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ABSTRACT

Artificial Intelligence increasingly influences critical decisions across diverse do-
mains like healthcare, education, and finance. The growing complexity and scale
of these models often make their decision-making processes opaque, highlighting
the importance of developing explanation methods that enhance transparency and
accountability. The field of Explainable AI (XAI) aims to address this challenge
by developing explanations that are meaningful to users. Human explanation pro-
cesses are inherently complex and contrastive, often involving comparisons and
hypothetical scenarios. This contrastive way of thinking is captured effectively by
counterfactual explanations, which answer the question, "What minimal changes
could alter a model’s decision?". For counterfactual explanations to be effective,
they must align closely with human preferences, ensuring they are meaningful,
actionable, and trusted by users.

This thesis advances human-centric counterfactual explanations through four
interconnected studies. By integrating insights from cognitive science, the re-
search enhances both the generation and evaluation of counterfactual explanations
across various domains.

The first study, inspired by human cognitive preferences, proposes the use of
diffusion distance and directional coherence to enhance the search for counterfac-
tual explanations. These innovations result in more feasible, human-centric ex-
planations by emphasizing data connectivity and aligning changes in feature space
with human reasoning patterns. Our approach, named Coherent Directional Coun-
terfactual Explainer (CoDiCE), shows better performance in generating explana-
tions that are both actionable and aligned with human explanatory virtues.

Addressing the critical issue of evaluating counterfactual explanations, the sec-
ond study develops the CounterEval dataset, capturing detailed human judgments
across multiple explanatory dimensions. Using data collected from over 200 par-
ticipants, we introduce a unified evaluation framework that incorporates Large
Language Models (LLMs) to predict averaged and individual human ratings, pro-
viding a scalable and consistent method to evaluate explanation quality. A sub-
sequent analysis examines how perceived satisfaction with explanations can be
modeled from other explanatory metrics (such as feasibility, trust, completeness,
and complexity), providing deeper insights into the factors driving overall user
satisfaction.

The practical impact of counterfactual explanations is further demonstrated in
the context of medical imaging by introducing a COunterfactual INpainting ap-
proach (COIN) for weakly supervised semantic segmentation in medical imaging.
COIN generates explanations by flipping classification outcomes from abnormal to
normal, using the differences between the original and altered images as weak seg-
mentation labels. Applied to kidney tumor segmentation, this methodology signif-
icantly reduces the manual labeling workload for radiologists and enables pathol-
ogy segmentation in scenarios lacking extensively annotated datasets. Counterfac-
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tual inpainting significantly outperforms attribution-based methods, showcasing
the real-world potential of counterfactual explanations in healthcare.

Together, these studies contribute to the field of XAI by developing and vali-
dating counterfactual explanation methods that enhance the transparency and us-
ability of AI systems and also closely align with human cognitive processes.

7



CONTENTS

List of original publications 14

Preface 16

1. Introduction 17

2. Background 21
2.1. Introduction to Explainable AI . . . . . . . . . . . . . . . . . . . 21
2.2. Taxonomy of Explainable AI . . . . . . . . . . . . . . . . . . . . 23

2.2.1. Explainability and Interpretability definitions . . . . . . . . 23
2.2.2. Post-hoc and Ante-hoc Methods . . . . . . . . . . . . . . . 25
2.2.3. Local and Global Explanations . . . . . . . . . . . . . . . 26
2.2.4. Model-agnostic and Model-specific explanations . . . . . . 27
2.2.5. Example-based and Feature-based Explanations . . . . . . 28

2.3. Counterfactual explanations . . . . . . . . . . . . . . . . . . . . . 29
2.3.1. The importance of Counterfactual Explanations . . . . . . 29
2.3.2. Formalization of Counterfactual Explanations for Tabular Data 30
2.3.3. Counterfactual explanations search methods . . . . . . . . 32
2.3.4. Counterfactual Explanations for Image Data . . . . . . . . 34

2.4. Evaluation of Counterfactual Explanations . . . . . . . . . . . . . 36
2.4.1. Common quantitative metrics . . . . . . . . . . . . . . . . 36
2.4.2. Qualitative user studies . . . . . . . . . . . . . . . . . . . 38

3. Enhancing counterfactual algorithm (Publication I) 40
3.1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.2. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3. Main findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.3.1. Feasibility with Diffusion Distance . . . . . . . . . . . . . 41
3.3.2. Formal Definition of CoDiCE counterfactual algorithm . . 43
3.3.3. Directional Coherence . . . . . . . . . . . . . . . . . . . . 44
3.3.4. Benchmarking Against Existing Methods . . . . . . . . . . 45

3.4. Summary and implications . . . . . . . . . . . . . . . . . . . . . 49

4. Evaluating Counterfactual Explanations 51
4.1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.2. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.3. CounterEval dataset for benchmarking counterfactual explanation

evaluation (Publication II, III) . . . . . . . . . . . . . . . . . . . . 52
4.4. Human Rating Patterns of Counterfactual Explanations (Publication

II, III) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.5. Predicting Overall Satisfaction from Explanatory Metrics (Publica-

tion II) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

8



4.6. Mimicking Human Judgment Using LLMs (Publication III) . . . . 60
4.7. Summary and implications . . . . . . . . . . . . . . . . . . . . . 63

5. Counterfactual Inpainting for Medical Imaging (Publication IV) 65
5.1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.2. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.3. Counterfactual Inpainting Algorithm . . . . . . . . . . . . . . . . 66
5.4. Evaluation of Counterfactual Inpainting . . . . . . . . . . . . . . 68
5.5. Summary and implications . . . . . . . . . . . . . . . . . . . . . 70

6. Discussion 71

Bibliography 77

Acknowledgements 98

Sisukokkuvõte (Summary in Estonian) 103

7. Publications 105

Curriculum Vitae 200

Elulookirjeldus (Curriculum Vitae in Estonian) 202

9



LIST OF FIGURES

1. Local explanations produced by LIME and SHAP methods illustrat-
ing model predictions of satisfaction classes for a particular counter-
factual explanation instance, based on explanatory qualities. . . . . 26

2. SHAP summary plot providing global insights by aggregating fea-
ture impacts across multiple predictions. . . . . . . . . . . . . . . 27

3. Counterfactual search on synthetic datasets with 𝐿1 (left: a, c) and
diffusion distance (right: b, d) (Domnich et al. 2024). . . . . . . . 42

4. Illustration ofDirectional Coherence in Counterfactual Analysis. For
an input point in Class 1, two counterfactual points𝐶𝐹1 and𝐶𝐹2 are
at equal distances. 𝐶𝐹1 is deemed incoherent as it suggests decreas-
ing Feature 1, contrary to its expected effect on increasing the prob-
ability of Class 2. While 𝐶𝐹2 aligns the direction of feature changes
with the joint effect, resulting in a coherent counterfactual (Domnich
et al. 2024). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5. Per-metric distributions grouped by Satisfaction level (low, medium,
high). Each histogram is color-coded by the participant’s Satisfac-
tion category, illustrating how individual metrics vary across these
categories (Domnich et al. 2025b). . . . . . . . . . . . . . . . . . 57

6. Spearman correlation table between metrics. The values for Com-
plexity were mapped linearly from the original [-2,2] scale to [1,6]
to be in line with the other metrics (Domnich et al. 2025a). . . . . 58

7. Pipeline for assessing LLMs’ ability to mimic human evaluations
using collected CounterEval dataset. Human respondents evaluated
counterfactual explanations that varied across multiple explanatory
dimensions. These evaluations were used to fine-tune and test several
LLM models, comparing their predictions to human judgments on a
reserved test set (Domnich et al. 2025a). . . . . . . . . . . . . . . 61

8. Overview of the counterfactual inpainting (COIN) pipeline. Given
the input image 𝑋 and black-box classifier 𝑓 that produces a classifi-
cation label, the image-to-image model (GAN) generates a counter-
factual image 𝑋𝑐 𝑓 with 𝑦 = 0. If 𝑋 is abnormal, it is expected that 𝑋𝑐 𝑓

no longer contains the abnormal part of the input image. Computing
the absolute difference of the original image 𝑋 and counterfactual
image 𝑋𝑐 𝑓 results in a weak tumor segmentation map (Shvetsov et
al. 2024). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

9. Visualization of the attribution and the counterfactual inpaintingmeth-
ods’ predictions on TotalSegmentator and TUH datasets. For each
dataset, the bottom row shows thresholdedmasks from saliencymaps.
For each mask, colors represent outcomes in terms of true positive
(green), false positive (red), and false negative (yellow) predictions.
Images are zoomed in for better clarity (Shvetsov et al. 2024). . . . 69

10



LIST OF TABLES

1. Evaluation metrics comparison for datasets with continuous features
(Domnich et al. 2024). . . . . . . . . . . . . . . . . . . . . . . . 46

2. Evaluationmetrics comparison across different frameworks formixed
types features datasets (Domnich et al. 2024). . . . . . . . . . . . 47

3. Evaluation metrics comparison across different frameworks for the
Energy consumption dataset (regression task) (Domnich et al. 2024). 47

4. Definitions of the evaluation criteria provided to the respondents in
the questionnaire with ranking scale (Domnich et al. 2025a). . . . 53

5. OLS regression results modeling Overall Satisfaction. Reported are
the coefficient estimates, standard errors (SE), t-values, p-values, and
95% confidence intervals (CI) for each predictor (Domnich et al.
2025b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6. Accuracy formetric-based and question-based testing set across eval-
uated LLMs. Scores averaged over 4 runs, highest score for each
column highlighted in bold (Domnich et al. 2025a). . . . . . . . . 62

7. Evaluation of various metrics for Llama 3 70B Instruct model. The
largest improvements are highlighted in bold. Each of the accuracy
scores is the average score over 4 runs (Domnich et al. 2025a) . . 62

8. Evaluation accuracy over all metrics for four participants that were
selected to represent different subgroups of participants (Domnich
et al. 2025a). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

9. Metric results for the attribution methods and the proposed coun-
terfactual inpainting pipeline on the TUH dataset. Since CAMs and
RISE do not create counterfactual images, FID and CV metrics can-
not be computed for these methods (Shvetsov et al. 2024) . . . . . 68

11



LIST OF ABBREVIATIONS

AI Artificial Intelligence 17, 21–24, 39, 66, 76
ALTAI The Assessment List for Trustworthy Artificial

Intelligence 23

CAM Class Activation Map 11, 65, 68
CAV Concept Activation Vector 35
CCE Conceptual Counterfactual Explanations 35
cGAN conditional Generative Adversarial Network 35
CoDiCE Coherent Directional Counterfactual Explainer 6,

45
COIN COnterfactual INpainting 6, 10, 20, 65–70
CT Computed Tomography 20, 65, 66
CV Counterfactual Validity 11, 68, 69

DiCE Diverse Counterfactual Explanations 30, 45

FACE Feasible and Actionable Counterfactual
Explanations 40, 45

FID Fréchet Inception Distance 11, 68, 69

GAN Generative Adversarial Network 10, 35, 66, 67,
70

Grad-CAM Gradient-weighted Class Activation Mapping 22,
27, 28

IoU Intersection over Union 69

LIME Local Interpretable Model-Agnostic
Explanations 22, 25–28

LLM Large Language Model 6, 19, 51, 60, 64, 75, 76
LRP Layer-wise Relevance Propagation 22

MAD Median Absolute Deviation 37
MIP Mixed-Integer Programming 33
ML Machine Learning 25
MSE Median Squared Error 31

12



RQ Research Question 18, 40

SAE Sparse Autoencoders 28
SHAP SHapley Additive exPlanations 22, 26–28

TRUST-AI Transparent Reliable and Unbiased Smart Tool
50

TUH Tartu University Hospital 10, 11, 65, 68, 69
TV Total-Variation 67

VAE Variational Autoencoders 35

WSSS Weakly Supervised Semantic Segmentation 65,
66

XAI Explainable AI 6, 17, 18, 21–23, 30, 40, 63

13



LIST OF ORIGINAL PUBLICATIONS

Publications included in the thesis

I. Domnich, Marharyta and Vicente, Raul (2024). “Enhancing counterfac-
tual explanation search with diffusion distance and directional coherence”.
In: Explainable Artificial Intelligence. Vol. 2155. Communications in Com-
puter and Information Science. Cham: Springer Nature Switzerland, pp. 60–
84. DOI: 10.1007/978-3-031-63800-8_4.

II. Domnich, Marharyta, Välja, Julius, Veski, Rasmus Moorits, Magnifico,
Giacomo, Tulver, Kadi, Barbu, Eduard, andVicente, Raul (2025a). “Towards
unifying evaluation of counterfactual explanations: Leveraging large lan-
guage models for human-centric assessments”. In: Proceedings of the AAAI
Conference on Artificial Intelligence. Vol. 39. 15, pp. 16308–16316. DOI:
10.1609/aaai.v39i15.33791.

III. Domnich,Marharyta, Veski, Rasmus Moorits, Välja, Julius, Tulver, Kadi,
and Vicente, Raul (2025b). “Predicting Satisfaction of Counterfactual Ex-
planations from Human Ratings of Explanatory Qualities”. In: Explainable
Artificial Intelligence. Cham: Springer Nature Switzerland, pp. 210–229.
DOI: 10.1007/978-3-032-08317-3_10.

IV. Shvetsov, Dmytro, Ariva, Joonas,Domnich,Marharyta, Vicente, Raul, and
Fishman, Dmytro (2024). “COIN: Counterfactual inpainting for weakly su-
pervised semantic segmentation for medical images”. In: Explainable Artifi-
cial Intelligence. Vol. 2155. Communications in Computer and Information
Science. Cham: Springer Nature Switzerland, pp. 39–59. DOI: 10.1007/
978-3-031-63800-8_3.

Publications not included in the thesis

I. Sakkas, Nikos, Yfanti, Sofia, Daskalakis, Costas, Barbu, Eduard, and Dom-
nich,Marharyta (2021). “Interpretable forecasting of energy demand in the
residential sector”. In: Energies 14.20. ISSN: 1996-1073. DOI: 10.3390/
en14206568.

II. Sakkas, Nikos, Yfanti, Sofia, Shah, Pooja, Sakkas, Nikitas, Chaniotakis,
Christina, Daskalakis, Costas, Barbu, Eduard, and Domnich, Marharyta
(2023). “Explainable approaches for forecasting building electricity con-
sumption”. In:Energies 16.20. ISSN: 1996-1073. DOI: 10.3390/en16207210.

III. Majoral, Daniel and Domnich, Marharyta (May 2025). “Kaizen: Decom-
posing cellular images with VQ-VAE”. In: PLOS ONE 20.5, pp. 1–11. DOI:
10.1371/journal.pone.0313549.

14

https://doi.org/10.1007/978-3-031-63800-8_4
https://doi.org/10.1609/aaai.v39i15.33791
https://doi.org/10.1007/978-3-032-08317-3_10
https://doi.org/10.1007/978-3-031-63800-8_3
https://doi.org/10.1007/978-3-031-63800-8_3
https://doi.org/10.3390/en14206568
https://doi.org/10.3390/en14206568
https://doi.org/10.3390/en16207210
https://doi.org/10.1371/journal.pone.0313549


IV. Khajuria, Tarun, Dias, Braian Olmiro,Domnich,Marharyta, and Aru, Jaan
(2025). “Interpreting the structure of multi-object representations in vision
encoders”. In:WorldConference on Explainable Artificial Intelligence. Springer,
pp. 359–382. DOI: 10.1007/978-3-032-08324-1_16.

V. Barbu, Eduard, Domnich, Marharyta, Vicente, Raul, Sakkas, Nikos, and
Morim, André (2025). “Exploring Commonalities in Explanation Frame-
works: AMulti-Domain SurveyAnalysis”. In: arXiv: 2405.11958 [cs.LG].

VI. Domnich,Marharyta, Sünter, Indrek, Trofimov, Heido,Wold, Olga, Harun,
Fariha, Kostiukhin, Anton, Järveoja, Mihkel, Veske, Mihkel, Tamm, Tanel,
Voormansik, Kaupo, et al. (2021). “KappaMask: AI-based cloudmask pro-
cessor for Sentinel-2”. In: Remote Sensing 13.20. ISSN: 2072-4292. DOI:
10.3390/rs13204100.

Author’s contribution to the publications

In Publication I, the author was responsible for all stages of the research, includ-
ing formulating the idea and hypotheses, developing the methodology, conducting
experiments, and writing the publication.

In Publication II, III, the author developed research ideas and hypotheses, col-
laborated on designing the methodology, contributed to the experiments, and took
the leading role in writing both publications.

In Publication IV, the author developed the research idea, formulated hypothe-
ses, contributed to improving the algorithm and methodology from the Explain-
able AI perspective, co-supervised a student conducting experiments, and took a
leading role in writing the manuscript.

15

https://doi.org/10.1007/978-3-032-08324-1_16
https://arxiv.org/abs/2405.11958
https://doi.org/10.3390/rs13204100


PREFACE

PhD research is a journey of personal transformation. Every transformation is
unique, starting from different starting points and following different trajectories.
I would like to share some observations with my fellow PhD colleagues reading
this, perhaps you will find that you are not alone in your struggle.

Researching in the field often feels like climbing a ladder of several stages.
Stage I - Curious Beginnings. The first step of this ladder is filled with moti-

vation and hope. You are driven by curiosity, eager to explore, and convinced that
answers are within reach. Every paper seems fascinating, opening a new door.

Stage II - Critical Awakening. As you delve deeper into your field, the cracks
begin to appear: gaps, contradictions, problems, and assumptions built upon other
assumptions. Suddenly, nothing seems to make complete sense. Curiosity gives
way to skepticism. It is an exhausting stage, and probably the one where you spend
the most time during your PhD.

Stage III - Informed Curiosity. Then comes the realization that everyone is, in
some way, as lost as you are. Once you have read enough and accepted the reality
of your field, you begin to see that imperfection is not a flaw but a possibility.
Curiosity returns, this time grounded in realism. Despite the gaps, you recognize
the standards of your field and decide to push one boundary at a time. And when
you do, it feels deeply rewarding, reminding you why you started this journey in
the first place. With that, new hope returns.

I will live to learn if it is a ladder or a circle ...

16



1. INTRODUCTION

In the last decade, Artificial Intelligence (AI) has been reshaping every domain,
including those that influence critical decisions for society, such as healthcare, fi-
nance, criminal justice, and education. From automated loan approvals to tumor
segmentation in medical imaging, predictive models are increasingly entrusted
with decisions that carry significant personal and societal consequences (Ober-
meyer et al. 2019; Rudin 2019). However, the performance of such models that
have remarkable predictive capabilities is attributable primarily to their complex-
ity and the vast amount of data they consume, factors that inherently make such
models opaque (Gunning et al. 2019). This opacity poses a significant challenge for
the field of Explainable AI (XAI), creating a pressing need for methods that clarify
not only what decision was made but also why it was made and how an unfavorable
outcomemight be altered. Although simpler, intrinsically interpretable models ex-
ist, they often lag behind more complex architectures in predictive accuracy. This
reality underscores the necessity of post-hoc explanation methods that preserve
high performance while offering transparent reasoning. Since compromising the
complexity of themodel would result in its insufficient performance (Lipton 2018),
post-hoc explanation methods emerged as a practical compromise. Such meth-
ods include local surrogate models (Ribeiro et al. 2016), feature-importance ap-
proaches (Lundberg et al. 2017), counterfactual explanations (Wachter et al. 2017),
and others with each addressing the transparency gap in different ways.

One particularly compelling post-hoc explanation method is counterfactual
explanations. Rather than presenting feature importances or visual attributions,
counterfactual explanations answer the specific question: “What minimal changes
to the input would have flipped the model’s decision?” (Wachter et al. 2017). This
approach resonates strongly with human cognition, as people naturally engage in
“what if” counterfactual thinking to reflect on how different actions might yield
different outcomes (Miller 2019). For example, consider a loan application sce-
nario in which a loan application is denied. A counterfactual explanation might
indicate that if the applicant’s annual income were increased by 5%, or if the level
of education had the value of “PhD” instead of “Master’s”, the decision could have
been reversed to approval. Such explanations not only highlight the factors that in-
fluenced the decision but also provide actionable guidance, helping individuals to
understand which specific changes might yield a more favorable outcome (Poyi-
adzi et al. 2020). In a loan application context, for instance, a user may initially
suspect discriminatory factors such as nationality or gender when a loan is denied.
Humans often attribute unfavorable outcomes to potentially discriminatory fac-
tors, influenced by negativity bias (Kuhl et al. 2023). However, a counterfactual
explanation indicating that a modest increase in salary or a slightly larger savings
balance could have shifted the decision from “deny” to “approve” effectively draws
attention to feasible, actionable changes. By directly linking a decision to minimal
changes in input features, counterfactual explanations foster a sense of control and
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understanding among end users, serving as a bridge between the precision of algo-
rithmic outputs and the qualitative judgments that humans naturally employ when
assessing causality and responsibility (Pearl 2009).

