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Abstract

The transition toward sustainable urban mobility and industrial efficiency

requires decision-making tools that go beyond correlation-based analysis to un-

cover true cause-and-effect relationships. Traditional machine learning models,

while effective for prediction, often act as ”black boxes,” lacking interpretabil-

ity and failing to reveal the mechanisms underlying complex systems. To

address these limitations, this dissertation introduces a modular Causal AI

framework for smart decision-making, integrating causal discovery and infer-

ence with structured domain knowledge to enhance sustainability outcomes.

The framework is validated across three key domains: (1) urban CO2 emis-

sions, (2) shared mobility demand, and (3) SME energy use. The first case

study analyzes over 500,000 vehicles to uncover how engine performance and

maintenance drive urban emissions. The second study examines shared bike

systems, identifying causal impacts of weather patterns, station topology, and

temporal demand fluctuations, supporting more adaptive fleet operations. The

third applies the framework in a manufacturing SME, identifying the root

causes of energy inefficiency and enabling targeted interventions to improve

operational performance without compromising productivity.

This research advances the interpretability and actionability of AI in sus-

tainability contexts by replacing opaque predictive models with transparent,

evidence-based causal reasoning. Algorithms such as PC, FCI, GES, and Di-

rectLiNGAM are employed alongside domain ontologies to uncover valid causal

relationships and support decision-making. A hybrid approach also addresses

feature selection, dimensionality reduction, and model explainability, making

the methodology broadly applicable across diverse sustainability challenges.

While the framework demonstrates strong applicability, future work may

focus on enhancing real-time scalability, adaptive ontology integration, and

broader validation across domains such as electric mobility and smart energy

systems. Overall, this thesis contributes a generalizable, interpretable Causal

AI framework that enhances systemic understanding and supports sustainable

transformation in policy, planning, and industrial decision-making.
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List of Abbreviations

The following abbreviations are used throughout this thesis. Abbreviations

are spelled out upon their first occurrence in each chapter and are listed here

for quick reference.

Abbreviation Definition

AI Artificial Intelligence

ATE Average Treatment Effect

BIC Bayesian Information Criterion (used in model selection)

CO2 Carbon Dioxide

CSV Comma-Separated Values

DAG Directed Acyclic Graph (used to represent causal structures)

DirectLiNGAM Direct Linear Non-Gaussian Acyclic Model (causal ordering algo-

rithm)

DiD Difference-in-Differences (causal effect estimation method)

EV Electric Vehicle

FCI Fast Causal Inference (causal discovery with latent confounders)

GES Greedy Equivalence Search (score-based causal structure learning

algorithm)

GHG Greenhouse Gas

KPI Key Performance Indicator

LCA Life Cycle Assessment

ML Machine Learning

PC PC Algorithm (constraint-based causal discovery algorithm)

PLM Product Lifecycle Management

PSM Propensity Score Matching

RCT Randomized Controlled Trial

RESIT Regression with Subsequent Independence Test (nonlinear causal

discovery algorithm)

SHD Structural Hamming Distance (used to compare graph structures)

SME Small and Medium-sized Enterprise

do(X) Pearl’s Do-Operator (intervention operator in causal inference)
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1. Introduction

1.1 Background and Motivation

Urban mobility systems and industrial operations are increasingly complex,

posing major sustainability challenges. Cities face persistent issues like traffic

congestion, air pollution, and inefficient infrastructure. Meanwhile, industries

confront rising energy costs and stricter environmental regulations. Address-

ing these challenges requires data-driven tools that reveal the root causes of

inefficiencies and environmental impacts (Brynjolfsson and McElheran 2016;

Vuković and Thalmann 2022).

Machine learning models have been widely used to analyze large-scale data

in these areas. However, they often act as “black boxes,” prioritizing prediction

over interpretability and failing to capture causal relationships (Tiensuu et al.

2021). As a result, policymakers and industry leaders often rely on correlations,

limiting the development of targeted, sustainable interventions (Albuquerque

et al. 2021; Cowls et al. 2023). For instance, while traditional AI can predict

traffic or energy use, it rarely explains why these patterns occur—insight that

is essential for informed decision-making (Hatt and Feuerriegel 2024).

To address this, causal AI has emerged as a transformative solution. By

combining causal discovery and inference techniques, it identifies underlying

mechanisms and actionable levers for change. This dissertation introduces a

Causal AI Framework for Smart Decision-Making to systematically address

sustainability issues in urban and industrial contexts. By delivering inter-

pretable, evidence-based strategies, it empowers policymakers, planners, and

industry stakeholders to design more effective interventions (Kiciman et al.

