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Abstract

Counterfactual explanations have emerged as one of the most widely adopted explainable
artificial intelligence (XAI) techniques because they provide actionable recommendations
for changing the prediction of a machine learning model. Although existing research has
extensively investigated properties such as validity, sparsity, plausibility, and actionability,
comparatively little attention has been given to whether counterfactual explanations remain
reliable when predictive models are independently retrained for the same prediction task.

This thesis investigates the robustness of counterfactual explanations across independently
trained machine learning models using a real-world healthcare prediction problem. Five
XGBoost classifiers were independently trained on the Diabetes 130-US Hospitals dataset
using identical data, preprocessing procedures, and hyperparameters while varying only the
random seed controlling stochastic training operations. Counterfactual explanations were
generated using the DiCE framework and evaluated through a multi-dimensional robustness
framework consisting of four complementary metrics: cross-model validity, feature-set consis-
tency, direction consistency, and magnitude consistency. Statistical uncertainty was quantified
using patient-level bootstrap confidence intervals based on 5,000 bootstrap resamples.

The experimental results demonstrate that robustness varies substantially across different
explanation dimensions. Cross-model validity (0.6475) and feature-set consistency (0.5134)
indicate considerable variability in whether explanations transfer across retrained models
and in the selection of actionable features. In contrast, direction consistency (0.8063) and
magnitude consistency (0.8450) remain substantially higher, suggesting that once models
identify common intervention features, they generally agree on both the direction and relative
magnitude of the recommended changes.

These findings demonstrate that the robustness of counterfactual explanations is inher-
ently multi-dimensional and cannot be adequately characterized using a single evaluation
metric. The proposed evaluation framework provides a systematic methodology for assessing
explanation reliability under model retraining and contributes to the growing body of research
on trustworthy explainable artificial intelligence for high-stakes healthcare applications.
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1 Introduction

1.1 Motivation

Artificial intelligence is becoming an increasingly important component of modern healthcare,
supporting tasks such as disease diagnosis, patient risk stratification, treatment planning, and
hospital resource management. Recent advances in machine learning have enabled predictive models
to identify complex patterns in large-scale electronic health records and achieve strong performance
across a wide range of clinical prediction tasks. Consequently, such models are increasingly being
considered for integration into clinical decision-support systems [19, 10].

Predictive performance alone, however, is rarely sufficient in healthcare. Clinical decisions
may directly affect patient safety and treatment outcomes, requiring healthcare professionals to
understand not only what a model predicts, but also the basis for that prediction. The reasoning
of complex machine learning models is often difficult to inspect, which can limit their practical
acceptance and responsible use. Interpretability and transparency have therefore become central
requirements for the deployment of artificial intelligence in clinical settings [10, 14].

Counterfactual explanations are particularly relevant in this context because they provide intu-
itive and action-oriented information about individual predictions. Rather than merely identifying
which variables influenced an outcome, they describe how an input would need to change for the
model to produce a different prediction. This form of explanation resembles reasoning through
alternative scenarios and may therefore offer useful support for understanding model behaviour in
healthcare applications [21, 15].

The usefulness of such explanations nevertheless depends on their robustness. Healthcare
prediction models may be retrained as new data become available or as modelling pipelines are
updated. Even when independently trained predictive models achieve comparable performance
on the same task, they may generate different counterfactual recommendations for the same
patient. Substantial variation across retrained models would suggest that an explanation reflects
the behaviour of a particular model instance rather than a stable characteristic of the prediction
task.

This concern motivates the present thesis. Rather than proposing a new counterfactual generation
algorithm, this study examines the extent to which counterfactual explanations remain consistent
across independently trained predictive models developed for the same healthcare prediction task.
By evaluating explanation robustness under model retraining, the thesis aims to clarify an important
aspect of counterfactual explanation reliability in healthcare.

1.2 Research Gap and Thesis Objectives

Over the past decade, substantial progress has been made in the development of counterfactual
explanation methods. Existing research has proposed numerous algorithms that improve properties
such as validity, sparsity, diversity, plausibility, and actionability while remaining applicable to
complex black-box machine learning models [16, 13]. As a result, the literature now provides a wide
range of techniques capable of generating high-quality counterfactual explanations for individual
predictions.

Despite these advances, an important limitation remains. The vast majority of existing studies
evaluate counterfactual explanations with respect to a single trained predictive model. While



previous studies have explored robustness from different perspectives, robustness across indepen-
dently retrained predictive models remains comparatively underexplored. In particular, relatively
little attention has been given to evaluating complementary aspects of robustness—including
explanation validity, feature selection, direction of change, and intervention magnitude—within a
unified evaluation framework. In this setting, explanation quality is typically assessed using metrics
such as validity, sparsity, proximity, diversity, or plausibility, while implicitly assuming that the
underlying predictive model remains fixed throughout the evaluation process [, 15]. However, this
assumption is often unrealistic in real-world machine learning systems.

In practical healthcare applications, predictive models are frequently retrained as additional
patient data become available, preprocessing pipelines evolve, or model hyperparameters are
updated. Although these retrained models may achieve nearly identical predictive performance on
the same clinical task, they do not necessarily learn identical decision boundaries. Consequently,
two equally accurate models may produce substantially different counterfactual explanations for the
same patient. From a clinical perspective, such variability raises important concerns regarding the
reliability and trustworthiness of counterfactual explanations, particularly when they are intended
to support decision-making in high-stakes environments.

While robustness has received increasing attention within explainable artificial intelligence,
relatively little work has systematically investigated whether counterfactual explanations remain
stable across independently trained models solving the same prediction task. In particular, limited
attention has been given to whether different models consistently identify the same actionable
features, recommend changes in the same direction, or suggest modifications of comparable magni-
tude for identical patients. These properties are essential if counterfactual explanations are to be
regarded as reliable decision-support tools rather than model-specific artifacts.

This thesis addresses this gap by evaluating the robustness of counterfactual explanations under
model retraining using a real-world healthcare prediction task. Counterfactual explanations are
generated using the DiCE framework for multiple independently trained predictive models, after
which their consistency is assessed across four complementary robustness dimensions: cross-model
validity, feature-set consistency, direction consistency, and magnitude consistency. Together, these
dimensions provide a comprehensive evaluation of whether counterfactual explanations remain
reliable when the underlying predictive model changes despite performing the same clinical prediction
task. Accordingly, the primary research question investigated in this thesis is:

To what extent do counterfactual explanations remain reliable across independently
trained machine learning models for the same healthcare prediction task?

1.3 Thesis Contributions

This thesis investigates the reliability of counterfactual explanations beyond the conventional
setting of a single trained predictive model. Rather than proposing a new counterfactual generation
algorithm, the primary objective is to evaluate whether counterfactual explanations remain reliable
when independently trained machine learning models are developed for the same healthcare
prediction task.

