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Abstract

Advances in black-box model performance have increased interest in understanding their internal
mechanisms, particularly as these models demonstrate exceptional predictive capabilities across
critical domains. While numerous explanation methods exist, research has not systematically
measured their combined effects, creating a knowledge gap regarding the potential benefits of
integrating multiple techniques. This thesis addresses this gap through a systematic evaluation
of established explanation methods—including SHAP, LIME, and Partial Dependence Plots—and
three novel approaches, with a specific focus on models processing tabular data.

The research methodology combines synthetic data experiments with a real-world user study to
examine whether different explanation methods vary in subjective and objective understanding and
if their combination enhances the overall understanding of the model. The user study, involving
129 participants, was designed to quantitatively and qualitatively assess the understanding of the
explanation method and the underlying model. The assumptions of the synthetic data evaluation
were specifically designed to test the characteristics of the underlying data that each explanation
method was intended to uncover.

The synthetic data evaluation validated key assumptions of the novel approaches. At various
breakpoints in the training process, SHAP values are embedded into a lower-dimensional space
using UMAP (Uniform Manifold Approximation and Projection), a non-linear dimensionality re-
duction technique for high-dimensional data visualization. Increased model complexity correlates
with larger shifts in embedding positions across these breakpoints, and distinct clusters that high-
light differences among subgroups are observed. Frequent Pattern Mining indicated that features
with strong interactions tend to have high Lift values—a metric that quantifies how much more
frequently two features occur together compared to what would be expected by chance—and that
Feature Context Embeddings, which generate vector representations of features based on the con-
texts in which they are used, effectively group related features. The findings of the synthetic data
evaluation demonstrate that the novel explanation approaches are capable of capturing properties
of the underlying data, which establishes a practical basis for real-world applications.

Results from the user study demonstrate that extending existing explanation techniques, most no-
tably by using UMAP to enhance SHAP to better expose model learning patterns, produces statis-
tically significant improvements in subjective understanding and feature importance interpretation.
The findings indicate that the UM AP-based SHAP extension was well understood subjectively, al-
though objective understanding scores were lower than for PDP and standard SHAP, likely due to
varying abstraction depths. Education significantly impacted both types of understanding, with
higher education correlating with better subjective understanding but not with improved objective
performance. Notably, the enhanced understanding of the model, generated by combining two ex-
planations, could be reliably predicted by summing their individual contributions, and the results
suggest a potential diminishing effect when integrating different approaches, although this effect
was not statistically significant at the 5% level. The results of the user study demonstrate that
combining two explanation method does improve overall understanding of the model.
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Kurzfassung

Fortschritte in der Leistung von Black-Box-Modellen haben das Interesse an einem tieferen Verstand-
nis ihrer internen Mechanismen gesteigert, insbesondere da diese Modelle in kritischen Bereichen
aulergewohnliche Vorhersagefahigkeiten demonstrieren. Obwohl zahlreiche Erklarungsverfahren
existieren, wurde deren kombinierte Wirkung bisher nicht systematisch untersucht, was eine Wis-
sensliicke hinsichtlich der potenziellen Vorteile der Integration mehrerer Techniken schafft. Diese
Arbeit schliefit diese Liicke durch eine systematische Evaluierung etablierter Erklarungsverfahren
— darunter SHAP, LIME und Partial Dependence Plots — sowie drei neuartige Ansétze, wobei ein
besonderer Schwerpunkt auf Modellen liegt, die tabellarische Daten verarbeiten.

Die Arbeit kombiniert eine Analyse anhand synthetischer Daten mit einer realen Nutzerstudie,
um zu untersuchen, ob verschiedene Erklarmethoden in Bezug auf das subjektive und objektive
Verstandnis variieren und ob ihre Kombination das Gesamtverstiandnis des Modells verbessert. Die
Nutzerstudie mit 129 Teilnehmern wurde so konzipiert, dass sie das Verstandnis der Erklarmethode
sowie des zugrunde liegenden Modells sowohl quantitativ als auch qualitativ bewertet. Die An-
nahmen fiir die Evaluierung synthetischer Daten wurden speziell entwickelt, um die Eigenschaften
der zugrunde liegenden Daten zu testen, die jedes Erklarungsverfahren aufdecken soll.

Die Evaluierung mit synthetischen Daten bestétigte zentrale Annahmen der neuartigen Ansétze.
An verschiedenen Breakpoints im Trainingsprozess wurden die SHAP-Werte in einen Embedding-
Raum mittels UMAP (Uniform Manifold Approximation and Projection) projiziert — einer nichtlin-
earen Dimensionsreduktionsmethode zur Visualisierung hochdimensionaler Daten. Eine zunehmende
Modellkomplexitét korrelierte mit starkeren Verschiebungen in den Embedding-Positionen an diesen
Breakpoints, und es bildeten sich Cluster, die Unterschiede zwischen den Subgruppen hervorhoben.
Frequent Pattern Mining ergab, dass Merkmale mit starken Interaktionseffekten tendenziell hohe
Lift-Werte aufweisen — ein Maf§ dafiir, wie viel haufiger zwei Merkmale gemeinsam auftreten als
zuféllig erwartet — und dass Feature Context Embeddings, die Vektorreprasentationen der Merk-
male basierend auf dem Kontext ihrer Verwendung erzeugen, verwandte Merkmale effektiv grup-
pierten. Die Ergebnisse der Evaluierung mit synthetischen Daten zeigen, dass die neuartigen
Erklarungsansitze in der Lage sind, Eigenschaften der zugrunde liegenden Daten zu erfassen und
somit eine Grundlage fiir ihre Anwendbarkeit in realen Szenarien zu schaffen.

Die Ergebnisse der Nutzerstudie zeigen, dass die Erweiterung bestehender Erklarungsverfahren
— insbesondere durch den Einsatz von UMAP zur Verbesserung von SHAP, um die Lernmuster
des Modells besser sichtbar zu machen — statistisch signifikante Verbesserungen im subjektiven
Verstandnis und in der Interpretation der Merkmalswichtigkeit bewirkt. Die Ergebnisse deuten
darauf hin, dass die auf UMAP basierende SHAP-Erweiterung subjektiv gut verstanden wurde,
wohingegen das objektive Verstdndnis niedriger ausfiel als bei PDP und SHAP, was vermutlich
auf unterschiedliche Abstraktionstiefen zuriickzufiihren ist. Die Bildung hatte einen signifikanten
Einfluss auf beide Verstdndnistypen, wobei ein héherer Bildungsgrad mit einem besseren subjek-
tiven Verstdndnis korrelierte, jedoch nicht mit einer verbesserten objektiven Leistung. Das durch
die Kombination zweier Erklarungen entstandene Modellverstdndnis konnte zuverlassig durch die
Summe ihrer Einzelbeitrage vorhergesagt werden, und die Ergebnisse deuten auf einen moglichen
abnehmenden Effekt bei der Integration unterschiedlicher Ansétze hin, obwohl dieser Effekt auf
dem 5%-Niveau statistisch nicht signifikant war. Insgesamt zeigen die Ergebnisse der Nutzer-
studie, dass die Kombination von zwei Erklarungsverfahren das Gesamtverstiandnis des Modells
verbessert.
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Chapter 1

Introduction

The annual increase in data is enormous. Although the exact gures can vary depending on the
source and measurement method, it is generally assumed that the volume of data generated and
stored increases by around 25 to 30% each year. Along with this continuous growth in data,
there is also a growing trend towards ever larger and more complex machine learning models in
order to make the best possible use of this data. The noteworthy progressions in machine learning
algorithms, speci cally with the introduction of Random Forests and Deep Neural Networks, have
led to a new era of outstanding predictive performance.

Well-known platforms such as OpenAl, Google and Amazon operate models with billions of pa-
rameters and the areas of application in which machine learning models can be used are constantly
becoming more extensive. Prominent areas of application include medicine, where models can be
used to diagnose certain diseases or develop personalized medicine, biology, where machine learning
models can be used to analyze genomes and their function, or chemistry, where they can be applied
to develop lighter, more conductive or more elastic materials. The list of areas of application is
long. Chui et al. [48] list 19 industries in which machine learning models are already being used.
In dermatology, for example, convolutional neural networks have been used to accurately detect
skin cancer with high accuracy[57]. Saliency Maps have been used to highlight areas, which were
e ected by the cancer [23]. Mertes et al.[49] found that applying Counterfactuals to explain di-
agnoses can signi cantly increase trust, satisfaction with the explanation and prediction accuracy
when asked to predict the network's prediction.

In many of these applications, it is bene cial or even essential to understand models, either in
part or exhaustively, to draw meaningful conclusions from their use and ensure they perform
their assigned tasks e ectively. However, measuring explainability remains a complex challenge.
Additionally, the depth of understanding required varies depending on the context. High-stakes
decisions, such as whether to proceed with surgery, demand a far deeper understanding than models
with no direct impact on individuals' well-being.

In certain cases, understanding the decision-making process is not just desirable but legally re-
quired. Recent regulatory changes, particularly under the General Data Protection Regulation
(GDPR) [73], explicitly state that "data subjects should have the right to [...] obtain an explana-
tion of the decision, and to challenge the decision" and "shall have the right to obtain meaningful
information about the logic involved" [24].

Although evaluating explanation methods that clarify model behavior is an active area of research,
little attention has been given to the combined e ects of multiple explanation methods on model
interpretability. Moreover, widely used explanation methods such as SHAP, LIME, and Partial
Dependence Plots each provide insights into di erent aspects of a model but only capture a single
perspective and often to comprehensively explain increasingly complex models.

This thesis aims to develop and identify explanation methods|and their combinations|that are
particularly helpful in understanding machine learning models for tabular data. It addresses four
main research questions through synthetic data analysis and a user study:

"~ RQ1: Can the new explanation approaches depict specic model properties e ectively?
In particular, do UMAP-based SHAP embeddings accurately re ect variability in feature
importance projections and form distinct clusters? Do features with strong interaction e ects,
as revealed by Frequent Pattern Mining, exhibit higher Lift values? And do Feature Context
Embeddings, which create vector representations of features based on the context in which
they are used, group related features e ectively?
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RQ2: Are there di erences in the subjective and objective understanding of the explanation
methods when various in uencing factors are taken into account?

RQ3: To what extent does the perceived usefulness of individual explanation methods a ect
the overall added value when multiple explanation methods are combined? Does the relative
usefulness of one explanation method in uence this e ect?

RQ4: Does a higher subjective and objective understanding of the explanation methods
result in more accurate inferences based on the provided explanations?

The remainder of this thesis is structured as follows. Chapter 2 discusses the desirable properties
and various approaches for evaluating and classifying explanation methods. Chapter 3 presents
the explanation methods, including three novel approaches. Chapter 4 outlines two evaluation
strategies|one based on synthetic data and another on a real-world user study|to assess these
methods. Chapter 5 demonstrates which model properties can be successfully recovered using
the novel explanation methods on synthetic data and presents the ndings from the user study.
Finally, Chapter 6 concludes the thesis with a summary of the work, key contributions and ndings,
limitations of the work and future research directions.



Chapter 2

Related Work

Numerous methods have been developed to explain the decisions of machine learning models, both
holistically and in terms of the contributions of individual features or speci c decisions. However,
not all models require such explanations due to their inherent simplicity. A key distinction can be
made between models that are inherently interpretable due to their straightforward structure or
built-in transparency, and those whose structure and operation are complex and therefore di cult

to interpret.

