
Statistical Methods leveraging Uncertainties
in Machine Learning

Dissertation
an der Fakultät für Mathematik, Informatik und Statistik

der Ludwig-Maximilians-Universität München

eingereicht von
Stefan Michael Stroka

am 12.06.2025



Statistical Methods leveraging Uncertainties in Machine Learning

Erstgutachter: Prof. Dr. Christian Heumann,
Institut für Statistik, LMU München

Zweitgutachter: Prof. Dr. Volker Schmid,
Institut für Statistik, LMU München

Drittgutachter: Prof. Dr. Martin Spieß,
Institut für Psychologie, Universität Hamburg

Vorgelegt von: Stefan Stroka
Tag der mündlichen Prüfung: 14. November 2025



Danksagung

Zu Beginn möchte ich mich herzlichst bei all jenen bedanken, die mich bei
meiner persönlichen und fachlichen Weiterentwicklung gefördert und unter-
stützt haben. Ohne diese Unterstützung wäre die vorliegende Arbeit in dieser
Form nicht möglich gewesen.
An erster Stelle möchte ich mich ausdrücklich bei meinem Doktorvater, Prof.
Dr. Christian Heumann, bedanken, der sich die Zeit genommen hat, mit
mir die komplexen Aufgabenstellungen zu erarbeiten und mich während der
gesamten Arbeit stets mit wertvollen Anregungen, seiner fachlichen Exper-
tise und geduldiger Unterstützung begleitet hat.
Mein besonderer Dank gilt meinem Vater Wolfgang Stroka, meinem Bruder
Christian Stroka und Janina Wanzke, die mir durch ihre unermüdliche Un-
terstützung, ihren Zuspruch und ihren festen Glauben an mich maßgeblich
ermöglicht haben, die Promotion anzustreben und schließlich diese Arbeit
zu vollenden. Darüber hinaus danke ich auch meiner gesamten Familie und
meinen Freunden, die mir stets Rückhalt gegeben und mich ermutigt haben.
Ihre Geduld, ihr Verständnis und ihre fortwährende Unterstützung haben mir
geholfen, auch herausfordernde Zeiten zu meistern.
Mein Dank gilt auch meinen Kollegen bei ams Osram, die mich durch ihre
Zusammenarbeit und ihr offenes Ohr stets unterstützt haben. Ihr Feedback
und das gemeinsame Arbeiten haben mir in vielen Phasen der Promotion
sehr geholfen.
Abschließend danke ich allen, die auf unterschiedliche Weise zum Gelingen
dieser Arbeit beigetragen haben.



Abstract

In today’s data-driven landscape, machine learning methods are increasingly
applied in domains that demand high levels of safety, reliability, and inter-
pretability. However, hidden influencing factors and limited data availability
can significantly impair model performance and amplify predictive uncer-
tainty. Recognizing, quantifying, and—where possible—reducing uncertain-
ties such as aleatoric and epistemic uncertainty has therefore become a central
concern. This is particularly true in critical fields like autonomous driving,
medical diagnostics, finance, weather forecasting, and industrial production,
where dependable predictions are not merely advantageous, but essential.
Despite its relevance, the broader adoption of uncertainty quantification in
practice is often hindered by high computational demands and growing model
complexity. Furthermore, aleatoric uncertainty—stemming from noise and
imperfections in the data itself—poses a fundamental challenge to the reli-
ability of data-driven models. This dissertation explores multiple strategies
for uncertainty quantification across four publications. These contributions
examine both the necessity and the practical implementation of probabilis-
tic techniques, while also introducing novel, less computationally intensive
methods that reduce model complexity without sacrificing robustness.

