methods that were associated with
interpretability, explainability or transparency. Similarly, | interchangeably
refer to the output of IML/XAl methods as interpretations or explanations.
Following the philosophy of science literature Woodward and Ross [2021], we
refer to ground truth estimand that is to be explained as the  explanandum .
Furthermore, we will refer to the individual for whom the explanation is
designed as explainee.

The eld of IML subsumes methods that aim to generate  inherently inter-
pretable models, i.e. methods where the parameters can directly be made
sense of and so-called post-hoc interpretation methods that aim to explain
dif cult-to-interpret models after the fact (i.e. without altering the model).
Post-hoc interpretation techniques are further split into model-speci c
techniques, i.e., techniques that use model internals such as gradients, and
model-agnostic techniques, that only require access to the model's prediction
for queried feature values [Molnar, 2020].

In this thesis, we focus on the most exible class of tools: model-agnostic
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Feature Effects Feature Importance
Partial Dependence Plots Permutation Feature Importance
M-Plot Conditional Feature Importance
ICE curve SAGE

Counterfactual Explanations

Causal Recourse

SHAP

Figure 1.5: Overview of the model-agnostic post-hoc IML techniques covered
in this introduction, structured according to commonly used attributes used
to classify model-agnostic post-hoc interpretation methods: on the left, we
see feature effect, on the right feature importance method. Local methods are
coloured blue, global methods are coloured green. We will revisit this over-
view later in 81.5, where we categorise the methods in our own taxonomy. The
boxes are clickable and will make you jump to the Section where the method
IS introduced.

post-hoc interpretation methods. Model-agnostic post-hoc methods can
be further categorised into local and global methods. Local methods aim
to explain only one speci c prediction (i.e. one data point), whereas global
methods aim to describe the model's behaviour over the whole domain
[Molnar, 2020].

Furthermore, methods are often classied as feature importance or feature
effect techniques. Although the terms are not used consistently, there is
a rough consensus on their respective meanings: Feature effect methods
typically refer to methods that explain the prediction ~ ¥. In contrast, feature
importance methods typically explain the model's performance, e.g. the risk
R. Sometimes methods are referred to as importance methods because of the
level of aggregation: For example, SHAP importance is not concerned with
the model's performance but is also referred to as an importance measure,
presumably because it globally explains the relevance of the variables with
one value per feature.

Given the vagueness of existing terminology, | will later propose additional
attributes which should be used to describe interpretation techniques (81.4).
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For now, we use "feature effect” to refer to methods that explain the prediction
and "feature importance” to refer to methods that explain the performance.

Running Examples

For illustration, | apply the introduced methods to a running example.

| apply the methods on a random forest that was tted on the UCI bike-
sharing dataset [Fanaee-T, 2013]. The task is to predict bike rentals using
features such as weather and seasonality. # For most methods | use my own
implementation, for SHAP | rely on the homonymous python package. °

ICE curves and PDPs

Individual Conditional Expectation (ICE) curves. The ICE curve [Goldstein
et al., 2015] is a local feature effects technique that, given an observation X,
plots how the prediction f'\(x) changes if we replace the values for a set of fea-
tures xs. More formally, for an observation x, the ICE curve is de ned as

ICE (x2;x) = f(xZ;x¢):

If the set S only contains one feature, the ICE curve can be plotted in a 2D
line plot, where the x-axis corresponds to the value of xs, and the y-axis to the
respective model prediction. An exemplary plot is given in Figure 1.6 (thin
grey lines). ICE plots only take one data point into account, and when we plot
multiple curves for the different plots, the plot can get messy. Furthermore, if
take more than one data point into account, a 2D visualisation is not possible.

4The random forest was tted using sklearn and the default hyperparameter settings on
60%(n = 439) of the data. All methods are computed onthe remaining  40%test data (n = 292).
SAll code is available via GitHub (https://github.com/gcskoenig/diss-code.git). Whenever
conditional sampling is employed, we use a default random forest with cross-entropy loss for
categorical targets; For continuous targets, we assume that all dependencies between vari-
ables are captured in the conditional mean, and thus use a standard random forest regressor
to predict the mean of the conditional distribution and resample the unexplained variance
by permuting the residuals. For multivariate conditional distributions, we use a sequential
sampling scheme [Bates et al., 2021, Blesch et al., 2023].
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Partial Dependence Plots (PDPs). The partial dependence curve [Friedman,
2001] summarises the ICE curves over the whole domain by taking the expect-
ation. More formally, partial dependence curves are de ned as

z

fs(xs) = Ex [f(xs; Xc))]=  f(xs; Xc)dP(Xc):

Empirically the integral is estimated using Monte Carlo integration, i.e. by
taking the average over the observed data points:

X :
s = = Nixsixd):

i=1

The partial dependence function can be plotted for different values of Xs
to yield the partial dependence plot. To enable visualisation, Xs is typically
chosen to be univariate ( jSj = 1). However, a 2D visualisation is possible as
well. The thick black line in Figure 1.6 shows the PDP for the variable atempin
the bike-sharing dataset.

Notably, the marginal distribution of the remaining features, i.e. P(Xc), is
used when integrating out the remaining features. As such, dependencies
between the feature of interest and the remaining features may be broken,
and the model may be evaluated on unrealistic data points.

For example, suppose we have two temperature measurements from nearby
locations. If we resample the rst temperature measurement without taking

its dependence on the second measurement into account, we create unreal-
istic feature combinations. E.g., itis implausible to have 20degrees Celsius at
Brandenburger Tor and minus 20degrees Celsius at Bundestag and the model
was not trained on such observations. Thus, it is debated whether the method
should be used given dependent features [Apley and Zhu, 2020].