Murdoch et al. [56] argue that a model should have several properties in order to be inherently in-
terpretable. According to the authors, an inherently interpretable model should have the smallest
possible number of parameters (sparsity), the ability to reproduce the decision process itself (sim-
ulatability), the ability to interpret individual aspects of the model separately (modularity), and

the ability to consider the interaction of individual features in combination, either through mean-
ingful indices such as BMI or price-earnings ratio (domain-based feature engineering) or through
dimensionality reduction methods (model-based feature engineering). Other work [41] does not
emphasize sparsity but instead introduces algorithmic transparency, which demands clarity in the
procedures and training processes behind the model.

Inherently interpretable models include linear regression, in which the individual characteristics
are assigned coe cients that directly measure the in uence of the characteristics or decision trees,
which represent a series of yes-no decisions that are easy to understand and visualize. Each node
in the tree represents a feature, and the branches to the child nodes represent the possible answers
to the question posed by the node.

However, many modern machine learning models, such as deep neural networks, random forests,
and gradient-boosted trees, are not inherently interpretable due to their complexity and the in-
teractions between numerous parameters and therefore require explanation methods to provide
insights into their decision-making processes. These methods are often referred to as black-box
models.

Depending on the use-case either black-box or inherently interpretable model might be more ap-
plicable.

Some researchers argue that "for any given task, the set of almost-equally performant models
typically includes at least one simple and explainable model" [83]. They suggest that practitioners
should prioritize interpretable models [69] and consider additional factors that may in uence a
model's success beyond accuracy alone, such as resource availability and risk [19]. Others challenge
the notion of a strict trade-o between accuracy and explainability, and nd no signi cant di erence

in explainability between black-box and interpretable models and claim that black-box models can
often be both the most accurate and the most explainable models to end users [9]. Holliday et al.
[30] on the other hand came to the conclusion that explanations did lead to an increase in user
trust in machine learning algorithms. In cases where researchers opt for a black-box model and
subsequently employ explanation methods for deeper understanding, those methods should yield
clear and actionable insights.

2.1 Desiderata for Explanation Methods

To evaluate whether an explanation method is genuinely e ective, clear objectives

have to be established that a useful explanation should meet. This section outlines
several desiderata that will serve as criteria for assessing the quality of the selected
explanation methods.



2.1.1 Explanation Relevance

Nauta et al. [58] de ne twelve explanation properties (the so-called Co-12 properties). The prop-
erties are grouped into three categories. The content category assesses the intrinsic quality of
the explanation, and properties belonging to this group include correctness (how accurately the
explanation re ects the behavior of the underlying system), completeness (the extent to which
the explanation covers all aspects of the system's behavior), consistency (the degree to which the
explanation method yields the same result for identical inputs), continuity (how smoothly the ex-
planation changes with small variations in input), contrastivity (the capability of the explanation

to distinguish between di erent outcomes), and covariate complexity (the level of intricacy in fea-
ture interactions within the explanation). The second category, the presentation category, focuses
on how the explanation is delivered and consists of compactness (the succinctness of the explana-
tion), composition (the organization and structure of the explanation), and con dence (the clarity
and accuracy of the probability or certainty information provided). The third category, the user
category, evaluates how well the explanation meets the needs of its audience. Properties in this
group include context (how relevant the explanation is to the user's speci ¢ situation), coherence
(the extent to which the explanation aligns with the user's existing knowledge and beliefs), and
controllability (the degree to which the user can interact with or in uence the explanation).

Another categorization of the desiderata is provided by Zhou et al. [85], who divided the desiderata
of explainability into interpretability and delity. Interpretability is de ned as the capacity to pro-

vide a comprehensible explanation to a human audience. The authors identi ed three key aspects of
interpretability: clarity, meaning that the explanation is unambiguous; parsimony, indicating that

the explanation is simple and concise; and broadness, describing the general applicability of the
explanation methods. Fidelity is further subdivided into completeness and soundness. Complete-
ness refers to the extent to which the explanation accounts for the entire model, while soundness
refers to the correctness of the explanation.

According to Murdoch et al. [56], three aspects should be considered when choosing a suitable
explanation method. First, the explanation method should have a high degree of predictive accu-
racy in order to be able to make predictions by approximating the relationships in the data. If
the underlying model is unable to express these relationships, the explanation method will hardly
allow insightful conclusions about the actual relationships in the data. Second, the explanation
method should maximize descriptive accuracy by e ectively capturing the relationships learned
from complex models and deciphering non-linear relationships between variables. Third, the ex-
planation method must be relevant to the target audience [63]. Perhaps the information is useful
to statisticians while providing little useful information to the people a ected by an algorithm's
decisions. who are a ected by the decisions of an algorithm. Buschek et al. [15] argue that rel-
evance is based on mindset, engagement and knowledge outcomes. Murdoch et al. further argue
that increased relevance might be introduced by using a novel form of output and show the model
and data from di erent perspectives.

2.1.2 Explanation User Groups

Langer et al. [40] as well as Arrieta et al. [8] determine relevance based on ve dierent stake-
holder groups. The authors distinguish between users, developers, a ected parties, deployers, and
regulators|jeach of whom has distinct expectations for explainability. Developers, for instance,
might focus on explainability to enhance debugging and veri cation processes, while regulators are
more concerned with fairness, accountability, and legal compliance. Mohseni et al. [52] broadly
distinguish between Al Novices, Data Experts, and Al Experts. Al Novices are de ned as users
who interact with Al products daily without possessing a deep understanding of machine learning
systems. The authors identify four desiderata from the perspective of Al Novices: (1) algorithmic
transparency, which enables them to construct a mental model of the system; (2) trust and reliance,
which are critical for applications such as recommendation systems and autonomous systems; (3)
bias mitigation, with examples including criminal risk assessment and insurance rate prediction;
and (4) data privacy, which is particularly relevant in personalized advertising contexts. In con-
trast, Data Experts primarily focus on model visualization and inspection as well as model tuning
and selection whereas Al Experts are concerned with model interpretability and model debugging.
Langer et al. [40] further highlight that the satisfaction of desiderata involves two key dimensions:
epistemic and substantial satisfaction. Epistemic satisfaction is achieved when stakeholders can
evaluate and understand whether an Al system meets their needs, such as assessing fairness or
transparency. Substantial satisfaction, on the other hand, is achieved when the system inherently
exhibits the desired attributes, such as genuine fairness, transparency, or usability. The key dis-
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tinction, therefore, is that epistemic satisfaction is tied to perception, while substantial satisfaction
concerns the system's actual characteristics.

2.2 Classi cation of Explanation Methods

The explanation methods used in this work can be categorized based on di erent crite-
ria, depending on their scope, applicability, and how they interact with the underlying
model. Two fundamental classi cation schemes distinguish between model-specic
and model-agnostic methods, as well as local and global approaches.

2.2.1 Model-speci c and Model-agnostic explanation methods

Explanation methods can broadly be categorized into model-speci ¢ and model-agnostic approaches,
depending on whether they are tailored to a particular model architecture or can be applied uni-
versally across di erent models [40].

Model-speci ¢ methods are adapted to the structure and function of the respective model, which
may be due to the peculiarities of the model or to the di erent areas of application. In image
generation, methods such as Grad-CAM are used to emphasize image areas that were relevant in
the decision-making process of a neural network, whereas other methods identify abstract features
that are most relevant for a speci ¢ outcome. In text generation, attention maps can be used to
visualize which parts of the input text were given particular attention when generating the output
text. Model-speci ¢ approaches have also been developed for other types of models, such as those
handling structured or sequential data.

Figure 2.1: Left: Original image of the St. Stephen's Cathedral in Vienna. Center: Saliency
map produced by computing the gradient with respect to the architectural style. Right: Saliency

map computed with respect to the gradient discerning indoor versus outdoor characteristics of the
image. The underlying model is an adapted version of the VGG architecture, using a multi-task
output, trained on a synthetic dataset.

Model-agnostic methods are not tied to a speci ¢ model and can therefore be used in various areas
of application. For the classic application area of regression and classi cation-based evaluation of
tabular data, methods such as SHAP or LIME are used to visualize the in uence of individual
characteristics on the prediction[11]. Other techniques like Permutation Feature Importance[4]
and Partial Dependence Plots[25] o er complementary insights by quantifying the overall e ect of
features on model outputs.

2.2.2 Local and global explanation methods

Another fundamental way to categorize explanation methods is by distinguishing betweerlocal
and global approaches [40].

Global explanation methods aim to provide insights into the overall behavior of a model. No-
table examples include Feature Importance, which quanti es the contribution of each feature to
model predictions, Partial Dependence Plots, and Global Surrogate Models.

In contrast, local explanation methods focus on explaining the model's output for speci ¢ instances,
either real or representative. Examples oflocal approaches include LIME (Local Interpretable
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Model-Agnostic Explanations) [66], which constructs a linear model around a point of interest by
considering similar instances, Counterfactuals [82], which illustrate how the model's output would
change if certain input features were modi ed, and Anchors [67], which de ne rule-based conditions
under which other input variations do not a ect the prediction.

2.2.3 Other classi cation approaches

Apart from the applicability and scope of explanation methods, other dimensions exist by which
explanations can be classi ed. One such dimension is the functioning-based approach [8][71][79],
which categorizes explanation methods according to how they extract information from the model.
Speith [79] identies ve categories within the functioning-based approach. The rst category,
local perturbations, involves slightly altering input values to determine the importance of fea-
tures|LIME being an example of this approach. The second category, leveraging structure,
makes use of the model's inherent architecture and closely relates to the model-speci ¢ expla-
nation methods discussed in subsection 2.2.1. For instance, two of the three novel explanation
methods introduced in section 3.5 and section 3.6 exploit the disentangled nature of decision trees
to extract information. The third category, meta-explanation, does not operate directly on the
machine learning model but instead works with explanations that have already been generated for
that model; the novel approach presented in section 3.2 falls into this category. The fourth cate-
gory, architecture modi cation, involves altering the model's structure to improve interpretability,

as seen in Self-Explaining Neural Networks [6]. Finally, the fth category is the example-based
approach, which creates examples that meet certain criteria, with Anchors being a notable example
by generating if-then rules.

Another classi cation is based on the result produced by an explanation [79][44], which groups
explanations into feature importance, surrogate models, and example-based explanations. Addi-
tionally, [41] identi es text explanations, where a language model is used to generate a natural
language description of the model's behavior.

Mohseni et al. [52] group the explanations into six categories, "How Explanations"”, which holisti-
cally show how the model works, "Why Explanations”, which demonstrate why a prediction was
made, "Why-Not Explanations”, which describe why a model did not arrive at a specic con-
clusion, "What-If Explanations”, which investigate how changes would a ect the model output,
"How-to Explanations”, which describe how to arrive at a di erent conclusion, and "What-Else
Explanations", which show other examples that yield similar model outputs.

2.3 Evaluating Post-Hoc Explanation Methods

Explanation methods that are not intrinsic are typically referred to as post-hoc ex-
planation methods [53]. The following section reviews various evaluation techniques
for these post-hoc methods, in order to assess the chosen explanation approaches and
verify that they meet the desiderata outlined in section 2.1.