Publication 1:
The first study addresses epistemic and aleatoric uncertainties in the pre-
processing phase of industrial production modeling. Aleatoric uncertainties
are predefined based on expert experience, setting the bounds for acceptable
input variation. Given the limited spatial distribution of measurement data,
uncertainty-aware interpolation is applied for data augmentation. Probabilis-
tic Gaussian Process Regression is employed to model prediction intervals and
serve as a basis for generating synthetic input data. Results using real pro-
duction data from ams OSRAM show that even with sparse measurements,



highly accurate models can be constructed.
Publication 2:

The second study introduces a novel modeling approach that combines two
types of target variables: a continuous regression target and an ordinal clas-
sification target. A customized loss function, paired with fuzzy logic, enables
the model to optimize regression estimates while simultaneously improving
classification performance. The method shows particularly strong perfor-
mance in imbalanced data scenarios, leading to a significant reduction in
latent uncertainty. Applied to housing market data in the United States, the
approach yields up to a 17.1% improvement in F1-score.

Publication 3:
The third publication investigates the integration of data-independent, expert-
derived knowledge into data-dependent learning models. Unmeasured or
unquantified latent uncertainties can reduce model robustness. This ap-
proach trains models using both observed data and qualitative expert as-
sessments—without requiring expert input at inference time. Results using
synthetic data generated via variational autoencoders (VAEs), based on real-
world use cases from ams OSRAM, demonstrate improved optimization even
with a marginal increase in mean absolute error (MAE).

Publication 4:
The fourth study addresses the challenge of training with small datasets. A
probabilistic modeling approach is presented that estimates the latent dis-
tribution of a target variable using ordinal class labels. This enables the
generation of additional, reliable input data to support model training. With
only 5–10% of the original training data, the method achieves notable im-
provements: up to 10% in mean squared error (MSE), 5–10% in coefficient
of determination (R2), and approximately 8% in prediction coverage.



Zusammenfassung

In der heutigen datengetriebenen Welt werden Machine-Learning-Methoden
zunehmend in sicherheitskritischen und hochzuverlässigen Anwendungsbere-
ichen eingesetzt. Verdeckte Einflussfaktoren sowie begrenzte Datenverfüg-
barkeit können jedoch die Modellgüte erheblich beeinträchtigen und die Vorher-
sageunsicherheit erhöhen. Die Erkennung, Quantifizierung und – wo möglich
– Reduktion von Unsicherheiten, insbesondere aleatorischer und epistemis-
cher Art, hat daher zentrale Bedeutung gewonnen. Dies gilt insbesondere
für Anwendungsfelder wie autonomes Fahren, medizinische Diagnostik, Fi-
nanzwesen, Wetterprognose und industrielle Produktion, in denen verlässliche
Vorhersagen nicht nur wünschenswert, sondern essenziell sind. Die breite An-
wendung von Unsicherheitsquantifizierung scheitert jedoch häufig an hohen
Rechenaufwänden und zunehmender Modellkomplexität. Zudem stellt die
aleatorische Unsicherheit – verursacht durch zufällige Messfehler und Daten-
rauschen – eine grundlegende Herausforderung für die Verlässlichkeit daten-
basierter Modelle dar. Diese Dissertation untersucht verschiedene Strate-
gien zur Quantifizierung von Unsicherheiten anhand von vier begutachteten
Publikationen. Die Beiträge beleuchten sowohl die Notwendigkeit als auch
die praktische Umsetzung probabilistischer Verfahren und schlagen darüber
hinaus neuartige, rechenökonomische Alternativen vor, die ohne signifikante
Steigerung der Modellkomplexität eine robuste Modellierung ermöglichen.

Publikation 1:
Die erste Studie thematisiert epistemische und aleatorische Unsicherheiten in
der Vorverarbeitung industrieller Produktionsdaten. Aleatorische Messun-
sicherheiten werden auf Basis von Erfahrungswerten vordefiniert, um einen
Rahmen für die Eingabedatenunsicherheit zu schaffen. Aufgrund der räum-
lich begrenzten Messpunktverteilung werden Interpolationsverfahren mit Un-
sicherheitsberücksichtigung zur Datenanreicherung eingesetzt. Eine proba-



bilistische Gaussian-Process-Regression dient zur Modellierung von Progno-
seintervallen und zur Generierung zusätzlicher Eingabedaten. Die Anwen-
dung auf Produktionsdaten der Firma ams OSRAM zeigt, dass auch mit
wenigen Messwerten präzise Modelle realisierbar sind.