The rationale behind counterfactual explanations is deeply rooted in theories
of causality. It is important to note that counterfactual explanations in Explain-
able AI are not equivalent to counterfactuals in causal inference. In the realm of
causal inference, counterfactuals are used to answer questions about how different
actions or conditions might change outcomes under a given set of assumptions,
representing the highest level of Pearl’s “ladder of causality” (Pearl 2019). In con-
trast, counterfactual explanations in XAI typically focus on exploring local deci-
sion boundaries of a trained model in a post-hoc way without requiring full causal
models. This practical, model-centered focus does not necessarily account for gen-
uine causal relationships in the real world. Nevertheless, a nuanced understand-
ing of causality can enrich these explanations by ensuring that the hypothetical
changes suggested are both plausible and informative. Indeed, the term “counter-
factual” itself originates in causal inference, which sometimes causes confusion.
However, within XAI, ’counterfactual’ refers primarily to minimal local changes
that alter a model’s prediction, rather than a rigorous causal intervention.

In addition to causal reasoning, cognitive science provides insights into the bi-
ases and heuristics that influence human judgment. It is important to recognize
that for any given point, multiple counterfactual explanations can be generated by
sampling around the decision boundary. Consider the famous anecdote involving
bank robber Willie Sutton. When asked by the journalist, “Why did you rob the
bank?”, he allegedly answered, “Because that’s where the money is”. This answer
highlights the assumption about different contrasts that the journalist had in mind:
“Why did you rob the bank rather than not robbing at all?” versus “Why did you
rob the bank rather than another place, i.e., university?”. The answer would not be
considered a good explanation for multiple reasons. First, the expected contrast is
not fulfilled by the answer. Second, the answer restates what is already widely un-
derstood and does not provide new knowledge. While mathematically valid coun-
terfactual explanations may exist for a given decision, human evaluators tend to
prefer those that are contextually meaningful. Research indicates that individu-
als are more likely to value explanations that suggest small, incremental changes
than those that propose unrealistic or radical adjustments (Kahneman 2011). On
the other side, Zemla et al. (2017) suggests that rather than adding small pertur-
bations to multiple features, humans tend to prefer larger changes in a few key
features, creating a trade-off between sparsity and feasibility. Therefore, account-
ing for human cognitive preferences is an important consideration that informs the
development of explanation methods throughout this thesis.

This thesis aims to enhance the effectiveness, cognitive alignment, evaluation,
and applicability of counterfactual explanations guided by the following research
questions (RQ):

• RQ1: Can we extract more feasible and coherent explanations compared to
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existing methods?
• RQ2a: Can overall satisfaction with counterfactual explanations be pre-
dicted using human ratings of explanatory metrics? Specifically, what is the
influence of demographic data on ranking patterns, and which explanatory
qualities contribute most to overall satisfaction?

• RQ2b: Can large language models (LLMs) reliably estimate the quality of
counterfactual explanations by mimicking human judgment?

• RQ3: Can we apply counterfactual explanations to produce Weakly Super-
vised Semantic Segmentation labels effectively?

The thesis is structured around four primary investigations that collectively aim
to advance the state of the art in counterfactual explanations. First, in Chapter
II, we review the literature on explainable AI, counterfactual explanations, causal
inference, and cognitive science, setting the theoretical foundations for the work
presented in subsequent chapters. Next, in Chapter III, we address RQ1 by trans-
lating key human preferences, in particular, feasibility and coherence, into math-
ematical formulations using diffusion distance and directional coherence. These
measures are integrated into the objective function for the counterfactual search
process, aiming to produce explanations that are both algorithmically faithful and
consistent with human intuition. [Publication 1 Enhancing Counterfactual Ex-
planation Search with Diffusion Distance and Directional Coherence (Domnich
et al. 2024)].

Expanding on the understanding of human preferences in counterfactual expla-
nations, Chapter IV addresses RQ2a and RQ2b by tackling the critical challenge
of evaluation. Recognizing that quantitative metrics of counterfactual explanation
evaluation often fail to capture human preferences fully and that traditional user
studies face scalability issues, we compile a list of important evaluation metrics,
construct a diverse dataset of counterfactual scenarios covering ranges of these
metrics, and collect human judgments across those evaluation metrics. In parallel,
we investigate which measured biases contribute to forming overall satisfaction,
where we highlight the importance of feasibility and trust of counterfactual expla-
nations, but also completeness, consistency, fairness, and complexity when deal-
ing with specialized user groups and applications. [See Publication 2 Predicting
Satisfaction of Counterfactual Explanations from Human Ratings of Explana-
tory Qualities (Domnich et al. 2025b)]. Additionally, given emerging capabilities
of Large Language Models (LLMs), we assess their potential to become scalable
proxies for human evaluative judgments. [See Publication 3 Towards Unifying
Evaluation of Counterfactual Explanations: Leveraging Large Language Mod-
els for Human-Centric Assessments (Domnich et al. 2025a)].

Finally, Chapter V addresses RQ3 by demonstrating the applicability of our
methods to complex, high-stakes domains such as medical imaging, extending be-
yond tabular or structured data. We investigate the potential to apply counterfactual
explanations to more complex domains such as medical imaging, where limited
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labeled data and high stakes further amplify the need for intuitive, actionable ex-
planations. Medical imaging is particularly critical because it involves diagnosing
or identifying potential health risks from high-dimensional data, where each pixel
may carry clinically meaningful information. Additionally, the limited availabil-
ity of labeled data, together with the severe consequences of misdiagnosis, brings
the need for interpretable explanations that help to gain the trust of clinicians in
automation. Tackling such complex, real-world applications, we demonstrate that
counterfactual explanations can help beyond tabular scenarios and classification
problems. Therefore, guided by the intuition that a good explanation of a classi-
fier should also serve as a segmentation mask, we developed the COnterfactual
INpainting (COIN) algorithm. When a classifier labels a Computed Tomography
(CT) scan as “abnormal”, this counterfactual approach trains a generator to pro-
duce a corresponding “normal” image that flips the classifier’s prediction. The
difference between the original and counterfactual images not only effectively ex-
plains the classifier’s decision but can also serve as a weak segmentation mask,
thereby saving radiologists’ resources. [See Publication 4Counterfactual inpaint-
ing for weakly supervised semantic segmentation for medical images (Shvetsov
et al. 2024)]

The final chapter summarizes key findings, discusses limitations, and outlines
potential directions for future research. Collectively, the four interconnected stud-
ies presented in three chapters of this thesis contribute to improving algorithms for
generating counterfactual explanations by incorporating human cognitive prefer-
ences, standardizing and scaling their evaluation from a human-centered perspec-
tive, and promoting their adoption beyond the field of Explainable AI.

20



2. BACKGROUND

2.1. Introduction to Explainable AI

The quest for Explainable AI can be traced back to the era of expert systems in
the 1970s and 1980s (Clinciu et al. 2019). For example, systems like MYCIN
could justify their diagnoses via human-readable rules created by domain experts,
outlining their reasoning process. These symbolic AI systems were inherently in-
terpretable, as their decision logic (if-then rules) was transparent by design. At
the time, the importance of explaining the chain of reasoning behind AI decisions
was already recognized. Classical AI models, including decision trees and linear
regression models, provided built-in transparency, either by giving the decision
pathways or coefficients. Such early interpretability methods illustrated that trans-
parency and functionality could coexist within AI systems, laying crucial founda-
tions for modern XAI.

Before the formal rise of the XAI field, researchers developed early methods
aimed at interpreting complex models. Techniques such as rule extraction in the
1990s attempted to distill neural network decisions into comprehensible if-then
rules. At the same time, sensitivity analysis provided insights into the influence
of small input perturbations on model outputs. Despite being innovative, these
methods struggled to scale effectively to the increased complexity of deep neural
architectures. They were predominantly model-specific, limiting their practical
adoption in different AI models and contexts (Adadi et al. 2018). Consequently,
these early approaches often failed to faithfully represent the underlying complex
decision-making processes, motivating the need for more universally applicable
and effective interpretability tools.

However, the early 21st century saw a shift towards more complex black-box
models, such as deep neural networks and ensemble methods, prioritizing accu-
racy at the cost of interpretability (Vilone et al. 2021). These advanced methods
excelled in predictive tasks across various domains, but failed to inherently provide
explanations for their decisions, creating what is now known as the “black-box”
problem. Consequently, the trade-off between accuracy and explainability became
central to XAI research (Adadi et al. 2018; Arrieta et al. 2020). The opacity of
the models hindered trust and accountability, especially in critical fields such as
healthcare, finance, and autonomous systems, where the rationale behind deci-
sions significantly impacts human life and creates interest in post-hoc explanation
techniques.

A significant moment came with the launch of DARPA’s XAI program in 2016,
which invested in new techniques that produce explainable yet high-performance
models, called “glass box”, and explanation interfaces (Gunning et al. 2019). The
DARPA program (2017–2021) formally put Explainable AI on the map, funding
numerous projects to develop AI systems that are both high-performing and un-
derstandable by end-users. Around the same time, influential algorithms were in-
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troduced, such as the introduction of LIME (Local Interpretable Model-Agnostic
Explanations) in 2016, a technique to explain any classifier’s prediction by approx-
imating it locally with an interpretable model (Ribeiro et al. 2016). The following
year, SHAP (SHapley Additive exPlanations) was proposed to attribute feature im-
portance for any model grounded in game theory (Lundberg et al. 2017). Together,
LIME and SHAP became widely used tools, marking the transition of XAI from
concept to practical toolkit. In parallel, techniques like DeepLIFT (Shrikumar et
al. 2017), Integrated Gradients (Sundararajan et al. 2017), Grad-CAM (Selvaraju
et al. 2017), RISE (Petsiuk et al. 2018), and Layer-wise Relevance Propagation
(LRP) (Bach et al. 2015) emerged for explaining deep neural networks’ predic-
tions, especially in computer vision.

With increased interest in XAI, dedicated workshops and conferences, includ-
ing ACM FAccT (Fairness, Accountability, and Transparency), ICML workshops
on interpretability began highlighting explainability alongside ethics, reflecting
how XAI evolved from scattered interpretability efforts into a cohesive field moti-
vated by the dual need to open the black box of AI and meet societal demands for
transparency. Latest conferences dedicated to XAI, such as the World Conference
on eXplainable Artificial Intelligence, highlight the multidisciplinary nature of the
field and the need to draw insights from the literature of philosophy, psychology,
and cognitive science (Thommes et al. 2024; Vilone et al. 2023).

Multiple factors contribute to the trend of post-hoc explanation techniques: the
need for transparency in high-stakes decisions, trust and user acceptance of AI, and
emerging legal regulations. For instance, the EU GDPR stated a “right to expla-
nation,” pressuring organizations to make automated decisions more transparent
(European Parliament and Council of the European Union 2016). In response, sci-
entists and policymakers began calling on the community to frame explainability
in scientific terms. For instance, Doshi-Velez et al. 2017 emphasized the lack of
formal definitions and evaluation for interpretability. Similarly, Lipton 2018 cri-
tiqued the loose use of terms in the “Mythos of model interpretability”, drawing
attention to the many meanings of interpretability and the need to distinguish them
clearly.

The upcoming EUAIAct proposals have pressured companies to providemean-
ingful information about automated decisions. The EU AI Act introduces a risk-
based framework with strict requirements for “high-risk” AI systems, many of
which directly address explainability and transparency (European Commission
2023). High-risk AI (e.g., algorithms for credit scoring, hiring, medical devices,
etc.) must be sufficiently transparent so that their outputs can be understood and
appropriately used. For example, Article 13 of the Act requires clear user instruc-
tions that “explain how to interpret the system’s output” and describe the system’s
capabilities, limitations, and potential risks. These instructions should include de-
tails like the model’s intended purpose, its accuracy metrics, and “information
that is relevant to explain its output” in understandable terms (European Commis-
sion 2023, Article 13). Beyond technical documentation, the Act mandates trans-
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parency disclosures in user interaction, meaning the systemmust notify people that
they are dealing with a machine, and generative AI content must be clearly labeled
as AI-generated (European Commission 2023, Article 52). The United States has
likewise highlighted explainability, for example, through the 2023 Executive Order
on trustworthy AI, which emphasizes transparency in AI use (The White House
2023). In specific sectors like finance (credit scoring) and healthcare, regulations
nowmandate that decisions are explainable to end-users or auditors (Wachter et al.
2017). Ethically, XAI is tied to the principles of fairness and non-discrimination.
Opaque models can mask biased decision criteria, so explainability can be seen as
a tool to detect andmitigate bias (Mehrabi et al. 2021). For instance, counterfactual
explanations have been proposed as a way to explain decisions in understandable,
human terms (e.g., explaining loan rejections by stating what changes would result
in approval) and to test models for unfair bias (Karimi et al. 2022). In summary, up-
coming laws and ethical guidelines are forcing AI systems to be more transparent,
making XAI research not only academically relevant but essential for compliance
and responsible AI deployment (Arrieta et al. 2020).

Nowadays, XAI has evolved into a mainstream concern in AI research and
deployment. Companies incorporate explainability dashboards into AI services,
and regulators draft guidelines emphasizing transparency and trustworthiness in
AI deployment (Artificial Intelligence (AI HLEG) 2019, The Assessment List
for Trustworthy Artificial Intelligence (ALTAI)). Research has expanded beyond
initial feature-attribution methods to broader explanation modalities (natural lan-
guage explanations, visualizations, interactive explanations, etc.). Companies such
as Google, IBM, and Microsoft have incorporated explainability toolkits (e.g.,
Google’s Explainable AI service (Google 2023), IBM’s AI Explainability 360
(Arya et al. 2019), and Microsoft’s InterpretML (Nori et al. 2019)) to help users
interpret model outputs. Importantly, the community began exploring evaluation
metrics for explanations and the human side of interpretability. The field has grown
so much that Schwalbe et al. (2024) conducted a “survey of surveys” to unify the
myriad XAI taxonomies.

Therefore, the broad adoption of XAI signifies a cultural shift in AI devel-
opment: Success is no longer measured only by accuracy, but also by how well
humans can interpret and trust the reasoning of the model.

2.2. Taxonomy of Explainable AI

In this subsection, we provide definitions of the key terminology used throughout
this thesis. Although we acknowledge that this overview is not exhaustive, we aim
to clarify critical terminology to aid in understanding our research.

2.2.1. Explainability and Interpretability definitions

The definitions of explainability and interpretability have evolved over time, re-
maining still conflicting. Researchers initially used terms like transparency, in-
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telligibility, interpretability, and explainability, loosely and often interchangeably
(Clinciu et al. 2019). Lipton described interpretability as an “important and slip-
pery” concept, noting that many papers proclaimedmodels “interpretable” without
defining the term (Lipton 2018). Similarly, (Doshi-Velez et al. 2017) noted there is
minimal consensus on what interpretable machine learning is and how it should be
measured, urging for a more rigorous approach. They defined interpretability as
“the ability to explain or to provide the meaning in understandable terms to a hu-
man”, and explainability as “an interface between humans and the decision-maker
(AI) that produces details or reasons for its functioning”. Nonetheless, the histor-
ical trend shows increasing awareness that precise terminology matters (Arrieta
et al. 2020). While a decade ago, authors might use interpretability/explainability
as self-evident words, today’s researchers are more careful to define these terms
or at least acknowledge the lack of a single consensus definition.

The academic literature reveals two broad camps on this issue (Graziani et al.
2023). In one camp, researchers use interpretability and explainability almost syn-
onymously without sharply differentiating the two. They treat both as umbrella
terms for making models understandable, either intentionally or unintentionally,
primarily when referring to human insight into the model without digging into
technical nuance (Adadi et al. 2018; Miller 2019). Miller uses a definition from
Biran and Cotton that interpretability is “the degree to which an observer can un-
derstand the cause of a decision”. In this view, an explanation is a mechanism to
achieve interpretability, acting as a means of communicating the cause of a deci-
sion in an understandable way.

In the other camp, scientists draw a clear distinction between interpretability
and explainability (Arrieta et al. 2020; Lipton 2018; Longo et al. 2024; Rudin
2019). A common differentiation is that interpretability describes an intrinsic
property of the model (often implying a transparent or simple model). In con-
trast, explainability refers to a post-hoc capability to generate an explanation for
any model, including black-box models. In this view, an interpretable model might
be something inherently transparent like a small decision tree (no external expla-
nation needed). At the same time, an explainable approach might take a complex
neural network and produce an explanation (e.g., a feature importance plot or a
textual justification) to help a user understand its output. Rudin (2019) advocates
strongly for this distinction, arguing that we should design interpretable models
directly, rather than relying on Explainable AI techniques to explain opaque mod-
els. Arrieta et al. (2020) differentiate the terms as noted above: interpretability is
the ability of the model to be understood. At the same time, explainability is a
property of the tool or interface that communicates the model’s reasoning. These
nuances have practical implications. If one treats explainability and interpretability
as the same, one might focus on any method that improves human understanding.
If one sees them as distinct, one might prioritize intrinsic interpretability (through
model choice) vs. post-hoc explainability (through explanatory techniques) differ-
ently. The debate is ongoing, but the differentiated view is increasingly popular
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among researchers, explicitly stating their stance. The lack of consensus on termi-
nology has led to efforts, such as Sokol et al. (2020)’s work to catalog the properties
of explanations systematically. Sokol et al. (2020) introduced Explainability Fact
Sheets that enumerate dimensions along which an XAI method can be character-
ized. However, they acknowledge that explanations in ML “come in many forms,
but a consensus regarding their desired properties is yet to emerge”. Some explic-
itly define interpretability as model transparency and explainability as the ability to
provide explanations. In the recent manifesto (Longo et al. 2024), the researchers
urge against inventing new definitions, but to formalize existing definitions and
standardize terminology.

This thesis follows Rudin and Lipton’s definitions that interpretability relates
to a model’s inherent understandability. In contrast, explainability refers to the
ability to generate explanations for a model’s outputs, stating that any interchange-
able term used is accidental. Furthermore, transparency refers to the intrinsic in-
terpretability of the model itself, whose structure and parameters are understand-
able, often described as white-box. Transparency can be further decomposed into
aspects like simulatability (a person could reason through the model step by step),
decomposability (each part of the model has an intuitive explanation), and algo-
rithmic transparency (understanding the training process) (Lipton 2018). Inter-
pretability in this sense is an inherent property of the model. We note the existence
of partial interpretability, when the complex model architecture is disentangled or
has a structured representation (Khajuria et al. 2025). In this case, the model is
often called grey-box when the entire model is not interpretable, but parts of it
have interpretable qualities.

2.2.2. Post-hoc and Ante-hoc Methods

This distinction concerns when the explanation is generated relative tomodel train-
ing. Ante-hoc (intrinsic) methods are “interpretable by design” when the model
itself is constrained to be transparent or self-explanatory (Molnar 2020). Exam-
ples include decision trees, linear models, or models that output human-readable
logic along with predictions. In contrast, post-hocmethods generate explanations
after a complex model is trained, without altering that model. Post-hoc explain-
ers function as external analysis tools applied to pre-existing “black-box” mod-
els, interpreting their behavior post-training. For instance, LIME is a post-hoc
method that creates explanations for individual predictions of any trained model.
In contrast, a decision tree is an ante-hoc model whose interpretable structure is
the explanation itself. Ante-hoc approaches often sacrifice some accuracy for in-
terpretability, whereas post-hoc approaches approximate explanations for highly
accurate black-box models.
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2.2.3. Local and Global Explanations

Explainability methods also differ in their scope of application. Local explana-
tions provide insights about specific predictions or particular instances, addressing
questions like “Why did the model make this decision for this particular case?”.
For instance, a local explainer might highlight the features of a specific loan ap-
plication that led an AI model to reject it. LIME and SHAP are prototypical local
explainers that can provide detailed, instance-level insights. For instance, Figure 1
illustrates explanations for the prediction of satisfaction with counterfactual ex-
planations classified into three categories: high, medium, and low, based on their
explanatory qualities. In contrast, global explanations aim to clarify the model’s

(a) LIME explanation illustrating the
predicted probability of “low satisfac-
tion”.

(b) SHAP waterfall plot for predicting
“high satisfaction”.

(c) SHAP waterfall plot for predicting
“medium satisfaction”.

(d) SHAP waterfall plot for predicting
“low satisfaction”.