To achieve this objective, this thesis makes four main contributions. First, it provides an empirical
evaluation of the reliability of counterfactual explanations across independently trained predictive
models using a real-world healthcare prediction task. Second, it introduces a multidimensional



robustness evaluation framework based on four complementary robustness dimensions, namely
cross-model validity, feature-set consistency, direction consistency, and magnitude consistency.
Third, it develops a multi-patient experimental protocol in which counterfactual explanations are
generated for a cohort of eligible patients across multiple independently trained models, enabling
systematic cross-model comparisons. Finally, the reported robustness estimates are complemented
with patient-level bootstrap confidence intervals, providing a statistical characterization of the
uncertainty associated with the experimental findings.

1.4 Thesis Organization

This bachelor thesis was conducted within the Data Science and Artificial Intelligence programme
at the Leiden Institute of Advanced Computer Science (LIACS), under the supervision of Hazel
Doughty.

The remainder of this thesis is organized as follows. Chapter 2 presents the theoretical back-
ground on explainable artificial intelligence, counterfactual explanations, robustness in explainable
Al, and existing evaluation metrics for counterfactual explanations. Chapter 3 describes the
proposed methodology, including the predictive modelling pipeline, the counterfactual generation
process, the robustness evaluation framework, and the statistical analysis. Chapter 4 presents the
experimental results. Chapter 5 reports the patient-level bootstrap confidence intervals used to
quantify the statistical uncertainty of the robustness estimates. Chapter 6 discusses the findings
in relation to the existing literature, interprets the proposed robustness dimensions, highlights
the practical implications and limitations of the study, and outlines directions for future research.
Finally, Chapter 7 concludes the thesis by summarizing its main findings and contributions.

2 Background

2.1 Explainable Artificial Intelligence

Recent advances in machine learning have led to remarkable improvements in predictive performance
across a wide range of domains, including computer vision, natural language processing, finance,
and healthcare. In particular, complex machine learning models such as ensemble methods and
deep neural networks have demonstrated superior predictive accuracy compared to traditional
statistical approaches by learning highly nonlinear relationships directly from data [17, 15]. Despite
these advances, the increasing complexity of modern predictive models has made their internal
decision-making processes difficult to understand, giving rise to the well-known “black-box” problem.

In many real-world applications, predictive accuracy alone is insufficient. Users often require an
explanation of why a model reached a particular decision before that prediction can be trusted or
acted upon. This requirement is particularly critical in high-stakes domains such as healthcare,
where machine learning systems may support decisions related to diagnosis, treatment planning,
patient risk assessment, or hospital resource allocation. In these settings, opaque predictions
without meaningful explanations can reduce clinician trust, hinder clinical adoption, and make it
difficult to identify erroneous or biased model behaviour [10, 14].

The growing demand for transparent and trustworthy artificial intelligence has motivated
the development of Explainable Artificial Intelligence (XAI), an active research area that seeks



to make machine learning models more understandable to human users. Rather than treating
predictive models as inaccessible black boxes, XAl aims to provide explanations that allow users to
understand the factors influencing a prediction, evaluate whether the model’s reasoning is plausible,
and determine whether the prediction should be trusted in practice [9, 15]. Depending on the
application, these explanations may support model debugging, fairness assessment, regulatory
compliance, or informed decision-making.

Existing XAl approaches can broadly be categorized into intrinsic interpretability and post-hoc
explanation methods. Intrinsically interpretable models, such as linear regression, decision trees, or
rule-based systems, are designed to remain transparent by construction, allowing their decision
processes to be understood directly. In contrast, post-hoc explanation techniques seek to explain
already-trained black-box models without modifying their internal structure. Common examples
include feature attribution methods such as SHAP and LIME, example-based explanations, saliency
methods, and counterfactual explanations [15, 2]. These approaches enable practitioners to retain
the predictive performance of complex machine learning models while providing additional insight
into individual predictions.

Healthcare has emerged as one of the most important application areas for explainable machine
learning. Clinical decision support systems are increasingly used to predict disease progression,
patient deterioration, hospital readmission, and treatment outcomes using electronic health records
and other heterogeneous medical data. Because these predictions may directly influence patient
care, clinicians must be able to understand not only the predicted outcome but also the reasoning
behind it. Consequently, explainability has become an essential requirement for trustworthy medical
AT rather than merely a desirable model characteristic [10, 19].

Although considerable progress has been made in developing explainability techniques, important
challenges remain. Many existing explanation methods focus primarily on producing plausible
explanations for a single trained model while paying comparatively little attention to whether those
explanations remain reliable when the underlying predictive model changes. Small variations in
the training process, such as different random seeds on the same dataset, may alter the resulting
explanations even when predictive performance remains nearly identical. This raises an important
question regarding the reliability of explanations themselves, motivating further investigation into
the robustness of explanation methods. The following section therefore introduces counterfactual
explanations, one of the most widely adopted post-hoc explanation techniques for tabular healthcare
machine learning models.

2.2 Counterfactual Explanations

Among the various post-hoc explainability techniques proposed in recent years, counterfactual
explanations have emerged as one of the most intuitive and actionable approaches for explaining
individual predictions. Rather than identifying which input features contributed most to a prediction,
counterfactual explanations answer a simple hypothetical question: What is the smallest change
to the input that would have altered the model’s prediction [21, 16]. This formulation closely
resembles the way humans naturally reason about alternative outcomes, making counterfactual
explanations particularly accessible to non-technical users.

A counterfactual explanation consists of an alternative version of an input instance that is
minimally modified while changing the predicted class. For example, if a machine learning model
predicts that a patient is at high risk of hospital readmission, a counterfactual explanation may



suggest that reducing the number of previous inpatient visits or shortening the expected length of
hospital stay would have changed the prediction to a lower-risk outcome. By explicitly describing
how an outcome could be different, counterfactual explanations provide users with concrete and
interpretable information about the model’s local decision boundary rather than simply indicating
which variables were influential.

Compared with feature attribution methods such as SHAP or LIME, counterfactual explanations
offer several practical advantages. Feature attribution methods quantify the contribution of
individual variables to a prediction but generally do not indicate how those variables should change
to obtain a different outcome. Counterfactual explanations, in contrast, are inherently action-
oriented because they identify specific feature modifications associated with an alternative prediction.
This property has made counterfactual explanations particularly attractive for decision support
applications in domains where actionable recommendations are more valuable than descriptive
feature importance alone [20, 15].

Healthcare represents one of the most promising application areas for counterfactual explanations.
Machine learning models are increasingly used to estimate patient risks such as mortality, disease
progression, treatment response, and hospital readmission. While accurate predictions are valuable,
clinicians often require additional insight into whether a patient’s predicted risk could realistically
change under different clinical circumstances. Counterfactual explanations naturally address
this requirement by describing hypothetical but clinically meaningful scenarios under which the
prediction would differ. Consequently, they have attracted growing attention as an explanation
technique capable of supporting clinical reasoning while remaining relatively easy for healthcare
professionals to interpret [13].

Generating useful counterfactual explanations, however, involves several practical challenges.
Ideally, counterfactuals should satisfy multiple desirable properties simultaneously. They should
remain close to the original instance, modify only a small number of features (sparsity), correspond
to realistic data points (plausibility), respect immutable patient characteristics such as age or
biological sex (actionability), and produce valid predictions according to the underlying machine
learning model [16, 13]. Balancing these often competing objectives remains an active area of
research, and numerous optimization algorithms have been proposed to generate clinically meaningful
counterfactual explanations.