According to Gilpin et al. [28], ‘[a]n explanation can be evaluated in two ways: according to
its interpretability and according to its completeness'. The authors de ne completeness as the
degree to which an explanation allows conclusions to be drawn about other situations, while inter-
pretability is de ned as a set of “descriptions that are simple enough to be understood by a person
using a vocabulary that makes sense to the user', using understandable terms[22], either in visual
representations or in a vocabulary in the sense of words.

2.3.1 Evaluation Metrics and Nested Frameworks

Mohseni et al. [52] identify ve di erent measurable aspects: the mental model of the system,
explanation usefulness and satisfaction, user trust and reliance, human-Al performance, and com-
putational measures. The rst aspect, the mental model, can be evaluated in three ways: by
assessing participants’ understanding of the model using subjective instruments (free-text ques-
tions and Likert scales), by posing questions about the model's output, and by investigating model
errors. User satisfaction and usefulness can be measured similarly|through subjective feedback
methods (again using free-text questions, Likert scales, and self-reports) and by case studies in-
volving domain and Al experts|while also considering engagement with the explanation, task
duration, and cognitive load. Trust and reliance can be evaluated using these subjective methods
as well. Although there are no direct measures of trust, sustained use of explanations is taken
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as an indication. Performance can be quanti ed both in terms of the model's accuracy and the
users' ability to perform tasks or detect errors. Finally, computational methods can be applied,
including simulation studies (where synthetic data is generated to test whether the explanation
method captures key data aspects), sanity checks (such as input variance tests to see how slight
image transformations a ect saliency maps), and comparative evaluations|as done in the study

by Samek et al. [70], where saliency maps are compared by ipping the most salient pixels to
observe the resulting performance drop.

In addition, the authors develop a design and evaluation framework intended to help determine
which evaluation methods are appropriate at each stage of building an explainable system. The
framework is organized as a nested model with three layers that guide the design and evaluation
of intelligible machine learning systems: At the outer layer, the overall system goals are de ned,
determining what should be explained and why, and these goals are linked to evaluation criteria
that capture user needs, regulatory requirements, and desired outcomes. These goals are based
on the points addressed in section 2.1. The middle layer focuses on the explanation interface. At
this stage, an explanation interface is created and evaluated to determine whether the explanation
is understood, whether users are satis ed with it, and whether they can develop a mental model
of the system. The previously mentioned evaluation methods are employed here. At the inner-
most layer, the focus is on interpretable algorithms, which requires evaluating whether inherently
interpretable models or post-hoc explanation techniques should be chosen based on assessing the
model's trustworthiness and the delity of the ad-hoc explainer.

2.3.2 Alternative Categorization and Qualitative Evaluations

Nauta et al. [58] list a wide range of di erent evaluation methods that are mapped to the Co-12
properties listed in section 2.1. For instance, correctness can be assessed using synthetic data. Here,
data is created in a way which would force the model to have a particular structure, the explanation
method should then successfully recover this information. Completeness can be assessed by giving
the input of the explanation method to the model. If the explanation is complete, the model should
arrive at the same conclusion as if it had had the original input. Similar to the evaluation done by
Samek et al. [70], completeness can also be assessed by removing the whole explanation rather than
individual pixels. If all features are deleted at once, the accuracy should drop signi cantly. A third
way of assessing the completeness can be achieved by comparing the output of the explanation to
the output of the model being explained. Surrogate Models (described in chapter 3) are particularly
straightforward to evaluate in this regard, as the coe cient of determination directly measures how
much the Surrogate Model reveals about the underlying model. The authors additionally list the
Kullback-Leibler divergence or correlation as assessment options for completeness. Continuity can
be measured using perturbations. Here, small adjustments are made to the input data, which
should then be re ected by minor changes in the output of the explanation. Similarly, Alvarez-
Melis et al.[5] propose Local Lipschitz estimates which measures the stability of neighboring points
around a point of interest by adding local perturbations. A high Lipschitz constant indicates that
small changes in input can lead to large variations in the explanation, which is an indication of
instability. Other properties among the Co-12, namely Consistency, Compactness, Composition,
Con dence can be assessed qualitatively, as they are based on design choices of the explanation
method.

[85] and [22] group the evaluation of explanation methods in three di erent categories. On one side,
there are human-centered evaluations, which are either based on a real-world application, focusing
on end-users or human-grounded, which involve experiments with lay people. On the other side,
there are functionality-grounded evaluations, which evaluate an explanation method based on a
formal de nition. According to the authors, the depth of a decision tree would be one such met-
ric. Doshi-Velez et al.[22] more generally list sparsity as one metric which functionality-grounded
explanations can be evaluated with. The paper furthermore introduces the idea of constructing a
matrix (as seen in Figure 2.2) consisting of the domain as one dimension and the methods as the
other. The authors hypothesize that due to the high dimensionality of the di erent domains where
machine learning models might be employed there could be a lower dimensional latent domain
space where di erent explanation methods are needed. The authors list global/local models, time
constraints and severity of incompleteness and user expertise as potential dimensions in this latent
space and additionally argue that the cognitive work associated with understanding and applying
each explanation method can be split into what the authors refer to as "chunks". These cognitive
chunks can be di erentiated with respect to the object being explained (e.g. feature values, indi-
vidual instances), the number of cognitive chunks a method consists of and the compositionality
of the cognitive chunks (if one cognitive chunk depends on another). The authors argue that this
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matrix can be used to nd suitable explanation methods if the characteristics of a new domain are
similar to that of a domain where explanation methods have already been evaluated.

methods

!
methods

domain f domain ,

Figure 2.2: Domain-Method Matrix as proposed by Doshi-Velez et al.

Argawal et al.[1] list several metrics which can speci cally be applied to feature attribution methods
which measure the agreement between post-hoc explanations and ground truth explanations by
comparing feature importance, rank and direction (coe cient of the e ect).

Munoz et al.[55] use the spread among the importance of features as a metric for complexity. Few
features with high importance are less complex to understand than many features with relatively
balanced importance. They further introduce the -Feature-Importance, which is the proportion

of the features that is required to capture at least 100% of the total feature importance of
the model and the Fluctuation Ratio, which measures the stability of Partial Dependence Plots of
numeric data as well as metrics to evaluate Surrogate Models, such as the Performance Degradation,
which measures how much of the original model's performance is lost.

2.3.3 Joint Evaluation of Explanation Methods

Krishna et al. [35] as well as Neely et al. [59] address thdisagreement problemthat arises when
multiple explanation methods (e.g. LIME, SHAP, Integrated Gradients, DeepLIFT) produce con-
icting outputs for the same prediction. Their empirical study, conducted across various datasets
and models, shows that di erent explainers can yield widely varying feature importance rankings.
Furthermore, a user study with data scientists revealed that practitioners frequently encounter
these disagreements, often lacking a principled method for reconciling them. Min et al. [51] ad-
dress this by proposing anensemble interpretationframework that integrates multiple explanation
methods capable of producing feature importance rankings (e.g., LIME, SHAP, PDP) to generate
model explanations that are both more stable and comprehensive. They evaluated the consistency
of the ensemble by using ranking correlation indices to determine if it consistently identi ed the
same key features as human experts, and then leveraged the ensemble as a tool for feature selection.
In comparing the ensemble-based feature selection to a method based on correlation analysis, they
found that the ensemble approach achieved higher accuracy.

Brdnik et al. [13] evaluate eight di erent explanation techniques within an educational analytics
system that predicts student grades. Their user study with college students indicates that local,
feature-based explanations (such as bar charts displaying feature importance) tend to improve
user understanding and satisfaction compared to other forms. However, they also nd that certain
explanation types, particularly those based on con dence measures, may not be as e ective.
Labarta et al. [37] conducted a user study with six state-of-the-art XAl techniques (LRP, Grad-
CAM, LIME, SHAP, Integrated Gradients, Con dence Scores) to see how well users could judge,
trust, and question Al decisions with each. They found that each individual method excelled at

di erent user goals { e.g. Con dence Scores best helped users judge decision correctness, certain
visual attributions (GradCAM, LRP) best helped build trust, and SHAP best enabled users to
guestion a decision. No single explainer scored highest on all metrics. The authors conclude that
\using individual explanation methods is not su cient" for e ective user understanding and they

see the need for an interactive framework to focus on the user's needs. Jeyakumar et al. [32] also
nd that the preferred explanation method depends on the task at hand.



Chapter 3

Background

In the following chapter, six explanation methods will be introduced. The chapter will cover three
established explanation methods, namely SHAP, Partial Dependence Plots, Surrogate Models and
three custom explanation methods which are based on preexisting techniques. All methods are
either entirely global or a hybrid approach (SHAP). Among the six methods presented, four are
model-agnostic, while the remaining two novel approaches are model-speci c.

3.1 SHAP

SHAP (Shapley Additive Explanations)[42] values quantify the contribution of each feature to the
prediction for individual instances locally and can also be aggregated globally across all instances.
SHAP values are de ned as:

X
i = w(S)If (S[f ig) f(S)] 3.1)

S Nnfig
where:
i is the SHAP value for featurei,
" f(S) is the prediction for subset S,
~ f(S[f ig) is the prediction for subset S including feature i.
" w(S) are weights that determine the signi cance of each feature subset.

This formula calculates the SHAP value ; by summing over all subsetsS of features that exclude
i. It uses the weight w(S), which accounts for all permutations of S and N nS, and the di erence
between the predictions with and without feature i to determine its impact on the model's output.
An example calculation for a Shapley value is given in Appendix A.

In particular, the weights w(S) are de ned as:

JSjMGNG j s 1)

w(S) = iNj!

(3.2)

where:
" S is a subset of all features excluding,
" N is the set of all features,

The weight w(S) determines the signi cance of adding the featurei to the subset S within the
context of all possible feature subsets. AgSj approachesjN |, the weight increases. Likewise, if
iSj approaches;, the weight also increases. The function assigns more weight to the prediction
di erence, if there are few features inS, as the resulting prediction di erence is more closely corre-
sponding to the pure e ect of i as well as sets wheré& is nearly the complete set ofN, as signi cant
changes after the inclusion of a feature inside an almost complete set of features indicate a strong
e ect of this feature on the prediction.



SHAP values are "the Shapley values of a conditional expectation function of the original model"
[42]. Unlike traditional Shapley values, which can be applied to a wide range of allocation and
distribution problems, SHAP values are specically designed to explain how di erent features

contribute to a model's predictions.

SHAP values are grounded in three fundamental properties that make them particularly desirable
for machine learning explanation methods:

" Local Accuracy: The sum of all SHAP values plus the base value equals the model's
prediction for each individual instance.

" Missingness: If a feature is absent in the input, its contribution to the prediction is exactly
zero.

" Consistency: If the contribution of a feature to the model's output increases or remains
unchanged, regardless of other features, its SHAP value will not decrease.

3.2 Embedded SHAP

For large datasets, having a large list of feature importances is not interpretable according to the
sparsity constraint outlined in Chapter 2. One possibility that can be used in order to comply to
this constraint is to utilize embeddings as a method to reduce the dimensionality of the feature
space while retaining the most signi cant and interpretable aspects of the data.