M-Plots. The so-called M -Plot has been suggested as an alternative [Apley
and Zhu, 2020]. More speci cally, M -plots resample the remaining variables
from the conditional distribution P (X¢jXs = Xs) instead of the marginal dis-
tribution P(Xc). Thus M -plots only evaluate the model within the observa-
tional distribution. More formally, they are de ned as

Z
fs(xs) = Exc[(xsiXe)l = f(xs; Xc)dP(XcjXs = Xs):
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Permutation Feature Importance and Conditional Feature Importance

Permutation Feature Importance (PFI). Permutation Feature Importance,
[Breiman, 2001], sometimes called random forest feature importance, is one
of the oldest feature importance techniques. It is based on a simple idea:
To quantify the relevance of a variable for a machine learning model, PFI
measures how much worse the model's performance is when we remove
the variable. Since we cannot simply remove a variable from the model, PFI
instead replaces the variable with a perturbed non-informative version.

More speci cally, PFI for a dataset with  n observations x®;:::; x(™ and some
permutation isde ned as
1 X o _ 1 X _
PRI = = L ix iy = fxO)y)
i=1 i=1

PFl is a Monte Carlo estimate of
PFIl; = R(f(Xj;X 5);Y)  R(f(X);Y)

with X P(X;). An exemplary PFI plot can be found in Figure 1.7a.

PFI suffers from the same problem as PDPs: Since the perturbation is sampled
from the marginal distribution, dependencies between features are ignored;
Thus PFI evaluates the model outside the observational distribution (extra-
polation).

Conditional Feature Importance (CFl).  To avoid extrapolation, CFl was in-
troduced [Strobl et al., 2008]. CFI samples the perturbation from the con-
ditional distribution of the feature of interest given the remaining features
X, ! P(XjjX j), such that dependencies between the covariates are pre-
served. CFl allows insight into the dependence of variables conditional on all
remaining covariates [Strobl et al., 2008, Watson and Wright, 2021]. An exem-
plary plot can be found in Figure 1.7b.

Shapley-value-based methods

Shapley values are a game-theoretic concept that can be applied in inter-
pretable machine learning as well. Before we get into the application in IML,
let us quickly recapitulate what Shapley values are and what problem they
solve.
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Figure 1.6: ICE curves and PDP for variable atempin the bike sharing dataset.

(a) PFI (b) CFI

Figure 1.7: Permutation Feature Importance and Conditional Feature Import-
ance for the bike sharing predictor. While atempand tempare the mostimport-
ant features for PFI, for CFI humand seasonare more important.
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Fair payoff in collaborative games.  Suppose you take part in a quiz night
and your group wins 100 coins. How should you fairly divide the payoff?
Equally dividing the money may be considered unfair, since players are not
rewarded based on their individual performance. However, rewarding based
on individual contributions is dif cult, because the game is collaborative.
That means that the surplus payoff that a player contributes depends on
which players are already in the team, also referred to as the coalition. For
example, the player may know an answer that another player in the coalition
knows as well. Or the player may collaborate with another player to answer a
guestion that none of them could alone.

Simple strategies fail to account for the nature of the game: If we quantify
how much money each player would have won alone, we fail to account for
collaborations. If we ask how much less the team had if the player did not
join, we fail to attribute payoff for contributions that several team members
share.

Shapley values. To attribute the payoff in such collaborative games fairly,
Shapley values were proposed [Shapley et al., 1953]. Shapley values are the
only attribution strategy that satis es a range of fairness axioms:

» Ef ciency: The Shapley values for all players add up to the overall payoff.

« Symmetry: Players who contribute equally to all possible coalitions re-
ceive the same payoff.

 Dummy: A feature that does not contribute to any coalition receives at-
tribution zero.

 Additivity: For a game for which the total payoff is the sum of two sub-
games, the Shapley value of the overall game is the sum of the Shapley
values of the subgames.

Given a function v that evaluates the payoff for sets of players S, the Shapley
value is de ned as

X . . . .
W)= BERLE Dwsifio wis)

Intuitively, v(S[f jg) Vv(S)can be seen as the surplus contribution of player |
over some coalition ofteammates S. The Shapley value is the expected surplus
contribution the player adds to randomly sampled coalitions.
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Feature relevance quanti cation is a cooperative game.  Like pub quizzes, the
model's prediction (performance) can be seen as a collaborative effort where
the features are the players, and the prediction (performance) is the payoff.
Like a player's surplus contribution in a pub quiz, the surplus performance
that a feature brings to the table depends on the coalition of features that it
joins. Features may be dependent and thus may share information about the
target. Furthermore, features may complement each other and ML models
may thus rely on feature interactions.

A range of work argues that this collaborative nature should be considered
when quantifying feature relevance and proposes to leverage Shapley values to
do so [Datta et al., 2016, Lipovetsky and Conklin, 2001, Strumbelj and Konon-
enko, 2014, Lundberg and Lee, 2017, Covert et al., 2020]. All aforementioned
methods apply Shapley values, but rely on different value functions  v. As fol-
lows, we introduce the value functions for two methods: SHAP [Lundberg and
Lee, 2017] and SAGE [Covert et al., 2020].

SAGE. The goal of Shapley additive global importance (SAGE) values is to
quantify the global relevance of the variables for the model's performance. As
such, the payoff is the prediction performance, and the players are the vari-
ables. To quantify the prediction performance for a coalition S, the remaining
features S are removed from the model via marginalisation. © This yields the
restricted model fg

fs(xs) = E[f (X)jXs = Xs]: (1.1)

Based on the restricted function fg the value function v is de ned as the im-
provement in performance that the set S enables over the empty set ;

vi(S) = E[L(f;;y)]  E[L(fs(xs);y)l:

In practice, the value functions can be estimated using the respective empir-
ical risks. Furthermore, given the dif culty of sampling from conditional dis-
tributions, the conditional expectation is commonly approximated with mar-
ginal sampling. Since sampling from the marginal alters the properties of
the resulting SAGE values, we refer to the marginal-sampling-based variant as
marginal SAGE, and the conditional-sampling-based variant as SAGE or con-
ditional SAGE.