Among the available counterfactual generation frameworks, DiCE (Diverse Counterfactual
Explanations) has become one of the most widely adopted methods for tabular machine learning
applications because it can efficiently generate multiple diverse counterfactuals for an individual
prediction while remaining model-agnostic [16]. Owing to its flexibility and widespread adoption in
the literature, DiCE serves as the counterfactual generation framework employed throughout this
thesis.

2.3 Robustness in Explainable Artificial Intelligence

As explainable artificial intelligence (XAI) has become increasingly important for the deployment of
machine learning systems in high-stakes domains, attention has gradually shifted from generating
explanations to evaluating their quality and reliability. While early research primarily focused
on developing explanation methods capable of interpreting complex predictive models, more
recent work has emphasized that explanations themselves should satisfy desirable properties beyond
interpretability alone. Among these properties, robustness has emerged as one of the most important



characteristics of trustworthy explanations [2, 15].

In the context of explainable AI, robustness refers to the stability of explanations under small
changes that do not substantially alter the underlying prediction task. Intuitively, if two predictive
models exhibit similar predictive performance or produce the same prediction for a particular
instance, their corresponding explanations should not differ dramatically. Explanations that vary
considerably under minor perturbations may reduce user confidence and raise concerns regarding
whether the explanation reflects meaningful model behaviour or merely artifacts of the learning
process [1, 11].

The notion of robustness in XAl differs from robustness in predictive machine learning. Tra-
ditional machine learning robustness typically concerns the stability of model predictions under
adversarial attacks, noisy inputs, or distributional shifts. In contrast, explanation robustness focuses
on the consistency of the explanations themselves. Consequently, even when predictive performance
remains essentially unchanged, explanations may still vary substantially if the underlying predictive
model changes. This distinction is particularly important in applications where explanations, rather
than predictions alone, are intended to support human decision-making.

Several studies have demonstrated that popular explanation methods may exhibit considerable
instability. Small perturbations to the training data, random initialization, or model parameters
can lead to noticeably different explanations despite producing nearly identical predictive accuracy
[1, 7]. Such findings suggest that evaluating explanation quality requires considering not only
traditional metrics such as interpretability or fidelity, but also the robustness of the generated
explanations.

The increasing recognition of explanation robustness has motivated growing interest in developing
systematic evaluation methodologies for explainable AI. Rather than assuming that explanations
generated by a single trained model are inherently reliable, recent research has highlighted the
importance of assessing whether explanations remain consistent under realistic variations in the
underlying learning process. This perspective provides the conceptual foundation for the robustness
evaluation performed in this thesis.

2.4 Evaluation Metrics for Counterfactual Explanations

The quality of a counterfactual explanation is commonly assessed using a number of quantitative
evaluation metrics that capture different desirable properties. Since no single metric can fully
characterize explanation quality, existing studies typically evaluate counterfactual explanations
using multiple complementary criteria [16, 13].

One of the most fundamental evaluation criteria is wvalidity, which measures whether the
generated counterfactual successfully changes the prediction of the underlying machine learning
model to the desired target class. A counterfactual that fails to alter the model prediction cannot
be considered a successful explanation, regardless of its other characteristics. Consequently, validity
is generally regarded as the minimum requirement that every counterfactual explanation should
satisfy.

Among valid counterfactuals, researchers generally seek explanations that remain as close as
possible to the original instance. This property is commonly referred to as proximity and is typically
measured using a distance metric between the original observation and the generated counterfactual.
Closely related to proximity is sparsity, which encourages modifying as few input features as
possible. Sparse counterfactuals are generally considered easier for users to understand and more



realistic to implement in practice because they require fewer simultaneous changes [21, 16].

When multiple counterfactual explanations are generated for the same instance, diversity
becomes another desirable property. Rather than producing nearly identical explanations, diverse
counterfactuals provide multiple alternative pathways that could achieve the desired prediction,
allowing users to consider different actionable scenarios. In practical decision-support applications,
diversity may increase the usefulness of counterfactual explanations by offering several feasible
options rather than a single recommended modification [10].

Beyond optimization-based metrics, recent research has increasingly emphasized the importance
of plausibility and actionability. Plausibility refers to whether generated counterfactuals resemble
realistic observations drawn from the underlying data distribution, while actionability requires
suggested feature changes to be feasible in practice and to respect immutable characteristics such
as age or biological sex. These considerations are particularly important in healthcare applications,
where unrealistic or clinically impossible recommendations could reduce the practical value of
counterfactual explanations [13].

Although these evaluation metrics have become well established in the counterfactual explanation
literature, they share an important limitation. Existing metrics primarily evaluate the quality of
counterfactual explanations generated for a single trained predictive model. They do not assess
whether equally accurate models trained for the same prediction task produce consistent explanations
for identical instances. Consequently, while existing metrics provide valuable information about the
quality of individual counterfactual explanations, they offer limited insight into the reliability of
explanations under model retraining. Addressing this limitation forms the central methodological
focus of the present thesis.

3 Methodology

3.1 Dataset

This study uses the Diabetes 130-US Hospitals dataset, a large real-world electronic health record
(EHR) dataset introduced by Strack et al. [18]. The dataset contains records collected from 130
hospitals in the United States between 1999 and 2008 and has become one of the most widely
used benchmark datasets for hospital readmission prediction. It includes demographic information,
admission details, laboratory measurements, diagnoses, and diabetes-related medication records for
hospitalized patients.

The objective of this thesis is to predict whether a patient will be readmitted within 30 days
following hospital discharge. Following the preprocessing procedure adopted in this study, the
original readmission outcome is converted into a binary classification problem, where patients
readmitted within 30 days constitute the positive class and all remaining patients constitute
the negative class. Predicting short-term hospital readmission represents an important clinical
prediction task because early readmissions are associated with increased healthcare costs, reduced
quality of care, and poorer patient outcomes.

The Diabetes 130-US Hospitals dataset was selected for three primary reasons. First, hospital
readmission prediction is a clinically relevant problem that has received considerable attention
within healthcare machine learning. Second, the dataset contains a rich combination of demo-
graphic, clinical, and treatment-related variables, providing a heterogeneous feature space in which



constrained counterfactual explanations can be evaluated. Finally, its widespread use in previous
healthcare machine learning and explainable artificial intelligence studies facilitates comparison
with existing literature.

After preprocessing, the final dataset consists of both numerical and categorical variables describ-
ing patient demographics, healthcare utilization, laboratory procedures, prescribed medications,
and grouped diagnostic information. These variables form the feature space used throughout the
predictive modelling and counterfactual explanation experiments presented in this thesis.

To ensure an unbiased evaluation, the processed dataset was divided into training and test
partitions using an 80-20 stratified split, preserving the original class distribution. The training
partition was used to construct the predictive models, whereas the held-out test partition was
reserved exclusively for counterfactual generation and robustness evaluation. Categorical variables
were represented using one-hot encoding prior to model training. Unlike ordinal encoding, one-hot
encoding avoids introducing artificial ordering relationships between nominal categories and is
therefore more appropriate for tree-based models trained on heterogeneous healthcare data.