Figure 3.1 shows three common methods for dimensionality reduction consisting of Principal Com-
ponent Analysis (PCA) [60], Variational Autoencoders (VAE) [34], and Uniform Manifold Approx-
imation and Projection (UMAP) [47].

Figure 3.1: Two-dimensional embeddings along with the associated predictions obtained by tting
a tree-based gradient boosting model (LightGBM) to a dataset consisting of 4185 features. (A)
Principal Component Analysis (PCA): The data is projected onto a plane with the highest variance,
represented by the rst two principal components. (B) Variational Autoencoder (VAE): The
data is embedded into a two-dimensional latent space. (C) Uniform Manifold Approximation and
Projection (UMAP): The data is visualized in two dimensions using Supervised UMAP, a minimal
distance of 0.2, 50 neighbors and a negative sample rate of 20.

An essential consideration in dimensionality reduction, especially when explaining a machine learn-
ing model, is how e ectively the method maintains the distances between data points in the
reduced-dimensional space. The three outlined methods handle this challenge in distinct ways:

~

PCA does not explicitly aim to preserve pairwise distances between data points. Instead,
it seeks to maximize the variance along the principal components, which can often result in
a rough approximation of the distance relationships in the original space, particularly for
linear relationships.

The VAE 's primary goal is to encode the data into a latent space in a way that allows for
accurate reconstruction. While the encoder-decoder framework does not explicitly preserve
distances, the latent space often captures the underlying data structure.

Uniform Manifold Approximation and Projection ( UMAP ) aims to preserve both the local
and global structure of the data, by pulling similar points together and pushing dissimilar
points apart through optimization processes.
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Aligned UMAP extends UMAP by using Procrustes analysis [29] to align embeddings from related
datasets. In machine learning model training, SHAP values across iterations can be viewed as
such related datasets. Each training iteration adjusts feature impacts on the target, leading to
corresponding adjustments in SHAP values for each observation. Similarly, in forest-based expla-
nation methods, each new tree can be considered a related dataset, as it re nes and builds upon
the results of previous trees.

Procrustes analysis seeks to nd an orthogonal matrix that best aligns two sets of point represen-
tations, given by matrices A and B. The primary objective here is to minimize the Frobenius norm
of the di erence between A and B, where is constrained to be orthogonal, thus ensuring that

it represents a pure rotation (or rotation combined with re ection) which preserves the geometric
properties of the points in matrix A, such as distances and angles, while aligning them as closely
as possible to the points in matrix B:

mink A Bkg (3.3)

subjectto T = |

where:

k ke denotes the Frobenius norm

A and B are matrices representing SHAP embeddings,

is an orthogonal matrix,

| is the identity matrix, ensuring T = | con rms the orthogonal property of .

It can be shown that the optimal rotation matrix can be derived by:

= Uv':
where U and V are orthogonal matrices obtained from the singular value decomposition (SVD)

of the matrix M = BAT. U contains the left singular vectors andV contains the right singular
vectors of M. An example calculation for the rotation matrix can be found in Appendix B.

Figure 3.2: The gray points correspond to the UMAP embeddings generated after 10 iterations.
At iteration 1000, the points have shifted. There is a clear correspondence between the clusters at
both iterations.

Figure 3.2 demonstrates that points are well-aligned between iterations. In addition to preserving
local and global relationships between points, UMAP has the valuable property of forming clusters.
These clusters can be further analyzed by identifying the features that were most in uential in

the predictions at speci ¢ stages of the model training process for each cluster. A natural choice
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for clustering clear, distinct clusters is density-based clustering, particularly Hierarchical Density-
Based Clustering (HDBSCAN) [46], which is e ective for both sparse and dense clusters. Figure 3.3
illustrates that HDBSCAN successfully separated the di erent clusters. The methodology of cal-
culating SHAP values, embedding the iterations individually, aligning them, and analyzing the
resulting clusters will hereafter be referred to as Embedded SHAP.

Figure 3.3: Cluster Analysis Using HDBSCAN: B-Spline Smoothed Concave Hulls Indicated in
Gray

3.3 Partial Dependence Plots

Partial Dependence Plots [25] show the marginal e ect of a variable on the prediction of the
model by holding all other variables constant and only varying the values of the variables under
consideration. The partial dependence plot is calculated using the following formula:

1 X )
frs(xs)= f (xs;x{) (3.4)
i=1

where fy (xs) represents the partial dependence function,f is the original model, xs are the
features of interest, x(c') are the values of other features for thei-th instance, and n is the total
number of instances.

A major point of criticism is that Partial Dependence Plots ignore interactions between variables
and can therefore lead to incorrect interpretations. If, for example, the variable ‘income' is con-
sidered in isolation with regard to life satisfaction, PDP could lead to the conclusion that a higher
income always leads to higher life satisfaction, although life satisfaction possibly consists of a com-
bination of income and working hours and a higher income, while working hours remain the same,
would mean that a higher hourly rate was earned.

Accumulated Local E ects (ALE) [7] were developed to avoid such erroneous interpretations. ALE
di ers from PDP in that it considers the e ects of a variable on the prediction of the model in
the vicinity of other variable values. The value range of a variable is divided into several intervals
and the average e ects of a small change within these intervals are calculated, which is intended to
avoid unrealistic feature combinations. Despite these advantages, Partial Dependence Plots were
chosen for the following analysis due to their simplicity.

3.4 Surrogate Models
In addition, there are explanation approaches that summarize the core elements of a complex

model, so-called surrogate models. These models serve as substitutes for the original model and
attempt to approximate its functionality in a simpli ed, easily understandable way.
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f(x) f(x) (3.5)
Where:

~ f\(x) is the surrogate model's approximation.
~ f (x) is the true, complex model output being approximated.
" x is the vector of input variables.

Which simpli ed model is used depends primarily on the structure of the model to be described.
Regression and classi cation models are often represented by linear models or decision trees. LIME
[66] can be classied as a surrogate model which only approximates the original model in the
proximity of a speci c point of interest.

In addition to local models, there are also rule-based models that work on a global level such
as RuleFit [26]. Here, rules are created that show the most important decision paths within the
underlying model. In contrast to linear regression, the interactions of the individual characteristics
are also taken into account. Unlike the original model, which tries to predict the target feature as
well as possible, a surrogate model instead tries to predict the prediction from the original model.

X =argmin L(f(x); f (X)) (3.6)
Where:

" X represents the input values that minimize the loss functionL.

L(f'\(x);f (x)) is the loss function that measures the discrepancy or error between the surrogate
model's predictions f'(x) and the true objective function f (x).

~ f\(x) is the surrogate model that approximates the true objective functionf (x).

f (x) is the true objective function.

" argminy is the argument that minimizes the loss

3.5 Frequent Pattern Mining (Lift)

Ensemble methods such as Random Forests and Gradient Boosting inherently use features in the
sequence in which splits occur, which allows a direct analysis of the decision process. Previous work
has investigated how random forests could leverage bivariable splits to allow direct interpretation
[31] or Random Intersection Trees to construct feature interactions [36]

Another approach to directly leverage the untangled nature of decision trees is to treat the paths
from the root to each leaf as a set and identify recurring patterns in the decision-making process,
which can be achieved throughfrequent itemsetor sequential patternmining on the set of decisions.
Sequential pattern mining is particularly useful when pairs of adjacent nodes are believed to have
di ering conditional probabilities. For instance, if feature A frequently precedes feature B, but
feature B does not equally frequently precede feature A, sequential pattern mining would be the
preferred method. If the pairs of adjacent nodes possess identical conditional probabilities, making
the order of feature occurrences irrelevantfrequent itemset mining is preferred.[3]

A commonly used method for frequent itemset mining is the Apriori Algorithm [2]. The Apriori
Algorithm is a breadth- rst search algorithm that rst scans the dataset for single items that meet

a speci ed threshold. Items that do not meet this threshold are discarded. The remaining items
are then combined into pairs, and pairs that do not meet the threshold are again discarded. This
process continues until itemsets of the desired maximum length are formed. The algorithm relies
on the principle that a superset cannot be frequent if any of its subsets are infrequent. Thus, iA

is a subset ofA\ B\ C, then A\ B\ C cannot meet a frequency threshold ifA does not.

In this context, the itemsets are derived from all the splits made by the model across all trees.
Consecutive features are treated as items, using a sliding window that includes several features at
a time.

To identify frequently co-occurring itemsets, Lift can be used as a metric to measure the strength
of associations. It evaluates how much more often two item#\ and B occur together than would
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be expected if they were independent. The Lift for the featuresA and B in the model is de ned
as:

Pmodel (A \ B)
Pmodel (A) F)model (B)

Lift model (A;B) = (3.7)

where:
" Pmodel (A\ B): The joint probability of A and B occurring together in consecutive splits.
" Pmodel (A): The probability of feature A occurring in a split.
" Pmodel (B): The probability of feature B occurring in a split.

A Lift value greater than one indicates that the co-occurrence of features A and B in the model is
more frequent than would be expected if they were independent.

However, this calculation does not account for dependencies between features, where the pres-
ence or absence of one feature is in uenced by another. For example, in a dataset capturing
people's backgrounds, if an individual has lived in a third country, it inherently means they have
also lived in a rst and second country. Likewise, the year someone ceased experiencing nancial
di culties implies there was a speci ¢ year when those di culties began. To address such depen-
dencies, an alternative perspective on Lift can incorporate the features from the training instances
as a secondary population. In this approach, the second Lift value represents the joint probability
of a speci c feature combination occurringin the data the model was trained onrelative to the
probabilities of the individual features being present independently.

Ptrain (A\ B)

Lift training (A;B) =
ift training (A;B) Puain (A) Prain (B)

(3.8)

where:

" Pgain (A\ B): The joint probability of features A and B being set together in the training
data.

Puwain (A): The probability of feature A being set in the training data.
" Pyain (B): The probability of feature B being set in the training data.

The ratio Equation 3.9 measures the strength of dependencies (or lack thereof) under two distri-
butions

Lift spits (A; B)
Lift training (A; B )

A ratio greater than 1 indicates a stronger dependency between the features in the model than
between the same features in the dataset.

Ratioji (A;B) = 3.9

3.6 Feature Context Embedding

Another method for uncovering relationships between features is word embedding [50], a widely
used technique in natural language processing that evaluates the closeness of words based on their
contextual usage. Similarly, in feature analysis, a model can infer a given feature|such as health,
language, age, wealth, or origin|by analyzing its contextual neighbors. These neighbors are de-
rived from the paths within a decision tree or a forest-based explanation method. The context of
each node (and consequently each feature) is de ned by incorporating the preceding split (parent)
and the subsequent splits (children).