2022; Kaddour et al. 2022). For example, causal AI can identify how weather

or infrastructure influence bicycle usage, guiding targeted improvements.

Recent studies have demonstrated causal AI’s potential across sustainabil-

ity domains. Applications include enhancing energy efficiency in manufactur-

ing (Jeong et al. 2025; Bicand Fernández 2023), analyzing automotive CO2

emissions (Hashmi et al. 2024; Nesro et al. 2024; Limpasirisuwan et al. 2024),

and creating digital product tracking systems (Wicaksono et al. 2025). These

examples highlight the growing role of causal AI in industrial and environmen-

tal decision-making (Cheng et al. 2021; Forum 2018). For instance, it has been

used to determine the most effective strategies for emission reduction, offering

insights beyond surface-level correlations (Y. Wang et al. 2022).
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Chapter 1. Introduction

While these applications showcase causal AI’s potential, they also reveal

critical limitations that this dissertation seeks to address.

Nevertheless, several key research gaps remain unresolved. First, most ex-

isting applications of causal AI are domain-specific and lack a unified method-

ological foundation, limiting their ability to address complex, cross-sectoral

sustainability challenges. Second, there is a limited integration of domain

knowledge into causal models, which restricts interpretability and policy rele-

vance. Third, scalability remains a challenge: current approaches often do not

generalize well across varying spatial and temporal contexts, such as urban

systems versus industrial environments. Finally, despite promising theoretical

advances, the real-world adoption of causal AI for decision-making remains

sparse due to a lack of validated, replicable frameworks.

This dissertation addresses these gaps by developing and validating a gen-

eralizable Causal AI Framework for Smart Decision-Making. Each of the three

empirical case studies is intentionally designed to target a specific aspect of

the broader gap: urban emissions, shared-mobility systems, and SME energy

consumption. Together, they test the framework’s robustness, interpretability,

and scalability across distinct yet interrelated sustainability domains.

Urban planners and industries need tools that diagnose inefficiencies and

propose actionable improvements. Understanding causal drivers behind traffic

congestion, for instance, can inform better infrastructure design. Similarly,

rising energy costs and regulatory pressures demand strategies that are both

cost-effective and compliant. Causal AI can support energy conservation and

emissions reduction by pinpointing high-impact interventions (Thapaliya et al.

2024). Unlike conventional analytics, it enables targeted policies by uncovering

underlying causal structures.

This dissertation builds on prior efforts by offering a comprehensive, scal-

able framework for causal AI. While existing studies show its utility in spe-

cific contexts, this work aims to unify these insights into a more generaliz-

able methodology. The framework advances sustainability-oriented decision-

making by combining causal inference with domain knowledge, ultimately

equipping decision-makers with robust tools for implementing effective, scal-

able solutions.

Each case study not only explores a different sustainability domain—urban

emissions, shared mobility, and SME energy use—but also addresses specific

research objectives related to methodological validation, practical applicability,

model interpretability, and scalability.
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Chapter 1. Introduction

1.2 Research Questions and Objectives

This dissertation aims to enhance evidence-based decision-making in urban and

industrial sustainability by leveraging causal AI. The central research question

is:

"How can causal AI techniques be systematically applied to support

sustainable decision-making across diverse domains|such as ur-

ban mobility and industrial operations|by uncovering interpretable

cause-and-e�ect relationships?"

To address this question, the following research objectives are defined:

• Objective 1: Framework Development and Integration – Design a mod-

ular Causal AI framework that integrates causal discovery and infer-

ence with domain-specific knowledge to improve interpretability, trans-

parency, and explainability.

• Objective 2: Cross-Domain Application and Validation – Apply the frame-

work across three contrasting real-world domains—urban transport emis-

sions, shared mobility demand, and SME energy efficiency—to validate

its adaptability and practical value.

• Objective 3: Comparative Evaluation – Assess the added value of causal

AI compared to traditional machine learning methods, focusing on theo-

retical and interpretability-based comparisons rather than direct empir-

ical benchmarking.

• Objective 4: Scalability and Transferability – Evaluate the framework’s

ability to generalize across domains with heterogeneous data structures

and operational contexts, particularly in large-scale or complex environ-

ments.

Each paper contributes to specific aspects of the above objectives, while

collectively validating the framework across methodological, practical, and the-

oretical dimensions.

• Paper 1 contributes to Objective 1 by introducing and implementing

the framework in the urban transport domain, and supports Objective 2

through its application to large-scale vehicle emissions data. It partially

addresses Objective 4 by demonstrating initial scalability of the method.