Exemplary plots for both marginal and conditional SAGE value functions and
the respective SAGE values can be found in Figures 1.8 and 1.9. For more de-
tails about the theoretical properties of SAGE, confer [Covert et al., 2020].

8In the original paper, the authors suggest using the conditional distribution P(X sjXs)
for the marginalisation, but approximate the conditional using the marginal P(X s).
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(a) marginal (b) conditional

Figure 1.8: SAGE value functions

(a) marginal (b) conditional

Figure 1.9: SAGE values for the bike sharing dataset.

(a) Marginal-sampling-based SHAP val- (b) Conditional-sampling-based SHAP
ues (estimated via permutation). values (estimated with TreeSHAP).

Figure 1.10: SHAP values for the bike sharing dataset. The bars indicate the
SHAP values, which add up to the difference between the prediction for the
data point and the mean prediction on the data set.
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SHAP. Shapley additive explanations (SHAP) explain the prediction for a
user-speci ed data point x; thus the feature values are the players, and the
predicted value is the payoff. To quantify the payoff (the prediction) for a
coalition S the restricted function fgs (Equation (1.1))is used,i.e.,

Vi (S;x) = fs(Xxs):

Again, the conditional expectation of yielding the restricted function is
commonly approximated with marginal sampling. We refer to the marginal-
sampling-based variant as marginal SHAP and the conditional-sampling-
based version as conditional SHAP. The output of both versions is visualised
in Figure 1.10. For more details about the properties of SHAP values and their
estimation, we refer to the literature [Lundberg and Lee, 2017, Janzing et al.,
2020, Chen et al., 2020].

Contrastive Explanations

So-called contrastive explanations explain outcomes relative to one or more
contrast cases [Lipton, 1990, Miller, 2019, 2021]. In interpretable machine
learning, contrastive explanations are used to explain the outcome for a given
data point by contrasting it with outcomes for alternative data points.

Counterfactual explanations (CEs). For counterfactual explanations
[Wachter et al., 2017a], the model's prediction for a data point X is ex-
plained by contrasting it with data points that yield a different prediction.
More formally, counterfactual explanations search for data points that are
valid, meaning that they yield the desired prediction, and similar, meaning
that the change is small.:

argmin  d( +x;x) st f(x+ )=y°

Here d is some distance function, x is the original datapoint, = some change
and y°the prediction outcome that we want to contrast against.

For example, when applied to the southern German credit example, for a
randomly chosen rejected individual we get the following counterfactual
explanation: "When changing the “duration” to be 12 months shorter and set
‘other debtors’ to guarantor, then the model's prediction is favourable.”

Wachter et al. [2017b] discuss three potential applications of counterfactual
explanations: Understanding decisions, contesting (unethical) decisions, and
altering future decisions (recourse).
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Causal Recourse. In this thesis, we are especially interested in recourse.
For recourse, the aim is to guide explainees to revert unfavourable decisions.
It has been argued that it is important that recourse recommendations are
actionable [Ustun et al., 2019], meaning that only changes that the user can
realise are proposed, and causal [Karimi et al., 2020a], meaning that causal
relationships between the features are taken into account.

Counterfactual explanations, as originality proposed, neither take actionab-
ility nor causal relationships between the features into account. Karimi et al.
[2020a] thus modify the optimization problem to search for cost-minimal
causal interventions that change the model's prediction. To estimate the
causal effects of actions, they rely on causal models such as causal graphs and
structural causal models [Karimi et al., 2021, 2020a,b]. For example, for SCMs
with invertible structural equations, the optimisation problem is given by:

a2 argmin - cosf(a;x”)  subjectto h(xPostdo@)  0:5;

where cost(a; xP"®) measures the cost of action a for an individual with pre-
recourse characteristics xP'®¢, and where xP°st@( js the corresponding post-
recourse state for action a.

1.3 Challenges for Interpretable Machine Learning

IML is a vibrant research eld, and the methods are widely applied in prac-
tice [Fellous et al., 2019, Deeks, 2019, Gade et al., 2019, Gordon et al., 2019,
Danilevsky et al., 2020, Jiménez-Luna et al., 2020, Tosun et al., 2020, Das et al.,
2021, Tantithamthavorn and Jiarpakdee, 2021, Sharma et al., 2022, Yang, 2022,
Khosravi et al., 2022, Gevaert, 2022, Machlev et al., 2022, Fiok et al., 2022]. At
the same time, the eld faces fundamental criticism.

As follows, | summarise the criticisms of the eld that, in my view, are the most
pressing: First, we argue that interpretability con ates several incompatible
goals that must be disentangled; Only given a xed goal the target estimand
(explanandum ) can be derived (81.3.1). Second, to establish a link between
explanation and explanandum , we need interpretation rules that make clear
what aspects of model and data a method provides insight to (§1.3.2). Thirdly,
many IML methods are dif cult to estimate (81.3.3). The challenges are illus-
trated in Figure 1.11.

In 83.1 we discuss how our contributions help to tackle them.
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Figure 1.11: An illustration of the explanatory gap between interpretation goal
and method. In order to establish a link, we have to understand which aspects

of model and data are relevant for a given interpretation goal (  explanandum ),
and which aspects the IML method describes ( explanation ).