Figure 1: Local explanations produced by LIME and SHAP methods illustrating
model predictions of satisfaction classes for a particular counterfactual explanation
instance, based on explanatory qualities.

overall behavior or general patterns, addressing broader questions such as “How
does the model make decisions in general?”. A global explanation could be a sim-
plified surrogate model (such as a decision tree or rule set) that captures the overall
decision-making logic of a complex model (R. M. Byrne 2023), or a visualization
of structural components within the model (e.g., attention weights in neural net-
works). Local and global are not mutually exclusive. Often, multiple local expla-
nations can be aggregated to identify global decision-making trends, as illustrated
by the SHAP summary plot (Figure 2). For example, a study clustered numerous
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local explanations (in the form of heatmaps) to uncover decision strategies within
a vision model (Schwalbe et al. 2024). The choice between local and global expla-
nations ultimately depends on user needs: local explanations support case-by-case
accountability (“Why was my loan denied?”), while global explanations facilitate
model validation, debugging, and identification of biases by revealing the overall
decision rules and logic.

Figure 2: SHAP summary plot providing global insights by aggregating feature
impacts across multiple predictions.

2.2.4. Model-agnostic and Model-specific explanations

Explanations can also be categorized based on the explainer’s reliance on the in-
ternal structure of the model. Model-agnostic methods treat the target model as
a black box, requiring only input-output interactions without assumptions about
the model’s internals. These methods typically employ perturbations, probes, or
surrogate models to interpret the model’s behavior. For example, LIME (Local In-
terpretable Model-agnostic Explanations) creates a local surrogate model, such as
a linear model, around a specific input instance by querying the black-box model.
Similarly, SHAP evaluates feature contributions based on Shapley values and can
be applied universally across different model types. The primary advantage of
model-agnostic approaches is their broad applicability. However, their potential
downside is the risk of generating explanations that do not accurately reflect the
true internal logic of the model (Rudin 2019), leading to possible misinterpreta-
tions and over-reliance (Ghassemi et al. 2021).

In contrast, model-specific methods (also known as white-box or decomposi-
tional explainers) are tailored to particular model types, leveraging internal pa-
rameters, gradients, or architectural details. An illustrative example is Grad-CAM
(Gradient-weighted Class Activation Mapping), which is designed explicitly for
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convolutional neural networks. Grad-CAM utilizes the CNN’s internal feature
maps and gradients to produce visual explanations of image predictions. While
such methods provide valuable insights into the model’s inner workings, they typ-
ically depend heavily on gradients or specific architectural properties. Recent de-
velopments in mechanistic interpretability, such as Anthropic’s use of Sparse Au-
toencoders (SAEs), extend this concept and demonstrate a deeper form of model-
specific explanation. SAEs decode internal activations of large neural networks
into sparse, interpretable latent features, allowing researchers to identify and ma-
nipulate concept-level representations directly within the network. For instance,
SAEs have enabled causal interventions to understand how specific internal fea-
tures influence model outputs (Templeton et al. 2024).

2.2.5. Example-based and Feature-based Explanations

Explanations can also be categorized by what form of information they provide to
the user. Feature-importance-based explanations highlight which input features
most strongly influenced a prediction and, sometimes, quantify their contribution.
Examples include attribution methods, such as saliency maps for images or fea-
ture importance scores for tabular data, as well as weights derived from surrogate
models like LIME or SHAP (see Figure 2). These explanations typically address
questions such as, “Which features drove the prediction?”. For instance, a medi-
cal diagnosis model might clarify its decision by indicating that “symptom X and
symptom Y were the strongest contributors.”

In contrast, example-based explanations illustrate amodel’s reasoning through
specific instances or examples. Instead of, or in addition to, presenting feature
weights, the model might reference similar past cases, prototypes, or hypotheti-
cal scenarios. This category includes explanations like prototypes and exemplars
(e.g., “This email was classified as spam because it resembles these known spam
examples”), counterfactual examples (e.g., “If this input had been X instead of
Y, the outcome would have changed”), and case-based reasoning that identifies
influential training examples. Example-based explanations are intuitive, aligning
closely with human reasoning, which often relies on analogy and examples. For
instance, a vision model classifying an image as a “cat” might illustrate its deci-
sion by showing the training images of cats that activated similar internal neurons.
Another practical scenario could involve a loan approval model providing a coun-
terfactual explanation, such as, “If your income were 500 euros higher, the loan
would have been approved.” This approach offers a concrete, actionable insight
rather than abstract feature importance alone. Modern surveys (e.g., Poché et al.
2023) emphasize that example-based explanations resonate naturally with users
because humans inherently learn and understand concepts through examples.
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2.3. Counterfactual explanations

This section introduces counterfactual explanations, a type of human-centric ex-
planation that illustrates minimal changes required to alter a model’s decision. It
highlights their cognitive, philosophical, and practical significance, providing a
historical overview as well as their formalization within Explainable AI.

2.3.1. The importance of Counterfactual Explanations

Counterfactual explanations describe how altering an input can change a model’s
output, answering the question “What should be the minimal change to the in-
put required to achieve the desired outcome?”. For example, “For this student
to be accepted to the University of Tartu, the academic test score would need to
be 85 instead of 65”. Such explanations are contrastive (they explain why this
outcome vs. an alternative) and selective (focusing on minimal feature changes),
corresponding to (Miller 2019) desired properties of explanation and making them
human-friendly. In the context of Explainable AI, counterfactual explanations are
example-based local explanations, offering a concrete what-if scenario showing
how to obtain a different result for a specific instance of interest rather than ab-
stract feature importance measures.

Counterfactual explanations align with natural human reasoning, grounded in
causal and philosophical traditions dating back to David Lewis’s seminal work
on counterfactual reasoning (Lewis 1973). These explanations help users to un-
derstand individual predictions by demonstrating small changes that would flip
the model’s decision, giving the explainee actionable recommendation to change
their outcome. This aligns with how humans naturally reason about causation and
explanations (“What if X had been different?”) (Kshetry et al. 2024).

Cognitive and social science research suggests that effective explanations must
be tailored to the explainee’s context. Counterfactual explanations naturally fit
these patterns by highlighting a minimal change that contrasts the factual outcome
with a desired alternative. This resonates with cognitive psychology findings that
counterfactual thinking (imagining “what if” scenarios) is a pervasive mode of
human reasoning (R. M. Byrne 2016). People spontaneously construct alterna-
tive outcomes (“If only”) to explain events and to learn from them, indicating that
explanations grounded in such what-if scenarios will feel familiar and meaningful.

From a causality perspective, this counterfactual mode of reasoning is essential
for understanding and explaining events. According to Judea Pearl’s ladder of
causality, correlations or feature importances alone rarely satisfy human curiosity
because they do not answer these counterfactual “why” questions. Counterfactual
explanations, by contrast, provide this causal and actionable insight by speaking
the same “what if” language that our brains use when we seek explanations (Pearl
2009).

These explanations are particularly valuable in high-stakes domains, such as
finance or employment decisions (Karimi et al. 2022), they serve as a form of
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algorithmic recourse, advising those unfavorably treated by an AI what actions
could lead to a positive result. They provide actionable insights to end-users and
decision-makers. Moreover, counterfactual explanations support strategic plan-
ning for domain experts and decision-makers (“What should be theminimal change
to meet the threshold?”).

Additionally, by showing which feature changes significantly affect outcomes,
counterfactual explanations help audit and debug models. For example, consistent
recommendations to alter immutable or sensitive attributes (e.g., race or gender)
may indicate underlying biases or fairness issues in the data or model training and
are even argued to be a legal necessity under regulations (Sharma et al. 2019).
Researchers have noted that counterfactual explanations enable a “guided audit”
of the data and model behavior (Karimi et al. 2022), since they tie decisions to
concrete conditions. Moreover, Guidotti (2022) highlights that the lack of trans-
parency in opaque models is a practical and ethical issue, and counterfactual ex-
planations address this in a human-interpretable way.

While the concept of counterfactual reasoning has deep roots in philosophy and
causality, counterfactual explanations as a specific XAI method gained attention
thanks to the work of Wachter et al. (2017), who formally introduced “counterfac-
tual explanations” and argued for their use under the right to explanation in GDPR.
Further momentum was gained thanks to Miller (2019), who highlighted the hu-
man nature of such a method and emphasized the cognitive alignment of coun-
terfactual explanations with human reasoning. Multiple influential papers refined
the idea, such as Russell (2019), which proposed search algorithms for diverse and
coherent counterfactuals using mixed-integer programming. Mothilal et al. (2020)
introduced DiCE to generate a diverse set of plausible counterfactual explanations
and provided a well-implemented library that quickly gained widespread use. Fol-
lowing theseworks, counterfactual explanations became a core topic in explainable
AI research. Comprehensive surveys (Artelt et al. 2019; Guidotti 2022; Verma et
al. 2020) classified counterfactual examples as a fundamental approach to explain
AI decisions. Depending on the level of access to the model, counterfactual ex-
planation algorithms are developed as both model-agnostic and model-specific.
Over just a few years, counterfactual explanation has evolved from a philosophi-
cal notion to a practical toolkit for interpretable machine learning, with dedicated
surveys consolidating terminology and methods. Today, hundreds of algorithms
are developed that use the concepts of causality, fairness, and user-centric explain-
ability.

2.3.2. Formalization of Counterfactual Explanations for Tabular Data

The formalization of counterfactual search involves framing it as an optimiza-
tion problem aimed at identifying an input instance minimally different from the
original instance that achieves a targeted prediction outcome. Formally, let 𝑓

represent a trained predictor function that maps the input space X to the out-
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put space Y, i.e., 𝑓 : X → Y. Given an original input instance (a factual point)
𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) ∈ X ⊆ R𝑛, the objective is to identify a counterfactual point
𝑥∗ = (𝑥∗1, 𝑥

∗
2, . . . , 𝑥

∗
𝑛) ∈ X ⊆ R𝑛 that predicts the desired label 𝑦 while minimizing a

loss function and a distance penalty:

argmin
𝑥∗

(
loss( 𝑓 (𝑥∗), 𝑦) +𝜆dist(𝑥∗, 𝑥)

)
, (2.1)

where:
• loss( 𝑓 (𝑥∗), 𝑦) is the loss term that penalizes deviation from the desired out-
come 𝑦.

• dist(𝑥∗, 𝑥) quantifies the distance between the original point 𝑥 and the coun-
terfactual point 𝑥∗.

The hyperparameter 𝜆 balances the trade-off between achieving the desired pre-
diction and remaining close to the original input. In practice, additional constraints
can enforce that 𝑓 (𝑥′) explicitly belongs to the target class.

The choice of the loss function depends on the task. Classification tasks com-
monly employ cross-entropy or probability-shifting constraints toward the target
class (Molnar 2020, Chapter 15). For regression tasks, the loss often measures
proximity to a desired numerical target (between 𝑓 (𝑥∗) and 𝑦 using Mean Square
Error (MSE) loss, for instance). Sometimes, the regression task is divided into
value ranges of outcomes, and counterfactual explanation search can be performed
similarly to classification, treating flipping the outcome to the desired prediction
range.

The choice of distance dist(𝑥∗, 𝑥) is crucial to quantify similarity. Standard op-
tions include 𝐿2 (Euclidean distance), 𝐿1 (Manhattan distance) norms on feature
differences, sometimes normalized by feature variability to make units compara-
ble. For example, Wachter et al. (2017) used a weightedManhattan distance scaled
by the median absolute deviation. In the case of mixed feature types (numerical
and categorical), there is a natural division between feature distances. Sometimes
Gower or Hamming distances are applied. But more commonly, an 𝐿0 norm is
used to detect category changes:

𝑑𝑖𝑠𝑡𝑐𝑎𝑡 (𝑥, 𝑥∗) =
1
𝑚

𝑚∑︁
𝑗=1

𝐼 (𝑥∗𝑗 ≠ 𝑥 𝑗) (2.2)

Categorical variables require special consideration during optimization due to their
discrete nature. For example, the feature ‘Job’ taking values such as ‘Teacher’ or
‘Engineer’ cannot be smoothly transitioned through gradient-based steps. Two
common approaches are: (1) One-hot encoding categories and treating the 0/1 en-
tries like continuous variables during optimization (with extra constraints to keep
one-hot validity), or (2) using mixed-integer optimization where binary decision
variables represent categorical flips. The distance for a categorical feature is usu-
ally defined as 0 if the category is unchanged or 1 if it is different (effectively an
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𝐿0 or Hamming distance on that feature). This can be combined with numeric
distances for continuous features in a single objective (Molnar 2020, Chapter 15).

Given the crucial nature of the distance between original point and counterfac-
tual distance, multiple advancedmethods were proposed accounting for data mani-
fold similarity, such as Mahalanobis distance (Kanamori et al. 2020), autoencoder-
based distances (Dhurandhar et al. 2018), Dijkstra (Poyiadzi et al. 2020), and oth-
ers. In Chapter III, we discuss such advances more in depth, as our contribution
relates to employing different measures of proximity.

To obtain intuitive explanations, additional regularizers or constraints are in-
troduced: Sparsity can be enforced by penalizing the 𝐿0 norm (or by incremen-
tally searching for solutions with one feature change, two feature changes, etc.).
Coherence or Plausibility can be enforced by constraining 𝑥∗ to lie within re-
alistic bounds. That implies no negative values for inherently positive features,
no changes to immutable attributes like race or gender, etc. One may also add a
penalty if 𝑥′ has low likelihood under the training data distribution (Molnar 2020,
Chapter 15).

To handle potential model changes or data shifts, robust recoursemethodswere
proposed that optimize for worst-case scenarios or verify validity under model per-
turbations. For example, Upadhyay et al. (2021) solves a min–max problem to find
counterfactuals that remain valid even if the classifier is retrained with slightly
different parameters. Some works enforce Δ-robustness by requiring a counter-
factual to hold across the entire family of perturbed models (Jiang et al. 2024).
Additionally, Artelt et al. (2021) studied the robustness of counterfactual expla-
nations, highlighting how minor input perturbations can cause significant or ar-
bitrary changes in counterfactual recommendations, affecting individual fairness.
Some approaches incorporate uncertainty estimates, in particular, using proba-
bilistic models or Bayesian neural networks (Antorán et al. 2020) to avoid coun-
terfactuals in regions where the model is not confident, thus focusing on more
robust explanations.

Finally, providing users with multiple actionable alternatives highlights the im-
portance of diversity among counterfactual explanations. Diversity ensures users
receive distinct recourse options, enabling them to choose the most feasible or
preferable action. For instance, Mothilal et al. (2020) a diversity-promoting reg-
ularizer based on determinantal point processes, explicitly designed to generate
diverse sets of counterfactuals. Interestingly, such diversity can itself boost robust-
ness, as in Leofante et al. (2024) it was proved that while a single counterfactual
may fail under slight model or input drifts, a sufficiently diverse counterfactual set
can guarantee that at least one valid explanation persists for similar inputs.

2.3.3. Counterfactual explanations search methods

After defining the optimization objective, several algorithmic approaches can be
applied to navigate counterfactual search.
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Gradient-Based Optimization can be applied if the model 𝑓 is differentiable
or can be approximated with a different surrogate. It is common to use gradient-
based methods to minimize the counterfactual loss if all terms are differentiable.
This approach was taken by Wachter et al. (2017), who solved counterfactual ob-
jective function of the form

min
x′

𝜆( 𝑓 (𝑥′) − 𝑦′)2 + 𝑑 (𝑥, 𝑥′)

with gradient descent, directly optimizing prediction proximity and distance terms.
Evolutionary and Heuristic Search can handle non-differentiable objectives

or incorporate multiple objectives used by many approaches. For example, Dandl
et al. (2024) proposed a multi-objective genetic algorithm explicitly optimizing
four criteria: validity of outcome, proximity, sparsity, and Plausibility. In this
method, candidate solutions 𝑥′ evolve through iterative mutations of feature val-
ues, retaining solutions based on their fitness relative to these criteria. This evo-
lutionary approach naturally supports generating a diverse set of explanations in
a single run, offering users multiple actionable options. However, this flexibility
comes at an increased computational cost, as heuristic algorithms typically re-
quire significant computational resources to converge on global optima reliably.
Aside from genetic algorithms, other heuristics like simulated annealing or beam
search have also been used to prioritize different biases (some focusing on robust
solutions that remain valid under slight model changes, others generating a set of
diverse explanations so the user can choose the most actionable one).

Mixed-Integer Programming (MIP) is another class of methods that allows
the use of solvers to guarantee optimality. These methods are instrumental when
the model is interpretable or constrained enough to encode (e.g., decision trees,
linear models, or rule-based classifiers), or when we can linearize the decision
boundary conditions. For instance, Russell 2019 used MIP to find coherent coun-
terfactual explanations that respect data constraints efficiently. By introducing bi-
nary variables for whether a feature is changed, one can directly minimize the
𝐿0 count of changes (ensuring sparsity) and at the same time enforce that 𝑓 (𝑥′)
meets the desired outcome exactly. MIP-based approaches easily handle categor-
ical features and can incorporate logical constraints (like “education level cannot
decrease” or “if feature A changes, feature Bmust also change accordingly”). They
tend to produce the truly minimal counterfactual (in terms of a chosen cost) due
to the exhaustive nature of the solver search, and can ensure feasibility by encod-
ing domain knowledge. The downside is that exact solvers may not scale well to
very complexmodels or high-dimensional feature spaces (the problem can become
NP-hard). Still, for moderately sized problems, they provide strong guarantees.

Sampling-Based Methods, such as the Growing Spheres algorithm proposed
by Laugel et al. (2018), represent an alternative approach. Although not explic-
itly using the term “counterfactual” in their original work, their methodology
aligns closely with counterfactual search objectives. Instead of direct optimization,
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Growing Spheres define a proximity-based loss that favors counterfactuals with
minimal feature modifications. This method begins by drawing a sphere around
the point of interest and sampling within this sphere. If no suitable counterfac-
tual is found, the sphere is iteratively expanded or contracted accordingly until a
sparse counterfactual is discovered. This approach identifies sparse counterfac-
tuals without explicitly relying on gradient information, aiding methods where
differentiability is limited.

2.3.4. Counterfactual Explanations for Image Data

While counterfactual explanations have beenmainly explored in the context of tab-
ular data, recent years have witnessed increasing efforts to adapt these methods to
high-dimensional domains such as images (Akula et al. 2022; Augustin et al. 2022;
Vandenhende et al. 2022). In this setting, a counterfactual explanation for an input
image 𝑥 ∈ R𝐻×𝑊×𝐶 of height 𝐻, width𝑊 , and 𝐶 channels takes the form of a per-
turbed version 𝑥∗ that leads a predictive model 𝑓 to change its output to a desired
class 𝑦, while remaining similar to the original image. Unlike tabular data, there
is no commonly accepted formalization for counterfactual generation in images.
However, most approaches agree conceptually on two fundamental components: a
classification loss, ensuring that the generated counterfactual achieves the desired
target prediction, and a distance measure, enforcing visual similarity to the orig-
inal image. For instance, OCTET (Zemni et al. 2023) explicitly formulates these
two objectives using a decision loss (𝐿decision) to drive the model towards the de-
sired prediction and a latent-space distance term (𝐿dist) tomaintain similarity to the
original image representation. However, having only loss and distance measures
leads to adversarial-like solutions that technically satisfy the optimization, but do
not give a meaningful explanation. To address these shortcomings, recent methods
incorporate additional constraints and regularizers. For example, Vandenhende et
al. (2022) introduced semantic consistency losses to ensure modifications are se-
mantically meaningful rather than arbitrary pixel-level perturbations. Similarly,
Charachon et al. (2022) and Singla et al. (2023) proposed a cycle-consistency loss
to preserve specific original image features, ensuring counterfactual transforma-
tions are minimal and reversible, enhancing interpretability and realism, particu-
larly relevant in medical contexts.

Therefore, let’s define a counterfactual objective functionwith threemain terms.
The goal is to find a modified image 𝑥∗ such that:

argmin
𝑥∗

Lcf(𝑥∗, 𝑦∗) +𝜆 · D(𝑥∗, 𝑥) + 𝛽 · R(𝑥∗), (2.3)

where:
• Lcf(𝑥∗, 𝑦∗) is the loss function encouraging 𝑓 (𝑥∗) = 𝑦∗, typically a cross-
entropy or classification loss.

• D(𝑥∗, 𝑥) is a similarity loss penalizing visual dissimilarity from the original
image.
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• R(𝑥∗) is a regularization term to enforce realism or prior knowledge (e.g.,
anatomical constraints).