3.2 Predictive Modelling Pipeline

Before generating counterfactual explanations, a predictive model capable of estimating the prob-
ability of short-term hospital readmission must first be constructed. Since the objective of this
thesis is to evaluate the robustness of counterfactual explanations under model retraining rather
than to compare different predictive algorithms, a single modelling approach is adopted throughout
all experiments.

Gradient-boosted decision trees implemented through XGBoost were selected as the predictive
modelling framework. XGBoost provides a scalable tree-boosting implementation capable of
modelling nonlinear relationships in tabular data [5]. In the model comparison conducted in this
study, XGBoost achieved the highest balanced accuracy and ROC-AUC and was therefore selected
for the subsequent counterfactual experiments.

The processed dataset was first divided into training and test partitions using the stratified split
described in the previous section. All predictive models were trained exclusively on the training
partition, while the test partition remained unseen throughout model development and was reserved
solely for counterfactual generation and robustness evaluation.

To evaluate whether counterfactual explanations remain reliable under model retraining, multiple
predictive models were trained independently using identical training data and modelling procedures.
The only source of variation between models was the random seed controlling the stochastic elements
of the training process. Consequently, all models solved exactly the same prediction task using the
same dataset, feature representation, and hyperparameter configuration while differing only through
random initialization. This experimental design enables any observed variation in counterfactual
explanations to be attributed to model retraining rather than differences in data or modelling
choices.

Although the dataset exhibits class imbalance, synthetic oversampling techniques such as
SMOTE [1] were intentionally not applied. Since the objective of this thesis is to evaluate the
robustness of counterfactual explanations rather than maximize predictive performance, generating
synthetic patient records could complicate the interpretation of explanation robustness. Instead,
the original data distribution was preserved throughout the experiments. After training, predictive
performance was evaluated on the held-out test set to verify that all independently trained



models achieved comparable classification performance before robustness analysis was performed.
Counterfactual explanations were subsequently generated only for patients that were consistently
classified as belonging to the positive class by every predictive model, ensuring that all models
explained identical prediction scenarios throughout the robustness evaluation.

3.3 Counterfactual Generation

Counterfactual explanations were generated using the Diverse Counterfactual Explanations (DiCE)
framework proposed by Mothilal et al. [16]. DiCE was selected because it is a model-agnostic
counterfactual generation framework that has been widely adopted in the explainable artificial
intelligence literature for tabular machine learning problems. In addition to generating valid
counterfactual explanations, DiCE is capable of producing multiple diverse alternatives for a single
prediction, making it particularly suitable for evaluating explanation robustness.

For each predictive model, counterfactual explanations were generated independently using
the same generation procedure and parameter configuration. Maintaining an identical generation
process across all predictive models ensures that any observed differences in the resulting expla-
nations originate from differences in the trained models rather than variations introduced during
counterfactual generation.

Since the objective of this study is to evaluate explanation robustness under model retraining,
counterfactual explanations were generated only for patients that satisfied two conditions. First, the
patient had to belong to the positive class in the held-out test set. Second, all independently trained
predictive models had to correctly classify that patient as positive. Restricting the analysis to
patients that satisfy both conditions guarantees that all models explain the same clinical prediction
scenario, thereby enabling a meaningful comparison of the generated counterfactual explanations.
This restriction ensures that the generated counterfactual explanations explain successful model
decisions rather than prediction errors. Since counterfactual explanations are intended to explain
model behaviour rather than ground-truth labels, evaluating explanations for misclassified instances
would confound explanation robustness with predictive errors.

Among the eligible patients, a cohort of 50 individuals was randomly selected for robustness
evaluation. Rather than treating individual counterfactual explanations as independent observations,
the present study performs robustness evaluation at the patient level. For each selected patient,
counterfactual explanations are generated across multiple independently trained predictive models,
resulting in several hundred counterfactual explanations and thousands of pairwise robustness
comparisons. Consequently, the selected cohort provides a computationally feasible yet sufficiently
diverse evaluation set, while the large number of cross-model counterfactual comparisons and
patient-level bootstrap analysis enable statistically meaningful robustness estimates. Although the
evaluation cohort consisted of 50 patients, the experimental design produced 750 counterfactual
explanations and several thousand cross-model robustness comparisons, providing a sufficiently
rich basis for the subsequent robustness analysis. Furthermore, statistical uncertainty is quantified
through patient-level bootstrap confidence intervals, allowing the robustness estimates to be
interpreted together with their associated variability. Notably, patient eligibility depended solely
on satisfying the predefined inclusion criteria and successful counterfactual generation under all
models, rather than on the robustness scores ultimately obtained. Consequently, the evaluation
cohort was selected independently of the reported experimental outcomes.

Counterfactual generation was restricted to four permitted-to-vary care-process variables: time



in hospital, number of laboratory procedures, number of procedures, and number of medications.
All remaining predictors, including demographic characteristics, diagnoses, admission information,
and medication-status variables, were held fixed throughout the optimization process. For each
permitted feature, the allowable range was derived from the training data using the 1st and
99th percentile values (rounded outward to the nearest integer), preventing unrealistic feature
modifications during optimization.

For every eligible patient and each independently trained predictive model, three counterfactual
explanations were generated. Producing multiple candidate explanations rather than a single
alternative allows DiCE to capture different feasible pathways towards the desired prediction and
reduces the likelihood that the robustness evaluation depends on a single optimization outcome.
Throughout the subsequent robustness analysis, comparisons were performed using the gener-
ated counterfactual explanations corresponding to identical patients across independently trained
predictive models.

3.4 Robustness Evaluation Framework

Conventional counterfactual evaluation typically examines whether an explanation is valid, sparse,
proximal, plausible, and actionable with respect to a single fixed predictive model. Although
these properties remain important, they do not establish whether the explanation would remain
reliable if the predictive model were independently retrained. Recent work on robust counterfactual
explanations has therefore emphasized the need to evaluate counterfactual validity and stability
under plausible changes to the underlying model [3, 11, 12].

This thesis evaluates robustness by generating counterfactual explanations generated by five
independently trained XGBoost models trained using identical data, preprocessing, hyperparameters,
and learning procedures but different random seeds. For every selected patient, each model generates
three counterfactual explanations under the same actionable-feature and permitted-range constraints.
The resulting explanations are then evaluated across four complementary dimensions: cross-model
validity, feature-set consistency, direction consistency, and magnitude consistency.

These dimensions capture distinct aspects of explanation reliability. Cross-model validity
measures whether a counterfactual generated from one model produces the desired prediction
across the full set of independently trained models, including the model from which it was
generated. Feature-set consistency examines whether independently trained models rely on similar
actionable variables. Direction consistency evaluates whether explanations that use the same
feature recommend changing it in the same direction. Magnitude consistency evaluates whether
same-direction recommendations have comparable normalized sizes.

The four dimensions are reported separately rather than combined into a single composite score.
This avoids imposing unsupported weights on conceptually different properties and allows cases
in which validity and structural consistency behave differently to remain visible. For example, a
counterfactual may remain valid across models even when the models disagree about which features
should be modified.