Publikation 2:
Die zweite Studie stellt einen innovativen Modellierungsansatz vor, der zwei
Zielgrößen kombiniert: eine kontinuierliche Regressionsgröße und eine ordi-
nale Klassifikationsgröße. Eine angepasste Verlustfunktion in Kombination
mit Fuzzy Logic ermöglicht eine gleichzeitige Optimierung beider Zielgrößen.
Der Ansatz zeigt insbesondere bei unausgeglichenen Klassenverteilungen sig-
nifikante Verbesserungen und reduziert latente Unsicherheiten durch die Kom-
bination beider Ziele. Die Anwendung auf US-Immobiliendaten zeigt eine
Verbesserung des F1-Scores um bis zu 17,1%.

Publikation 3:
Die dritte Veröffentlichung befasst sich mit der Integration von datenneu-
tralem Expertenwissen in datenabhängige Lernmodelle. Nicht gemessene
oder nicht quantifizierbare Unsicherheiten können die Modellstabilität gefährden.
Der vorgestellte Ansatz kombiniert trainingsseitig beobachtete Daten mit
qualitativen Experteneinschätzungen – ohne dass Expertenwissen zur Vorher-
sagezeit erforderlich ist. Ergebnisse mit synthetischen Daten, erzeugt mittels
Variational Autoencoders (VAE) auf Basis realer ams-OSRAM-Anwendungsfälle,
zeigen eine verbesserte Modelloptimierung trotz eines geringen Anstiegs des
mittleren absoluten Fehlers (MAE).

Publikation 4:
Die vierte Studie widmet sich der Problematik kleiner Stichprobenumfänge.
Ein probabilistischer Modellierungsansatz wird vorgestellt, bei dem die Verteilung
der Zielgröße über ordinale Klassen abgeschätzt wird. Dadurch lassen sich
zusätzliche, zuverlässige Eingabedaten für das Modelltraining erzeugen. Bere-



its mit 5–10% der ursprünglichen Trainingsdaten lassen sich deutliche Verbesserun-
gen erzielen: eine Reduktion des mittleren quadratischen Fehlers (MSE) um
bis zu 10%, eine Steigerung des Bestimmtheitsmaßes (R2) um 5–10% sowie
eine um rund 8% verbesserte Abdeckung der Prognoseintervalle.
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1 Introduction

The digital era, driven by the exponential growth in computational capabili-
ties, has significantly accelerated the evolution of machine learning. The fu-
sion of mathematical and statistical methodologies with computer science has
enabled the practical implementation and further development of previously
intractable theoretical models [Aggarwal et al., 2022]. In this context, arti-
ficial intelligence (AI), particularly machine learning, has experienced rapid
advancement and found impactful applications across domains once deemed
beyond the reach of automation. Today, AI-powered systems—ranging from
language assistants and image recognition to predictive analytics, personal-
ized recommendations, autonomous vehicles, and smart manufacturing within
the framework of Industry 4.0—have become integral to everyday operations
[Sarker, 2021]. The development of these systems has reached a point where
limitations are increasingly defined by the quality and quantity of input data,
rather than by model architecture itself [Chen et al., 2021]. Consequently,
the demands on trustworthiness and interpretability of AI-driven predictions
have intensified [Alam et al., 2023, Bostrom et al., 2024]. As models grow
in complexity and autonomy, the risk of reduced transparency and oversight
escalates [Holzinger, 2021]. Reliable decision-making therefore hinges not
only on model performance but also on the ability to quantify uncertainty
in predictions [Begoli et al., 2019, Jalaian et al., 2019]. Uncertainty quan-
tification (UQ) methods, gaining prominence in recent years [Abdar et al.,
2021, Psaros et al., 2023], aim to capture both aleatoric and epistemic un-
certainty, thus providing a comprehensive framework for assessing predictive
reliability. Aleatoric uncertainty pertains to the inherent noise in the in-
put data [Sullivan, 2015]. Despite technological progress, data acquisition
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CHAPTER 1. INTRODUCTION