Optimization: Given the importance of realism, generativemodels such as Vari-
ational Autoencoders (VAEs), Generative Adversarial Networks (GANs), and dif-
fusion models have become central to image counterfactual research. VAEs en-
code images into latent representations and seek nearby latent codes that decode
into realistic counterfactual images. VAEs have the advantage of disentangling fac-
tors of variation to some extent, so that specific latent directions can correspond
to human-interpretable changes. However, optimizing solely in latent spaces with-
out careful regularization can lead to unrealistic solutions outside the learned data
distribution.

GAN-based counterfactual methods take advantage of GANs’ ability to gener-
ate high-fidelity images. A common approach involves finding latent codes cor-
responding to the input images, which are then modified to achieve the desired
predictions (Nemirovsky et al. 2022). In particular, conditional GAN methods
(cGAN) allow for generating localized modifications through learned masks or
residual generators (Chang et al. 2018). Charachon et al. (2022) and Singla et
al. (2023) use cGAN models with a cycle-consistent loss function to introduce
reversibility constraints to ensure minimal and meaningful edits, preserving class-
related features while maintaining realism.

Advanced GAN architectures incorporate semantic constraints by explicitly
segmenting images into semantic or object-centric components, altering only the
relevant parts. Methods such asOCTET use object-centric latent representations to
ensure sparsity in changes (Zemni et al. 2023). Similarly, approaches like STEEX
use segmentation-to-image GANs to modify appearance features in specific re-
gions, preserving overall image structure (Van Looveren et al. 2021b).

Diffusion models are a recent generative approach explored for counterfactual
explanations. These models iteratively denoise images, guided by classifier gra-
dients to subtly push generated images toward desired predictions. For instance,
Jeanneret et al. (2022) introduced DiME, using classifier guidance during reverse
diffusion to gradually approach the decision boundary. Diffusion models have sta-
ble training dynamics and naturally allow diverse outputs due to their stochastic
sampling processes. They also support flexible conditioning, such as semantic or
textual guidance, enabling targeted counterfactual edits (e.g., medically meaning-
ful changes).

Another direction emphasizes explicitly interpretable semantic concepts or at-
tributes, rather than pixel-level modifications alone. Conceptual Counterfactual
Explanations (CCE), for instance, employ Concept Activation Vectors (CAVs) to
adjust image attributes that align closely with human understanding, such as ob-
ject textures or anatomical features (Akula et al. 2022). Such concept-based ap-
proaches are particularly advantageous in domains where interpretability at the
conceptual level significantly impacts practical decision-making. For example, to

35



explain why a model classifies an image as a “sparrow” rather than a “robin”,
their approach might find the head region of the bird in the image and replace it
with the head of a robin from another image; the modified image is then classi-
fied as a robin, showing that the head color was the discriminative feature. This
case-based technique yields a counterfactual that is itself a composite of real im-
age parts, maintaining realism and clearly pointing to the region that caused the
change. More generally, concept-based counterfactuals leverage interpretable fea-
tures such as “has stripes”, “wearing glasses”, or “dark background”.

2.4. Evaluation of Counterfactual Explanations

This section examines the main challenges in evaluating counterfactual explana-
tions and surveys existing methods used for their assessment.

2.4.1. Common quantitative metrics

Counterfactual explanations are typically evaluated using several quantitative cri-
teria. These criteria are based on assumptions that a good counterfactual should
successfully flip the model’s prediction (validity); require only minimal change
from the original instance (proximity and sparsity; correspond to a plausible and
realistic data point (Plausibility, constraint violation); if multiple explanations are
provided, offer diverse alternatives (diversity) (Guidotti 2022). Less frequently
considered, robustness reflecting the stability of explanations under small pertur-
bations, and fairness of explanations capturing whether explanations consistently
treat different groups equitably (Goethals et al. 2024; Jiang et al. 2024). We review
each of these metrics below.

By definition, a counterfactual explanation must achieve the desired outcome.
For instance, it should change the model’s prediction from a negative to a positive
decision. Validity (sometimes called success rate) checks whether the generated
counterfactual is indeed classified in the target class by the model (Guidotti 2022;
Karimi et al. 2022; Stepin et al. 2021; Verma et al. 2020).

Validity =
Number of successful counterfactuals

Total number of counterfactuals generated
∗100% (2.4)

Most counterfactual methods guarantee validity by construction, but in evalu-
ation, one may measure the fraction of test instances for which at least one valid
counterfactual can be found. This is often referred to as coverage. A higher cov-
erage or validity ratio indicates better performance.

Proximity similarly arises from the definition of counterfactual explanation.
Proximity measures the magnitude of the overall change between the original in-
stance and the counterfactual. Intuitively, the counterfactual should be as close as
possible to the original case to minimize the cost or effort of change. However, the
selection of distancemeasures for evaluation often appears arbitrary. Theweighted
𝐿1 norm is widely used for continuous features (Wachter et al. 2017), together with
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the 𝐿0 norm for categorical features (Guo et al. 2023; Mahajan et al. 2019; Mothilal
et al. 2020). Sometimes, multiple distances, such as Euclidean, Cosine, are used
in parallel with 𝐿1 for evaluation (Lucic et al. 2022), or diffusion distance is used
together with 𝐿1 (Domnich et al. 2024). Alternatively, Mahalanobis distance is
used (Kanamori et al. 2020) for both optimization and evaluation.

The most common TheWeighted L1 is defined by adjusting the L1 norm with
the inverse of the Median Absolute Deviation (MAD) for each feature to penalize
large deviations. The formula is given by:

𝐿1Wachter(𝑥, 𝑥′) =
𝑀∑︁
𝑖=1

( |𝑥𝑖 − 𝑥′
𝑖
|

MAD𝑖

)
(2.5)

where 𝑀 is total number of points, MAD𝑖 is the median absolute deviation of the
𝑖-th feature across the dataset, and 𝑥𝑖 and 𝑥′𝑖 are the values of the 𝑖-th feature in the
original and counterfactual instances, respectively.

L0 Categorical counts the number of altered features and is defined as:

𝐿0(𝑥, 𝑥′) = ∥{𝑖 | 𝑥𝑖 ≠ 𝑥′𝑖}∥0 (2.6)

indicating the count of non-zero differences between corresponding features of 𝑥
and 𝑥′.

While proximity deals with the amount of change, sparsity focuses on the num-
ber of features changed. A counterfactual is sparse if it alters only a few features
of the original instance, ideally the minimal subset needed to achieve the desired
outcome (Verma et al. 2020; You et al. 2023).

Not all mathematically valid counterfactuals make sense in reality. Plausibil-
ity measures how realistic or “data-like” a counterfactual is, given what is known
about the domain. A counterfactual is considered plausible if its feature values
represent a coherent, likely scenario (i.e., it lies on the data manifold of real in-
stances). One way to operationalize Plausibility is to measure the distance from
the counterfactual to the nearest data point in the training set, increasing the con-
fidence that it is realistic (Guidotti 2022). Sometimes different names are used for
this metric, such asCoherence, or connectedness (Rasouli et al. 2024), which also
refers to whether a counterfactual point belongs to the desired class or data distri-
bution. Some methods use density estimates or generative models. For instance,
computing the likelihood of the counterfactual under a generativemodel of the data
to create Interpretability Metrics (IM1 and IM2) proposed in (Van Looveren et al.
2021a), or applying outlier detection methods like Local Outlier Factor (Kanamori
et al. 2020). Directional coherence requires alignment with the marginal direction
of increased label likelihood (Domnich et al. 2024). In contrast, (Mahajan et al.
2019) opts for causal constraint satisfaction, focusing on the causal Plausibility
of counterfactuals rather than their statistical alignment. Clearly, there is no stan-
dardized approach to evaluating Plausibility in the field.
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Actionability evaluates whether the suggested feature changes in a counterfac-
tual are feasible for an individual to carry out in practice. Even a plausible coun-
terfactual might recommend changes to immutable or non-controllable attributes
(e.g., “change your age from 50 to 40”). To account for actionability, methods
typically define a set of actionable features or constraints (often based on domain
knowledge), indicating which attributes can be changed and in what direction or
range, and actionability is evaluated as constraints violation count (Mahajan et al.
2019).

Robustness, a less commonly used metric, assesses whether outcomes are con-
sistent under conditions of noise or following model retraining. This includes
evaluating counterfactual stability, Validity after Retraining (VaR), or justifica-
tion score (Guo et al. 2023; Jiang et al. 2024; Laugel et al. 2019b). There are also
specialized metrics, such as Value at Risk, that address specific risks (Wu et al.
2024).

Many counterfactual explanation methods can return not just one but several
alternative counterfactuals for a given instance. For such cases, it is important to
evaluate diversity. Diversity measures the extent to which these multiple expla-
nations differ from one another. To quantify diversity, researchers often compute
pairwise distances between all counterfactuals in the set and take an average (the
larger this average distance, the more diverse the explanations) (Ley et al. 2022;
Mothilal et al. 2020; Rasouli et al. 2024).

2.4.2. Qualitative user studies

While quantitative metrics are commonly employed to assess counterfactual ex-
planations, incorporating qualitative user studies is crucial for capturing subjec-
tive human preferences and perceptions (Keane et al. 2021a; Kirsch 2017; Longo
et al. 2024). However, surprisingly few studies have included user evaluations. A
survey of counterfactual methods Keane et al. (2021a) found that only 21% out
of 100 surveyed studies had performed user tests of the specific counterfactual
algorithm. Furthermore, many of those studies test the use of counterfactual ex-
planations vs no-explanations rather than comparing different methods, leaving
only 7% of papers that report user evaluations for benchmarking between different
counterfactual algorithms.

Recent user studies, primarily conducted on tabular data, provided insights into
user perceptions and the effectiveness of counterfactual explanations. For example,
Warren et al. (2022) compared counterfactual and causal explanations in a study
with 127 participants, finding that counterfactual explanations enhanced both pre-
diction accuracy and subjective satisfaction and trust, particularly for categorical
features. Similarly, Bove et al. (2023) investigated interface design with multiple
counterfactual examples, demonstrating that presenting plural explanations sig-
nificantly improved user understanding and satisfaction in a lab study involving
112 participants. Förster et al. (2021) assessed the coherence of counterfactual ex-
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planations with 46 participants, concluding that coherent explanations effectively
explained realistic scenarios. Spreitzer et al. (2022) evaluated practicality per-
ceptions of two counterfactual explanation methods with 135 participants, noting
variations in perceptions depending on the classification tasks involved. Ghaz-
imatin et al. (2020) further examined the practicality of explanation through an
online study involving 500 participants, highlighting the importance of minimal
and actionable counterfactuals.

In non-tabular domains such as image and multimedia tasks, user studies have
also provided valuable insights. Akula et al. (2022) benchmarked different coun-
terfactual algorithms using image data, measuring justified trust and explanation
satisfaction. Goyal et al. (2019) introduced visual counterfactuals for image-based
Question Answering (QA) and found that these counterfactual images improved
participants’ task accuracy compared to no explanations.

Textual and other domains have seen fewer qualitative evaluations that specif-
ically target counterfactual explanations. One of the exceptions is Tešić et al.
(2022), which investigated the cognitive impacts of counterfactual explanations on
participants’ causal beliefs in AI predictions through multiple controlled experi-
ments. This research highlighted how counterfactual explanations might influence
user beliefs, underscoring the importance of studying cognitive and psychological
effects beyond only task performance.

Generally, user studies evaluating AI explanations often emphasize limited di-
mensions, typically user satisfaction and trust in the system that generates the ex-
planations (Mueller et al. 2019). Such a narrow focus often overlooks broader
explanatory qualities, relying on assumptions about human preferences that may
not always reflect genuine user satisfaction. Psychological research emphasizes
the context-dependent nature of human preferences, influenced by factors such as
presentation style and cognitive biases, especially when users lack well-defined
preferences (Covell 2019; Tversky et al. 1993). Consequently, user studies that do
not account for explanatory dimensions in a comprehensive way risk providing an
incomplete understanding of human judgment. Thus, significant gaps remain in
identifying which explanatory features are most crucial to users.

39



3. ENHANCING COUNTERFACTUAL ALGORITHM
(PUBLICATION I)

3.1. Introduction

This chapter introduces the first contribution of this thesis, which addresses RQ1:
Canwe extractmore feasible and coherent explanations compared to existingmeth-
ods? Specifically, we enhance a counterfactual explanation algorithm by integrat-
ing human cognitive preferences. We focus on two shortcomings in existing tech-
niques: feasibility (Poyiadzi et al. 2020) and coherencewith human reasoning (Keil
2006; Miller 2019).

To tackle feasibility, we rethink the concept of proximity by redefining what
it means for a counterfactual point to be “close” in a realistic sense. We achieve
this by employing diffusion distance, which considers feasible transitions within
the data manifold. Furthermore, to improve coherence with human reasoning,
we introduce directional coherence, which ensures that suggested counterfactual
changes align with realistic feature-outcome relationships and thus better reflect
real-world causal constraints.

3.2. Motivation

Counterfactual explanations are essential tools in XAI for explaining model de-
cisions by answering the question “What should be the minimum input change
in order to flip the decision outcome?”. Central to the concept and definition of
counterfactual explanations is the notion of distance, which determines how min-
imal or realistic such changes are. Most counterfactual algorithms rely on either
weighted L1 (Mothilal et al. 2020; Wachter et al. 2017), or L2 distance (Parmen-
tier et al. 2021), or their Elastic net combination of L1, L2 (Van Looveren et al.
2021a), or in fewer cases, Mahalanobis distance (Kanamori et al. 2020), often
without explicitly considering how well these distances reflect the underlying data
structure and intended counterfactual usage. On the latter point, different types of
use cases for counterfactual explanations include: 1) debugging models to iden-
tify whether spurious correlations influence the decision boundary or whether the
model relies on biased features; 2) supporting actionability by proposing realis-
tic changes that the explainee can make. For the second purpose, counterfactuals
must be reachable from the original instance via feasible paths in the data mani-
fold, suggesting realistic transitions and trajectories. The FACE method (Poyiadzi
et al. 2020) introduced feasibility constraints using k-NN graphs and Dijkstra’s
algorithm, ensuring counterfactuals follow paths through actual data points. How-
ever, FACE’s reliance on existing data points and direct shortest paths limits its
applicability, especially in high-dimensional or sparse datasets. Traditional ap-
proaches often generate counterfactuals in low-density, unrealistic regions, failing
to reflect genuine actionable possibilities. Motivated by this gap identified in RQ1,
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we employ diffusion distance, which enhances feasibility by identifying shortest
transitions through multiple realistic paths within the data distribution. Unlike Eu-
clidean metric, diffusion distance prioritizes transitions between data points that
are interconnected by many short paths, bringing closely connected points nearer
in distance. This ensures that counterfactual suggestions lie within denser, more
realistic regions that accurately reflect the underlying data manifold.

Additionally, human reasoning inherently expects explanations to be both in-
ternally and externally coherent (Zemla et al. 2017). Cognitive science research
emphasizes that effective explanations follow intuitive principles of causality and
consistency (Rasouli et al. 2024). In practice, this means the reasoning in an ex-
planation should not conflict with itself or with general causal knowledge. We
observed that most methods, if they consider coherence, model it primarily in
terms of feature distributions, often overlooking coherence concerning the label or
outcome itself. For example, people find it counterintuitive if a loan approval ex-
planation suggests increasing the applicant’s income and simultaneously decreas-
ing a co-applicant’s income. It sounds conflicting, since decreasing co-applicant’s
income does not “fit the causal mechanisms we expect, connecting to a goal or
purpose we understand” (Keil 2006). While such a data point exists in the data,
it represents an undesirable direction for an explanation if actionability is priori-
tized. Keil emphasizes that it is enough for an explanation to be considered good
simply because it is faithful to the model, because it should help the user to under-
stand the decision. Inspired by this intuition of fitting counterfactual explanation
to the goal and not contradicting known positive influences, we propose the notion
of directional coherence, to ensure counterfactuals align with expected marginal
feature effects on predicting the desired class. Therefore, addressing the coherence
aspect of RQ1, specific feature changes should consistently drive the prediction in
a predictable direction, and counterfactuals should respect these intuitions.

3.3. Main findings

Through empirical evaluation, we demonstrate the potential of integrating diffu-
sion distance and directional coherence into the counterfactual explanation search,
resulting in the creation of the CoDiCE (Coherent Directional Counterfactual Ex-
plainer) framework. We benchmarked CoDiCE against several established meth-
ods (DiCE, FACE, Prototypes, Growing Spheres) across multiple datasets (Dia-
betes, Breast Cancer, Adult Income, German Credit, COMPAS, and Energy Con-
sumption) for both classification and regression tasks. Detailed findings are pre-
sented in the following sections.

3.3.1. Feasibility with Diffusion Distance

Diffusion distance is introduced as a means to ensure counterfactuals are plausible
and lie on a feasible path within the data manifold. Unlike simple Euclidean dis-
tance, diffusion distance considers the connectivity of data points, effectively ac-
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counting for multiple short hops through high-density regions instead of a straight-
line jump through space.
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Figure 3: Counterfactual search on synthetic datasets with 𝐿1 (left: a, c) and dif-
fusion distance (right: b, d) (Domnich et al. 2024).

Formally, diffusion distance can be defined between two points 𝑥 and 𝑦 at time
𝑡 as:

𝐷diff(𝑥, 𝑦, 𝑡)2 =
∑︁
𝑧

(𝑝𝑡 (𝑥 |𝑧) − 𝑝𝑡 (𝑦 |𝑧))2
𝜙0(𝑧)

, (3.1)

where 𝑝𝑡 (𝑥 |𝑧) represents the probability of transitioning from point 𝑧 to 𝑥 in 𝑡 steps
following a diffusion process (random walk on the graph), and 𝜙0(𝑧) is the sta-
tionary distribution of the diffusion process at point 𝑧. We used diffusion distance
with Self-Tuning Kernel, which is used for local scaling to adjust dynamically to
the variance in the data.

Figure 3 provides a visualization: using diffusion distance for counterfactual
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search avoids traversing low-density (sparse) regions that would lead to unrealistic
instances for synthetic datasets (S-shape and swiss roll). Instead, it finds pathways
through the dataset that connect the original instance to a plausible counterfac-
tual. This approach is akin to exploring a map of the data: even if two points
are not directly neighbors, there may exist a series of small steps (intermediate
data points) linking them. Diffusion distance leverages this by bringing closely
connected points nearer in the distance metric, meaning a counterfactual is con-
sidered “closer” if you can travel to it via many short jumps through actual data
points. In practical terms, a counterfactual generated with this method respects
the underlying data distribution – for example, in a health dataset, suggesting a
gradual change (through realistic intermediate health states) rather than an abrupt,
implausible leap. By using diffusion distance, the counterfactual search identifies
transitions that are more feasible and actionable in reality. This results in coun-
terfactual explanations that make sense from the perspective of data geometry and
represent the realistic scenarios a person could take.

3.3.2. Formal Definition of CoDiCE counterfactual algorithm

We denote by 𝑓 a trained predictor function that maps the input space X to the
output space Y, i.e., 𝑓 : X →Y. Given a factual point or the original input point
𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) ∈ X ⊆ R𝑛, our objective is to identify a counterfactual point
𝑥∗ = (𝑥∗1, 𝑥

∗
2, . . . , 𝑥

∗
𝑛) ∈ X ⊆ R𝑛 that yields the desired label 𝑦 while minimising a

weighted sum of diffusion distance, sparsity, and directed coherence penalties. The
optimization problem is defined as follows:

𝑐 = argmin
𝑥∗

(
loss( 𝑓 (𝑥∗), 𝑦) +𝜆1diffusion_dist𝑐𝑜𝑛𝑡 (𝑥∗, 𝑥) +𝜆1𝑑𝑖𝑠𝑡𝑐𝑎𝑡 (𝑥∗, 𝑥)

+𝜆2sparsity(𝑥∗, 𝑥) +𝜆3(1−dcoherence(𝑥∗, 𝑥))
)

(3.2)

where:
• loss( 𝑓 (𝑥∗), 𝑦) is the loss term that checks if the counterfactual outcome is
equal to the desired outcome. We utilize commonly used loss measures,
hinge-loss for classification and mean squared error for regression.

• diffusion_dist(𝑥∗, 𝑥) quantifies the diffusion distance between the original
point 𝑥 and the counterfactual point 𝑥∗.

• dist𝑐𝑎𝑡 (𝑥∗, 𝑥) quantifies the distance between categorical features with 𝑙0
norm weighted by number of categories.

• sparsity(𝑥∗, 𝑥) computes the 𝑙0 distance to count the number of features that
have been modified.

• dcoherence(𝑥∗, 𝑥) assesses the directional coherence by aligning the joint
direction of the counterfactual point with its marginals. Since we are in-
terested in minimizing the objective function, we take the penalty measure
(1−dcoherence).
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The terms are weighted by hyperparameters 𝜆1, 𝜆2, and 𝜆3, which can be adjusted
or set to 0 if a particular constraint is not applicable.