13



Chapter 1. Introduction

• Paper 2 supports Objective 2 by applying the framework to shared bike

mobility systems and addresses Objective 3 by offering a conceptual com-

parison between causal models and traditional machine learning baselines

in a time-series setting.

• Paper 3 reinforces Objective 1 by extending the framework to the indus-

trial manufacturing context and fulfills Objective 4 by demonstrating its

transferability and scalability in an SME production environment.

Table 1.1: Alignment of research objectives with the included journal papers.

Paper Obj. 1 Obj. 2 Obj. 3 Obj. 4
Paper 1: Causal Analysis of Urban
Transport Emissions

Yes Yes No Partial

Paper 2: Understanding Demand
Patterns in Shared Mobility Sys-
tems

Partial Yes Yes No

Paper 3: Causal Inference in Man-
ufacturing Sustainability

Yes Yes No Yes

1.3 Overview of Included Papers

This cumulative dissertation is grounded in three peer-reviewed journal pa-

pers. Together, they demonstrate how causal AI can be effectively imple-

mented across diverse sustainability contexts while systematically validating

the proposed framework.

• Paper 1: Causal Analysis of Urban Transport Emissions investigates

the relationship between vehicle performance and CO2 emissions using a

large-scale dataset of over 500,000 vehicles. It establishes the foundation

of the causal AI framework by integrating domain ontologies with data-

driven discovery to guide urban emission policy.

• Paper 2: Understanding Demand Patterns in Shared Mobility Systems

explores causal drivers of bike-sharing usage—such as weather, station

topology, and usage patterns—using time-series data. It compares the

interpretability of causal AI against traditional ML models, demonstrat-

ing the framework’s benefits for decision support in urban mobility.

• Paper 3: Causal Inference in Manufacturing Sustainability applies the

framework to identify the root causes of energy inefficiency in an SME.

14



Chapter 1. Introduction

It validates the framework’s transferability to industrial contexts and

supports emission-reduction strategies in energy-intensive operations.

While each paper is self-contained, they collectively address the four re-

search objectives. The methodological development, cross-domain applicabil-

ity, and interpretability validation together position the proposed Causal AI

framework as a scalable tool for sustainability-focused decision-making.

1.4 Research Significance and Contribution

This dissertation builds upon a foundation of prior research, including the au-

thor’s earlier contributions to causal AI applications in industrial and sustainability-

focused contexts (Jeong et al. 2025; Hashmi et al. 2024; Nesro et al. 2024).

While these studies provided valuable domain-specific insights—such as en-

hancing energy efficiency in manufacturing and reducing CO2 emissions in the

automotive sector—they were primarily limited to narrowly scoped applica-

tions with restricted scalability.

In contrast, this dissertation advances the field by introducing a systematic

and generalizable Causal AI Framework for Smart Decision-Making, designed

to address a broader spectrum of sustainability challenges across urban mo-

bility systems and industrial operations. The principal contributions of this

research are threefold.

First, it extends causal inference beyond domain-specific studies by in-

tegrating causal discovery techniques across heterogeneous domains. Unlike

prior work focused on isolated implementations, this approach facilitates a

more comprehensive understanding of systemic sustainability challenges. Sec-

ond, it bridges the gap between machine learning and decision-making by

embedding causal inference into data-driven methodologies, enhancing model

interpretability and enabling policymakers and industry practitioners to derive

transparent, actionable insights. Third, it introduces a scalable methodological

approach that moves beyond bounded industrial settings, offering a structured

methodology adaptable to urban transport, energy systems, and manufactur-

ing processes.

By synthesizing insights from previous studies and extending them into a

unified, scalable framework, this dissertation contributes to the development

of interpretable, transparent, and effective decision-support systems for sus-

tainable urban and industrial transformation.

15



Chapter 1. Introduction

1.5 Structure of the Dissertation

This dissertation is organized into three main chapters. Chapter 2 presents

the core research papers, each applying causal AI to real-world challenges in

sustainable urban mobility and industrial operations. Chapter 3 synthesizes

key findings, discusses the limitations of the proposed framework, and outlines

directions for future research. Chapter 4 highlights the dissertation’s main

contributions to causal inference and sustainability science, and reflects on

its broader implications for policy and industry. This structure provides a

coherent progression from empirical contributions to theoretical insights and

future outlooks.

This structural design directly reflects the research gap identified earlier:

the lack of a unified, generalizable, and interpretable causal framework for

sustainability-focused decision-making. By organizing the thesis around empir-

ical validation across three distinct domains, the dissertation not only demon-

strates the versatility of the proposed framework but also provides a blueprint

for its broader adoption in policy, planning, and industrial settings. Each

chapter builds on the previous one to progressively address methodological,

practical, and theoretical dimensions of the gap.
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2. Publications

This dissertation is based on the following research papers, which con-

tribute to the development and application of Causal AI in sustainability-

related decision-making. Each paper explores causal inference techniques in

different domains, including transportation and industrial operations.