3.4.1 Cross-Model Validity

/

Let M = {my,...,mg} denote the set of K independently trained predictive models, and let .
denote counterfactual ¢ generated for patient ¢ using source model mg. In the present experiment,
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K =5 and three counterfactuals are generated by each source model.
Each generated counterfactual is evaluated using every model in M, including its source model.
For the desired non-readmission class y* = 0, the cross-model robust validity of z/ _  is defined as

1,8,C

K
V(#hae) = e X feleta) = v )

where []-] is the indicator function. A value of 1 indicates that the counterfactual remains valid
under all independently trained models, whereas a value of 1/K indicates validity only under one
model. This metric operationalizes the central robustness question of whether a counterfactual
remains capable of changing the predicted outcome after model retraining [11, 12].

Patient-level cross-model validity is calculated by averaging the robust validity scores of all
counterfactual explanations generated for the patient. Cohort-level results are subsequently
summarized using the distribution of patient-level estimates.

3.4.2 Feature-Set Consistency

Cross-model validity does not determine whether independently trained models provide structurally
similar explanations. Two counterfactuals may both produce the desired outcome while recom-
mending changes to entirely different variables. Feature-set consistency is therefore used to quantify
agreement in the actionable features modified by explanations.

For a patient 7 and counterfactual explanation z’, let

Fi(a)={f e A|a} # s}, (2)
where A is the set of actionable features and z; is the original patient instance. For two

counterfactuals 2!, and zj generated for the same patient by different source models, feature-set
similarity is measured using the Jaccard coefficient:

R 0 Fa)
= \F() U F(a)| ®)

If neither explanation modifies any permitted feature, the similarity is defined as 1; this edge
case did not affect the reported analysis. A value of 1 indicates that both explanations modify
identical actionable feature sets, whereas a value of 0 indicates no overlap.

Counterfactual identifiers such as CF 1, CF 2, and CF 8 do not represent aligned explanations
across independently trained models. Consequently, the first counterfactual generated by one model
is not assumed to correspond to the first counterfactual generated by another. For each patient
and each pair of source models, all 3 x 3 cross-model counterfactual combinations are therefore
compared. With five models, this produces

J (0, 7))

52 x 3 x 3 =90 (4)

feature-set comparisons per patient. Patient-level feature-set consistency is calculated as the
mean of these pairwise Jaccard similarities.
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3.4.3 Direction Consistency

When independently generated explanations modify the same actionable feature, they may nev-
ertheless disagree about whether that feature should increase or decrease. Direction consistency
measures the extent to which observed recommendations for a given patient—feature combination
agree in sign.

For patient i, feature f, and counterfactual z’, the direction of change is defined as

dip(a") = {+ 1L ifz}; —a;iy >0, — Lifa} —a; 5 <0. (5)

Counterfactuals in which feature f remains unchanged are excluded from the direction analysis for
that feature. Let n;ff and n; , denote the numbers of observed increases and decreases, respectively.
Direction consistency is defined as the proportion of observed changes following the dominant
direction:

max (n;ff, n;f)

Diy = + =
Mg+ Mg

(6)

The metric takes values greater than or equal to 0.5, with values near 0.5 indicating substantial
disagreement and a value of 1 indicating complete directional agreement. If the numbers of increases
and decreases are equal, the dominant direction is recorded as a tie.

Because the purpose of this metric is to assess agreement across independently trained models,
a patient—feature combination is included only when the feature is modified by counterfactuals
originating from at least two distinct source models. Features used by only one model cannot
provide evidence of cross-model directional consistency and are therefore excluded. Patient-level
direction consistency is obtained by averaging D; ; across all eligible actionable features for that
patient.

3.4.4 Magnitude Consistency

Direction agreement alone does not establish that explanations recommend quantitatively similar
interventions. Two models may agree that a feature should increase while suggesting substantially
different amounts of change. Magnitude consistency therefore evaluates agreement in the normalized
size of same-direction feature modifications.

Because actionable variables have different numerical scales, each absolute change is normalized
using the permitted range of its corresponding feature. For feature f, the normalized change
magnitude is defined as

xy — x;
f ’L)f
A () = 7‘ ’ 7
sl = H @
where [y and uy are the lower and upper permitted bounds of feature f, derived from the
training distribution.
For two counterfactuals z!, and z; generated for the same patient by different models, modifying

the same feature in the same direction, magnitude consistency is defined as

Gip(wg, o) = max {0, 1 —[A; (z5) — Ay p ()]} (8)
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The score is bounded to the interval [0, 1], with negative values truncated to zero. A value of 1
indicates identical normalized change magnitudes, while lower values indicate greater quantitative
disagreement. Counterfactual pairs that modify the feature in opposite directions are excluded
because such disagreements are already captured by the direction-consistency metric.

As in the feature-set analysis, counterfactual positions are not assumed to be aligned across
models. For each patient, feature, direction, and pair of source models, all available cross-model
counterfactual combinations are evaluated. Patient—feature magnitude consistency is calculated
by averaging these pairwise scores, after which patient-level magnitude consistency is obtained by
averaging across the eligible features of each patient.

3.5 Statistical Analysis

Descriptive robustness summaries were first calculated at the natural evaluation-unit level of
each metric. Cross-model validity was summarized across generated counterfactual explanations,
feature-set consistency across cross-model counterfactual pairs, direction consistency across eligible
patient—feature combinations, and magnitude consistency across eligible same-direction cross-model
comparisons.

For statistical uncertainty estimation, each robustness metric was additionally aggregated to one
mean score per patient. These patient-level scores ensured that every patient contributed equally
to the bootstrap analysis, regardless of the number of eligible feature-level or pairwise comparisons
associated with that patient. Cohort-level patient-level means were then computed by averaging
the corresponding patient-level scores. (]

To quantify the statistical uncertainty associated with these estimates, non-parametric bootstrap
resampling was performed at the patient level. Bootstrap sampling was chosen because the
distribution of the robustness metrics is unknown and no assumptions regarding normality are
required. In each bootstrap iteration, patients were sampled with replacement from the evaluation
cohort, after which the cohort-level mean robustness score was recomputed. This procedure was
repeated 5,000 times for each robustness metric.

The resulting bootstrap distributions were used to estimate 95% percentile confidence intervals
for all reported robustness metrics. Sampling at the patient level preserves the dependence structure
among multiple counterfactual explanations generated for the same patient and therefore provides
a more appropriate measure of uncertainty than treating individual counterfactual explanations as
independent observations.

Throughout the experimental evaluation, robustness results are reported as patient-level mean
estimates together with their corresponding bootstrap confidence intervals.

4 Results

4.1 Predictive Model Performance

Four supervised classification models were evaluated for the prediction of 30-day hospital readmission:
Logistic Regression, Random Forest, Tuned Random Forest, and XGBoost. Model performance
was assessed on the held-out test set using accuracy, balanced accuracy, precision, recall, F1-score,

and ROC-AUC.
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Table 1 summarizes the predictive performance of all evaluated models.