1.3.1 Challenge I: Unclear explanandum

A common criticism of IML is that the goal of the eld is to make opaque
machine learning systems "interpretable” but that there is no agreement on
what that is supposed to mean [Lipton, 2018, Krishnan, 2020, Freiesleben
and Konig, 2023]. As such, claims about “interpretability” are not meaningful
without further clari cation, and aiming for “interpretability” is an ill-posed
problem.

To better understand the origin of the issue, we take a step back and recon-
sider why we care about “interpretability” in the rst place: As Doshi-Velez
and Kim [2017] argue, we ask for explanations since there are important
requirements towards machine learning systems that cannot be evaluated
with test set performance. These requirements include (among others) the
compliance of the system's mechanism with ethical standards (fairness),
the robustness of the system to domain shifts (robustness), the ability to
learn from the model about the data-generating mechanism (inference),
and the ability to explain algorithmic decisions in a way that allows affected
individuals to revert unfavourable decisions (recourse). The hope associated
with interpretability is that if we were to "understand” the ML system, we
would be able to assess whether a system is fair and robust, learn about
the data-generating process or restore the agency of individuals affected by
unfavourable decisions.

Problematically, these requirements con ict. Let us illustrate this with an
example illustrated in Figure 1.12. The model relies on the two uninformative
features x, and X3 that cancel out in the observational distribution (meaning
that within the observational distribution f'\(x) X1). If we interpret the model
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@<_ X1:= ,X0:= 5 12 N(@O;1)

Xz3:= X+ 3 3 N(O, 001)
@ (%) Y= X1+ v v N(0:0:1)
@ ¢=f(X):= X1+ CX» X3
(a) DAG (b) SCM

Figure 1.12: In this example, the model relies on two features X»; X3 that are
independent of Y and that cancel each other out in the observational distri-
bution.

to nd which variables are most predictive of y (inference), then it is irrelev-
ant to know that the model relies on  x, and x3 because we only care about the
data, and the variables have no relation with y. More generally, if we want to
assess the model's behaviour in the observational distribution, X, and x; are
irrelevant. However, if we interpret to model to assess its robustness to distri-
bution shifts, we want to know that the model's mechanism includes the term

CX, Cxsz and, thus, that its performance breaks down once the correlation
between the two variables is broken.

More generally, the questions that individuals may have when interpreting
machine learning models are so heterogeneous that no single method can an-
swer them all concisely. Instead, as Lipton [2018] puts it in his seminal paper,

[...] interpretability is not a monolithic concept but several distinct
ideas that must be disentangled before any progress can be made.

1.3.2 Challenge IlI: Misinterpretation of IML Methods

Not only the ML model but also the IML methods are subject to interpretation:
Given the diversity of contexts and motivations to seek explanations, the IML
methods are diverse in their actual meanings. To choose an IML method that
suits the explanation context and goal, the explainee must be aware of what
insights the different method can and cannot provide.

In a recent study Krishna et al. [2022] demonstrate that practitioners from
research and industry lack orientation: When presented with the outputs of
several popular IML methods, they nd that the methods commonly disagree;

For example, because the highest ranked features differ, the overall relative
ordering differs, or even the signs of the values differ. 7 When asked to choose

"This result is in agreement with Figures 1.6-1.10, where we plot several IML methods on
the bike sharing dataset and observe that they yield different results
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one of the methods to resolve the disagreement, participants predominantly
rely on super cial criteria such as publication year or on whether the method's
output matches their prior intuition.

The study’s results are sobering: If explainees do not understand what the ex-
planations actually mean and instead base their choice on super cial criteria,
the conclusions they draw from the explanation may not be grounded in
reality. Even worse: If explanations are chosen based on whether they match
the explainee's prior intuition, they degrade to (meaningless) justi cations.

To prevent such misinterpretation, we need more formal work clarifying
what insight the different IML methods provide. Furthermore, the resulting
insights and misconceptions must be communicated to a wider audience.
Beyond unclarity about what aspect of model and data a method targets, the
IML estimate is subject to various uncertainties that can signi cantly alter the
explanations; These uncertainties must be quanti ed and communicated to
the explainee [Watson, 2022].

1.3.3 Challenge IlI: Estimation of Conditional-Sampling-
Based Methods

IML methods typically quantify the relevance or effect of features by quan-
tifying how perturbing the feature affects the object of interest (e.g. the
prediction). A range of methods thereby rely on marginal sampling, e.g. by
permuting the values for the variable; This has the disadvantage that the
dependencies with the remaining variables are ignored, such that observa-
tions in unseen or unrealistic regions are created. A range of work therefore
argues in favour of conditional-sampling-based perturbations that take the
dependencies between features into account [Strobl et al., 2008, Hooker and
Mentch, 2019, Frye et al., 2020, Chen et al., 2020, Freiesleben et al., 2022,
Freiesleben and Konig, 2023].

However, conditional sampling is dif cult and computationally expensive;
for many methods, conditional-sampling-based implementations are not
available. Thus, the methods are less convenient, and methods are "ap-
proximated” with marginal sampling instead (e.g. Lundberg and Lee [2017],
Covert et al. [2020]).
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1.4 Nine Perspectives on Model and Data

The limits of my language mean the limits of my world.
— Ludwig Wittgenstein

In the preceding section, we argued that IML faces fundamental chal-
lenges; the unclear terminology in the eld compounds these problems. For
example, IML methods are often said to quantify a feature's relevance but
without clarifying what it means to be relevant. If we fail to articulate the
meaning of the method, how should practitioners be able to make the right
conclusions?