Mathematically, we formulate directional coherence as a term that quantifies
the preference for alignment between joint and marginal directional changes in the
feature space necessary to achieve a counterfactual outcome. For clarity, we intro-
duce here the case of a classifier. The corresponding formulation for a regression
model is a straightforward extension.

As for directional coherence, the goal is to evaluate the coherence of the tran-
sition from 𝑥 to 𝑥∗ in achieving a specified outcome label 𝑦 with a set of expected
marginal transitions:

{𝑥𝑖 → 𝑥′𝑖 | 𝑓 (𝑦 |𝑥1, 𝑥2, . . . , 𝑥′𝑖 , . . . , 𝑥𝑛) ≥ 𝑓 (𝑦 |𝑥1, 𝑥2, . . . , 𝑥𝑖 , . . . , 𝑥𝑛) ,1 ≤ 𝑖 ≤ 𝑛}.

Although marginal transitions are typically derived from the model, user-specified
marginal transitions, when provided, will take precedence over those suggested by
the model.

Then, the Directional Coherence score counts the number of features which
have aligned marginal (′) and joint (∗) directions to increase the model’s prediction
probability towards the desired outcome y:

𝑑𝑐𝑜ℎ𝑒𝑟𝑒𝑛𝑐𝑒 =
1
𝑛

𝑛∑︁
𝑖=1

sgn
( (
𝑥∗𝑖 − 𝑥𝑖

) (
𝑥′𝑖 − 𝑥𝑖

) )
. (3.3)

3.3.3. Directional Coherence

Directional coherence ensures that recommended feature changes in a counterfac-
tual align with intuitive and learned relationships. It helps to avoid contradictions
with known patterns of individual feature influence on the prediction.

Figure 4 illustrates this concept: an input point (Class 1) has two possible coun-
terfactuals (CF1 and CF2) that are at equal distance from it, aiming for Class 2.
The data trend indicates that increasing Feature 1 and Feature 2 correlates with
a higher probability of Class 2. Consequently, CF2 (which increases both fea-
tures) is directionally coherent, while CF1 (which decreases Feature 1) is not, as
CF1’s change goes against the expected effect of Feature 1. Enforcing directional
coherence means the counterfactual search favors solutions like CF2, where the
joint changes in features agree with their individual positive contributions to the
outcome. This leads to explanations that make intuitive sense (e.g., “increase in-
come to improve loan approval odds” rather than suggesting a decrease) and avoids
counterintuitive recommendations. By aligning counterfactual changes with the
model’s marginal feature effects, the explanations remain consistent with human
expectations of causality (with respect to output) and the monotonic influence of a
feature. Essentially, the directional coherence bias steers the explanation towards
what a human would consider an intuitive direction of change for achieving the
desired outcome.
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Figure 4: Illustration of Directional Coherence in Counterfactual Analysis. For an
input point in Class 1, two counterfactual points 𝐶𝐹1 and 𝐶𝐹2 are at equal dis-
tances. 𝐶𝐹1 is deemed incoherent as it suggests decreasing Feature 1, contrary to
its expected effect on increasing the probability of Class 2. While 𝐶𝐹2 aligns the
direction of feature changes with the joint effect, resulting in a coherent counter-
factual (Domnich et al. 2024).

3.3.4. Benchmarking Against Existing Methods

We benchmarked our method, CoDiCE, against several well-established coun-
terfactual explanation algorithms, including DiCE (Mothilal et al. 2020), FACE
(Poyiadzi et al. 2020), Guided Prototypes (Van Looveren et al. 2021a), and Grow-
ing Spheres (Laugel et al. 2018). The benchmarking was conducted across widely-
used datasets in counterfactual explanation literature (Pawelczyk et al. 2021; Ra-
souli et al. 2024) representing diverse real-world contexts: continuous-feature clas-
sification tasks (Diabetes, Breast Cancer; Table 1), mixed-type classification tasks
(Adult Income, German Credit, COMPAS; Table 2), and rarely covered in litera-
ture regression task (Energy Consumption; Table 3). Diabetes and Breast Cancer
datasets were chosen due to their continuous features and clear interpretability of
feature changes in healthcare applications. Adult Income, German Credit, and
COMPAS datasets represent mixed-type feature challenges, reflecting common
scenarios in fairness-sensitive applications. The Energy Consumption dataset pro-
vided a regression setting representative of real-world application scenarios where
gradual actionable changes are crucial, further validating CoDiCE’s applicability
across varied real-world problems.

We assessed the algorithms using standard metrics, such as validity and prox-
imity (distance measures), for comparability with established methods. Moreover,
we added our novel metrics: diffusion distance and directional coherence to evalu-
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ate feasibility and coherence improvements, as well as their trade-off. To isolate the
contributions of diffusion distance and directional coherence, we implemented two
variants of CoDiCE: one utilizing classical weighted 𝐿1 distance (CoDiCE𝐿1) and
another employing diffusion distance (CoDiCEdiff), both integrating directional
coherence. The results are presented in Tables 1 3. In the paper, we employed
ablation experiments as well, zeroing each term of formula (*) separately. Hyper-
parameter values for both algorithms were set based on preliminary grid searches
and pilot experiments designed to balance sparsity, coherence, and feasibility. The
final chosen hyperparameters 𝜆1 = 0.5, 𝜆2 = 0.5, and 𝜆3 = 0.5 reflected a practical
trade-off between competing objectives, confirmed via ablation studies Publication
I, Section 5.3.

Table 1: Evaluation metrics comparison for datasets with continuous features
(Domnich et al. 2024).

Dataset Metric Validity ↑ Diffusion ↓ L1 continuous ↓ DCoherence ↑

Diabetes

CoDiCEdiff 100% 0.38 ± 0.22 1.11±0.53 0.64±0.15
CoDiCE𝐿1 100% 0.72±0.45 0.29 ± 0.16 0.76±0.16

DiCE 54% 1.62±0.73 1.10±0.34 0.68±0.13
FACE 70% 1.64±0.67 1.08±0.36 0.72±0.14

Prototypes 26% 2.18±0.88 2.12±0.61 0.84 ± 0.07
GS 100% 0.67±0.31 0.39±0.19 0.57±0.12

Breast Cancer

CoDiCEdiff 60% 2.87±1.21 2.18±0.39 0.78 ± 0.10
CoDiCE𝐿1 60% 2.62±1.07 1.22±0.37 0.67±0.09

DiCE 46% 2.13 ± 0.87 0.97 ± 0.28 0.72±0.08
FACE 63% 2.91±1.08 0.98±0.38 0.74±0.10

Prototypes 31% 4.72±0.45 2.22±0.37 0.79 ± 0.01
GS 100% 2.25±1.31 0.47±0.28 0.58±0.08

The key empirical findings of this benchmarking are the following. CoDiCE
consistently outperformed other methods in generating valid counterfactual expla-
nations. For instance, on the Diabetes dataset, CoDiCE achieved 100% validity,
significantly surpassing methods like DiCE (54%) and FACE (70%). Similarly, on
challenging datasets such as German Credit and COMPAS, CoDiCE maintained
validity (100%), highlighting its robust and effective search capability even under
stricter feasibility constraints. For instance, even though prototype-based explana-
tions had high coherence, they suffered low validity, 18% (few of their suggestions
actually changed the prediction).

As anticipated, each algorithm naturally minimized the distance metric for
which it was explicitly optimized. We observe that CoDiCEdiff reports consistently
lower diffusion distances, indicating that the generated explanations remainedwithin
well-connected regions of the data distribution. For continuous features in Table 1,
for instance, the Diabetes dataset, CoDiCEdiff significantly improved upon DiCE,
FACE, Prototypes (Wilcoxon signed-rank test with all 𝑝 < 0.013), while achieving
comparable performance to GS (𝑝 = 0.31). For the L1 continuous distance metric,
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Table 2: Evaluation metrics comparison across different frameworks for mixed
types features datasets (Domnich et al. 2024).

Dataset Metric Validity ↑ Diffusion ↓ 𝐿1 cont ↓ 𝐿0 cat ↓ DCoherence ↑

Adult

CoDiCEdiff 98% 0.001 ± 0.004 3.9±1.4 0.2±0.1 0.84±0.09
CoDiCE𝐿1 92% 0.005±0.013 1.1±0.6 0.4±0.1 0.82±0.08

DiCE 78% 0.005±0.011 1.2±0.6 0.1 ± 0.1 0.98 ± 0.02
FACE 82% 0.007±0.013 0.7 ± 0.3 0.5±0.2 0.81±0.11

Prototypes 19% 0.013±0.012 1.6±0.4 0.7±0.1 0.85±0.05

German

CoDiCEdiff 100% 4.3 ± 3.4 1.2±0.5 0.1 ± 0.1 0.93±0.04
CoDiCE𝐿1 100% 6.4±3.8 0.7 ± 0.4 0.1 ± 0.1 0.94±0.04

DiCE 49% 8.2±3.2 1.2±0.4 0.5±0.1 0.78±0.07
FACE 63% 7.6±2.4 1.0±0.4 0.5±0.1 0.79±0.07

Prototypes 34% 10.1±3.4 1.1±0.6 0.7±0.1 0.73±0.05

Compas

CoDiCEdiff 100% 0.03±0.05 5.2±1.9 0 0.92±0.08
CoDiCE𝐿1 100% 0.03±0.05 0.8 ± 0.4 0 0.93 ± 0.07

DiCE 49% 0.03±0.04 1.0±0.6 0.4±0.2 0.83±0.11
FACE 18% 0.04±0.06 1.2±0.6 0.5±0.2 0.79±0.11

Prototypes 18% 0.01 ± 0.01 1.3±0.7 0.6±0.1 0.76±0.09

Table 3: Evaluation metrics comparison across different frameworks for the En-
ergy consumption dataset (regression task) (Domnich et al. 2024).

Dataset Metric Validity ↑ Diffusion ↓ 𝐿1 continuous ↓ DCoherence ↑
Energy CoDiCEdiff 100% 0.005±0.03 0.52±0.33 0.67 ± 0.04

CoDiCE𝐿1 100% 0.003 ± 0.02 0.41 ± 0.26 0.63±0.11
DiCE 100% 1.64±2.21 0.51±0.47 0.62±0.11
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CoDiCE𝐿1 significantly outperformed all baseline methods (Wilcoxon 𝑝 < 0.001)
except GS, where the difference was not statistically significant (𝑝 = 0.089). In
contrast, directional coherence analyses showed that both CoDiCE variants sig-
nificantly surpassed GS on the Diabetes dataset, indicating better alignment with
human-intuitive feature changes (0.64±0.15 vs. 0.57±0.12, 𝑝 < 0.001).

Across mixed-feature datasets (Adult Income, German Credit, COMPAS; Ta-
ble 2), CoDiCE variants consistently demonstrated higher validity and improved
proximity compared to established methods. However, diffusion distance can be
lower when other algorithms find less valid counterfactual explanations, result-
ing in lower validity. For example, on the COMPAS dataset, the prototype-based
method obtained a diffusion distance of 0.01±0.01 (slightly lower than CoDiCE’s
0.03±0.05). Still, its validity was significantly lower (18% vs. 100%), suggesting
that this seemingly better performance in distance was partly due to the failure to
generate valid counterfactuals.

Regarding directional coherence, CoDiCE consistently showed higher DCoher-
ence scores, suggesting that its proposed feature changes aligned closely with ex-
pected causal directions and model-based feature effects. For example, if a feature
generally had a positive effect on the outcome, CoDiCEwas unlikely to suggest de-
creasing it as part of the counterfactual. Methods that did not explicitly incorporate
directional coherence (e.g., DiCE) occasionally suggested contradictory feature
changes, reflected in their comparatively lower coherence scores. For example, on
the Diabetes dataset, some DiCE-generated counterfactuals proposed to decrease
insulin level while simultaneously increasing BMI, a combination counterintuitive
to domain experts. Interestingly, prototype-based and FACEmethods occasionally
exhibited higher directional coherence scores compared to other baselines, likely
due to their implicit constraints (such as using autoencoders or graph-based ap-
proaches) ensuring proximity to realistic data points. This observation suggests
that directional coherence is indeed an independently important metric to assess
the interpretability and practical usefulness of counterfactual explanations.

Finally, for the regression task predicting energy consumption, both CoDiCE
variants demonstrated full validity (100%). They significantly improved upon
DiCE in terms of diffusion distance (0.005±0.03 and 0.003±0.02 vs. 1.64±2.21,
Wilcoxon p-values: 0.025 and 0.001, respectively). CoDiCE𝐿1 showed signifi-
cantly better diffusion distances than CoDiCEdiff (𝑝 = 0.016). Regarding L1 con-
tinuous distance, both CoDiCE variants significantly outperformed DiCE (0.52±
0.33 and 0.41 ± 0.26 vs. 0.51 ± 0.47, 𝑝 < 0.04). Additionally, both CoDiCE
variants have higher directional coherence compared to DiCE (0.67± 0.04 and
0.63±0.11 vs. 0.62±0.11, 𝑝 < 1𝑒−12), with CoDiCEdiff slightly outperforming
CoDiCE𝐿1 (𝑝 = 0.04).
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3.4. Summary and implications

By introducing diffusion distance as part of the counterfactual objective function,
we redefine the notion of proximity, making it more compatible with realistic fea-
sibility. This is particularly important in scenarios requiring multiple incremental
steps for realistic, actionable changes. Many real-world changes are incremental or
constrained. For example, improving one’s health status involves gradual lifestyle
changes, and altering creditworthiness takes a series of financial decisions over
time. A counterfactual that suggests a dramatic one-shot change (jumping to a
very different profile that a person cannot reach, such as participating in IRON-
MAN) is of little practical use. By modeling proximity through data connectivity,
diffusion distance guides explanations along feasible, step-by-step paths observed
in real data, which a person or system could actually take. This makes the re-
sulting explanations actionable. Therefore, enhancing trust by demonstrating that
the recommended changes are genuinely reachable, as they reflect the trajectories
observed in real data.

Directional coherence is particularly crucial in domains where human intuition
about feature influence is well defined (such as finance, healthcare, or legal deci-
sions). In these settings, users have strong expectations about which factors should
increase or decrease an outcome. Counterfactual explanations that run contrary to
such expectations (for instance, recommending a decrease in income to get a loan
approved) can lead to confusion or distrust in the AI system. By ensuring that
the explanation logic is consistent with known cause-and-effect relationships, we
make AI recommendations more acceptable and persuasive to humans. To achieve
this, users can explicitly define constraints that represent partial causal knowl-
edge, which take precedence in the counterfactual search. In cases where such
constraints are absent, directional coherence defaults to using learned marginal
feature influences. This cognitively inspired bias adds a layer of reliability, as
stakeholders can follow the reasoning without feeling that the model is behaving
oddly or against common sense. Additionally, directional coherence can act as an
independent metric. The search for effective qualitative metrics is an important
avenue of research, as the commonly used list of metrics is limited and does not
reflect complex needs for good explanations (Keane et al. 2021b).

While embarking on the road to enhancing counterfactual explanations algo-
rithms, we recognize several limitations. Calculating diffusion distance requires
access to training data for building a representative diffusion space andmay present
computational challenges. However, in many real-world scenarios, particularly
when explanations are generated by the same entity responsible for model train-
ing, having access to the training data is typically feasible and justifiable. Examples
include internal audits, debugging model decisions by data scientists, or regulated
environments (e.g., healthcare, finance) where full data transparency is legally re-
quired or operationally standard. As for computational complexity, diffusion dis-
tance is calculated once over the entire training set and does not significantly influ-
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ence inference time. Second, we acknowledge that our choice of evaluation met-
rics is biased by terms in the objective function. Overall, the field currently lacks
standardized evaluation practices, making algorithmic effectiveness commonly as-
sessed through quantitative metrics tailored to optimization terms (Guidotti 2022;
Kanamori et al. 2020; Verma et al. 2020). The best practice for evaluating coun-
terfactual explanations is to conduct thorough user studies alongside quantitative
evaluation metrics (Keane et al. 2021a). However, such user-centered evaluation
might unfairly advantage interactive algorithms capable of adapting to user pref-
erences, presenting a context-dependent bias. While the algorithm might prove
useful for respondents, it still represents a biased subpopulation. Therefore, in our
contribution, we focused on the algorithmic guarantee of effectiveness, leaving
counterfactual evaluation to the next contribution.

The primary practical impact of our algorithm has been demonstrated through
real-world deployments within the TRUST-AI (Transparent, Reliable and Unbi-
ased Smart Tool) platform, developed as part of theHorizon EUTRUST-AI project.
Feedback from industry partners in the energy and online retail sectors indicates
that counterfactual explanations incorporating diffusion distance and directional
coherence provided valuable and actionable insights for model developers and
decision-makers. The CoDiCE framework is publicly available on GitHub and
can be installed as a Python library: https://github.com/anitera/CoDiCE.
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4. EVALUATING COUNTERFACTUAL
EXPLANATIONS

4.1. Introduction

Although counterfactual explanations have become increasingly popular due to
their contrastive and actionable nature, evaluating the quality of counterfactual
explanations remains a significant challenge in the Explainable AI community,
primarily due to the lack of standardized benchmarks and the complex, subjec-
tive nature of explanatory qualities. To date, hundreds of algorithms have been
developed to generate counterfactuals, yet systematic evaluation practices are still
lacking (Keane et al. 2021a). Quantitative metrics (validity, proximity, sparsity)
overlook key human-centered aspects (Zemla et al. 2017), emphasizing algorith-
mic characteristics rather than user perspectives. While conducting user studies
is considered the gold standard, their high cost and time-consuming nature cre-
ate significant barriers to consistent and scalable evaluations. Moreover, different
subpopulations, expertise levels, temporal differences, and visualizations lead to
biases and inconsistent findings across studies, as well as reproducibility issues.

To address these challenges, this chapter introduces the CounterEval dataset,
a publicly available benchmark capturing human judgments of diverse counter-
factual explanations along multiple explanatory dimensions, including feasibility,
trust, consistency, completeness, complexity, fairness, understandability, and over-
all satisfaction. Using this dataset, we explore two central Research Questions:

1. RQ2aCan overall satisfaction with counterfactual explanations be predicted
from other explanatory qualities, and how do respondent backgrounds affect
such assessments?

2. RQ2b Can we mimic human evaluative judgments of counterfactual expla-
nations using Large Language Models (LLMs)?

4.2. Motivation

The challenge of evaluating explanation quality is common for the entire field
of XAI. Many researchers emphasized the need for better evaluation frameworks
(R. R. Hoffman et al. 2018, 2023; Longo et al. 2024; Rosenfeld 2021; Vilone et al.
2023). For example, Longo et al. (2024) stresses the lack of standardized assess-
ment methods for explanations. Traditional quantitative metrics may have theo-
retical advantages, but often do not translate into what humans consider a “good”
explanation. In practice, an explanation that is simply sparse or proximate to the
original input is not necessarily useful or understandable to a user. The efforts of
creating benchmarking datasets in XAI have mostly focused on feature attribution
or rule-based explanations, with little emphasis on counterfactual explanations.
For instance, Liu et al. 2021, XAI-BENCH is a collection of synthetic datasets
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created to benchmark feature attribution methods, or a more recent extended ver-
sion Sithakoul et al. 2024, Beexai. There are various natural language processing
benchmarking datasets, such as commonsense question answering (Rajani et al.
2019, CoS-E), or causal explanation benchmarks (Abraham et al. 2022, CEBaB),
or counterfactual explanations datasets (Kaushik et al. 2019, CAD), however, later
is designed to evaluate model robustness or causal understanding through counter-
factual training data rather than benchmarking explanation methods themselves.

To create a reliable benchmark, one should follow a gold standard of conduct-
ing evaluation via user studies. However another issue is even when user studies
are conducted (only 7% of papers according to Keane et al. 2021b), they ask only
cumulative metric of satisfaction or trust, which gives little insight what exactly
led to high scores in one or the other explanation, missing essential explanatory
virtues like consistency, feasibility, or fairness (Warren et al. 2023). This chapter
aims to highlight that capturing these varied “explanatory virtues” is essential for
user-aligned evaluation. Additionally, post-hoc explanation methods inherently in-
tertwine with the performance of the underlying predictive models, complicating
the assessment of the explanatory algorithm’s efficacy independently from model
accuracy. Consequently, human evaluations can merge intuitions about model cor-
rectness and explanation clarity, which requires carefully designed benchmark sce-
narios capable of isolating these aspects.

An additional motivation is the practical need to scale user evaluations, given
their inherent cost and resource requirements. Here, we explore if the growing
capabilities of LLMs might mitigate some of the constraints and replicate human
judgments.