Table 1: Predictive performance of the evaluated classification models.

Model Accuracy Balanced Accuracy Precision Recall Fl-score ROC-AUC
Logistic Regression 0.6686 0.6258 0.1834  0.5707  0.2776 0.6801
Random Forest 0.8878 0.5232 0.4766  0.0537  0.0966 0.6754
Tuned Random Forest  0.7683 0.6172 0.2199  0.4227  0.2893 0.6873
XGBoost 0.6691 0.6355 0.1880  0.5923  0.2854 0.6890

The XGBoost classifier achieved the highest ROC-AUC (0.6890) and balanced accuracy (0.6355)
among the evaluated models. Consequently, XGBoost was selected as the predictive model for
all subsequent counterfactual generation experiments. The robustness evaluation presented in the
remainder of this thesis was then performed by retraining this model architecture multiple times
using different random seeds while keeping all other experimental settings fixed.

4.2 Counterfactual Generation

Counterfactual explanations were generated for a subset of correctly classified positive patients
from the held-out test set. The objective was to construct an evaluation cohort for the subsequent
robustness analysis while ensuring that counterfactual explanations could be successfully generated
for every selected patient.

Among the test instances, 1,205 patients were correctly classified as requiring readmission (true
positives). The common true-positive population was randomly ordered using a fixed random seed.
Patients were then screened sequentially for complete counterfactual generation. A patient was
included only if each of the five independently trained predictive models successfully generated all
three requested counterfactual explanations under the shared generation constraints. The first 50
patients satisfying this criterion formed the final evaluation cohort. In total, 121 candidate patients
were screened to construct the cohort. After applying the counterfactual generation eligibility
criteria described in Chapter 3, 50 patients remained for the robustness evaluation.

For each patient, counterfactual explanations were generated independently using five retrained
XGBoost models initialized with different random seeds. Three counterfactual explanations were
produced for each model, yielding a total of fifteen counterfactual explanations per patient.

Overall, the experimental pipeline generated 750 counterfactual explanations across the 50-
patient evaluation cohort. These explanations formed the basis for all subsequent cross-model
robustness analyses.
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Table 2: Summary of the counterfactual generation pipeline.

Quantity Value
Correctly classified true-positive patients 1205
Candidate patients screened 121
Eligible patients selected 50
Retrained XGBoost models 5
Counterfactuals per model 3
Counterfactuals per patient 15
Total counterfactual explanations 750

These counterfactual explanations were subsequently compared across independently trained
models to evaluate the robustness of their predictions, selected features, directions of change, and
required intervention magnitudes.

4.3 Robustness Evaluation

The following sections present the experimental results for cross-model validity, feature-set con-
sistency, direction consistency, and magnitude consistency. The robustness of counterfactual
explanations was evaluated using the four complementary metrics introduced in Chapter 3. The
following subsections report descriptive summaries at the natural evaluation-unit level of each
metric: generated counterfactuals for cross-model validity, cross-model counterfactual pairs for
feature-set consistency, eligible patient—feature combinations for direction consistency, and eligible
same-direction cross-model comparisons for magnitude consistency. Patient-level equally weighted
estimates and their bootstrap confidence intervals are reported separately in Chapter 5.

4.3.1 Cross-Model Validity

Cross-model validity evaluates whether a counterfactual explanation generated for one predictive
model remains valid when evaluated by the remaining independently trained models performing
the same prediction task. Higher values indicate that the desired prediction is preserved across a
larger proportion of independently trained models.

Table 3 summarizes the cross-model validity scores obtained for all generated counterfactual
explanations.

Table 3: Summary statistics of cross-model validity across generated counterfactual explanations.
Statistic Value
Mean 0.6475
Median 0.6000
Minimum  0.2000
Maximum 1.0000

Across the 750 generated counterfactual explanations, the mean cross-model validity was 0.6475,
with a median of 0.6000. Individual validity scores ranged from 0.2000 to 1.0000, indicating
considerable variation in how well explanations generalized across independently trained predictive
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models. Overall, 26.53% of generated counterfactual explanations remained valid across all five
independently trained models, whereas the remaining explanations exhibited varying degrees of
disagreement between models.

4.3.2 Feature-Set Consistency

Feature-set consistency evaluates the extent to which independently trained predictive models rely
on the same features when generating counterfactual explanations for the same patient.

Table 4 summarizes the feature-set consistency scores obtained across all pairwise comparisons
of generated counterfactual explanations.

Table 4: Summary statistics of feature-set consistency across pairwise counterfactual comparisons.
Statistic Value
Mean 0.5134
Median 0.3333
Minimum  0.0000
Maximum 1.0000

Across the 4,500 pairwise comparisons of generated counterfactual explanations, the mean feature-
set consistency was 0.5134, while the median was 0.3333. Feature-set consistency scores ranged from
0.0000 to 1.0000, indicating substantial variability in the features selected by independently trained
predictive models. Although complete agreement was observed for some explanation pairs, other
pairs shared no common modified features, demonstrating that equally valid predictive models may
identify different feature subsets when producing counterfactual explanations.

4.3.3 Direction Consistency

Direction consistency evaluates whether independently trained predictive models recommend
changing the same feature in the same direction when generating counterfactual explanations.

Table 5 summarizes the direction consistency scores obtained across all eligible patient—feature
combinations.

Table 5: Summary statistics of direction consistency across eligible patient—feature combinations.
Statistic Value
Mean 0.8094
Median 0.8000
Minimum  0.5000
Maximum 1.0000

Across the 173 eligible patient—feature combinations, the mean direction consistency was 0.8094,
with a median of 0.8000. Direction consistency scores ranged from 0.5000 to 1.0000. These results
indicate that, for features modified by multiple independently trained predictive models, the
recommended direction of change frequently agreed across models, although complete agreement
was not observed in every case.
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4.3.4 Magnitude Consistency

Magnitude consistency evaluates the extent to which independently trained predictive models
recommend similar amounts of change for the same feature when the recommended direction of
change is identical.

Table 6 summarizes the magnitude consistency scores obtained across all eligible pairwise
counterfactual comparisons.

Table 6: Summary statistics of magnitude consistency across eligible pairwise counterfactual

comparisons.
Statistic Value
Mean 0.8755
Median 0.9231
Minimum 0.1538
Maximum 1.0000

Across the 3,659 eligible pairwise counterfactual comparisons, the mean magnitude consistency
was 0.8755, with a median of 0.9231. Magnitude consistency scores ranged from 0.1538 to 1.0000.
These results indicate that, when independently trained predictive models recommended changing
the same feature in the same direction, the normalized magnitude of the recommended changes
was frequently similar across models.

5 Bootstrap Confidence Intervals

To quantify the statistical uncertainty associated with the robustness estimates, non-parametric
bootstrap resampling was performed at the patient level, as described in Chapter 3. For each
robustness dimension, 5,000 bootstrap samples were generated by sampling patients with replacement
and recomputing the cohort-level patient mean. The resulting percentile-based 95% confidence
intervals are reported in Table 7.