Throughout this section, we will re ne our terminology. More speci cally,

we leverage a causal viewpoint to distinguish between nine different per-
spectives on model and data. To illustrate the different perspectives, we
look at exemplary questions relevant in IML and categorise them according
to what perspective they concern; Thereby, we demonstrate the usefulness
of the taxonomy to articulate the explanandum more clearly (Challenge ).
Furthermore, we categorise the IML methods introduced in 81.2.3 within the
taxonomy, thereby tackling the misinterpretation of IML methods (Challenge

Il). In summary, the taxonomy serves as a connecting link between  explana-
tion and explanandum .8

For now, let us understand what these nine different aspects are — with a focus
on understanding that they are indeed distinct. We structure the taxonomy
using two questions: First, what object is described? The prediction ¥, the
underlying target Y or their relationship R (as captured by the risk)? Secondly,
on what level are we trying to understand the object? In terms of model-level
intervention, data-level interventions or in terms of ?

We illustrate the distinction at the example of disease diagnosis, where causes
C and symptoms S are used to diagnose the disease state Y (Figure 1.13).

1.4.1 What Objectis Described?

Except for special cases where we can perfectly reconstruct Y from the
features, prediction and target take different values. Moreover, even if we
can predict perfectly on test data, Y and ¥ may take different causal roles.
For example, disease diagnosis models (as visualised in Figure 1.13) may rely
on disease symptoms for their prediction, such that treating the symptoms

81t must be emphasised that connecting explanation and explanandum in the taxonomy is
necessary, but not suf cient to establish an explanatory link.
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causally affects the prediction ¥; However, the symptoms are by de nition
not causal for the disease, and thus treating them does not affect Y.

The relationship between Y and ¥, e.g. quanti ed as the risk R(Y:;?), differs
fromboth Y and ¥; It takes different values and plays a different causal role.

1.4.2 OnWhat Levelis the Object Described?

In the preceding paragraph, we differentiated between the three objects of in-
terest: The prediction ¥, the underlying target Y and their relationship. In the
context of IML, we typically try to understand these objects in terms of their
relationship with the features. °

As follows, we differentiate between three levels on which the relationship
between features and the object of interest can be described. First, we dis-
tinguish between causation and association (using the do-operator); Secondly,
we distinguish between model-level causation and data-level causation.

relationship

Figure 1.13: Visualisation of our distinction between different aspects of
model and data, at the example of a model that uses causes C and symp-
toms S to diagnose a disease state Y. On the left side, we see the real-world
variables and their causal relationships, and on the right side, the respective
model counterparts (the model inputs  C and S and the model's prediction ¥).
The relationship between prediction and target is captured by the risk  R.

9For example, feature effect methods describe the relationship between the feature and the
prediction, and feature importance methods quantify the relevance of features for the model's
performance.



32 General Introduction

Distinction between causation and association.  Association does not imply
causation — this statement is also true in the context of IML. In the disease
diagnosis example (Figure 1.13), the symptom state S is associated with the
diseaseY, but the symptoms S are not causal for the disease Y.

We use the do-operator (introduced in 81.2.2) to denote the difference
between intervention (causation) and observation (association): When we
observe symptom state s, we write S = S; if we intervene on the symptoms to
take value s, we write do(S = s).

Distinction between model-level and data-level causation. When referring
to causality in interpretable machine learning, we must further distinguish
between model-level interventions and data-level interventions. With data-
level interventions, we mean interventions in the real world. With model-level
interventions, | mean interventions on the model inputs (by plugging differ-

ent values into the predictor).

These two notions of causal effects are fundamentally different: For data-level
causation, the causal dependencies between variables in the real world must
be considered; for model-level causation, they are deliberately ignored: In
the disease diagnosis example (Figure 1.13), real-world interventions on
the causes C affect the prediction ¥ via two paths: directly via the changed
model input, and indirectly via the effect on the symptoms S. In contrast,
intervening on the corresponding model input does not affect the symptoms
and thus yields a different effect.

To formally distinguish between model-level and data-level interventions,
we follow Janzing et al. [2020] and introduce a separate variable for the
model input, distinguished by an underline (e.g., C for the disease causes
model input). We regard the model input as a perfect copy of the respective
real-world state, i.e. de ne the respective structural equationas C := C. An
intervention on the model input is denoted as  do(C = ¢).

So to conclude, we distinguished between three objects (the prediction ¥,
the underlying target Y, and their relationship) and three levels of description
(association, model-level causation and data-level causation). In combina-
tion, we yield nine aspects of model and data.
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1.4.3 Heterogenous Explananda

To illustrate the different aspects of model and data, we collect exemplary
guestions that may have when interpreting a disease diagnosis model and
categorise them in the taxonomy.

For example, in order to be able to simulate the model's behaviour, we may
be interested in understanding the model's mechanism, i.e., how model-
level interventions affect the prediction. In contrast, to identify predictive
biomarkers, we are interested in associations between the features and the
prediction target. Or, as someone being diagnosed with a disease, we may be
interested in understanding what we can do to get healthy, which requires
estimating the effect of data-level interventions on the underlying target.
More examples can be found in Table 1.4. 1°

® ® ®

do(X = X% Does the_ models Do measurement errors
mechanism rely -

affect the performance?

on gender?
Is the diagnosis . . . .
: Is the diagnosis more Which biomarkers
correlated with "
accurate for men? are predictive of Y ?
gender?
do(X = x9 What can | do Does the model What can | do
to appear healthy?  work in different hospitals? to get healthy?

Table 1.4: Exemplary queries for different aspects of model and data.

We observe that the questions concern distinct aspects of model and
data, implying that distinct methods are required to address them. Thus, the
categorisation con rms the argumentation in Section 1.3.1: Each question
corresponds to a different notion of what it means for a ML system to be “in-
terpretable” and any “one- ts-all” de nition of interpretability must con ate
several incompatible requirements.