remains vulnerable to both systematic and stochastic errors. In contrast,
epistemic uncertainty arises even with reliable data, as models are funda-
mentally conditioned on the information available during training [Sullivan,
2015]. Uncertainty from unobserved or unmeasurable sources poses a chal-
lenge to model trustworthiness. This dissertation is motivated by the im-
perative to identify effective methodologies for quantifying and incorporating
both types of uncertainty into the modeling process. Specifically, it examines
potential applications of uncertainty-aware methods, such as Gaussian Pro-
cess Regression (GPR), and introduces novel techniques aimed at improving
data quality and model interpretability.

1.1 Data Augmentation under Uncertainty Using Gaussian
Processes

Quantifying uncertainty is a crucial aspect of data modeling, particularly in
industrial applications where data may be limited, noisy, or collected asyn-
chronously. GPR is a Bayesian inference method that enables the quantifica-
tion of epistemic uncertainties while also accounting for aleatoric uncertainty
[Schulz et al., 2018a]. Unlike traditional regression techniques that yield
only single point estimates, GPR produces full predictive distributions, al-
lowing for the derivation of uncertainty intervals based on prior knowledge
or prior distributions. Although GPR is a well-established and extensively
studied approach, recent research has shifted its focus toward practical ap-
plications—specifically, the generation of data that inherently incorporates
uncertainty—rather than on methodological innovation itself [Santoni et al.,
2024, Triggiano and Romito, 2024, Tang et al., 2022, Wang et al., 2023].
Within the context of Industry 4.0, GPR has been applied to address imbal-
ances in the availability of input and target data [Gardner et al., 2021]. For
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CHAPTER 1. INTRODUCTION

example, in the case study presented in our first paper, a supervised learn-
ing model is employed where initial process measurements serve as input to
predict final product measurements. Often, these datasets are imbalanced: a
limited number of initial input measurements contrasts with a significantly
larger volume of final product observations. Although these measurements re-
fer to the same underlying process and product, they are collected at different
stages of production and at different points in time. This discrepancy in data
availability, coupled with the risk of information loss during preprocessing,
motivates the use of approximation techniques capable of generating reliable
input data from limited observations. However, to maintain the integrity
of the data and avoid introducing ambiguity into the model, the generation
process must account for uncertainty in a principled way. The associated
publication proposes a novel approach for generating additional input data
while explicitly constraining epistemic uncertainty during the augmentation
process. This method ensures that augmented data do not dilute the in-
formation content of the original inputs, thus preserving the reliability of
subsequent model training. By integrating uncertainty directly into the data
generation process, the methodology improves both the theoretical soundness
and the practical applicability of the model in real-world scenarios.

1.2 Enhancing Regression Models through
Classification-Guided Objectives

While traditional regression methods such as Gaussian Process Regression
(GPR) have been widely applied, this thesis proposes a novel approach that
enhances regression performance by incorporating an additional classification
target. To this end, a custom regression loss function [Hastie et al., 2001]
is employed to bias the mean estimates, thereby improving the model’s ca-
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CHAPTER 1. INTRODUCTION