Mikolov et al. introduced two primary approaches for embedding words based on their context.
The Continuous Bag of Words (CBOW) approach predicts the probability of a word based on the
words surrounding it, whereas the Skip-gram model uses the central word to predict the individ-
ual words around it. In both methods, embeddings are constructed through an embedding layer
within a neural network. This embedding layer maps each word to a continuous vector space of
xed dimensionality, which are adjusted so that words used in similar contexts are mapped to
nearby points in the vector space. Within each context window, proximity to the word does not
in uence the embedding of the word.
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Text Skip-Grams CBOW

[health language age] wealth origin language! health (health, age)! language
language! age

health [languageage wealth] origin age! language (language, wealth)! age
age! wealth

health language [agewealth origin] wealth ! age (age, origin) ! wealth
wealth ! origin

Table 3.1: Skip-Gram and CBOW in Splits with Context Windows Speci ed as Brackets

The key parameters of this method are the context window size and the dimensionality of the vector
embeddings. The example in Table 3.1 illustrates a context window size of one. In the CBOW
model, only the immediately preceding and following words are considered when predicting the
central word, whereas the Skip-Gram model uses the central word to predict the surrounding
words. There are other models that generate static word embeddings. Most notably GloVe[62]
and BERT[21].
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Chapter 4

Methodology

The six explanation methods introduced in chapter 3 will be evaluated using two distinct ap-
proaches. First, the three novel techniques will be validated through synthetic data analysis (RQ1)
to con rm they accurately depict inherent relationships between predictors and the target variable.
In the second phase, a user study is created which investigates participants' subjective and objec-
tive understanding (RQ2), explores how the perceived usefulness of individual methods in uences
the perceived added value of their combinations (RQ3), and determines whether understanding
the methods leads participants to draw correct inferences from the explanations provided (RQ4).

4.1 Synthetic Data Evaluation Methodology

The novel explanation approaches will be evaluated using synthetic data. Using synthetic data is
a common approach to test for correctness [58], test if the explanation covers key aspects [52] and
to test if the explanation leads to a simulatable result [56]. To evaluate the hypotheses regarding
the expected outcomes of these explanations, tests will be conducted using a LightGBM model
with 100 estimators and default parameters.

4.1.1 Embedded SHAP
To evaluate the Embedded SHAP values, two key hypotheses are proposed:

RQ1H1: Variability in Feature Importance Projections. The rst hypothesis is that
complex dependencies between a feature and the target variable lead to greater uctuations in
the assigned importance of that feature, and consequently, in the corresponding embeddings.
This is because no simple approximation can adequately capture the complexity of such
dependencies. As a result, the SHAP values are likely to adjust more frequently, resulting
in visible changes within the lower-dimensional embedding space. Simpler dependencies,
however, should result in embeddings that remain mostly static.

" RQ1H2: Cluster Formation. The second hypothesis is that instances signi cantly di er-
ent from the rest of the population will form a separate cluster. If this subgroup is small, its
separation should only be clearly observed in later iterations. This is particularly true for
forest-based machine learning models, as the initial splits aim to minimize the overall error,
rather than nding nuances for small subgroups.

RQ1H1: Variability in Feature Importance Projections

The explanation method should be sensitive to underlying functions' complexity and update the
embeddings more frequently for instances associated with more challenging functions. To examine
the di erential reactions of groups to functions of varying complexity, two underlying functions, A
and B, are de ned:

The impact of A on the target variable is de ned as:

1
Impact, (x) = — x+1 (4.1)

The impact of B on the target variable is de ned as:
Impactg (x) = sin(10x) (4.2)
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The scaling factor of 10 ampli es the oscillation, making the function Impactg (x) more di cult
for a machine learning model to learn.
The target variable y is calculated by summing the impacts ofA and B:

yi = Impact , (Ai) + Impact g (Bi) (4.3)

Each instance in the population is assigned to either underlying functionA or underlying function
B.

(
(Uniform(0;2 ); 0) with probability O :5;

(Ai;Bj) = s _ : o .
(O; Uniform(0;2 )) with probability O :5:

The expected result is that instances belonging to grougB will exhibit more frequent shifts in their
embedding space representation compared to those in groufy, given that underlying function A
is a straightforward linear function. Within the range [0; 2 ], Impact, (X) spans from 1 atx =0 to

3 atx =2 , matching the value range of 2 seen in the function Impag (x), which varies from 1
to 1. For the simulation, 1000 samples were generated for both functions within the range = 0
to 2 1 and combined into a single dataframe. Both features were then used to predict the target
variable in Equation 4.3.

RQ1H2: Cluster Formation

To simulate the formation of clusters based on underlying feature interactions and the in uence of
a small subgroup, three independent featuresi, B, and C, are generated. These features are then
subjected to quadratic functions. Additionally, a small subgroup, comprising 5% of the population,
is assigned a xed impact on the target variable through a dummy variable.

The independent features are de ned as:

Ai;Bi;Ci 2[0;10} i=1;:::;N
The target variable y is calculated by summing the squared impacts of each feature, with an

additional large impact of 100 applied only to the instances belonging to the subgroup identi ed
by the dummy variable:

yi = A?+ B2+ C?+Dummy ;.05 100 (4.4)

Where Dummy,.qs iS a binary variable that equals 1 for the 5% subgroup and O otherwise.

Within the value range [0;10], the impact of Dummy,.o5 is as large as each of the features,
B, and C can get at most. However, unlike Dummy. o5, features A, B, and C impact the entire
population. Therefore, the cluster formation should only become visible in a later iteration.

4.1.2 Frequent Pattern Mining (Lift)

The frequent patterns that emerge should reveal interaction e ects between the features in the
feature space. Consequently, two hypotheses are proposed to address the general magnitude and
order of the interaction values:

RQ1H3: Co-occurrence Drives Lift. Features with strong interaction e ects are ex-
pected to frequently appear together along the paths of a decision tree, and their co-occurrence
should be more common than their individual appearances. This will result in a higher Lift
value.

RQ1H4: Interaction Strength Correlates with Lift. The greater the strength of the
interaction, the higher the expected Lift value. If an interaction is strong, the features
involved should seldom occur without the corresponding interaction feature being present.

The synthetic dataset, developed to validate these hypotheses, consists of three primary features
and four interaction features, each sampled from a uniform distribution over the interval [ 10]. The
primary features are designed to have a direct impact on the target variable, while the interaction
features contribute to y through interaction e ects.

The primary features are denoted as PrimA, PrimB, and PrimC, and are de ned as follows:

PrimA;; PrimB;; PrimC; Uniform(0;10); i=1;:::;N
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The interaction features, denoted as InterA, InterB, InterC, and InterD, are similarly de ned but
with the majority of their values randomly set to zero. Speci cally, 95% of the values for each
interaction feature are set to zero to simulate sparse interaction e ects:

(
Uniform(0; 10); with probability 0 :05
0; with probability 0 :95

Two interaction e ects were calculated: one between InterA and InterB, and another between
InterC and InterD:

Inter; 2 f InterA;;InterB;; InterC;; InterD;g; Inter; =

InterAB ; = InterA ; InterB;

InterCD; = InterC; InterD;

The target variable y is calculated as the sum of the squared values of the primary features and
the scaled squared interaction e ects:

yi =PrimA ; + PrimB ; + PrimC ; +2  InterAB?Z +4  InterCD? (4.5)

Given Equation 4.5, InterCD should result in a larger Lift value than InterAB. Both features
should have a larger Lift value than any other feature combination.

4.1.3 Feature Context Embeddings

For testing the context embeddings, the following two hypotheses are proposed:

" RQ1H5: Contextual Clustering. Feature context embeddings should be arranged in a
2D space such that features appearing in similar contexts are clustered.

RQ1H6: Global Similarity Optimization. The overall arrangement should maximize
inter-cluster similarity.

A dataset consistent with this arrangement consists of two distinct feature groups, each in uencing
the target variable y independently. Additionally, a shared feature contributes to y regardless of
which group is active.
Each group contains ve features that independently contribute to the target variable y when the
group is active. (
1; with probability 0 :5
2; with probability 0 :5
Here, 1 and 2 represent the two distinct feature groups, with the active group being chosen inde-
pendently for each instance.
The features in each group were generated uniformly over the interval [L0] and are de ned as:

Group; =

Group_1_ Feature;  Uniform(0;10); i=1;:::;5

Group_2_Feature;  Uniform(0;10); i=1;:::;5
The shared feature is de ned as:

SharedFeature  Uniform(0; 10)

The target variable y is determined by summing the values of the active features within the selected
group and adding a shared feature that in uencesy across both groups.

X X
yi = Group-1_Feature; + Group-2_Feature; + Shared_Feature; (4.6)

i=1 j=1
Two window con gurations are tested. One window con guration consists of the parent of the
node, the node itself as well as one of its children. Two windows are generated for each child -
one for each child. (Parent-Node-Child 1, Parent-Node-Child 2). The other con guration only
considers the children and does not consider the parent (Child 1-Node-Child 2). This corresponds
to a window size of 1.
The resulting embedding should display two distinct clusters, each representing one of the groups
in Group;. The Shared_Feature is expected to be positioned between these clusters, as it is not
associated with either group.

19



4.2 Real-World Data Evaluation Methodology

Additionally, all explanation methods will be evaluated in a user study involving laypeople recruited
from MTurk. The study aims to assess the comprehensibility of the methods using both subjective
and objective measures, determine whether understanding the model leads to correct conclusions,
and investigate how combining explanation methods in uences model understanding.

4.2.1 Dataset

The dataset originates from the Survey of Health, Ageing and Retirement in Europe (SHARE)
[77], a longitudinal study conducted across the European Union and Israel since 2004. The dataset
comprises more than 4000 features from 160,000 participants. The survey covers many categories
such as health, economic conditions, social and family networks, labor market participation, and
demographic information.

The categories included in the studies remained largely constant throughout the surveys. Cate-
gories that were covered in all waves can be seen in Table C.1. Other categories, such as Computer
Use and Saving Regrets, were included in some waves but not consistently across all of them. In
order to be eligible for the survey, participants had to

" be at least 50 years old at the time of the survey.
" reside in one of the countries involved in the survey.

" have a partner in the same household that is eligible, regardless of the persons age.

be capable of completing the interview, either independently or with assistance.

Target Feature De nition

Life satisfaction has been chosen as the feature of choice which was included in the survey across all
waves with the exception of wave 1 and 3. Given its universal importance, it serves as a meaning-
ful target variable that is relevant across di erent demographic and socio-economic backgrounds.
The e ect of various features on life satisfaction has been studied extensively[39][78][17]. Person-
ality traits such as Neuroticism and Openness[43], Socioeconomic Status[84] and other community
related features[18] have all shown to impact life satisfaction.

Data Preprocessing

Missing values were categorized as either "Missing Not at Random" (MNAR) or "Missing at
Random" (MAR) based on whether the individual in question had responded to any of the survey
guestions in a particular category. If a respondent did not answer any questions within a category,
it was assumed that they had not participated in the survey wave where that category was covered,
and their missing values were classi ed as MAR. In contrast, if a respondent participated but left
certain questions unanswered, these omissions were classi ed as MNAR. This classi cation assumes
that speci ¢ questions were inapplicable, such as a question about children for a respondent who
has indicated they have none.

The datasets were subsequently merged and imputed in both a forward and backward direction
for each individual participant. For instance, if a person has provided the number of children in
one survey but not the other, the values were transferred across waves.

The data displayed a skew towards higher life satisfaction values. To achieve a more balanced
distribution and ensure each individual is represented only once in the nal dataset, the wave
which included the minimum life satisfaction value recorded for each person across all survey
participations was kept, while other waves were excluded.

Moreover, all features from the activities survey were excluded from the analysis. The survey con-
tained several questions that, while highly correlated with the target variable of life satisfaction,
likely do not exert a causal in uence on it. Instead, these items may act as proxies for life satisfac-
tion itself, complicating the interpretation of any predictive modeling e orts aimed at identifying
independent predictors. Examples of such features include:

" ACO021 _LifeMean : Respondents feel their lives have meaning.
" AC025 _FutuGood : Respondents express optimism about their future.