The need for better evaluation frameworks in XAI has been emphasized by
many researchers (Keane et al. 2021a) (such as claiming that humans prefer sim-
ple, sparse explanations, conflicting with completeness and other findings where
people prefer more complex explanations)

4.3. CounterEval dataset for benchmarking counterfactual
explanation evaluation (Publication II, III)

To address the challenge of evaluating and comparing multiple counterfactual ex-
planation algorithms and better understand the nature of human satisfaction with
such explanations, we designed a diverse evaluation dataset of counterfactual sce-
narios CounterEval dataset (Domnich et al. 2024). First, we identified seven
dimensions relevant for assessing counterfactual quality: Feasibility, Consistency
(Coherence), Completeness, Trust, Understandability, Fairness, and Complexity
(see Table 4). The selection of these dimensions is grounded in cognitive science
literature on explanation quality (Keil 2006; Miller 2019; Zemla et al. 2017, and
others) and explained in detail in Publication II, Section “Dimensions of Explana-
tory Qualities”.

We carefully constructed 30 counterfactual scenarios explicitly varied across
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Metric and scale Description
Satisfaction
from 1 to 6

This scenario effectively explains how to reach a different
outcome

Feasibility
from 1 to 6

The actions suggested by the explanation are practical, re-
alistic to implement and actionable

Consistency
from 1 to 6

All parts of the explanation are logically coherent and do
not contradict each other

Completeness
from 1 to 6

The explanation is sufficient in explaining the outcome

Trust
from 1 to 6

I believe that the suggested changes would bring about the
desired outcome

Understandability
from 1 to 6

I feel like I understood the phrasing of the explanation well

Fairness
from 1 to 6

The explanation is unbiased towards different user groups
and does not operate on sensitive features

Complexity
from -2 to 2

The explanation has an appropriate level of detail and com-
plexity - not too simple, yet not overly complex

Table 4: Definitions of the evaluation criteria provided to the respondents in the
questionnaire with ranking scale (Domnich et al. 2025a).

these identified explanatory dimensions. To isolate the effects of individual met-
rics, most counterfactual explanations were generated using counterfactual expla-
nation algorithms (DiCE and CoDiCE), applied to standard benchmarking datasets
(Adult and Pima Indians Diabetes) commonly used for counterfactual evaluation.
However, to produce more extreme and illustrative cases for specific dimensions
(such as incompleteness or clear incoherence), some scenarios were manually
crafted. This approach allows participants to concentrate on assessing the quality
of explanations without being distracted by potential confusion over the features or
underlying model details. To cover every explanation quality sufficiently, several
sub-cases were considered, taking inspiration from the body of literature and a
nuanced understanding of metrics (R. M. Byrne 2023; R. R. Hoffman et al. 2023):

• Feasibility was manipulated by varying the magnitude of feature changes,
such as extreme or abnormal changes in continuous features (e.g., a large
increase in income from 1,000 to 1,000,000) or categorical features (e.g.,
abrupt jumps from “school” to “PhD”). We also considered the difficulty
of changing certain baseline values (e.g., changing from zero) to illustrate
practical challenges in implementing certain counterfactuals. Explanations
that do not meet this criterion have been shown to receive low ratings in
empirical studies (Butz et al. 2024; McCloy et al. 2000).

• Consistency (Coherence) was ensured by constructing scenarios where fea-
ture changes either positively correlated or deliberately contradicted each
other, following the notion of internal coherence as defined by Zemla et al.
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(2017). For instance, scenarios were created where two positively related
features (such as hours worked per week and income) either both increased
(coherent) or moved in conflicting directions (incoherent). Both continuous
and categorical features were systematically tested in various combinations.

• Completeness was managed by deliberately designing explanations to in-
clude varying numbers of features necessary for an outcome change, rang-
ing from minimal to fully comprehensive causal chains. In some scenarios,
intentionally incomplete explanations (omitting crucial intermediate steps)
were included to assess user sensitivity to missing causal links and the ne-
cessity of contextual domain knowledge. Given that people often fill logical
gaps based on context (Strickland et al. 2011), we preferred to omit multiple
intermediate steps rather than just one, in order to assess this compensatory
reasoning better.

• Complexity (Simplicity/Sparsity) was controlled by varying the number of
features modified in each explanation (R. R. Hoffman et al. 2018; Ramon et
al. 2021). We constructed explanations with different levels of complexity,
with some involving very few changes (simple/sparse) and others involving
multiple interconnected feature changes (complex).

• Trust was indirectly addressed by scenarios with varying degrees of plausi-
bility, achieved by designing counterfactuals with clearly actionable and re-
alistic outcomes, versus scenarios suggesting unrealistic or improbable out-
comes. Following Stepin et al. (2022), we evaluate the perceived credibility
of suggested changes.

• Fairness was varied by introducing sensitive or ethically controversial fea-
tures (such as age, gender, or marital status) into certain explanations, al-
lowing us to assess users’ reactions to counterfactuals perceived as biased
or discriminatory. While fairness has traditionally been approached as a
quantitative metric Ge et al. 2022, there remains limited understanding of
how it shapes users’ perceptions of explanation quality.

• Understandabilitywas not intentionally varied, serving instead as a compre-
hension check, given that not all participants were native English speakers.
This dimension is also referred to as Readability Stepin et al. 2022 or Com-
prehensibility Ali et al. 2023; Vilone et al. 2021 in the literature. Tomaintain
consistency, we deliberately avoided overly complex wording, ensuring that
all scenarios were uniformly clear and accessible. Ensuring participant un-
derstanding of the explanation was essential for evaluating more intricate
dimensions of explanation quality.

Another important considerationwas that all counterfactual scenarios suggested
positive directional changes from the original factual state, given that directional-
ity influences users’ perceptions (Kuhl et al. 2023). An example of a questionnaire
question can be found in Supplementary materials ofDomnich et al. (2025a): Ap-
pendix A, Table A.1.
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Data collection proceeded in three phases following ethical committee approval.
Initially, a pilot studywith 15 respondents provided critical feedback regarding sur-
vey length and content clarity. Given that the pilot survey took approximately one
hour to complete or sometimes even longer, we improved the questionnaire by re-
moving excessive text and simplifying definitions and scenario descriptions based
on the feedback. For instance, the metric initially named Coherence was renamed
to Consistency to avoid ambiguity and mixing different interpretations.

The main data collection phase involved an initial group of 100 respondents,
followed by a filtering step and a subsequent final phase involving 106 additional
respondents, bringing the total to 206 respondents. Each respondent evaluated the
scenarios according to the eight predefined evaluation metrics, including Overall
Satisfaction. Each metric was measured on Likert scales from 1 to 6, except Com-
plexity, which was rated from -2 (too simple) to 2 (too complex). The 6-point scale
was chosen based on evidence that participants often do not meaningfully distin-
guish between adjacent points on larger scales (e.g., 7-point or more), leading to
blurred responses and reduced data precision (Aybek et al. 2022). Moreover, an
even number of response options (which forces a lean toward either side) was used
to avoid the common tendency for participants to choose a neutral midpoint as a
cognitive shortcut, a behavior described by Krosnick (1991) and well known in
cognitive science, as it provides an easy way out to minimize effort. For data qual-
ity, participant eligibility criteria required respondents to be at least 18 years old
and fluent in English. Demographic data includes age range, education level, and
prior experience with machine learning, counterfactual explanations, or medical
background.

The resulting dataset, named CounterEval, consists of evaluations across the
eightmetrics by 206 respondents and is publicly available onHuggingFace (https:
//huggingface.co/datasets/anitera/CounterEval) and Zenodo (Domnich
et al. 2024), including demographic profiles of participants.

4.4. Human Rating Patterns of Counterfactual Explanations
(Publication II, III)

A thorough data quality analysis was conducted to filter out random responses,
a common issue in online surveys. Responses were reviewed based on a set of
exclusion criteria: failing attention checks, unusually short response times (av-
erage response time ∼42 minutes), an excessively low average Understandability
score, significant clustering of ratings (suggesting repetitive or non-discriminative
responses), and inconsistent answers to specific indicator questions (Domnich et
al. 2025a Appendix A, Table A.2). Upon analyzing the responses, 10 participants
who failed three or more of these criteria were excluded from the dataset. After fil-
tering out incomplete responses, we obtained a final set of 196 valid respondents,
each of whom evaluated all 30 scenarios, yielding a total of 5,880 ratings in our
analysis (30 scenarios × 196 participants).
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The analysis revealed that participants utilized the full range of scales, and sce-
narios elicited a broad spread of scores, indicating substantial variance in percep-
tion. The mean ratings per metric ranged from 3.0 to 4.8, with substantial standard
deviations, indicating substantial variability in human judgments (further details
are available in Publication II, Table 2). Figure 5 visually summarizes the distribu-
tion of responses for each explanatory dimension, categorized byOverall Satisfac-
tion level divided into three classes (low, medium, high), further showcasing the
spread of ratings. This visualization demonstrates the substantial variability and
nuanced differences in human evaluations across diverse scenarios and explana-
tory criteria. Therefore, these results highlight the potential of the CounterEval
dataset as a practical resource for benchmarking multiple aspects of counterfac-
tual explanations.

Another significant observation was the strong inter-metric correlation. Fig-
ure 6 shows that all metrics positively correlate (Pearson p-value < 10−4, after
Bonferroni correction for 28 pairs), except for the pair Complexity and Fairness,
which was the only non-significant association. The lack of correlation between
complexity and fairness may suggest that scenarios involving fairness did not vary
in complexity. Further analysis, as reported in Publication II, Figure 1, revealed
that most explanatory metrics tend to rise or fall together across scenarios. This
implies that raters who rated an explanation highly in one quality often rated it
highly in others, treating explanation quality holistically.

Furthermore, we performed an exploratory factor analysis to uncover latent
structures in the evaluation metrics. The Kaiser–Meyer–Olkin (KMO) measure
was 0.893, confirming sampling adequacy for factor analysis. The Bartlett test was
highly significant (𝜒2 = 28,150.28, 𝑝 < 0.001), confirming that the correlation ma-
trix is not an identity matrix. A three-factor solution emerged based on the eigen-
value “elbow” observed after the third factor, explaining approximately 65.9% of
the variance in ratings. The first factor accounted for about 40.5% of the variance
and showed high loadings from Feasibility, Consistency, and Trust (all loading co-
efficients above 0.75), suggesting a dominant dimension related to the practical
plausibility and reliability of the explanation. The second factor explained an ad-
ditional 16.4% of the variance and was mainly defined by Understandability (high
loading of ∼0.78) and, to some extent, Complexity, which loaded negatively on
this factor in the rotated solution. This indicates a dimension related to clarity or
cognitive complexity. The third factor contributed a further 9.0% of the variance
and showed moderate loadings from metrics such as Completeness and Fairness
(loadings ∼0.57), suggesting a smaller yet distinct dimension possibly related to
the breadth and ethical framing of the explanation. This factor structure reinforces
that while many metrics co-vary (factor 1 grouping actionability and trustworthi-
ness), certain aspects like complexity form an independent axis of quality.
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Figure 5: Per-metric distributions grouped by Satisfaction level (low, medium,
high). Each histogram is color-coded by the participant’s Satisfaction category,
illustrating how individual metrics vary across these categories (Domnich et al.
2025b).
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Figure 6: Spearman correlation table between metrics. The values for Complexity
were mapped linearly from the original [-2,2] scale to [1,6] to be in line with the
other metrics (Domnich et al. 2025a).

4.5. Predicting Overall Satisfaction from Explanatory Metrics
(Publication II)

In Publication III, we continued data analysis, this time delving deeper into the
relation of background data with participants’ evaluation patterns and explored
how well overall satisfaction with counterfactual explanations can be predicted
from other explanatory qualities (Feasibility, Trust, Consistency, Completeness,
Complexity, Fairness, and Understandability).

We conducted exploratory bi-clustering to uncover latent participant and sce-
nario patterns. Clustering revealed distinct groups of respondents (highly critical
vs. generally satisfied raters) and scenarios (consistently rated high or low across
multiple dimensions). Factor analysis suggested a latent structure with Feasibility,
Trust, Completeness, Consistency, and Fairness loading strongly onto one factor.
Complexity emerged separately, reflecting independent perceptions regarding ex-
planatory depth.

We found participants’ backgrounds significantly influenced satisfaction rat-
ings, with medical and machine learning expertise resulting in distinct evalua-
tion patterns (p-values: medical experience, 0.0162; machine learning experience,
0.0299). Age and education showed no statistically significant effect across bi clus-
ters (𝑝 > 0.05).

A central question is which of these explanatory qualities most strongly drives
users’ overall satisfaction and whether we can predict satisfaction from these di-
mensions. To answer this, we modeled Overall Satisfaction as a function of the
seven other metric ratings. We applied a standard multiple regression analysis,
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treating satisfaction scores (from 1 to 6) as a continuous outcome. The dataset
cube of 30 counterfactual explanations, 196 evaluations, each providing ratings
on seven explanatory metrics, resulting in 5880 total instances. For modeling, we
considered two data-splitting strategies: random split and question split. Random
split considers each question-metric pair independently and divides into a train/test
split randomly (80%/20%). In scenario-based split (question split), we assign the
entire scenario to either the training or test set, resulting in 24 scenarios (24×196 =
4,704 instances) for training and 6 scenarios (6×196 = 1,176 instances) for testing.

First, we applied Ordinary Least Squares (OLS) regression, which achieved
a high explanatory power (𝑅2 = 0.757, 5-fold cross-validated ±0.008). This indi-
cates that the selected explanatory metrics capture a substantial variability in over-
all satisfaction. In other words, the chosen explanatory metrics effectively capture
most of what makes a counterfactual explanation satisfying to users. Table 5 re-
ports coefficient estimates, where Feasibility (realism and actionability of the sug-
gested changes) and Trust (belief in the effectiveness of the changes) emerged as the
strongest predictors, each positively influencing satisfaction scores significantly
(𝛽 ≈ 0.36 each, 𝑝 < 0.001). Completeness also significantly contributed (𝛽 = 0.17,
𝑝 < 0.001). Although its coefficient is about half the magnitude of Feasibility or
Trust, Completeness still contributes meaningfully: users do appreciate when an
explanation provides a fuller picture, as long as it remains feasible and trustworthy.
The other metrics have smaller but still statistically significant coefficients: Con-
sistency (𝛽 = 0.07, 𝑝 < 0.001) and Complexity (𝛽 = 0.08, 𝑝 < 0.001) both have
mild positive effects on satisfaction. These indicate that users prefer explanations
that are logically consistent with the scenario and perhaps find slightly more com-
plex explanations (richer in detail) more satisfying than overly simplistic ones, as
long as complexity does not compromise clarity. The only metric that showed a
negative coefficient in the multivariate model was Understandability (𝛽 = −0.07,
𝑝 < 0.001). This result is expected as Understandability served as a comprehensi-
bility check, and we expect a high Understandability score even for an incoherent
explanation. Finally, Fairness had a very small positive coefficient (𝛽 = 0.07) that
did not reach statistical significance (𝑝 = 0.056). This borderline result implies
that, in our study, explicitly perceived fairness of an explanation had only a mi-
nor incremental effect on satisfaction once other factors were accounted for. Upon
further analysis, we observed that participants did not fully agree on what consti-
tuted fairness in those contexts. Furthermore, we conducted a follow-up modeling
excluding Feasibility and Trust. The model still explained 58% of variance, high-
lighting Completeness and Consistency as influential secondary factors. Notably,
after excluding two criteria, all other metric coefficients became significant with
Completeness (𝛽 ≈ 0.413) becoming the strongest driver, followed by Consistency
(𝛽 ≈ 0.322), Fairness (𝛽 ≈ 0.182), Complexity (𝛽 ≈ 0.096), and Understandability
remains negative (𝛽 ≈ −0.082).
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Table 5: OLS regression results modeling Overall Satisfaction. Reported are the
coefficient estimates, standard errors (SE), t-values, p-values, and 95% confidence
intervals (CI) for each predictor (Domnich et al. 2025b).
Predictor Coef. SE t-val p-val 95% CI
Intercept 0.1766 0.040 4.410 0.000 [0.098, 0.255]
Feasibility 0.3581 0.010 36.563 0.000 [0.339, 0.377]
Consistency 0.0665 0.010 6.347 0.000 [0.046, 0.087]
Completeness 0.1702 0.011 16.144 0.000 [0.150, 0.191]
Trust 0.3618 0.011 31.796 0.000 [0.340, 0.384]
Understandability −0.0690 0.010 −7.036 0.000 [−0.088, −0.050]
Fairness 0.0170 0.009 1.908 0.056 [−0.000, 0.034]
Complexity 0.0802 0.010 7.658 0.000 [0.060, 0.101]

Comparative analysis of machine learning models (OLS Regression, Decision
Tree, Random Forest) showed similar results, with Decision Trees performing
slightly better on random splits but demonstrating lower generalization to un-
seen scenarios, suggesting potential overfitting. Converting satisfaction scores into
three classes (low, medium, high), we applied Logistic Regression, Decision Tree,
and Random Forest classificationmodels. Decision Trees again exhibited the high-
est accuracy ( 78%) under random splits but lower stability on scenario-based splits
( 70%). Logistic Regression and Random Forest provided consistent, robust per-
formance ( 75% accuracy) across both splits. Further analysis using SHAP values
for less interpretable models, like Random Forest, indicated Feasibility and Trust
as dominant factors influencing class predictions, although Completeness, Con-
sistency, and Fairness were decisive for distinguishing between low and medium
satisfaction levels.

4.6. Mimicking Human Judgment Using LLMs (Publication III)

After filtering participant responses based on criteria described in Section 4.4, we
obtained averaged human ratings per scenario-metric pair, giving a data cube of
196 valid respondents for 30 counterfactual explanations with eight explanatory
metrics. In the survey, each metric was initially rated on a Likert scale from 1
to 6, except Complexity. To simplify ratings and improve LLM generalization,
these scores were grouped into three distinct categories: “low” (1–2), “medium”
(3–4), and “high” (5–6). Given recent advancements in the capabilities of LLMs,
we hypothesize that these models could reliably predict explanatory metric as-
sessments provided by humans. Thus, we framed this as a supervised three-class
classification task, in which an LLM, given a counterfactual explanation and the
corresponding metric question, predicts the appropriate categorical rating.

Figure 7 summarizes our methodological approach. The dataset annotated by
human respondents was partitioned into two types of experimental splits: metric-
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based and scenario-based (question-based). In the metric-based split, each metric
was equally represented in the test set, ensuring that LLMs could generalize across
metrics. On the other hand, the scenario-based split reserved entire counterfactual
explanations with their 8 metrics for testing, which checks the LLMs’ ability to
generalize to completely unseen explanations.

Figure 7: Pipeline for assessing LLMs’ ability to mimic human evaluations using
collected CounterEval dataset. Human respondents evaluated counterfactual ex-
planations that varied across multiple explanatory dimensions. These evaluations
were used to fine-tune and test several LLM models, comparing their predictions
to human judgments on a reserved test set (Domnich et al. 2025a).

For the LLM evaluation and fine-tuning, we selected three models: Llama 3.1
Instruct, Llama 3 Instruct, and GPT-4. GPT-4 was accessed via the OpenAI API,
while the Llama models were fine-tuned using the HuggingFace transformers li-
brary on HPC clusters equipped with NVIDIA Tesla A100 GPUs. To reduce mem-
ory usage during the fine-tuning process, we employed QLoRA. This method inte-
grates quantization with low-rank adapters through rank decomposition matrices,
which makes fine-tuning more efficient and feasible on available computational
resources.

The prompts for LLM training and testing were designed based on the orig-
inal human evaluation survey, consisting of two parts: system prompts and user
prompts (instructions were directly adapted from a questionnaire, a pair of factual-
counterfactual explanations). System prompts set the context for the LLM evalua-
tion task. We tested several variations for the system prompt (baseline, enhanced).
At the end, we used the prompt with an introduction to counterfactual explana-
tions, the specific metric definition, and the expected output format. As for the
user prompt, we directly adapted it from the questionnaire. It consists of a pair
of factual-counterfactual scenarios, and a rating instruction tailored for each met-
ric, e.g., “Please rate as ‘low’ (very infeasible), ‘medium’, or ‘high’ (completely
feasible), how feasible is this explanation?”

Tables 6 and 7 present the averaged performance over four runs for predict-
ing the averaged respondents’ estimation of each explanatory quality. In a zero-
shot scenario without fine-tuning, GPT-4 achieved an accuracy of 63%, signif-
icantly outperforming random guessing (33%), as confirmed by a binomial test
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(𝑝 < 0.001). However, fine-tuning improved model performance, with models
such as Llama 3.1 (8B parameters) and Llama 3 (70B parameters) reaching ac-
curacies up to 85%. Table 7 presents the performance of each metric individually
for the best-performing Llama 3 70B model.