pacity to capture deviations that are better aligned with the classification
objective. This loss function is convex and twice differentiable, allowing it
to be implemented with any regression technique based on gradient descent
optimization [Boyd and Vandenberghe, 2004]. Commonly, regression models
assume that the training data are reliable and accurate [Gleser, 1992], ne-
glecting the potential influence of unsupervised factors. However, if aleatoric
uncertainty is present in the target data—such as measurement errors—the
reliability of the resulting predictions can be substantially diminished [Yazdi
et al., 2021]. To address this challenge, the proposed method introduces a
second, independent classification target. By jointly optimizing a combined
loss function that integrates both the potentially biased regression target and
the classification target, the model is able to leverage "weak" supervision sig-
nals to enhance overall accuracy. This approach is particularly motivated
by practical production scenarios, where data collection can be improved
without necessitating fundamental changes to measurement processes. More-
over, non-data-dependent information—such as subjective expert knowledge
or other non-quantifiable insights—can be utilized as a secondary classifica-
tion target. This additional target biases the mean regression estimator and
improves classification accuracy by combining two possibly weak targets into
a single, optimized model. The model thereby identifies a trade-off that yields
the best possible representation of the underlying data. The overarching goal
is to integrate both observed input data and non-data-dependent knowledge
to capture unobserved and potentially immeasurable factors, thus reducing
model and prediction uncertainty. This concept is realized through a novel,
customized regression loss function that enables optimization of pointwise re-
gression estimators with respect to a categorical target. A key innovation of
this method is the ability to compute the loss between a continuous (metric)
target and ordinal classes by leveraging continuous evaluation metrics. This
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CHAPTER 1. INTRODUCTION

is achieved through a unique treatment of the ordinal classification target as a
pseudo-continuous variable via fuzzy logic. Consequently, continuous metrics
can be applied within the classification space, where disjoint ordinal classes
partition the continuous value range. Each class is defined by explicit bound-
aries within this continuous range, allowing clear determination of when a
point prediction belongs to a particular class. Unlike conventional optimiza-
tion strategies, this approach performs optimization iteratively within each
model training step, which reduces computational effort—thanks to gradi-
ent descent—and decreases model complexity when compared to combined
multi-output learning frameworks. Furthermore, the interpretability of each
learning step is enhanced relative to black-box methods or multi-output
model ensembles, enabling traceable and reliable regression estimates that
are specifically optimized for the classification target.

1.3 Reducing Epistemic Uncertainty by Incorporating
Aleatoric Uncertainty

Building on the previously introduced approach, the custom loss function
methodology is further extended to explicitly incorporate aleatoric uncer-
tainty in the regression target. Known measurement inaccuracies and pre-
sumed stochastic fluctuations characterize the quality of the input data [Hüller-
meier and Waegeman, 2021]. Comparable methods—such as Bayesian infer-
ence [Li et al., 2021] and Monte Carlo simulations [Swiler et al., 2009]—model
such uncertainty by means of probability distributions derived from prior
knowledge, statistical analysis, or expert input. While these techniques it-
eratively approximate optimal estimators, they often come at the cost of
substantial computational overhead. In contrast, more practical machine
learning strategies seek to classify and incorporate sources of uncertainty
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CHAPTER 1. INTRODUCTION

directly into the modeling process [Kläs and Vollmer, 2018]. The method
proposed in this thesis introduces a deterministic approach based on a “best-
guess” estimation to account for aleatoric uncertainty. This allows for the
joint modeling of systematic and random errors, while considerably reduc-
ing computational complexity. Within this framework, the metric regression
target is extended to include a classification target that reflects uncertainty.
Specifically, when the continuous value range is divided into disjoint classes
with defined boundaries, an overlapping region arises between the metric and
classification targets. The presumed uncertainty is then used to augment the
point estimate with an uncertainty interval. While the point estimate can
only be assigned to a single class, its surrounding interval may span multiple
classes. This becomes particularly valuable near class boundaries, where im-
precise measurements provide meaningful insight into the confidence of the
observed value. As a result, classification based on the point estimate and
that based on the uncertainty interval may diverge—creating two contrast-
ing but complementary optimization objectives. Notably, this uncertainty-
aware formulation does not require explicit sampling of the distribution it-
self. The assumed uncertainty is incorporated into the regression model via
a tunable hyperparameter, thereby allowing for flexible adjustment. This en-
hances both the interpretability and adaptability of the model—particularly
in settings where measurement accuracy and uncertainty quantification are
of central importance.