Table 7: Patient-level robustness estimates, bootstrap standard errors, and 95% percentile confidence

intervals.
Robustness dimension  Patient-level mean Bootstrap SE  95% CI lower 95% CI upper

Cross-model validity 0.6475 0.0205 0.6059 0.6869
Feature-set consistency 0.5134 0.0155 0.4846 0.5443
Direction consistency 0.8063 0.0106 0.7852 0.8265
Magnitude consistency 0.8450 0.0079 0.8288 0.8599

The bootstrap confidence intervals were relatively narrow for all four robustness metrics,
suggesting that the patient-level robustness estimates remained stable across repeated bootstrap
resampling. Overall, the relatively narrow bootstrap confidence intervals suggest that the observed
differences between the four robustness dimensions are unlikely to be attributable solely to sampling
variability, supporting the stability of the reported robustness rankings across the evaluation cohort.
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15 Counterfactual Robustness with 95% Patient-Level Bootstrap Confidence Intervals
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Figure 1: Patient-level bootstrap estimates and 95% confidence intervals for the four robustness
metrics.

6 Discussion

6.1 Summary of Main Findings

This thesis investigated the reliability of counterfactual explanations across independently trained
machine learning models performing the same healthcare prediction task. Rather than evaluating
explanations generated by a single predictive model, the study examined whether independently
trained models produced similar counterfactual recommendations for the same patients.

Four complementary robustness dimensions were evaluated: cross-model validity, feature-set
consistency, direction consistency, and magnitude consistency. The experimental results revealed a
clear pattern. Cross-model validity remained moderate, indicating that counterfactual explanations
did not consistently transfer across independently trained models. Feature-set consistency produced
the lowest robustness estimates, suggesting considerable variability in the choice of modified
features. In contrast, direction consistency and magnitude consistency achieved substantially higher
robustness scores, indicating that when different models modified the same features, they generally
agreed on both the direction and the relative magnitude of the recommended changes.

Overall, these findings suggest that the robustness of counterfactual explanations depends
strongly on the aspect of explanation being evaluated. Although independently trained models
frequently disagreed on which features should be modified, they tended to provide similar recom-
mendations once a common feature was selected. This highlights the importance of evaluating
counterfactual explanations using multiple complementary robustness dimensions rather than
relying on a single robustness metric.
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6.2 Interpretation of the Four Robustness Dimensions

The four robustness dimensions evaluated in this study capture complementary aspects of counter-
factual explanation reliability. Rather than representing competing evaluation criteria, they provide
a multi-dimensional assessment of whether explanations remain consistent across independently
trained predictive models.

Cross-model validity produced a moderate robustness score, indicating that counterfactual
explanations generated for one predictive model did not consistently achieve the desired prediction
when evaluated on other independently trained models. This finding suggests that counterfactual
explanations remain partially dependent on the specific predictive model from which they are
generated, even when different models are trained for the same prediction task. Such behaviour is
consistent with previous observations that counterfactual explanations are influenced by model-
specific decision boundaries rather than solely by the underlying data distribution [, 3].

Among the four robustness dimensions, feature-set consistency produced the lowest robustness
estimates. Independently trained predictive models frequently selected different subsets of features
when constructing valid counterfactual explanations for the same patient. This observation is
unsurprising given that multiple valid recourse strategies often exist for a single prediction problem.
Because counterfactual generation is inherently an optimization problem with potentially multiple
feasible solutions, different predictive models may identify different combinations of actionable
features while still producing successful counterfactual explanations [21, 10].

In contrast, direction consistency remained substantially higher than feature-set consistency.
When independently trained predictive models selected the same feature for modification, they
generally agreed on whether that feature should increase or decrease. This suggests that although
models may disagree about which features to modify, they often capture similar local trends in the
relationship between individual features and the prediction outcome.

Magnitude consistency achieved the highest robustness estimates across all evaluated dimensions.
Once independently trained models agreed on both the selected feature and the direction of change,
they also tended to recommend similar normalized amounts of change. This result indicates that
disagreement between models primarily arises during feature selection rather than during the
estimation of the required modification itself. Consequently, the largest source of variability in
counterfactual explanations appears to lie in identifying the feature-modification strategy, whereas
the recommended change magnitude remains comparatively stable once a common strategy has
been selected.

Taken together, these findings demonstrate that counterfactual robustness cannot be adequately
characterized by a single evaluation metric. Different robustness dimensions capture different
sources of variability, and considering only one aspect may lead to an incomplete assessment of
explanation reliability. A comprehensive robustness evaluation should therefore consider multiple
complementary dimensions, particularly in high-stakes applications such as healthcare. Therefore,
reporting only a single robustness score may conceal important differences between explanation
properties. The proposed framework instead enables robustness to be analysed as a collection of
complementary behaviours rather than a single aggregated quantity.
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6.3 Comparison with Previous Literature

The findings of this study are broadly consistent with previous research highlighting the model
dependence of counterfactual explanations. Alvarez-Melis and Jaakkola demonstrated that in-
terpretability methods can be sensitive to small changes in predictive models, suggesting that
explanations may not remain stable under model perturbations [1]. Similarly, Artelt et al. reported
that counterfactual explanations can exhibit substantial variability when generated under different
conditions, emphasizing the importance of evaluating robustness beyond the success of individual
explanations [3].

While previous studies primarily investigated robustness with respect to perturbations of a single
predictive model or individual explanation methods, the present work considers a different setting
by comparing explanations generated from multiple independently trained models performing the
same prediction task. This perspective reflects a realistic deployment scenario in which several
predictive models with comparable predictive performance may coexist or be retrained over time.

The results obtained in this study suggest that robustness is not a single property but rather
depends on the aspect of explanation being considered. Although feature selection exhibited
considerable variability across independently trained models, substantially higher agreement was
observed in the direction and magnitude of recommended feature changes once common features
were selected. This observation complements previous robustness studies by demonstrating that
different robustness dimensions may reveal different forms of explanation stability.

More broadly, these findings support recent survey papers arguing that robustness should be
regarded as a multi-dimensional property of counterfactual explanations rather than being assessed
through a single evaluation criterion [12]. The experimental framework presented in this thesis
follows this perspective by evaluating four complementary robustness dimensions, thereby providing
a more comprehensive characterization of explanation reliability across independently trained
predictive models.

6.4 Practical Implications

The findings of this study have several practical implications for the deployment and evaluation of
counterfactual explanations in healthcare applications. Counterfactual explanations are increasingly
proposed as a means of supporting clinical decision-making because they provide actionable
recommendations that indicate how a prediction could change. However, the present results suggest
that explanations generated by a single predictive model should not automatically be interpreted
as universally reliable.

The observed variability in cross-model validity and feature-set consistency indicates that
different predictive models trained for the same clinical prediction task may recommend different
intervention strategies for the same patient. Consequently, relying on a single counterfactual
explanation may provide an incomplete picture of the available recourse options. Evaluating
explanations across multiple independently trained models can therefore offer additional insight
into which recommendations are consistently supported and which are model-dependent.