10| do not give an example for a question that concerns the effect of model-level interven-
tions on the underlying target, since in our simpli ed model the prediction does not affect the
real-world state. However, such feedback loops are conceivable [Perdomo et al., 2020].
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1.4.4 Heterogeneous Explanations

Furthermore, we categorise the IML methods that were introduced regarding
the aspect of model and data that they compute in Table 1.5. 1!
Marginal-sampling-based methods measure the effects of plugging perturbed
versions of the variables into the model while ignoring any dependencies
between the variables. As such, marginal-sampling-based methods measure
the effects of model-level interventions. While feature effect methods such
as PDPs concern the prediction, feature importance methods such as PFI
concern the model's performance.

Conditional-sampling-based methods measure the objects of interest condi-
tional on observing (a subset) of the variables. For instance, M-Plots describe
the expected prediction conditional on observing the feature of interest,
and SAGE value functions describe the model's performance conditional on
observing a set of features.

Only the Causal Recourse (CR) method is concerned with interventions on
the data level.

® ® O

do(X = x ICE plots and PDPs
marginal SHAP PF

CEs marginal SAGE

M-Plots CFI
conditional SHAP conditional SAGE

Table 1.5: The interpretation techniques introduced in 81.2.3, categorised re-
garding what aspect of model and data they portray.

When confronted with a choice between different IML methods for a given
task, the taxonomy helps to narrow down the candidate pool signi cantly.

HTables 1.4 and 1.5 illustrate that there is a gap between the aspects of the model and data
that may be of interestin IML and what the methods actually compute. With the contributions
in this thesis, we aim to close this explanatory gap in two ways: By clarifying target estimands
(understanding what aspect of model and data we care about), and by studying what insight
into model and data actually allow.
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However, it may be noted that the taxonomy has its limitations: First of all
the nine categories tell us from which perspective model and data are ap-
proached, but does not tell us which aspect we inspect. For instance, we are
agnostic to how interactions are handled or to whether local or global explan-
ations are generated. Thus clarifying the targeted perspective is necessary but
not suf cient for establishing an explanatory link. Second, the taxonomy is
explaining via the features and thus does not accommodate all IML methods.
For instance, models may be explained via model internals or via speci c data
points as well. And Third, depending on the assumptions that we can make
about model and data, there may be signi cant overlap between the categor-
ies; Thus when method and goal concern different perspectives on model and
data, it depends on model and data whether an explanatory link can be estab-
lished anyway.

1.4.5 Overlap Between the Nine Perspectives

Although the nine aspects are distinct, there can be signi cant overlap. If pre-
diction models are Bayes optimal, they can be seen as models of properties of
P(YjX), establishing a relation between Y and ¥ (§1.2.1). And the do-calculus
relates (conditional) probability statements with causal statements (81.2.2).

For instance, although the partial dependence plot (PDP) concerns the
effect of model-level interventions on the prediction ¥, it can also be used
to estimate the effects of data-level interventions on the underlying target

Y [Zhao and Hastie, 2021]. More speci cally, the PDP and the adjustment
formula coincide, meaning that if the set of remaining variables satis es the
backdoor criterion (and the model is accurate in the regions in which the PDP
evaluates it), the PDP visualises a real-world causal effect.

1.4.6 The Nine Perspectives and Our Contributions

The taxonomy will prove helpful over the course of this thesis and is the basis
of several of our contributions. It helped us to discuss the requirements and
the explanandum in the context of recourse (Paper I) and scienti ¢ inference
(Paper II) and served as a grid to assess what insight a general class of feature
importance method allows (Paper Il1).
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1.5 Overview of Our Contributions

The thesis includes seven papers, which contribute to tackling the challenges
postulated in Section 1.3.

» To tackle unclear interpretation goals and target estimands (Challenge
[), we investigate two interpretation contexts in more detail: recourse
(Paper I) and scienti ¢ inference (Papers lI-Ill). In each setting, starting
from the interpretation goal we motivate the target estimands and dis-
cuss which interpretation methods are suitable.

» Papers I-V are concerned with preventing misinterpretation (Challenge
I). In Paper | we clarify that existing recourse methods may fail to lead
to improvement, which we argue to be a vital requirement for recourse.
In Paper Il we establish which methods can or cannot be used to gain in-
sightinto the data-generating process, and in Paper Il we propose meth-
ods to quantify the uncertainties involved when linking explanations to
properties of the DGP. In Paper IV we generalise PFl and CFl to a general
class of feature importance algorithms and derive interpretation rules for
each of its members. In Paper V, we communicate general interpretation
pitfalls, such as unjusti ed causal interpretation, to a broader audience.

* In Papers VI-VIl we propose methods to estimate conditional-sampling-
based methods ef ciently. In Paper VI, we use causal structure learning
(CSL) to greedily identify the dependence structure in the data which can
be exploited to make the estimation of SAGE values more ef cient. In
Paper VIl we rely on tree-based models to learn a partitioning of the fea-
ture space that renders the covariates independent (conditional on the
partitioning), which can be exploited to sample from conditional distri-
butions by permuting observations within the partitions.

As follows, | shortly summarise our contributions. A visual overview of the
articles and their relation to the three challenges is given in Figure 1.14.
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‘ I: Improvement-focused Causal Recourse (ICR)

‘ Il: Scienti ¢ Inference With IML

‘ IV: Relative Feature Importance

‘ Ill: Relating the PDP and PFI to the Data Generating Process ‘

‘ V: General Pitfalls of IML

| VI: SAGE Estimation via CSL |

‘ VII: IML & Dependent Features ‘

Goal-driven Derivation of Explanans Preventing Misinterpretation Conditional-sampling Based Estimation

Figure 1.14: Overview of the seven papers in this thesis and their relation to
the three challenges postulated in Section 1.3.