1.4 Addressing Sample Size Limitations through
Distribution-Based Feature Augmentation

Another central challenge addressed in this thesis is the small-sample-size
problem, which poses significant difficulties for both deterministic and prob-
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abilistic machine learning methods [Chapelle et al., 2002]. Limited datasets
often lead to underfitting and poor generalization performance [Pothuganti,
Aliferis and Simon, 2024, Montesinos López et al., 2022]. To address this
issue, a novel method is proposed that enhances generalization by leveraging
statistical probability modeling, even when only sparse input data are avail-
able. In many practical applications, generalization is impaired by latent
impact factors—that is, influences from partially measured or entirely unob-
served features—which introduce hidden variability into the modeling process
[Malik, 2020]. Optimized model selection strategies aim to mitigate this effect
through established techniques such as Gaussian Process Regression [Ferber
et al., 2025], Gaussian Mixture Models (GMMs) [Arora et al., 2021], boot-
strapping [Gao et al., 2019], mixtures of experts [Gao et al., 2023], and hier-
archical Dirichlet processes [Munro and Ng, 2022, Traunmüller et al., 2015].
These approaches help to model and compensate for uncertainty arising from
unobserved data-generating processes. The proposed approach reduces the
influence of such unknowns by using probability distributions to interpolate
feature spaces and augment input data, with a focus on quantifying uncer-
tainty. It extends latent variable regression models [Burnham et al., 1999]
through the integration of modeled probability distributions [Zhou et al.,
2014], incorporating Gaussian Mixture Models in combination with Bayesian
linear regression to improve the robustness and reliability of predictions. At
the core of this method is the reduction of uncertainty in the input data. This
is achieved by observing known ordinal classes—combined with available fea-
ture information—which segment the continuous value range of the metric
target variable. Based on this segmentation, a Gaussian Mixture Model is
constructed with a separate normal distribution for each class. The result-
ing class-conditional distributions allow for interpolation and extrapolation
within and between classes, thereby enabling the augmentation of new input
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CHAPTER 1. INTRODUCTION

data and improving predictive accuracy.

1.5 Objective of the Dissertation

This dissertation aims to enhance conventional machine learning methodolo-
gies by systematically integrating uncertainty modeling through statistical
techniques. The overarching goal is to improve the robustness and reliability
of predictions by addressing both aleatoric and epistemic uncertainty. The
contribution is twofold: (1) leveraging uncertainty intervals to augment and
evaluate input data quality, and (2) improving prediction reliability without
the explicit estimation of uncertainty via prediction or confidence intervals,
which often increase model complexity and computational cost. While the
first aspect targets aleatoric uncertainty by refining the input data space, the
second focuses on epistemic uncertainty by improving model generalization
through structural enhancements.

1.5.1 Primary Goals of the Work

The primary goal of this work is to improve state-of-the-art machine learn-
ing models by incorporating statistical methods that explicitly account for
aleatoric and epistemic uncertainty. Aleatoric uncertainty—stemming from
noise or imprecise measurements—is mitigated through uncertainty-based
data generation and augmentation strategies. Epistemic uncertainty—resulting
from limited or incomplete information—is addressed by embedding proba-
bilistic models that improve inference under sparse data conditions. Together,
these strategies aim to produce more reliable, interpretable, and efficient ma-
chine learning models.

8



CHAPTER 1. INTRODUCTION

1.5.2 Hypotheses and Research Questions

The central hypotheses guiding this dissertation are as follows:

• Uncertainty-aware data generation in the preprocessing phase improves
both the quality and quantity of input data, thereby increasing model
accuracy.

• The integration of coarser, categorical, or expert-derived information
enables an optimization process between regression and classification
objectives. This trade-off leads to improved classification accuracy at
the cost of a marginal bias in the regression estimate.

• Modeling latent probability distributions using GMMs enhances learning
in scenarios with very limited training data.

The key research questions investigated are:

• How reliable are the generated input data, and what are the practical
limits of their use in model training?

• To what extent can unobserved or coarsely quantified information be
meaningfully incorporated into the learning process?