" ACO030 _Happy : Respondents felt happy most of the time during the previous week.
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" ACO032 _EnjLife : Respondents enjoyed life over the past week.

Furthermore, numeric outlier values that fell outside 1.5 times the interquartile range were dropped
and replaced by MAR, and categorical features that had more than 99% missing data or had
more than 600 unique categorical values were also removed.

4.2.2 Model Training

Several options were evaluated as viable regression models, all of which could handle missing data.
All considered methods are based on gradient boosting techniques (LightGBM[33], XGBoost[16],
and CatBoost[64]). Gradient boosting algorithms are frequently observed to outperform other
models, such as linear models or neural networks, particularly when employed for tabular regression
[45]. Although on large datasets, neural networks can exhibit superior performance compared to
traditional tree-based learning algorithms[12].

Table D.1 shows that CatBoost had the highest performance on the test set with the fewest features
and the smallest gap between training and test scores, while also using the most trees. Although
LightGBM is the fastest running model, it had a tendency to over t. XGBoost, on the other hand,
uses the least number of trees and leaves. With the default regression parameters, LightGBM was
ultimately selected, as it delivered performance nearly equal to CatBoost but with signi cantly
faster execution. To further optimize the hyperparameters, a tree-structured Parzen estimator[10]
was used. The nal hyperparameters can be seen in Table D.2.

Features that appeared only once in all trees were omitted for simplicity. The complete list of
all features of the model can be found in Appendix G. The obtained result from the ne-tuned
LightGBM model is comparable to other studies. Shen et al.[78] achieved &? value of 0.436 using
support vector regression by selecting features from the RAND Health and Retirement Study[81]
dataset that had a Pearson correlation coe cient with the target greater than 0.2. Further feature

re nement was performed using LASSO regression, resulting in a nal set of 18 features. Notably,
their model primarily included features that were explicitly excluded from the models depicted
in Table D.1, which focused primarily on subjective factors such as emotional well-being, social
support, and personality traits. In comparison, the study "Understanding Key Predictors of Life
Satisfaction in a Nationally Representative Sample of Koreans"[17] used data from the Gallup
World Poll[27]. They used multiple linear regression and obtained an R-squared value of 0.307.
They used 27 characteristics, including demographic and psychological variables such as satisfac-
tion with standard of living, household income, positive a ect, social support, and education level.
Malvaso et al. reported anR? of 0.514. The most in uential factors were found to be satisfaction
with spouse, social life, and six other satisfaction measures, as well as personality traits such as
neuroticism or openness.

The chosen LightGBM model treated all levels of life satisfaction equally, without assigning di erent
weights to them. Consequently, less frequently occurring values, particularly those at the lower
end of the scale, were not predicted as accurately. As shown in Figure 4.1, there is no signi cant
discrepancy between the training and testing sets in terms of the direction and magnitude of the
error.

The hyperparameter range was chosen to reduce over tting and handle features with high cardi-
nality. In particular, the number of leaves was set to a relatively low range (considering the large
dataset size), as shown in Table D.2 (30{40; default is 31). Similarly, the minimum number of child
samples required per leaf was adjusted to a higher range compared to the default (80{150; default
is 20). Consequently, the model prioritizes generalization over capturing in uential factors that

a ect the life satisfaction of only a small fraction of individuals in the dataset. The training process
was performed using early stopping. If adding another tree did not improve the performance of
the validation set, training was stopped.

4.2.3 Model Explanation

This section applies the six previously introduced explanation methods to the LightGBM model.
Additionally, two metrics speci ¢ to tree-based methods | Gain and Split | will be examined.

Gain measures the total reduction in loss achieved by adding a speci ¢ node, with the overall Gain
for a feature calculated as the sum of error reductions across all nodes where the feature is used.
Split represent the count of times a feature is selected for decision-making splits.

11% or less corresponds to less than 2096 instances with a value for a given categorical feature as there were
209.606 instances in the dataset

21



Figure 4.1: Kernel Density Estimation (KDE) plots of the true vs. predicted values for the training
set (left) and validation set (right). The dashed line represents the ideal t where predicted values
match true values.

Table E.1 lists the features grouped by the categories assigned in the survey. Mental and physical
health stand out as the most important factors a ecting life satisfaction, accounting for 44% of
the model's cumulative gain, even though they are not frequently used in splits. They appeared
in only 7% and 8% of splits respectively. The category of retrospective accommodation appeared
in the most splits (26%), followed by demographics and networks, and language.

The demographics and networks category includes characteristics such as the country of birth of
the individual's parents. Retrospective accommodation includes the regions where individuals have
lived for more than one year since birth, covered by characteristicsa015c _1 through ra015c _30.
Consumption focuses on nancial management, speci cally whether a person can cover daily ex-
penses. Expectations include various features such as the expected lifespan, nancial outlook,
possibilities of inheritance, and factors like personal trust and political views. General life covers
nancial troubles, happiness, stress, and health issues throughout life. Interviewer Observations
note how willing and able the respondent was to answer the questions.

Table E.2 lists the top ten features ranked by gain, which together contribute 62% of the total
gain. Self-rated physical health alone accounts for nearly a quarter of the model's cumulative gain.
Features ph003. and co007_ dominate their respective groups (physical health and consumption),
accounting for almost all of their impact. In comparison, the impact of mental health is more
spread across several characteristics. The top three characteristics in the mental health category
(mh002, mh037, and mh003) together account for only 51% of the total mental health in uence.
Table E.3 shows the features ranked by split occurrences. Features with a high split count also
tend to have higher cardinality than most other features. Features belonging to the category of
retrospective accommodation have the second highest cardinality in the data set. The features
had between 257 and 273 unique values. Country of birth of father and mother also have high
cardinality as the values of these features also refer to smaller regions within each country.

Six of the top ten features relate to origin, accounting for 25.6% of all splits. Notably, the sequence
of accommodation nodes often follows a pattern, with the rst and second accommodations fre-
quently succeeding each other in the splits. It is, in fact, the most common pattern observed in
the model. The feature ranking also matches the sequence of places a person has lived. The rst
place a person lived was more important than the second place that person lived, followed by the
second and third places that person lived. One possible explanation is that early childhood ac-
commodations have a more signi cant impact than those later in life. Alternatively, it may re ect
the certainty that everyone has lived in at least one place, while fewer people may have lived in
a second or third place. Notably, the featurera015c_1 was missing in 57% of the data (both at
random and not at random), compared to ra015c_2 with 0.59% missing andra015c _3 with 69%
missing.

Social Network Satisfaction, trust in other people, and a household's ability to make a living each
had fewer than 10 unique values but appeared frequently in splits.

SHAP

The global SHAP values ranking is largely identical to the features ranked by gain. The retrospec-
tive region of residence has a lower SHAP ranking as it appears only once. Instead, trust in other
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people and the self assessed likelihood of still living in ten years is ranked higher.

Feature  Description Abs. SHAP Avg. SHAP
0 ph003. Self assessed health status 8102.342089 0.316041
1 co007 Is household able to make a living 5731.110799 0.223548
2 language Language of questionnaire 4722.081054 0.184190
3 mh002  Sad or depressed last month 3460.723439 0.134989
4 sn012 Social Network satisfaction 2451.080341 0.095607
5 ex026 Trust in other people 2098.157471 0.081841
6 ra015cl Region of residence (not current) - coded 1989.911767 0.077619
7 mh037. Feels lonely 1967.004700 0.076725
8 ex009 Self assessed likelihood of still living in ten 1911.557966 0.074562
years
9 mh003.  Hopes for the future 1739.364384 0.067846

Table 4.1: Absolute Summed SHAP values and Average per Person

Embedded SHAP

Individual SHAP values were clustered using UMAP with a three-dimensional output and clustered
using HDBSCAN and various di erent values for the min samples hyperparameter. Figure 4.2
shows the clusters with min samples set to 60. The clusters did not di er signi cantly with respect
to the features that were highly important in each cluster. Self-assessed physical and mental
health, household consumption, or network satisfaction were the most important SHAP values in
each group. None of the other features were the most important feature in any of the clusters.
The clusters form di erent combinations of the most signi cant features. Cluster 1 in Figure 4.2
includes people with good health, su cient consumption but a lack of a strong social network,
and depression. Cluster 2, which had the lowest average life satisfaction, included people with
poor physical health. This is in line with the surrogate tree from Figure 4.5 which also assigned
the lowest predicted value of life satisfaction when physical health was poor (Table E.3 Split 6).
Instances in and around cluster 3 were given the highest predicted values. Like in the case of the
cluster with the lowest predicted value, the most important feature was again the self-assigned
health status.

The SHAP values were clustered at di erent breakpoints. Figure 4.3 shows that the general
location of the clusters hardly moves between each breakpoint, which indicates that the initial
trees approximate the similarity between the instances in terms of SHAP values well. However,
trees later built into the model still have a substantial impact on the predictions. The predictions
after ten trees were built were still close to the average prediction of 6.9.

Partial Dependence Plots

Figure 4.4 shows the partial dependence of the featuregh003. and co007_, representing physical
health and nancial situation, respectively. The values were not averaged as in Equation 3.4 but
instead show the distribution of the predicted values off (Xs; Xc). The results indicate diminishing
returns on life satisfaction for both attributes. While initial improvements in health and nancial
status have a substantial positive impact, the e ect diminishes as these characteristics reach higher
levels. This assumes that the di erences between individual ordinal categories are approximately
equally spaced.

Furthermore, language, which ranks third in terms of gain, exhibits a notable variation in its e ect
on life satisfaction, the gap between the language associated with the highest predicted average
life satisfaction (Hebrew) and the lowest (Estonian) is 0.42.

The country in which the survey was carried out is strongly correlated with the partial dependence
of language. The Nordic countries and Switzerland have the highest average predictions. Likewise,
Estonia and Hungary are predicted to have the lowest average life satisfaction.
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Figure 4.2: UMAP Embedded SHAP values in three-dimensional Space. Lines show the Convex
Hull around the Clusters generated using HDBScan. Lighter points correspond to a higher pre-
dicted life satisfaction

(a) Tree 10 (b) Tree 100 (c) Tree 300

Figure 4.3: Aligned UMAP Embeddings after 10, 100 and 200 Trees have been built. The colors
change as the model is adjusting the predictions.

Surrogate Model

The Surrogate Tree seen in Figure 4.5 is a LightGBM model with ten leaves. The features that
appear in the simpli ed tree are also among the most important features of the original model

when ranking by gain. The simpli ed model achieves anR? value of 0.58 with respect to the

predictions of the larger original model. Physical health is used for both the rst split and one

of its children. Poor physical health leads to the lowest value of predicted life satisfaction (Split

1-6-7) paired with mental health. The highest predicted life satisfaction score was achieved by
people who had good physical health, had no di culties to make a living, did not speak certain

languages, and were fully satis ed with their social network (Split 1-2-4-5).