Paper |: Improvement-Focused Causal Recourse (Section 2.1). An import-
ant application of IML is providing so-called recourse recommendations:
Suppose you applied for a loan, and an ML model is used to assess your
quali cation. Suppose, furthermore, that the model rejects you. You feel
powerless since you do not know how the decision was made or how you can
change it. So-called recourse recommendations aim to restore your agency by
telling you what you can do to revert this unfavourable decision. A recourse
recommendation could be of the form: ”If you reduce your credit card risk by
1000€, you will get the loan.”

A range of recourse techniques have been proposed: counterfactual explan-
ations [Wachter et al., 2017b], counterfactuals with actionability constraint
[Ustun et al., 2019], and the causal recourse framework [Karimi et al., 2020a].
We demonstrate that all existing methods suffer from a fundamental problem:
the methods target acceptance meaning that the prediction ¥ is reverted but
may fail to guide towards improvement, meaning that they may fail to revert
the underlying target Y. In other words: Existing recourse techniques may
recommend to game the predictor.

In our paper on Improvement-focused Causal Recourse (ICR) we argue that
improvement is a fundamental requirement for recourse since it is desir-
able for model authority, explainee and society: Model authorities have no
incentive to recommend tricking their decision system. For the explainee,
gaming may have short-term bene ts and be morally justi ed if the predictor

is unethical; However, gaming recommendations may mislead explainees
who are actually interested in improving, which in general, is a more robust
long-term strategy. Furthermore, explainees are members of society; For
society, it is important that recourse also leads to improvement since gaming
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damages collective risk systems. For instance, if loans are given to individuals
whose default rate is underestimated, the nancial system may be seriously
damaged.

Thus, we propose an improvement-focused recourse technique. Depending
on the level of causal knowledge, more or less accurate recommendations
can be made. If a Structural Causal Model (SCM) is available, we can leverage
structural counterfactuals for individualised effect prediction. If only the
causal graph is available, we can estimate conditional average treatment
effects instead. We refer to the two settings as the individualised and the
subpopulation-based setting.

For both settings, we derive acceptance guarantees from improvement
guarantees. In the subpopulation-based setting, where the improvement
rate is estimated using a causal graph, we show acceptance bounds for
Bayes-optimal observational predictors. In the individualised setting, where
the effect estimate is individualised using the SCM, we propose to leverage
the SCM for individualised post-recourse prediction, for which we derive
acceptance bounds.

In various synthetic and semi-synthetic settings, we empirically demonstrate
that ICR reliably guides towards improvement and acceptance while being
more robust to re ts of the model than counterfactual explanations or causal
recourse.

Counterfactual ) 3

Explanations (CEs)

do(X = x .
Causal Recourse (CR) i Improvement-focused

Causal Recourse (ICR)

Table 1.6: While both counterfactual explanations and causal recourse target
acceptance (reversing ¥), we argue that recourse should lead to improvement
(reversing Y).
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Papers Il and Ill: Scienti c Inference with Interpretable Machine Learning
(Sections 2.2 and 2.3). Machine learning models are increasingly deployed
in science. The reason for their adoption is their ability to model complex
dependencies, allowing for more accurate prediction than classical statistical
models.

Beyond accurate prediction [Luk, 2017, Douglas, 2009], science is concerned
with learning about the data-generating process (DGP) [Salmon, 1979, Long-
ino, 2018, Shmueli et al., 2010]. Problematically, machine learning models are
often too complex to understand, and it is unclear whether individual model
elements can be linked to properties of the DGP. Thus, scientists struggle to
learn about the DGP using ML models.

Interpretable Machine Learning (IML) is concerned with tackling the opacity

of ML models by describing elements of the models or properties of model
and data. Since model elements may not represent DGP properties, and since
IML methods are developed with a wide range of different contexts and goals

in mind, it is often unclear what insight the methods provide (Challenge II,
Figure 1.15), and therefore whether the methods enable scienti ¢ inference.
Nevertheless, IML methods are increasingly deployed to infer the "relevance”
of features in scienti ¢ applications [Fellous et al., 2019, Gade et al., 2019,
Gordon et al., 2019, Danilevsky et al., 2020, Jiménez-Luna et al., 2020, Tosun
et al., 2020, Das et al., 2021, Tantithamthavorn and Jiarpakdee, 2021, Sharma
et al., 2022, Yang, 2022, Khosravi et al., 2022, Gevaert, 2022, Machlev et al.,
2022, Fiok et al., 2022], and it is often implied that the explanations actually
re ect properties of the DGP.

We tackle the challenge in Papers Il and IlI.

In Paper Il, Scienti c Inference with Interpretable Machine Learning , we show
that IML methods can indeed describe interesting properties of the DGP, more
speci cally, of the underlying joint probability distribution. The reason is that

— although individual model elements may not represent DGP properties —
the model as a whole represents aspects of the underlying distribution. For
example, regression models that minimize the mean squared error represent
the conditional expectation of the prediction target given the covariates. We
call this holistic representationality .

Nevertheless, since IML addresses several con icting goals, many existing
methods do not enable insight into the DGP. We identify the properties that
IML methods must ful | to be suitable for scienti ¢ inference about the joint
distribution of the variables. Based on these insights, we propose a guide for
scienti ¢ inference with IML that comprises 5 steps: 1) Formalising the sci-
enti c question, 2) establishing identi ability, 3) designing an IML property
descriptor, 4) estimating the descriptor and 5) quantifying uncertainty.
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Quantifying uncertainty is the focus of Paper Ill, Relating the Partial Depend-
ence Plot and Permutation Feature Importance to the Data Generating Process .
More speci cally, we formalize permutation feature importance and partial
dependence plots as statistical estimators of properties of the DGP and show
that the estimates deviate from the ground truth not only due to statistical
biases but also due to learner variance and Monte Carlo approximation
errors. To avoid misinterpretation, we propose learner versions of PD and PFI
that are based on model re ts, as well as variance and con dence interval
estimators that account for the involved uncertainties.