2.1 Paper 1: Ontology-Guided Causal Discov-

ery and Inference for Reducing CO2 Emis-

sions in Transportation

Authors: Tamas Fekete, Hendro Wicaksono

Submission Date: April 16, 2025

Journal: International Journal of Sustainable Transportation

This study presents an ontology-guided framework that integrates both causal

discovery and causal inference to analyze CO2 emissions in transportation.

By combining data-driven causal discovery with domain-informed inference,

the approach identifies key factors influencing emissions while ensuring in-

terpretability. The framework provides actionable insights that can support

policy interventions and promote sustainable transport solutions. The method-

ology is evaluated using real-world transportation data, demonstrating its ef-

fectiveness in uncovering meaningful causal relationships.
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Ontology-guided causal discovery and inference for reducing CO2 emissions in

transportation

Tamas Feketea and Hendro Wicaksonoa

aSchool of Business, Social & Decision Sciences, Constructor University, Campus Ring 1, 28759 Bremen, Germany

ARTICLE HISTORY

Compiled May 21, 2025

ABSTRACT

Reducing CO2 emissions from transportation is crucial for environmental sustainability. However, the com-

plex interplay between vehicle performance, emissions, and external factors complicates effective interventions.

Traditional machine learning methods identify correlations but fail to establish causality. We present a novel

ontology-guided causal AI framework that combines causal discovery and inference with domain-specific knowl-

edge. Ontology-based feature selection and constraints improve causal graph accuracy and model interpretability.

Using a dataset of approximately 500,000 vehicles, we estimate the causal effect of engine performance on CO2

emissions. This case study leverages a domain with well-understood causal mechanisms, providing a strong basis

for validating our approach. The results demonstrate improved robustness, transparency, and policy relevance

in emissions modeling. Ultimately, this framework establishes a foundation for applying causal AI to more com-

plex systems—such as human behavior in transportation—where causal relationships are less well known and

traditional models are inadequate.

KEYWORDS

Causal AI; Ontology modeling; Emissions; Sustainability; Policy optimization

1. Introduction

The transportation sector contributes over 20% of global CO2 emissions, making emissions reduction a key

priority for policymakers and industry leaders (Alhindawi et al. 2020). Strategies such as emissions regulations

and vehicle electrification aim to mitigate emissions, yet the complexity of influencing factors presents significant

challenges (Limpasirisuwan et al. 2024; Liu et al. 2016). Traditional statistical models identify correlations but

fail to capture causal relationships, limiting their ability to guide effective policy interventions (Liu et al. 2016;

Sizochenko et al. 2016). AI-based models offer improved predictions but often lack transparency, reducing trust

in automated decision-making (Casals et al. 2016; Wang et al. 2022; Jabali et al. 2012).

Causal AI addresses this limitation by explicitly modeling cause-and-effect relationships, providing a more

CONTACT Tamas Fekete. Email: tfekete@constructor.university
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reliable foundation for emissions policy. However, existing causal discovery methods struggle with high-

dimensional transport data, where irrelevant features and confounders can degrade model accuracy (Cheng

et al. 2024; Mostafa et al. 2023). Ontology- and knowledge graph-based feature selection has shown promise in

improving robustness, yet its integration with causal AI remains underexplored in emissions research (Nesro

et al. 2024). Additionally, while domain expertise is essential for refining causal structures, current approaches

lack systematic frameworks for incorporating transport-sector ontologies, limiting interpretability (Shao et al.

2024).

This study applies causal discovery and inference to transport emissions analysis, integrating structured

domain knowledge to enhance robustness. Using a large-scale dataset of approximately 500,000 vehicles from

the Hungarian Ministry of Construction and Transport1, we systematically identify the causal impact of key

vehicle attributes on CO2 emissions. The structured nature of this dataset enables a rigorous validation of

our approach, yielding insights that support evidence-based policy decisions, such as targeted incentives for

low-emission vehicles and stricter regulations for high-emission engines.

This study contributes to transport emissions analysis through causal discovery and inference, with key con-

tributions as follows:

• Application of causal discovery and inference: We demonstrate how advanced causal AI techniques can

be successfully applied to transport emissions analysis, identifying key causal drivers.

• Integration of ontologies for enhanced robustness: By incorporating domain-specific ontologies into causal

discovery algorithms, we reduce biases and improve the reliability of causal structure learning.