• How effective is the use of aleatoric uncertainty bounds in constraining
subjective or weak knowledge, and what is the optimal balance between
introducing bias in the regression estimate and improving classification
performance?

1.5.3 Structure of the Dissertation

The remainder of this dissertation is structured as follows: The next sec-
tion introduces the theoretical background related to uncertainty modeling
and outlines its relevance to the application domain. This is followed by an
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CHAPTER 1. INTRODUCTION

overview of the individual research papers and a discussion of the original
contributions presented in this work.
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2 Methodology and General Background

Uncertainty quantification is obviously or latently important for most AI ap-
plications nowadays. This applies not only to obvious and highly topical use
cases, such as autonomous driving, where even the smallest uncertainty can
have fatal consequences, but also to many other, sometimes less conspicuous
areas, like production optimization or cost minimization.

2.1 Aleatoric and Epistemic Uncertainty

Uncertainty quantification is divided into irreducible (aleatoric) and reducible
(epistemic) uncertainty, which can be further subdivided. In general, a dis-
tinction is made between the uncertainty of the input data (aleatoric un-
certainty) and the uncertainty of the model and prediction (epistemic un-
certainty) [Der Kiureghian and Ditlevsen, 2009, Hüllermeier and Waegeman,
2021]. Figure 2.1 provides a visual illustration of the distinction between
aleatoric and epistemic uncertainty in a regression setting.

11



CHAPTER 2. METHODOLOGY AND GENERAL BACKGROUND

Figure 2.1: Illustration of aleatoric and epistemic uncertainties using a standard Gaussian
Process Regression applied to simulated example data with input variability. The
prediction intervals (blue bands) represent the model’s epistemic uncertainty,
incorporating the observation noise depicted by black error bars.

Aleatoric uncertainty can be further subdivided into random and system-
atic influences [Shaker and Hüllermeier, 2020]. Aleatoric uncertainty is often
described simply as random error; however, distinguishing between the two
is frequently impractical. In the case of aleatoric uncertainty, one considers
systematic measurement errors, which arise from inaccurate measurements
or inadequate measurement procedures, as well as stochastic uncertainty.
Stochastic uncertainty cannot be mitigated by improved measurement tech-
niques and can arise from various causes such as natural variation, inherent
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randomness, or environmental, process, or demographic stochasticity [Glick
et al., 2001, Helton, 1997]. Consequently, random (stochastic) errors can only
be estimated using statistical or other methods. In contrast, epistemic un-
certainty concerns model-dependent uncertainties such as parameter, model,
or prediction uncertainties. Epistemic uncertainty is also known as a lack
of information [Swiler et al., 2009, Large et al., 2017]. This suggests that
improved data quality can result in reduced epistemic uncertainty. However,
this uncertainty can also come from subjective judgments. In specific areas
where modeling is based on expert opinions or evaluations, uncertainties may
arise due to human influences. Therefore, when modeling under uncertainty,
the primary focus is on exploring epistemic uncertainty, as the reliability of
predictions depends on the level of confidence in this aspect.

2.1.1 Quantification Techniques & Methods for Quantifying and
Managing Uncertainty

A wide range of methods are available for quantification [Abdar et al., 2021,
Soize, 2017, Kabir et al., 2018, Zhang et al., 2020, Psaros et al., 2023]. The se-
lection of the optimal methodology depends on several factors. These include
data availability with measurement errors and variability, model complex-
ity and the number of potential parameters, assumptions and simplifications
(which may directly impact the uncertainties), resources and time, and finally
the complexity of the uncertainties themselves.

2.1.2 Confidence, Prediction and Certainty Interval

Depending on the prerequisites mentioned and the limitations of uncertainty
quantification, the ultimate goal is to determine confidence intervals (CI)
[O’Brien and Yi, 2016], prediction intervals (PI) [Khosravi et al., 2011], or
credible intervals (CRI) [Whitener, 1990, Eberly and Casella, 2003]. Depend-
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