Model
Metric Split Question Split

Zero- Fine- Zero- Fine-
shot tuned shot tuned

Llama 3 8B 0.48 0.80 0.45 0.77
Llama 3.1 8B 0.52 0.85 0.50 0.74

GPT-4 0.63 - 0.58 -
Llama 3 70B 0.57 0.85 0.59 0.81

Table 6: Accuracy for metric-based and question-based testing set across evaluated
LLMs. Scores averaged over 4 runs, highest score for each column highlighted in
bold (Domnich et al. 2025a).

Furthermore, we tested the ability of fine-tuned LLMs to mimic the judgments
of individual respondents. We clustered all responses in four clusters and selected
a random representative from each cluster. Table 8 demonstrates that fine-tuned
LLMs effectively captured individual rating patterns, achieving accuracies of up
to 90%. This finding indicates the potential feasibility of developing personal-
ized LLM-based evaluators. However, we observed variability across participants.
Specifically, predictions for Participant B were less accurate, reaching only 66%.
It is worth highlighting that baseline zero-shot predictions were also lower for this
participant compared to the other three, suggesting inherent complexity or incon-
sistencies in this individual’s rating patterns. This question brought an investiga-
tion of participants’ clusters and a comparison of demographic data, which we
discuss in the next section.

Metric
Metric Split Question Split

Zero-shot Fine-tuned Zero-shot Fine-tuned
Satisfaction 0.67 0.96 0.50 0.88
Consistency 0.58 0.83 0.83 0.88
Feasibility 0.79 0.96 0.54 0.67

Understandability 0.54 1.0 0.92 1.0
Fairness 0.50 0.83 0.67 1.0
Trust 0.50 0.67 0.50 0.50

Complexity 0.42 0.75 0.42 0.83
Completeness 0.33 0.83 0.33 0.75

Table 7: Evaluation of various metrics for Llama 3 70B Instruct model. The largest
improvements are highlighted in bold. Each of the accuracy scores is the average
score over 4 runs (Domnich et al. 2025a)
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Participant Zero-shot Fine-tuned
A 0.67 0.87
B 0.58 0.66
C 0.69 0.90
D 0.69 0.90

Table 8: Evaluation accuracy over all metrics for four participants that were se-
lected to represent different subgroups of participants (Domnich et al. 2025a).

4.7. Summary and implications

This chapter contributes to the evaluation of counterfactual explanations by in-
troducing CounterEval, a publicly available dataset consisting of over 200 hu-
man evaluations across multiple explanatory dimensions. It enables benchmarking
and comparison of counterfactual algorithms to improve standardized assessments
within the XAI community. The dataset is openly accessible for researchers and
practitioners viaHuggingFace (https://huggingface.co/datasets/anitera/
CounterEval). We invite researchers to expand it further.

Using the CounterEval dataset, two central research questions were addressed.
First, we demonstrated how Overall Satisfaction with explanations could be pre-
dicted from specific explanatory qualities such as Feasibility, Trust, Completeness,
and Consistency, and how these evaluations differ across respondent backgrounds
(Publication II). Second, we explored whether Large Language Models (LLMs)
could reliably mimic human evaluative judgments (Publication III). Our findings
emphasize the utility of these explanatory metrics in capturing nuanced human
preferences, but also highlight that some dimensions, such as Fairness and Com-
plexity, may require deeper conceptual clarification and operationalization in fu-
ture studies.

A critical insight from this work is the necessity of incorporating multiple ex-
planatory dimensions rather than relying solely on aggregatemeasures likeOverall
Satisfaction. Capturing diverse aspects such as Completeness, Consistency, Com-
plexity, and Feasibility allows for a more nuanced understanding of what users
value in explanations and can help guide the development of future counterfac-
tual methods. However, our results also caution against oversimplified interpreta-
tions, especially given the variability observed across demographic and experien-
tial backgrounds. The findings regarding demographic influences underscore the
critical need to tailor explanatory methods and evaluations to specific user groups,
rather than assuming universal evaluative standards.

Furthermore, the insights obtained regarding the relationships among explana-
tory metrics and their connection to overall satisfaction suggest avenues for de-
veloping improved quantitative evaluation methods. A better understanding of the
importance of different explanatory qualities can inform future efforts in crafting
more user-aligned evaluation metrics and enhancing the design of counterfactual
explanation techniques. Finally, the demographic insights emphasize the necessity
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of adapting explanatory methods to specific audiences.
Regarding RQ2b, our investigation demonstrates the potential of LLMs to com-

plement human evaluation bymimicking average human judgments. Achieved per-
formance with fine-tuned LLMs verify that they indeed can serve as scalable prox-
ies for human assessment. However, we acknowledge that LLM-based evaluations
should complement rather than replace human judgment entirely. The observed
variability in predicting individual participant ratings emphasizes that LLM-based
evaluations should be applied cautiously and critically, primarily in contexts where
large-scale human evaluations are infeasible. Fine-tuned LLMs, publicly available
on GitHub (https://github.com/anitera/CounterEval), can be used out of
the box for evaluating a counterfactual algorithm if the output is transformed to a
prompt.

Overall, these contributions underscore the need for comprehensive bench-
marking datasets and robust evaluation frameworks capable of assessing counter-
factual explanation methods independently from the predictive performance of the
underlying models. It is worth noting that despite a relatively substantial sample
size ( 200 respondents), our participant demographics may not fully represent di-
verse expert or cultural perspectives. For instance, domain experts in specialized
fields or users from diverse cultural backgrounds might rate explanations differ-
ently (as suggested by our cluster analysis). Moreover, explicitly including diverse
explanatory virtues in user studies provides valuable quantitative dimensions that
can enhance future explanation evaluations.
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5. COUNTERFACTUAL INPAINTING FOR MEDICAL
IMAGING (PUBLICATION IV)

5.1. Introduction

This chapter addresses the third research question of this thesis, RQ3: Can we ap-
ply counterfactual explanations to produce Weakly Supervised Semantic Segmen-
tation labels effectively?. Specifically, we explore the potential of counterfactual
explanations in medical imaging for Weakly Supervised Semantic Segmentation
(WSSS). We introduce a method called Counterfactual Inpainting (COIN), which
uses a generative adversarial network to inpaint regions of the classifier’s inter-
est to flip the prediction from positive (i.e., tumour is present) to negative (i.e.,
removing the tumour). The method can assist in medical diagnostics, where pro-
viding interpretation for the model is crucial for trustworthiness. But also to assist
segmentation by treating the difference between the original and counterfactual
images as a weak supervision signal. The method is evaluated on both synthetic
and Tartu University Hospital (TUH) real CT datasets and compared with several
attribution methods and the primary counterfactual method.

5.2. Motivation

Motivated by the exploration of whether counterfactual explanations can be effec-
tively extended beyond tabular data to address explainability challenges in com-
plex, high-dimensional medical imaging data to support high-stakes model deci-
sions, this investigation builds on several hypotheses. The first hypothesis is that
counterfactual explanations can provide better explainability compared to com-
monly used methods like Class Activation Maps (CAMs), such as GradCam (Sel-
varaju et al. 2017), ScoreCAM (H. Wang et al. 2020), LayerCAM, RISE (Pet-
siuk et al. 2018), etc. Despite their widespread adoption, CAM-based approaches
have significant limitations, as they typically highlight only the most discrimina-
tive image regions rather than capturing the entire object or pathology of interest
(Jeanneret et al. 2022). Additionally, research by Ghassemi et al. (2021) empha-
sized that CAM methods can produce saliency maps that appear unchanged even
when input changes significantly and alter model predictions, potentially mislead-
ing clinicians and offering a “false hope” of explainability rather than genuinely
interpretable insights. Such failure cases can mislead clinicians and are unlikely
to achieve the desired goals of trust and understanding of trained models. The
contrastive nature of counterfactual explanations directly addresses the decision
boundary: “if the feature were different, the diagnosis would flip”. It helps to gen-
erate explanations with a clear contextual boundary. Another study pointed out
that generating realistic counterfactual images led to better mental models, higher
satisfaction, and greater trust among medical practitioners, compared to highlight-
based explanations Mertes et al. (2022). Singla et al. (2023) pointed out that coun-
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terfactual explanations tend to surface features that are causally relevant to the
model’s prediction, as they perform a virtual intervention on the image to test the
model’s reliance on a feature. This kind of insight is invaluable in medicine: it
helps confirm whether the AI is focusing on true pathological signals (heart size,
costophrenic angle) versus spurious correlations. Moreover, counterfactual expla-
nations have an element of actionability or recourse, suggesting how a patient’s
data could be different for a favorable outcome. While not all suggestions are di-
rectly actionable (patients cannot simply change their anatomy), this format at least
frames explanations in terms of concrete changes.

The second hypothesis is that if counterfactual explanations indeed provide re-
liable and meaningful interpretations, they could also serve effectively as weak
labels for semantic segmentation tasks. WSSS is especially valuable in the med-
ical imaging context, where dense, pixel-level annotations from domain experts
are costly, time-consuming, and challenging to obtain. Medical scans, such as
CT images, require meticulous pixel-level labeling, often involving multiple an-
notators to reach consensus due to the high-stakes nature of medical decisions.
Given this resource-intensive process, the potential for automatically generating
weak segmentation labels from high-quality explanations offers a significant prac-
tical advantage. Instead of beginning annotation from scratch, annotators could
refine initial labels derived algorithmically, saving time and ensuring high-quality
annotations. This hypothesis was supported by the initial findings of Singla et al.
(2023), who demonstrated the feasibility of producing counterfactual explanations
for the lung cancer dataset using GANs. Their work showed that generative mod-
els could create realistic alternative versions of medical images to explain classifier
decisions. However, their approach required pre-existing segmentation masks dur-
ing training, which is conflicting with applicability in weakly supervised settings
where such masks are not available. Therefore, testing the possibility to generate
counterfactual explanations that preserve realistic abnormal images, preserving all
patient details, became the main challenge.

5.3. Counterfactual Inpainting Algorithm

The counterfactual inpainting approach is designed to produce weak segmentation
masks from a pre-trained classifier using a generative adversarial network. Fig-
ure 8 illustrates the method. Given an abnormal medical image, the COIN pipeline
first uses the classifier’s prediction to identify regions indicative of pathology. The
GAN then generates a counterfactual image by inpainting these pathological areas,
altering the classifier’s prediction from positive (pathological) to negative (nor-
mal). Computing the absolute difference between the original and the counterfac-
tual image provides a weak segmentation label of the pathological regions without
requiring explicit segmentation masks during training.

The method was developed starting from Singla et al. (2023) counterfactual
approach, but employing several improvements. The main difference is that to
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Figure 8: Overview of the counterfactual inpainting (COIN) pipeline. Given the
input image 𝑋 and black-box classifier 𝑓 that produces a classification label, the
image-to-image model (GAN) generates a counterfactual image 𝑋𝑐 𝑓 with 𝑦 = 0.
If 𝑋 is abnormal, it is expected that 𝑋𝑐 𝑓 no longer contains the abnormal part of
the input image. Computing the absolute difference of the original image 𝑋 and
counterfactual image 𝑋𝑐 𝑓 results in a weak tumor segmentation map (Shvetsov
et al. 2024).

apply counterfactual explanations for WSSS use, we have to eliminate the use of
segmentation labels within the algorithm itself. Over a series of experiments, mul-
tiple changes were added to the method. COIN uses perturbation-based GAN in-
tegrated with skip-connections, which improved the realism of generated images.
Skip-connections helped to preserve detailed spatial information by combining
feature maps from earlier layers with later layers.

The training objective of the COIN framework combines multiple loss terms to
ensure realism, classifier consistency, and spatial coherence in generated images.
The complete objective function for training GAN in COIN can be expressed as:

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆𝐺𝐴𝑁 𝐿𝐺𝐴𝑁 +𝜆 𝑓 𝐿 𝑓 +𝜆𝑖𝑑𝑡𝐿𝑖𝑑𝑡 +𝜆𝑡𝑣𝐿𝑡𝑣 , (5.1)

where each term addresses specific aspects of the counterfactual generation pro-
cess.

The GAN loss term 𝐿𝐺𝐴𝑁 ensures that the generated counterfactual images
remain realistic and indistinguishable from real medical images. The classifier
consistency loss 𝐿 𝑓 guarantees that generated counterfactual images effectively
flip the classifier’s predictions from abnormal to normal. The identity loss term
𝐿𝑖𝑑𝑡 preserves important structural details and ensures that minimal changes are
introduced to the non-pathological regions. Compared to Singla et al. (2023), we
removed the usage of segmentation labels for the identity term. Finally, the Total-
Variation (TV) loss 𝐿𝑡𝑣 is added to promote spatial coherence and reduce unrealis-
tic artifacts, resulting in smoother and medically plausible counterfactual regions.
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The total-variation loss term was not used in earlier approaches and was one of our
additions that considerably improved smoothness. The total-variation loss term is
defined as:

𝐿𝑇𝑉 (𝑋𝑐 𝑓 ) =
∑︁
𝑖, 𝑗

|𝑋 𝑖+1, 𝑗
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| + |𝑋 𝑖, 𝑗+1
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| (5.2)

5.4. Evaluation of Counterfactual Inpainting

We evaluated COIN using two datasets: the TotalSegmentator dataset, comprising
diverse CT scans with synthetic anomalies inserted into kidney regions; and the
TUH clinical dataset from Tartu University Hospital, consisting of 291 annotated
kidney tumor cases and 300 control scans. Both datasets were split into training
and validation subsets (80%/20%), with TUHdataset splits stratified by tumor size.
Figure 9 provides qualitative comparisons of the segmentation results produced by
different methods. COIN consistently outperformed traditional attribution meth-
ods such as ScoreCAM, LayerCAM, and RISE by accurately localizing patholog-
ical regions while significantly reducing false positives and missed detections in
both synthetic anomaly images and real tumor scans. By contrast, CAM-based
maps tend to miss parts of the abnormality (focusing only on the most salient por-
tion), and even the enhanced Singla et al. (2023) method with extra postprocess-
ing still produced lower fidelity outputs. COIN’s inpainting gives clear difference
maps that closely match the true abnormal regions, resulting in more accurate and
cleaner segmentation masks.

Table 9: Metric results for the attribution methods and the proposed counterfactual
inpainting pipeline on the TUH dataset. Since CAMs and RISE do not create
counterfactual images, FID and CVmetrics cannot be computed for these methods
(Shvetsov et al. 2024)

Datasets Methods FID ↓ CV ↑ IoU ↑
ScoreCAM - - 0.030
LayerCAM - - 0.026

TotalSegmentator RISE - - 0.397
Singla et al.* 0.047 0.998 0.445
COIN 0.003 0.997 0.646

ScoreCAM - - 0.293
LayerCAM - - 0.296

Tartu University Hospital RISE - - 0.294
Singla et al.* 0.203 0.992 0.352
COIN 0.036 0.980 0.432

Table 9 compares COINwith traditional attribution methods (ScoreCAM, Lay-
erCAM, RISE) and a re-implemented version of Singla’s counterfactual approach.

68



Figure 9: Visualization of the attribution and the counterfactual inpainting meth-
ods’ predictions on TotalSegmentator and TUH datasets. For each dataset, the
bottom row shows thresholded masks from saliency maps. For each mask, colors
represent outcomes in terms of true positive (green), false positive (red), and false
negative (yellow) predictions. Images are zoomed in for better clarity (Shvetsov
et al. 2024).

On the TotalSegmentator synthetic dataset, COIN achieved an Intersection over
Union (IoU) of 0.646, significantly outperforming the Singla et al. baseline (0.445)
and RISE (0.397). COIN also produced the most realistic counterfactuals, with a
Fréchet Inception Distance (FID) of 0.003 (where lower values are more realis-
tic). On the real tumor dataset (CT scans from Tartu University Hospital), COIN
achieved an IoU of 0.432, substantially higher than the attribution-based methods
(which achieved IoUs around 0.29–0.30). The next best method (the enhanced
Singla et al. counterfactual) reached 0.352 IoU. Counterfactual Validity (CV)
scores for COINwere close to 1 (0.997 on synthetic anomalies and 0.980 on real tu-
mors). This indicates that the generated counterfactuals almost always succeeded
in flipping the classifier’s prediction from “abnormal” to “normal”, confirming
that the inpainted regions effectively removed the pathological cues.
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5.5. Summary and implications

This work presents a generative counterfactual explanation method for weakly su-
pervised semantic segmentation in medical imaging called counterfactual inpaint-
ing. The COIN method builds on prior counterfactual algorithms by removing
the need for segmentation masks during training and introducing architectural en-
hancements such as a perturbation-based generator, skip-connections in the GAN,
and an added total-variation loss function term. The same counterfactual that ex-
plains “why the image was classified as abnormal” acts as a proxy segmentation
mask of where the abnormality is. COIN demonstrated performance gains over
existing attribution methods and a prior counterfactual approach that has access to
segmentation masks themselves, indicating that counterfactual explanations can
indeed serve a dual role as a form of weak supervision.

One important limitation to note is that the effectiveness of COIN depends on
the classifier’s performance, meaning that if the underlying classifier is poorly
trained or biased, the counterfactual generator will produce irrelevant regions.
However, such behavior can serve another purpose: to debug the classifier. During
initial replication of the Singla approach for the lung pneumonia detection dataset,
we observed the classifier with near-perfect performance. However, counterfac-
tual explanations produced X-rays that highlight arrows and marker letters “R” in
the corner of images. It turned out that the classifier, when trained on partial data,
was biased toward different markers that are present in the images. Jeanneret et al.
(2022) stresses that an effective visual explanation should consist of “semantically
meaningful perturbations” instead of arbitrary noise. The causal nature of these
explanations further increases user trust, as the reasoning becomes inspectable and
verifiable. A doctor can look at the counterfactual result and agree that, yes, if the
opacity in the X-ray were gone, the algorithm would have no reason to label it
pneumonia. This alignment between the logic of the model and the expectations
of the clinician builds confidence in AI. COIN was already used in a benchmark
of WSSS methods for Fibrotic Lung Disease (Yue et al. 2024), which could lead
to a broader adoption of counterfactual approaches by other fields.

Therefore, we highlight the relevance of counterfactual explanation for multi-
ple tasks, and we plan to explore the generalizability of COIN to other domains,
where obtaining pixel-level labels is challenging. This chapter demonstrates that
counterfactual explanations are not limited to post-hoc explainability and they can
actively contribute to model training, providing a weak supervision signal.
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6. DISCUSSION

This thesis has explored the generation, evaluation, and application of counterfac-
tual explanations through four distinct but interconnected studies. The main objec-
tive of the work is to align counterfactual explanations more closely with human
preferences by incorporating explanatory virtues, such as feasibility, coherence,
completeness, and others. In this discussion, we reflect on the broader implica-
tions of our findings, identify current limitations, highlight emerging trends, and
opportunities for future research.

RQ1: Can we extract more feasible and coherent explanations compared to
existing methods?. The first publication introduces the CoDiCE framework (de-
scribed in Chapter III), which proposes a novel counterfactual search approach by
integrating diffusion distance and directional coherence. Feasibility, as modeled
through diffusion distance, captures the realism of counterfactual transitions by
identifying paths that follow the data manifold. Rather than suggesting unrealis-
tic one-shot changes, this approach proposes feasible step-by-step modifications
that users might realistically act on. Directional coherence enforces alignment be-
tween the suggested feature changes and the feature trends learned by the model.
By preserving these marginal trends, explanations stay closer to human causal ex-
pectations. In cases where the user provides partial causal knowledge, these user-
defined constraints can override the marginal trends learned by the model. The
objective function then prioritizes user constraints where available and defaults to
marginal trends for features without explicit constraints. This is particularly im-
portant in domains like finance or healthcare, where explanations that conflict with
intuitive causal reasoning can undermine trust. We evaluated CoDiCE by bench-
marking it against several established counterfactual explanation algorithms, in-
cluding DiCE, FACE, Guided Prototypes, and Growing Spheres, across multiple
datasets with classification and regression tasks.

In the broader landscape of counterfactual explanation research, CoDiCE oc-
cupies a unique intersection between geometry-based feasibility and cognitively
grounded coherence. Existing feasibility-focused approaches (e.g., FACE (Poyi-
adzi et al. 2020)) model the data manifold but remain agnostic to intuitive causal
directionality, while coherence-aware approaches often rely on post-hoc plausi-
bility checks. CoDiCE integrates both constraints directly into the optimisation
process, aligning with emerging calls in XAI for algorithms that not only produce
technically valid counterfactuals but also adhere to the explanatory norms humans
expect (Longo et al. 2024). Notably, evaluation across classification and regression
contexts is relatively rare in counterfactual explanations.