At the same time, the relatively high direction and magnitude consistency observed in this study
suggests that agreement between independently trained models becomes substantially stronger once
common intervention features are identified. This finding indicates that robustness assessments
should distinguish between disagreement in feature selection and disagreement in the recommended
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modification itself, as these represent different sources of uncertainty.

More broadly, the experimental framework presented in this thesis provides a practical method-
ology for evaluating counterfactual explanation reliability beyond predictive performance alone.
Since independently trained models may achieve comparable predictive accuracy while producing
different explanations, robustness evaluation can serve as an additional criterion when selecting
predictive models for high-stakes decision-support systems.

6.5 Limitations

Several limitations of the present study should be acknowledged when interpreting the reported
findings.

First, the experimental evaluation was conducted using a single real-world healthcare dataset,
namely the Diabetes 130-US Hospitals dataset. Although this dataset represents a widely used
benchmark for medical machine learning research, the observed robustness characteristics may
differ for other clinical prediction tasks, patient populations, or data distributions. Consequently,
the generalizability of the reported robustness estimates should be confirmed using additional
healthcare datasets.

Second, the study focused exclusively on counterfactual explanations generated using the
DiCE framework. While DiCE is one of the most widely adopted methods for generating diverse
counterfactual explanations, alternative generation algorithms may exhibit different robustness
characteristics. The conclusions presented in this thesis should therefore be interpreted as being
specific to the explanation method evaluated.

Third, all experiments were performed using independently trained XGBoost predictive models.
Although the models differed through stochastic training variation induced by different random
seeds, the study did not investigate whether similar robustness patterns hold across fundamentally
different model architectures, such as neural networks or logistic regression models.

Finally, this thesis evaluated robustness exclusively from the perspective of independently
trained predictive models performing the same prediction task. Other robustness settings, such
as robustness to distribution shifts, adversarial perturbations, measurement noise, and temporal
dataset drift, were beyond the scope of the present work. In particular, meaningful perturbation-
based analyses were not considered because the Diabetes 130-US Hospitals dataset contains a
large number of categorical and clinically constrained variables, making the design of realistic
perturbations substantially more challenging than for purely numerical datasets. Consequently,
the reported robustness dimensions should be viewed as one component of a broader robustness
evaluation framework for counterfactual explanations. In addition, the present study evaluates
robustness using a single random train-test split. Although multiple independently trained models
were considered, future work could investigate whether similar robustness patterns persist across
different data partitions.

6.6 Future Work

The findings of this thesis open several promising directions for future research on the robustness
of counterfactual explanations, extending beyond the specific experimental setting considered in
this study.
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An immediate extension of the present work is the evaluation of the proposed robustness
framework using additional counterfactual generation algorithms beyond DiCE, such as the method
proposed by Wachter et al. [21]. Similarly, investigating robustness across different predictive model
families, including neural networks, logistic regression, and alternative ensemble methods, would
provide a broader understanding of how explanation robustness depends on both the explanation
algorithm and the underlying predictive model.

Another important research direction is the evaluation of robustness under additional sources
of uncertainty. While this thesis focused on independently retrained predictive models, future
studies could investigate robustness under clinically meaningful distribution shifts, temporal dataset
drift, and realistic perturbation scenarios. Such analyses would complement the model-retraining
perspective adopted in this work and contribute to a more comprehensive understanding of
explanation reliability in real-world healthcare environments. Recent surveys have emphasized that
robustness remains one of the central open challenges in counterfactual explanation research [12].

Beyond extending the evaluation framework, future work may explore robustness-aware coun-
terfactual generation. Existing counterfactual generation algorithms primarily optimize objectives
such as validity, proximity, sparsity, and diversity [21, 16]. An interesting research direction is
to incorporate robustness directly into the optimization objective, encouraging the generation
of explanations that remain stable across independently trained predictive models rather than
evaluating robustness only after explanations have been generated.

A particularly promising direction is the development of consensus counterfactual explanations.
Instead of relying on the explanation produced by a single predictive model, future systems could
aggregate recommendations from multiple independently trained models to identify intervention
strategies that are consistently supported across models. Such consensus-based explanations may
better capture stable characteristics of the underlying prediction task while reducing dependence
on the behaviour of any individual trained model.

Finally, as explainable artificial intelligence increasingly transitions from academic research
toward deployment in real-world clinical decision-support systems [10, 19], robustness may become
an essential component of explanation quality rather than an optional evaluation criterion. Just
as predictive models are routinely assessed for predictive performance before deployment, future
explainable Al systems may also require systematic robustness validation to ensure that generated
explanations remain reliable under realistic sources of model uncertainty.

7 Conclusion

This thesis investigated the robustness of counterfactual explanations across independently trained
predictive models for healthcare prediction. While previous research has primarily focused on
generating valid, sparse, and actionable counterfactual explanations for a single predictive model,
considerably less attention has been devoted to understanding whether these explanations remain
reliable when predictive models are independently retrained.

To address this problem, a multi-dimensional robustness evaluation framework was proposed
and applied to counterfactual explanations generated using the DiCE framework on the Diabetes
130-US Hospitals dataset. Five independently trained XGBoost models were used to generate
counterfactual explanations for the same patients, allowing robustness to be evaluated from four
complementary perspectives: cross-model validity, feature-set consistency, direction consistency,
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and magnitude consistency. Statistical uncertainty was subsequently quantified using patient-level
bootstrap confidence intervals.

The experimental results demonstrated that different robustness dimensions exhibit substan-
tially different behaviour. While cross-model validity and feature-set consistency indicated that
independently trained predictive models frequently produced different counterfactual explanations,
considerably stronger agreement was observed in the direction and magnitude of recommended
feature changes once common intervention features were identified. These findings suggest that
robustness is inherently multi-dimensional and cannot be adequately characterized using a single
evaluation metric. Rather than proposing yet another counterfactual generation algorithm, this
thesis argues that robustness itself should be treated as an essential evaluation criterion for existing
explanation methods. This perspective complements current evaluation practices by emphasizing
the reliability of explanations in addition to their validity and actionability. Taken together, these
findings suggest that evaluating explanation robustness should complement, rather than replace,
traditional counterfactual quality metrics such as validity, sparsity, and actionability.

More broadly, this thesis highlights the importance of evaluating explanation reliability in
addition to predictive performance. As explainable artificial intelligence continues to play an
increasingly important role in high-stakes healthcare decision-support systems [10, 17, 19], under-
standing whether explanations remain stable under realistic model uncertainty becomes an essential
aspect of trustworthy machine learning. Although additional validation across different datasets,
explanation algorithms, and predictive model families remains necessary, the proposed evaluation
framework establishes a systematic foundation for studying robustness across independently trained
predictive models and contributes to the growing body of research on trustworthy counterfactual
explanations. By treating robustness as a multi-dimensional property rather than a single scalar
quantity, this thesis offers a practical basis for evaluating explanation reliability under realistic
model retraining scenarios. Rather than concluding that counterfactual explanations are simply
robust or non-robust, the findings demonstrate that robustness depends on the aspect of explanation
being evaluated. This highlights the importance of assessing multiple complementary robustness
dimensions when evaluating the reliability of counterfactual explanations under model retraining.
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