In both papers, we focus on the supervised learning paradigm and inference
about associations in the data. We brie y discuss other forms of inference,
especially causal inference, but leave a more detailed assessment for future
work.

N

J

® =D ®

IML methods concern of interest for inference

Figure 1.15: While IML methods are typically concerned with the effect of
model-level interventions on prediction and performance, inference is con-
cerned with associations and causal relationships in the data-generating pro-
cess.

Paper IV: Interpretation Rules for Feature Importance (Section 2.4).  Feature
importance methods quantify the relevance of features by measuring the
impact of feature perturbations, i.e. interventions on the model level, on
the model performance. Although the effect of feature perturbations on the
model performance is easy to compute, it is unclear what conclusions can
be drawn. In our paper on Relative Feature Importance we thus investigate
the insight that nonzero feature importance provides about the model's
mechanism and the dependencies in the data (Figure 1.16).

Depending on the concrete feature importance method, different model-level
interventions are performed. For example, for Permutation Feature Import-
ance (PFI), the feature is resampled from its marginal distribution, and for
Conditional Feature Importance (CFl), the feature importance is resampled
from the conditional distribution given all the remaining features. These
methods yield different results, requiring different interpretations.

For our assessment, we thus generalise PFI and CFI to a general class of
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feature importance methods, which we call Relative Feature Importance (RFI),
and derive general interpretation rules that can be applied to each class
member.

@=D) (D= D )

model feature importance data

Figure 1.16: In Paper IV, we study what insight into model and data we can gain
by inspecting Relative Feature Importance (RFI), a class of feature importance
methods.

Paper V: Raising Awareness for Interpretation Pitfalls (Section 2.5).  So far, we
have tackled the misinterpretation of IML (Challenge Il) by establishing re-
lationships between feature importance algorithms and different aspects of
model and data (Paper 1V) or by proposing a guide on how to choose the in-
terpretation technique (Paper II).

In Paper V, General Pitfalls of Model-Agnostic Interpretation Methods for Ma-
chine Learning Models, we approach the problem ex negativo, meaning that
we aid practitioners by exposing what not to do. More speci cally, we identify
common mistakes that may be made when choosing and interpreting IML
methods. The pitfalls include: Assuming using interpretation methods for un-
suitable purposes, interpreting models that do not generalise well, ignoring
feature dependence and feature interactions, ignoring model and approxima-
tion uncertainty, as well as unjusti ed causal interpretation. We illustrate each
pitfall on an example, offer solution strategies and discuss open issues.

Paper VI: Ef cient SAGE value estimation via Causal Structure Learning (
Section 2.6). SAGE values are a theoretically appealing feature importance
method: They can be linked to properties of the data-generating process,
such as conditional mutual information. Furthermore, they fairly attribute
importance according to the Shapley fairness axioms; That means that they
provide insight into the relevance of features beyond dependence on no or all
features.

One downside of SAGE values is their computational inef ciency. The exact
computation of SAGE values requires the evaluation of an exponential num-
ber of so-called surplus function evaluations. This is particularly expensive
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because the evaluation of the surplus functions requires sampling from
potentially multivariate conditional distributions.

In this work, we aim to reduce the computational burden of SAGE value
estimation by exploiting the observation that conditional independence in
the data implies that the respective surplus contribution evaluates to zero,
such that their computation can be skipped. More speci cally, we leverage
causal structure learning — greedy algorithms that learn the (conditional)
independence structure in the data — to factorise the distribution.

As we demonstrate empirically, this is more ef cient since the one-time
computation effort required to learn the dependence structure is negligible
in comparison to the expense of the many saved surplus contribution eval-
uations. Furthermore, since the false discovery rate for the employed CSL
algorithms is close to zero, we yield unbiased approximations.

Paper VII: Conditional Sampling Based Feature Importance and Feature Effects
(Section 2.7). Conditional Feature Importance (CFl) is theoretically appeal-
ing since it allows insight into the conditional (in)dependencies in the data;
At the same time, it requires sampling from the conditional distribution of the
feature of interest j given all remaining features j. Thus, itis more dif cult to
estimate than its marginal-sampling-based counterpart, Permutation Feature
Importance (PFI); Marginal sampling can be performed by randomly drawing
values from the feature of interest's observation vector.

We propose a novel algorithm to estimate CFI. It is based on the assumption
that we can learn a partitioning of the feature space, such that in each sub-
group the feature of interest | is independent of the remaining variables. As
a consequence of the independence, in each subgroup, marginal and con-
ditional sampling coincide. Thus, the partitioning allows us to sample from
the conditional distribution by permuting observations within each group. To
learn the partitioning, we leverage tree-based algorithms such as CART and
transformation trees.

In settings where the learned partitioning is sparse, the subgroup-based ap-
proach has a further advantage (beyond good approximation to the true CFlI
values). Shallow trees are easy to interpret, such that the partitioning itself is
interpretable. As such, we can generate subgroup-speci c interpretations. For
instance, by applying PFI in each subgroup, we nd that temperature is pre-
dictive of bike rentals in summer, but not in winter.

Similarly, we propose a subgroup-based variant of PDPs. PDPs rely on mar-
ginal sampling and therefore may evaluate the model on unrealistic observa-
tions and thus provides limited insight into the data. If applied within the
subgroups, where the feature of interest is independent of the remaining fea-
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tures, no dependencies between features are destroyed, and inference about
the DGP is possible. For instance, by inspecting the PDP in the subgroups we
may learn how the conditional expectation of the target varies with temperat-
ure given that we know that it's winter.
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