Frequent Pattern Mining (Lift)

Table 4.3 highlights the pairs of adjacent nodes with the highest Lift values across all nodes. The
itemsets were generated using all three consecutive nodes across all trees, with a minimum support
threshold of 0.1%. Given the limited number of feature pairs and the fact that no more than
two features were evaluated in a single feature set, this low threshold was considered appropriate.
The resulting combinations often involve features within the same category. For instance, features
related to periods of nancial hardship frequently co-occur, as illustrated in rules 1 and 2. In
particular, recent nancial hardships had the most substantial joint impact on life satisfaction,
while prolonged periods of hardship also had a strong negative joint e ect. In contrast, periods of
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Figure 4.4: Partial Dependence Plots for Physical Health, Financial Situation and Language

1. ph003. (6.9)

yes no
2. co007 (7.5) 6. ph003 (6.1)
yes no yes no
3. mh037_ (6.7) 4. language (7.8) 7. mh002 (5.3) 8. co007 (6.5)
yey\w yes no yey\w yes no
6.0 6.9 7.4 5. sn012 (8.1) 4.9 5.9 5.9 9. dn505c (6.8)
7.5 8.2 6.5 7.2

Figure 4.5: Surrogate Decision Tree. Predicted Values are given in Brackets

nancial hardship that occurred long ago had minimal joint in uence on current life satisfaction.
The features gl013 _ and gl011 _ co-occurred 94 times more often than would be expected if they
were statistically independent and appeared together in 24 itemsets. Furthermore, features from
the mental health category commonly co-occurred, as shown in rules 6, 7, and 10. Retrospective
living conditions demonstrated some positive associations with other retrospective accommodation
features, as indicated by rules 8 and 9.

When comparing these Lift values with the results obtained from the simulated dataset (see sub-
section 5.1.2), there appear to be some similarities. Features measured jointly tended to have
higher Lift values (gl013 _ was de ned for 15% of the data, gl012 _ for 20%, with both being si-
multaneously de ned in 15% of the data). This suggests that high interaction scores may arise not
only from actual interactions within the population but also from features that are jointly missing

or jointly set. section E shows Ratiqgi; (A; B) as de ned in Equation 3.9, which accounts for cases
where features are jointly set.

Feature Context Embedding

Both settings (Child 1- Node - Child 2, Parent - Node - Child) introduced in section 3.6 were con-
sidered for the embeddings. The Child 1- Node - Child 2 con guration showed better convergence
and more stable loss and was chosen over the Parent - Node - Child con guration.

Figure 4.6 shows the two dimensional embeddings of the features that were used in the model. The
model was constructed using CBOW and a window size of 1, only considering the left and right
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Split  Feature Values

1 Self assessed health status (ph0QB = Excellent, Good, Very good (6.9)

2 Is household able to make a living (co00 = With some diculty and 3 more
(7.5)

3 Feels lonely (mh037) = Often, Some of the time (6.7)

4 Language = French, Spanish and 16 more (7.8)

5 Social Network satisfaction (sn012) 8.500 (8.1)

6 Self assessed health status (phOQB = Poor (6.1)

7 Sad or depressed last month (mh003 = Yes (5.3)

8 Is household able to make a living (co007) = With great/some di culty (6.5)

9 Country of birth coded: father (dn505c) = Austria and 24 more (6.8)

Table 4.2: Decision Rules for each Split

children and the parent respectively. The embeddings align with the rules generated by frequent
itemset mining. Pairs of features that have high lift values in Table 4.3 also tend to be close in the
embedding space.

Figure 4.6: Feature Context Similarity. Features positioned closely together are used within similar

contexts of the decision-making process of the model

Features related to retrospective accommodation cluster towards the upper left of the embedding
space. Not only do they frequently co-occur as seen in Table 4.3, they are also used in similar

contexts.

Summary

The key takeaways of the explanations are:

1.

The model performs best around the average of the real target values, as gradient boosting-

based methods base their initial prediction on the average but fails to properly capture low
satisfaction levels. (Figure 4.1)

Physical and mental health, household consumption as well as features related to origin such

as language and retrospective region of residence dominate the impact on life satisfaction. (Ta-
ble E.2, Table 4.1)
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Feature 1 Feature 2 Lift ~ Support

1 When nancial hardship period Period of nancial hardship 94 24
stopped (gl013) (glo1l)

2  When nancial hardship period When nancial hardship period 29 30
started (gl012.) stopped (gl013)

3  Suicidal feelings or wish to be dead A ord to pay an unexpected ex- 9 26
(mh004.) pense without borrowing money

(co206)

4  Current job situation (ep005.) Country (country) 8 25

Irritability (mh010 ) Partner outside household 8 34
(dn040.)

6 Less or same interest in things Hopes for the future (mh003) 7 29
(mh008.)

7 Sad or depressed last month Hopes for the future (mh003) 7 80
(mh002)

8 Region of residence (not current) - Region of residence (not current) - 6 80
coded (ra015c5) coded (ra015c4)

9 Region of residence (not current) - Region of residence (not current) - 6 25
coded (ra015c4) coded (ra015c6)

10 Suicidal feelings or wish to be dead Feels left out (mh035) 6 25
(mh004.)

Table 4.3: Top 10 Feature Combinations Ranked by Lift

3. Features related to nancial hardship frequently occur together. Features related to mental
health or the region of residence also frequently occur in sequential order. (Table E.1)

4. Features such as mental health or depression are used in contexts that are unique to these
features. (Figure 4.6)

5. Health, household consumption, as well as other ordinal-scaled features, show a diminishing
e ect for higher satisfaction levels, assuming they are approximately equally spaced. (Figure 4.4)

6. Living in a nordic country or speaking a nordic language has a positive impact on predicted life
satisfaction. Living in the baltics or speaking a baltic language has a negative impact on the
predicted value. (Figure 4.4)

7. Poor physical health leads to the lowest predicted values. Good physical health leads to the
highest predicted values. (Figure 4.5, Figure 4.2)

8. Instances that exhibit similarity in their SHAP values during early iterations tend to remain
similar in later iterations. Therefore, the similarity among instances based on the features
in uencing life satisfaction can be reasonably approximated using only the early iterations of
the model (Figure 4.3).

4.2.4 Study Procedure

To evaluate the applicability of three novel explanation methods along with Partial Dependence
Plots, a Surrogate Model, and the SHAP values, as well as the helpfulness of explanation combina-
tions in understanding the model and factors in uencing understanding, a survey was constructed.
Initially, the survey was planned to include all explanation methods. However, early trials revealed
that the study took a signi cant amount of time, which could have hindered participant recruit-
ment. To address this issue, participants were split into groups and participants in each group
evaluated two explanation methods. Di erent groups were exposed to distinct pairs of explanation
methods.

Of the 15 possible pairs that can be formed from the six explanation methods, only a subset was
selected for use. These include combinations involving SHAP, a Surrogate Model, and Partial
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Dependence Plots (SHAP - Surrogate Model, SHAP - Partial Dependence Plots, Surrogate Model
- Partial Dependence Plots), as well as the combinations Context Embeddings - Lift and SHAP -
Embedded SHAP. There are three reasons for making this choice:

1. Including a larger number of combinations would require a larger overall sample size to ensure
meaningful testing within the analysis. Limiting the combinations helps maintain feasibility.

2. Embedded SHAP requires an additional introduction to SHAP when paired with other explana-
tion methods other than SHAP itself, therefore, other combinations were excluded to minimize
cognitive overhead.

3. Because Embedded SHAP, Lift, and Context Embeddings are newly developed explanation
methods, their use was limited to a single subset to mitigate the potential impact of negative
reception of either method.

The study primarily employed a close-ended survey format, where participants selected responses
from multiple-choice lists or rated items on a Likert scale, along with two open-ended questions.

Survey Structure

The survey was divided into three parts. The rst section contained general questions about the
participants' background and interest in the topic. The second section focused on explanation-
speci ¢ questions, which evaluated the participants’ understanding and perceived helpfulness of
each explanation. The third and nal section addressed the evaluation of combined methods. It
explored the combined helpfulness of the methods, their relative contributions to the participants'
understanding of the model, and included text boxes for respondents to provide feedback on aspects
of the model they felt were insu ciently covered and to indicate which explanation they found
more useful (Appendix F; item 8). An additional attention-check question was included to assess
participants' focus, and it was used solely to determine which submissions were accepted. All
guestions and available answers are shown in Appendix F.

1. General Questions

Prior to responding to questions targeting the speci ¢ explanation, participants were asked to
indicate their general familiarity with mathematical concepts on a Likert scale. In addition, two
questions were included to collect demographic information about the participants: their age
range and educational background. The age range was categorized into ve-year intervals, and
the educational background included commonly recognized degrees such as high school, bache-
lor's, master's, and doctoral degrees, as well as their equivalents. Participants were also asked
to rate their interest in machine learning explanations and features in uencing life satisfaction.

2. Explanation-Speci ¢ Questions

Each explanation method was rst described, focusing on an abstract, high-level overview of
the explanation method. Participants were then asked to rate their subjective understanding
of the explanation method on a Likert scale. They were subsequently asked to select one of
the four available answers related to the conceptual approach of the explanation method to
measure their objective understanding. Participants then had to answer two questions related
to the application of the explanation method on the LightGBM machine learning model from
subsection 4.2.2 and had to rank the helpfulness of the explanation method on a Likert scale.

3. Combined Method Evaluation

In the nal section of the survey, participants were asked to evaluate the additional bene t
provided by the combination of methods and to indicate which of the two methods contributed
more to their understanding of the model. They had to indicate which aspects of the model
were not su ciently explained by the two explanations and had to explain why they found one
explanation more useful than the other. A graphical representation of each section and their
respective questions is shown in Figure 4.7.

Participation Constraints

The pool of participants was recruited on MTurk[20], with the goal of recruiting 15 workers per
combination of explanation methods. This number was determined based on a simulation study
designed using data modeled to align with the hypotheses. Participants had to meet three criteria:
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they were required to be MTurk Masters, workers recognized for consistently high performance
across a wide range of tasks over an extended period[74]; they needed an approval rate of 90% or
higher, which is associated with improved data quality[61]; and they were allowed to participate

in only one of the surveys. The nal criterion was implemented after some workers had already
participated in multiple surveys. Thus, the dataset includes three submissions from workers who
had previously participated. This low number was deemed negligible, and these submissions were
retained.

An additional criterion considered was restricting participation to workers with a speci ¢ educa-
tional background, due to the high complexity of some explanation methods. However, this was
ultimately excluded because it would have reduced the variance in the education variable, thus
limiting its predictive power. Workers were compensated$3 per submission, with an additional
$0.75 per worker charged by MTurk for selecting Masters status participants. The survey was
carried out in batches, each containing nine participants, and batches were published until at least
15 accepted submissions were obtained for each pair of explanations.

In total, 129 submissions were collected, of which 94 were approved. Submission acceptance was
based on four criteria: the two text-based questions, the attention check question, and the Likert
scale responses. Submissions were rejected if workers failed the attention check, provided responses
in the open-text elds that did not align with the questions asked, submitted responses that
appeared to be Al-generated, or selected the same response for all Likert scale items. Table 4.4
lists the rst ve rejected submissions along with the question that led to their rejection and the
feedback given to the participants. Participants were given 30 minutes to complete the survey, and
among the approved submissions, workers spent 18.64 minutes on average on the task.