However, includingmultiple objectives simultaneously introduces potential trade-
offs, as highlighted by ablation experiments. Given that there are multiple usages
for generating explanations, such as model debugging or suggesting actions based
on an explanation (as discussed in cognitive psychology and explanation theory
(Keil 2006)), it is advisable to weight biases differently across explanatory virtues,
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depending on the intended use. Future improvements could consider other dimen-
sions of human preferences, including completeness, fairness, and trust, as well as
incorporating uncertainty estimation and diversity. Multi-objective optimization
strategies can be employed to simultaneously optimize multiple criteria and find
Pareto-optimal solutions (Rasouli et al. 2024).

Directional coherence also proved to be an insightful metric for comparing
methods, with approaches that maintain alignment with the data distribution con-
sistently scoring higher. The search for evaluation metrics like directional coher-
ence reveals broader gaps in the evaluation of explainability. Commonly usedmea-
sures, such as validity, proximity, and sparsity, fail to capture the user-centered per-
ception of satisfaction and trust. The field lacks standardized metrics to evaluate
whether an explanation is good from a human-centric perspective. This recogni-
tion informed the motivation for creating the CounterEval benchmarking dataset
and tackling the challenge of evaluation from different angles.

In response to these gaps, Chapter IV introduces a CounterEval dataset of over
200 human-annotated counterfactual assessments rated across eight explanatory
dimensions. Compared to other surveys, in addition to collecting a perceived mea-
sure of overall satisfaction, we evaluated each counterfactual scenario with more
explanatory metrics (feasibility, consistency, completeness, fairness, trust, under-
standability, complexity). This approach allows a deeper understanding of how
different user groups approach counterfactual evaluation, supporting the view that
explanation evaluation must be multidimensional (Nauta et al. 2023).

RQ2a: Can overall satisfaction with counterfactual explanations be predicted
using human ratings of explanatory metrics?. In the second publication discussed
in Chapter IV, we modeled overall satisfaction from other metrics and identi-
fied feasibility (the actionability of suggested changes) and trust (the belief that
the changes would lead to the desired outcome) as the most important predic-
tors of overall satisfaction. However, when feasibility and trust are fixed, other
metrics play a significant role in explaining 58% of the variance. We also identi-
fied that certain demographic profiles, such as experience with machine learning
or a medical background, significantly influence ranking patterns. These find-
ings align with prior evidence that clinicians value more complex explanations,
as they confirm their causal beliefs and consequently reinforce trust in the system
(Barbu et al. 2025; Ghassemi et al. 2021). On the other hand, machine learning
experts, who understand the internal workings of algorithms, tend to display a
lack of trust in automation (Ehsan et al. 2024). This highlights a tension between
designing general-purpose explanations and tailoring them to specific audiences.
The dataset was deliberately constructed for general-purpose benchmarking and
did not require domain-specific knowledge. This design ensures accessibility but
limits direct generalization to specialized contexts, such as high-stakes medical
or legal decision-making. Furthermore, participants were recruited as members
of a general audience, and therefore did not reflect domain-specific expertise or
culturally diverse perspectives. Moreover, it is important to acknowledge that al-

72



though the 30 scenarios evaluated covered diverse explanatory virtues, they may
not fully capture the complete spectrum of real-world counterfactuals, particularly
in specialized domains. Future research should replicate and extend the dataset
for targeted domains, integrating culturally and professionally diverse participant
groups to capture the heterogeneity of explanatory preferences more effectively.

Methodologically, our approach lays the groundwork for developing quantita-
tive evaluation metrics that can predict overall satisfaction from more granular ex-
planatory dimensions. Such derived metrics could enable more standardized and
scalable evaluation of explanations while preserving sensitivity to human-centered
qualities. Establishing quantitative measures remains an important avenue for fu-
ture research, and the present dataset provides a foundation for these efforts.

RQ2b: Can large language models (LLMs) reliably estimate the quality of
counterfactual explanations bymimicking human judgment?. Recognizing the dif-
ficulty of conducting user evaluation at scale, in the third publication discussed
in Chapter IV, we attempted to evaluate these explanations using LLMs and fine-
tune them to mimic average human judgment as well as individual nuanced per-
ceptions, achieving 81%-90% accuracy depending on the split and setting. This
approach opens a possibility to of complementing counterfactual explanation eval-
uation with LLM acting as an expert approach.

However, the approach raises important ethical and methodological considera-
tions. LLMs may inherit or amplify biases present in human judgments, particu-
larly when trained on unbalanced or non-representative datasets. For instance, our
analysis found that human evaluators often correlate multiple explanatory metrics
together (e.g., associating high feasibility with high trust) and judge explanation
holistically, while non-fine-tuned LLMs tend to decouple them. Additionally, us-
ing LLMs without continuous monitoring or updating of training data can lead to
explanations optimized merely to satisfy model preferences rather than genuinely
improving relevance to human users.

Looking forward, as LLM capabilities continue to evolve, iterative retraining
with diverse data can enhance their ability to accurately mimic human evaluations,
and targeted fine-tuning for specific expert groups may further enhance their util-
ity. Nevertheless, it remains essential to emphasize that LLM-based evaluation
should complement, not replace, the nuanced insights provided by human evalua-
tors, especially when direct human evaluation is not readily accessible.

RQ3: Can we apply counterfactual explanations to effectively produce Weakly
Supervised Semantic Segmentation labels?. The fourth publication introduced in
Chapter V pushes counterfactual explanations beyond tabular data and tests its ap-
plication in the field of Weakly Supervised Semantic Segmentation. The COIN
framework uses GAN-based counterfactual inpainting for generating segmenta-
tion masks from a pre-trained classifier. By flipping classification outcomes (e.g.,
from abnormal to normal) and measuring the visual delta, COIN creates segmen-
tation maps that are both explanatory and functional. COIN outperforms both
CAM-based attribution methods and other counterfactual methods that require full
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supervision, showing that counterfactuals can be repurposed as training signals.
COIN was applied to the field of medical imaging (CT scans in particular) and val-
idated through experiments on synthetic datasets and clinical kidney tumor data
from Tartu University Hospital. The counterfactual inpainting approach aims to
save radiologists’ time and help to debug the classifier. Using counterfactual expla-
nations for model auditing can reveal if the classifier relies on spurious visual cues
(e.g., letter markers in pneumonia detection cases), which typical attribution-based
methods overlook (Ghassemi et al. 2021). Furthermore, the generated explanation
must be faithful to the model. It was observed that saliencymaps may work as edge
detectors, misleading users’ trust (Nauta et al. 2023). At the same time, the nature
of counterfactual explanations in COIN provides a stronger basis for faithfulness
than traditional attribution-based methods.

Nonetheless, the effectiveness of the counterfactual inpainting approach fun-
damentally depends on the quality and robustness of the underlying black-box
classifier. Classifier imperfections such as overfitting or out-of-distribution sam-
ples may directly compromise the quality of the generated segmentation masks,
and distinguishing problems arising from the classifier versus the generator re-
mains challenging within the current architecture. Therefore, an essential avenue
for future research includes integrating uncertainty estimation mechanisms into
classifiers to guide counterfactual generation processes. Additionally, exploring
architectures where classifiers share certain layers or parameters with the gener-
ator could further enhance both robustness and interpretability of the resulting
segmentation maps.

Positioned within the broader field, COIN contributes to ongoing efforts to
bridge explainability and weak supervision in computer vision, a relatively under-
explored intersection. Its results suggest that counterfactuals can serve as training
signals, enabling resource-efficient label generation for domains such as medical
imaging, where annotation is costly and requires specialized expertise. Extending
this approach to 3D modalities like MRI or volumetric CT represents a promising
next step.

Trends and Opportunities for Future Research

The implications of this work contribute to the ongoing debates in the field. The in-
terdisciplinary nature of explainability research introduces considerable confusion
regarding terminology, notation, and definitions. While this slows formalization
processes, it brings invaluable perspectives and a deeper understanding that ide-
ally result in methodological innovations. We argue that the alignment with human
cognitive preferences must be treated as a core design principle guiding counter-
factual algorithm search. However, explanation alignment with user preferences
should not be traded for faithfulness to the model. Altmeyer et al. 2024 argue that
plausibility and satisfaction may come at the cost of faithfulness, which can sat-
isfy user expectations, but misrepresent themodel’s logic. Additionally, Zhou et al.
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2023 highlights that overly sparse explanations may act as ethical smokescreens,
selectively highlighting unfair factors and concealing systemic bias, with Gilpin
et al. 2018 arguing that it is fundamentally unethical. Furthermore, our research
contributes to the demystification of the idea that humans generally prefer simple
and sparse explanations, which is prevalent in the field, despite psychologists and
cognitive scientists highlighting that it is not always the case (Hilton 1996; Keil
2006). Given the complexity of human explanation processes, it is important to
consider that their causal judgments are often biased by a tendency to assign blame
to abnormal factors (Kirfel et al. 2022). Therefore, generated explanations should
take into account not only participants’ backgrounds, but also their perceptions
of normality as well as the directionality of counterfactual generation (Kuhl et al.
2023).

Considering the broader context of model evaluation, it is important to note that
evaluating the satisfaction or convincingness of explanations based on user per-
ception differs fundamentally (sometimes even orthogonally Robnik-Šikonja et al.
2018) from evaluating their factual correctness. On the other hand, disentangling
whether the flaws in explanations stem from inherently flawed explanatory meth-
ods or from nonsensical relationships learned by models trained on problematic
data (“garbage in, garbage out”) remains challenging (Nauta et al. 2023). Given
all that, it is vital to build transparent explanation methods. Otherwise, we end up
building “black-box explanations” that themselves become black boxes with very
little idea how to evaluate them (Rudin 2019) faithfully.

At the time of writing this thesis, the latest main language models were GPT-
4.1, LLaMA 3.2, Gemini 2.0, Claude 3.5 Sonnet, Mistral Large 2, Grok-2, and
DeepSeek-V3. Given recent trends and especially increasing capacities of LLMs,
the field appears to bemoving from static post-hoc explanations toward interactive,
context-aware explanations. Systems like TalkToModel (Slack et al. 2023) produce
conversational models that can send a request to explanation modules (including
counterfactual explanations) and present in the form of a conversation. Further-
more, the integration of LLMs for evaluation explanations in our work, alongside
concurrent research De Bona et al. 2024, brings the discussion about the evolving
role of language models within human-in-the-loop. Traditionally, human-in-the-
loop approaches are favored due to their potential for increasing user satisfaction
and appropriately calibrated trust. However, Petsiuk et al. 2018 argues that taking
humans out of the loop makes evaluation more fair to the classifier’s view of the
problem, therefore, better revealing the internal logic of the classifier. Given these
considerations, introducing an LLM-in-the-loop paradigm could bring a promis-
ing middle ground. In this scenario, an LLM could serve as an independent or-
acle, assessing perceived metrics such as user satisfaction or trust. Miller 2022
argues about the necessity to distinguish between perceived trust as a subjective
feeling and demonstrated trust as observable behavior, also highlighting that re-
liance on self-reported measures of perceived trust can obscure genuine behavioral
trust outcomes, potentially leading to suboptimal calibration of trust. While per-
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ceived metrics by LLMs could offer objective, scalable initial assessment, we shift
our focus to demonstrated metrics (observable behaviors and practical outcomes)
that cannot be effectively captured through purely automated assessments. It is
worth noting that human evaluation is necessary, as LLMs may give only an av-
eraged assessment, while every explanation is context and background dependent
and should be adjusted for every recipient with the goal to fill a specific gap in their
understanding (Keil 2006). Furthermore, LLM may carry training data biases or
amplify existing human biases that can lead to potential harm.

In summary, the four papers presented in this thesis contribute to the improve-
ment of algorithms, evaluation methodology, and broader adoption of counter-
factual explanations. We focused on aligning explanations with human cognitive
preferences on both the algorithmic and evaluation levels. Future research direc-
tions include exploring how the concepts of feasibility and coherence introduced
in Chapter II can be adapted and extended to additional data modalities, such as
text and images. LLM-based evaluation in Chapter III can be further refined for
more nuanced user context and domain constraints to model specified experts or
act as an intermediate step of LLM-in-the-loop to refine the initial assessment. At
the same time, humans validate the method based on demonstrated trust in system
performance. Additionally, given that we successfully modeled overall satisfac-
tion from other explanatory metrics, a valuable next step involves deriving deeper
insights to develop better quantitative evaluation metrics that more accurately cap-
ture human judgment. As for Chapter IV, a promising direction for applications is
extending these techniques to handle three-dimensional medical imaging datasets
such as MRI or volumetric CT. However, it would also be beneficial to expand
to other applications where obtaining semantic segmentation labels is challenging
and costly.

Collectively, the publications of this thesis highlight the critical importance of
aligning counterfactual explanationswith human cognitive preferences and demon-
strate methods for evaluating and applying these explanations across various do-
mains. We hope the present thesis contributes to valuable insights and practical
tools, and eventually supports a broader adoption and increased transparency of
AI-driven decisions.
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SISUKOKKUVÕTE

Inimkesksete kontrafaktuaalsete seletuste arendamine
seletatavas tehisintellektis

Tehisintellekti (TI) kiire areng ja kasvav keerukus on viinud selle laialdase ra-
kendamiseni paljudes olulistes otsustusvaldkondades, nagu tervishoid, rahandus
ja haridus. Samas muudab TI mudelite keerukus nende otsustusprotsessid sageli
läbipaistmatuks, raskendades kasutajatel ja otsustest mõjutatud isikutel tulemuste
mõistmist ja usaldamist. Käesolev doktoritöö tegeleb nende väljakutsetega, aren-
dades ja hinnates kontrafaktuaalseid seletusi, mis aitavad TI otsuseid paremini
mõista, tuues välja, mis oleksid minimaalsed vajalikud muudatused, mis võik-
sid viia teistsuguse tulemuseni. Kontrafaktuaalsed seletused vastavad küsimusele:
„Millised minimaalsed sisendi muudatused oleksid muutnud mudeli otsust?“ Sel-
line lähenemine haakub hästi inimliku tunnetetusega, kuna kontrafaktuaalne „mis
oleks, kui“ mõtlemine on loomulik viis, kuidas inimesed analüüsivad alternatiiv-
seid teguviise ja nende võimalikke tagajärgi.

Doktoritöös esitatud uurimistöö koosneb neljast omavahel seotud uuringust,
mille eesmärk on täiustada kontrafaktuaalseid seletusi, muutes need inimeste kog-
nitiivsete eelistustega sarnasemaks, kergemini hinnatavaks ja praktiliselt rakenda-
tavaks.

Esimeses publikatsioonis tutvustatakse CoDiCE (Coherent Directional Coun-
terfactual Explainer) raamistikku, mille eesmärk on viia kontrafaktuaalsete se-
letuste otsingu algoritmid inimeste eelistustega paremasse vastavusse. Inimeste
eelistused, eelkõige nende teostatavus (feasibility) ja loogiline sidusus (coherence),
on raamistikus vormistatud matemaatiliselt läbi kahe mõiste - difuusne kaugus ja
suunatud koherentsus. Difuusne kaugus aitab tagada, et kontrafaktuaalsed seletu-
sed oleksid teostatavad, tuvastades realistlikud üleminekud läbi andmejaotuse tihe-
dalt seotud piirkondade ning muutes samm-sammulised muudatused praktiliseks
ja rakendatavaks. Suunatud koherentsus omakorda tagab, et mudeli poolt soovita-
tud tunnuste muudatused oleksid intuitiivses vastavuses üldtuntud põhjus-tagajärg
seostega. CoDiCE raamistik rakendati Pythonis integreerituna optimeerimisteh-
nikatega, mis võimaldavad andmestruktuurides tõhusalt navigeerida, tagades see-
juures koherentsuspiirangute järgmise. Me võrdlesime CoDiCE’i mitmete tuntud
meetoditega (DiCE, FACE, Guided Prototypes ja Growing Spheres), kasutades eri-
nevaid andmekogumeid nii klassifikatsiooni (täiskasvanute sissetulek, Saksa kre-
diit, COMPAS, diabeet, rinnavähk) kui ka regressiooni (energia tarbimine) üles-
annetes. Katsed näitasid, et CoDiCE genereeris järjepidevalt kontrafaktuaalseid
seletusi, mis olid olemasolevate meetoditega võrreldes praktilisemad, realistliku-
mad ja inimese perspektiivist koherentsemad. Kontrafaktuaalsete seletuste hinda-
mine on valdkonnas veel lahendamata probleem. Selle väljakutsega tegelemiseks
lõime mitmekesise andmestiku CounterEval, mis koosneb enam kui 200 inimese
hinnangust mitmete seletuslike mõõdikute osas (teostatavus, usaldus, täielikkus,
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järjepidevus, keerukus, õiglus, arusaadavus ja üldine rahulolu). Andmestik või-
maldas põhjalikult analüüsida inimeste eelistusi ning pakkus empiirilisi tõendeid
selle kohta, kuidas erinevad demograafilised rühmad seletusi erinevalt hindavad.

Teises publikatsioonis kasutati CounterEval andmestikku, et uurida, kas suu-
red keelemudelid (LLMid) nagu GPT-4 suudavad matkida inimeste hindamisotsu-
seid. CounterEval andmetega treenitud LLMid saavutasid kõrge ennustustäpsuse
(kuni 85–90%), matkides nii keskmisi inimeste hinnanguid kui ka individuaalseid
hindamismustreid. Need tulemused näitavad, et LLMid võivad olla inimhindajate
skaleeritavad alternatiivid, lihtsustades oluliselt kontrafaktuaalsete seletuste hin-
damisprotsessi.

Kolmas publikatsioon uuris, kas üldist rahulolu kontrafaktuaalsete seletustega
on võimalik ennustada teiste seletuslike omaduste põhjal. Modelleerides rahulolu
hinnanguid skaalal 1–6, saavutasime selgitusmäära 𝑅2 = 0.75. Veelgi enam, klassi-
fitseerides rahulolu kolmeks tasemeks (madal, keskmine, kõrge), saavutasime kuni
78% täpsuse. Selgitavate mõõdikute seas olid üldise rahulolu tugevaimad ennusta-
jad teostatavus ja usaldus. Isegi kui need kaks peamist tegurit mudelist välja jätta,
suutsid ülejäänud mõõdikud (nt täielikkus, järjepidevus) endiselt seletada 58% va-
rieeruvusest. Lisaks näitas demograafiline analüüs, et meditsiini- või masinõppe
taustaga vastajad hindasid seletusi erinevalt, rõhutades seletuste kohandamise va-
jadust erinevatele kasutajarühmadele.

Lõpuks uuriti neljandas publikatsioonis kontrafaktuaalsete seletuste praktilist
rakendust meditsiinilise pilditöötluse valdkonnas, arendades selleks COIN (Coun-
terfactual Inpainting) raamistiku. COIN pakub uut lähenemist nõrgalt juhendatud
semantilisele segmenteerimisele, mis on eriti kasulik stsenaariumides, kus märgis-
tatud andmeid on raske hankida. Arendasime GAN-il põhineva algoritmi, mis ge-
nereerib anomaalseks klassifitseeritud pildile vastava kontrafaktuaalse (normaal-
se) pildi. Algse ja kontrafaktuaalse pildi erinevusest saab genereerida segmen-
tatsioonimaske. Muutes klassifikaatori väljundi anomaalsest normaalseks ja ana-
lüüsides saadud erinevusi, genereerib COIN seletuslikud ja funktsionaalsed seg-
mentatsioonikaardid. COIN meetod andis CAM-põhiste omistusmeetoditega võr-
reldes paremaid tulemusi ning seda valideeriti sünteetiliste andmete ning Tartu
Ülikooli Kliinikumi neerukasvajate andmestikuga. Selline lähenemine võimaldab
vähendada radioloogide töökoormust ning aitab siluda klassifikaatoreid, paljasta-
des ekslikest visuaalsetest vihjetest tulenevad probleemid, mida tavapärased mee-
todid sageli ignoreerivad. Lisaks pakuvad COINi genereeritud kontrafaktuaalsed
seletused suuremat ustavust alusmudelile kui traditsioonilised salientsuskaardid,
mis võivad kasutajate usaldust eksitada. Kokkuvõttes rõhutavad selle doktoritöö
tulemused kontrafaktuaalsete seletuste vastavusse viimise olulisust inimeste kog-
nitiivsete eelistustega. Samuti tutvustab töö erinevaid meetodeid selliste seletuste
genereerimiseks, hindamiseks ja rakendamiseks erinevates valdkondades.
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