Explanation method preference

Requester feedback

It was an important term used for represent-
ing words for text analysis in the form of real
values...

Shallow neural network models with an input
layer, hidden layer, word embeddings, and out-
put layer...

The explanation method is a teaching tech-
nigue where the instructor breaks down com-
plex concepts into manageable parts...

Some of the best techniques for learning in-
clude retrieval practice, spaced practice, and
collaborative learning...

CBOW uses a shallow neural network with a
single hidden layer. The input layer consists of
the aggregated embeddings...

The answers given in the open text do not
match the questions

Answers do not match questions

The answers given in the open text do not
match the questions

The answers given in the open text do not
match the questions

The answers given in the open text do not
match the questions

Table 4.4: Reasons for rejection of submissions, including truncated responses to the question
"Which of the two explanation methods did you nd more useful and why" alongside the corre-
sponding rejection reasons. The responses were overly verbose and ultimately did not address the
guestion properly.

Multiple choice questions were graded using the formula in Equation 4.7. Scores below zero were
adjusted to zero.

Incorrect Selections
Total Possible Incorrect Answers

Correct Selections

Score =
Total Correct Answers

4.7)

Limitations in the Study

This subsection addresses two limitations that arose during the execution of the study and outlines
the measures taken to address them.

1. Missing Questions

In the combination of the Surrogate Model and Partial Dependence Plots (PDP) explanation
methods, three questions were inadvertently omitted. These questions pertained to participants'
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interest in machine learning explanation methods, factors in uencing life satisfaction, and con-
dence in their mathematical abilities. This omission was identi ed after the data collection
phase, and submissions with missing data in these columns were excluded from RQ2.

In the combination of SHAP and Partial Dependence Plots (PDP), the second question regarding
the applied explanation method and the question about subjective helpfulness were omitted. To
address this, submissions with missing data in these columns were excluded from RQ3 and RQ4,
and additional batches were published to ensure at least 15 valid samples for this combination.
As a result, the SHAP{Partial Dependence Plots (PDP) combination had 31 observations, while
the remaining combinations had either 15 or 16 observations.

It is unlikely that the presence or absence of these questions in uenced participants' decisions to
take part in the study. All survey batches had identical titles and descriptions, and participants
were unaware of any di erences in content between batches. Consequently, the survey results
of the a ected submissions were included in analyses for research questions una ected by the
missing data.

2. Duplicate Participation Across Batches

In three cases, submissions from participants who had already completed a survey from a di er-
ent combination of explanation methods were accepted. Although this overlap was not originally

intended, the inclusion of these submissions is justi ed due to the distinct nature of the ques-

tionnaires for each combination. Furthermore, since all batches were presented with identical
tittes and descriptions, it can reasonably be assumed that participation in one batch is inde-

pendent of participation in another. Re-collecting the data was deemed unnecessary due to the
minimal likelihood of bias a ecting the results and the limited scale of the issue.

4.2.5 Research Questions and Hypotheses

The survey seeks to evaluate how e ectively the explanation methods were understood, identify
factors that a ected their comprehension, determine whether the explanation methods improved
objective or subjective understanding of the model, explore how a preference for one model over an-
other impacted the perceived overall helpfulness of the explanation methods, and examine whether
speci ¢ combinations of explanation methods were favored over others.

Although Likert scale measurements represent ordinal data, they were treated as having cardinal
properties. Therefore, linear regressions were used instead of ordinal logistic regressions to reduce
the number of predictors and for its ease of interpretation, both in terms of the coe cients of the
predictors and the coe cient of determination. Each Likert scale question was included as a single
predictor, rather than modeling each available response separately.

Research Question 2 (RQ2)

Research Question 2 is aimed to determine whether there were signi cant di erences in the sub-
jective understanding of di erent explanation methods.

Hypothesis RQ2H1 The subjective understanding of each explanation method depends signi -
cantly on a participant's background and the speci ¢ method presented to them. Higher education
is expected to lead to greater subjective understanding. Additionally, participants who spend more
time on the survey are anticipated to demonstrate a better subjective understanding. Interest in
the topic|whether related to life satisfaction or machine learning models|is expected to enhance
subjective understanding by increasing engagement with the content. Con dence in one's mathe-
matical abilities is also expected to positively impact subjective understanding.

A linear regression model was used to model this relationship . The notationC(...) repre-
sents dummy variables for categorical data, where one category was automatically dropped to
avoid perfect multicollinearity.

subjective_understanding  work_time _in_minutes + C(method)
+ C(agerange) + C(education)
+ interest _ml_explanations
+ interest _life_satisfaction + math _con dence (4.8)
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Hypothesis RQ2H2 There exist signi cant di erences in the objective understanding of each
explanation method when considering a participant's background. The magnitude and direction of
each predictor are anticipated to conform to the in uence of features outlined in RQ2H1. Although
the objective understanding across explanation methods is expected to follow the same direction,
the magnitude is expected to di er.

Objective understanding was measured using a single correct answer, therefore, a logistic regression
was used to test this hypothesis.

objective_understanding  work_time_in_minutes + C(method)
+ C(agerange) + C(education)
+ interest _ml_explanations
+ interest _life_satisfaction + math _con dence (4.9)

Hypothesis RQ2H3 There exist signi cant di erences in the subjective understanding of paired
explanation methods.

This hypothesis was tested using paired t-tests for all ve pairs of methods. Comparisons be-
tween methods not used together in a subset were not considered.

statistic; p_value = ttest _rel(datal; data2)
where (methodl; method2) 2 f (SHAP, PDP) ; (SHAP, Surrogate);:::g (4.10)

Research Question 3 (RQ3)

Research Question 3 is aimed to investigate how subjective helpfulness of individual explanation
methods in uenced overall subjective helpfulness when methods were combined, and whether in-
dividual helpfulness scores interacted.

Hypothesis RQ3H1 The subjective helpfulness of each explanation method positively a ects
the perception of the helpfulness of the explanation combination. Additionally, as the combined
usefulness of the explanation methods increases, the incremental bene t to the helpfulness of the
combination decreases. .

combined.helpfulness helpfulnesssum + helpfulness sun? (4.12)

Hypothesis RQ3H2 The more equally both explanation methods contribute to understanding
the model, the higher the subjective helpfulness of the combined explanation.

The factor abs_method. contribution _centered represents the absolute distance from the mid-

point, where both methods contribute equally to the overall helpfulness.

abs method_contribution _centered = jmethod_contribution 3 (4.12)

In addition, the sum of the helpfulness of each explanation method was included.

combined helpfulness helpfulnesssum + abs_method_contribution _centered (4.13)

Research Question 4 (RQ4)

Research Question 4 is intended to explore the extent to which an individual's understanding of
an explanation method in uenced their ability to draw accurate conclusions about the underlying
model.
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Hypothesis RQ4H1 Subjective and objective understanding of explanation methods has a pos-
itive impact on the ability to correctly interpret the explanation method in relation to the model.

A linear regression was used to test this hypothesis, as thapplied _score was calculated as
the sum of the two scores (see Equation 4.7) from the questions where participants applied the
two explanation method to the given model (sectionApplying the explanationin Figure 4.7).

applied_score subjective_understanding + objective_understanding
+ C(method) (4.14)

Figure 4.7 illustrates all the questions included in each survey. The explanation-specic section
was included twice in each survey, once for each model in the group. Overall, the survey comprises
ve introductory questions, ten explanation-speci ¢ questions ( ve for each explanation), and four
summary questions, totaling 19 questions. Two features used in the hypotheses are not listed here:
the dummy variable for each explanation method and the time spent completing the survey before
submission.

Figure 4.7: Survey Structure
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Chapter 5
Findings

This chapter shows the ndings from the synthetic data for the three novel approaches as introduced
in section 4.1 as well as the user study using all six explanation methods as shown in section 4.2.

5.1 Synthetic Data Evaluation (RQ1)

5.1.1 Embedded SHAP
RQ1H1: Variability in Feature Importance Projections

The function introduced in Equation 4.3 should lead to frequent changes in the embedding space
for instances belonging to groupB, the embeddings of instances belonging to groupd should
remain mostly static.

Figure 5.1: Instances belonging to group A correspond to instances of impact functioA. Instances
belonging to group B correspond to instances of impact functiorB

After the 10th iteration, the points assigned to the underlying function B have shifted signi cantly
whereas the points assigned to the underlying functionA have only shifted slightly. In the nal
iteration, the instances a ected by the underlying function A have aligned in several line segments
as seen in Figure 5.1. Some line segments can also be seen in gr&up

The positional change in the embeddings is assessed by computing the Euclidean distance be-
tween consecutive iterations for each instance, which evaluates the extent of movement in the
embeddings from one iteration to the next:

Average Euclidean Distances :| (Di+1j Dij)? (5.2)

Where:

~ 1 is the total number of iterations.

~ n is the number of features for each instance.
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" Djj represents thej -th feature of the data at iteration i.

Applying Equation 5.1 to the synthetic datasets shows that instances with the impact function
de ned in Equation 4.1 changed their position by 0.46, whereas instances impacted by Equation 4.2
changed their position by 1.06. This represents a notable di erence of approximately 130%.
Another metric that highlights the di erences in complexity is the number of tree nodes traversed by
each instance. With 100 trees and default settings, instances in uenced by Equation 4.1 traversed
approximately 735 nodes in total, whereas those a ected by Equation 4.2 traversed around 931
nodes, which is a percentage di erence of approximately 27%. This conrms RQ1H1 for the
given function and dataset. The more complex function resulted in greater movement within the
embedding space.

RQ1H2: Cluster Formation

The function introduced in Equation 4.4 should lead to a cluster formation of all instances part of
the group Dummy,..5. The cluster should only form in later iterations, as it a ects only a small
fraction of the population.

Figure 5.2: Group 1: Instances with Dummy,.o5 set to zero. Group 2: Instances with Dummyy. o5
set to one. The two images show instances from the same embedding space. For visual clarity,
each of the subsets are displayed separately.

As seen in Figure 5.2, the 5% subgroup, in uenced by the dummy variable, forms a cluster due
to the additional impact. Initially, in the rst iteration, the dummy variable was not present in

the constructed tree. However, after 10 iterations, all instances with non-zero coe cients for the
dummy variable have clustered towards the left side of the image, which con rms RQ1H2. Instances
belonging to a subgroup will form a separate cluster once their separating factor is considered and
su ciently large in comparison to the remaining features.

5.1.2 Frequent Pattern Mining (Lift)
The two hypotheses that will be examined are:

" RQ1H3: Co-occurrence Drives Lift. Features with strong interaction e ects should have
larger Lift values.

RQ1H4: Interaction Strength Correlates with Lift. The greater the strength of the
interaction, the higher the expected Lift value.

Based on the function introduced in Equation 4.5, the featuresinterC and InterD should have
the largest Lift value, as the interaction InterCD has the largest impact on the target variabley.
The interaction InterAB should have the second highest lift value. The lift values of the features
PrimA , PrimB and PrimC should be close to one, as they have no interaction e ect with any
other feature.

Features InterC and InterD indeed result in the largest Lift value in the model, appearing in
121 splits. The primary features exhibit practically no positive association with each other, which
is expected, as they are uncorrelated with other features and have no joint e ects on the target.
The second interaction e ect also showed the second highest Lift value. Accordingly, the two
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