• Foundation for transport policy and decision-making: The insights derived from our analysis provide an

evidence-based foundation for transport policy, supporting data-driven regulations, incentive structures,

and targeted interventions.

The remainder of this paper is structured as follows: Section 2 introduces key concepts in causal AI and

ontology integration. Section 3 reviews prior research, identifying key gaps. Section 4 details our research

framework and data processing. Section 5 outlines our causal discovery methodology, including algorithmic

modifications. Section 6 presents causal inference techniques and findings. Section 7 discusses policy implica-

tions, while Section 8 summarizes contributions and future research directions.

2. Background

This study applies causal AI to emissions analysis in the transport industry to identify key factors influencing

emissions and inefficiencies. We introduce fundamental concepts, including causal graphs, discovery algorithms,

and inference techniques, that form the foundation for our methodological approach.

1https://www.kozlekedesihatosag.kormany.hu/hu/a-hatosagrol

19



2.1. Causal graphs

Directed acyclic graphs (DAGs) are a central tool for modeling causal relationships among variables such

as vehicle performance, emissions, and environmental impact. In this study, nodes represent key automotive

factors, while directed edges signify causal influence, forming the basis for both causal discovery and causal

inference.

Figure 1 illustrates causal links relevant to emissions. For example, Vehicle Age and Maintenance Frequency

impact Engine Performance, which in turn affects CO2 Emissions. Identifying both direct and indirect effects

is critical for refining emissions reduction strategies.

To improve robustness, we combine data-driven causal discovery with expert-defined constraints, which

prevent implausible relationships. This hybrid approach is especially valuable in real-world transport related

datasets, where hidden confounders may introduce biases. Causal discovery algorithms often yield partially

directed acyclic graphs (PDAGs) when causal directions remain uncertain, helping manage ambiguity and

enhance reliability in emissions modeling.

Figure 1.: Sample Directed Acyclic Graph (DAG) illustrating causal relationships in vehicle emissions analysis.

2.2. Causal discovery implementations

Causal discovery techniques infer causal structures from observational data, representing them as DAGs, which

are then used for causal inference (Pearl 2009). In this study, we apply causal discovery to uncover relationships

between vehicle performance, emissions, and environmental factors.

Causal discovery methods are broadly categorized into constraint-based and score-based approaches (Gly-

mour et al. 2019). Constraint-based methods, such as PC and FCI, construct causal graphs using conditional

independence tests. These methods are robust against hidden confounders but can be computationally de-

manding. Score-based methods, like GES, optimize a scoring function to identify the most probable causal

graph. Although more computationally efficient, they assume minimal unmeasured confounders.

To balance computational efficiency and robustness, we employ PC, FCI, and GES algorithms. The PC

algorithm is used assuming all relevant variables are observed, while FCI accounts for hidden confounders, a

common challenge in emissions modeling. GES enables efficient structure learning for large datasets. The gen-

erated causal graphs are validated against a manually constructed DAG and refined using ontology constraints

20



to eliminate implausible causal links.

2.2.1. PC algorithm (Peter-Clark)

The PC algorithm infers causal relationships by testing conditional independence between variables (Spirtes

et al. 2001). It constructs an undirected skeleton graph and orients edges based on independence constraints.

Although computationally efficient, PC assumes the absence of hidden confounders, which can limit its appli-

cability in emissions modeling (Nogueira et al. 2022).

X ⊥ Y |Z (1)

where X and Y are variables, and Z is a conditioning set. If X and Y are independent given Z, no edge is

included.

2.2.2. FCI algorithm (Fast Causal Inference)

The FCI algorithm extends PC to handle hidden confounders and selection bias, producing partially ancestral

graphs (PAGs) (Spirtes et al. 2013). We integrate ontology constraints into FCI to eliminate spurious causal

links (e.g., ensuring that vehicle color does not influence CO2 emissions), enhancing model accuracy.

X ⊥ Y |Z, ∀Z ⊆ adj(X) ∪ adj(Y ) (2)

where adj(X) represents adjacent variables to X.

2.2.3. GES algorithm (Greedy Equivalence Search)

GES is a score-based method that identifies the optimal causal structure by maximizing a scoring function,

such as the Bayesian Information Criterion (BIC) (Chickering 2002). It iteratively adds and removes edges to

improve model fit.

BIC(G,D) = logP (D |G)− |θG|
2

logN (3)

where G is the graph, D is the dataset, |θG| represents the number of parameters, and N is the sample size.

21



2.3. Causal inference implementations

Causal inference estimates cause-and-effect relationships beyond correlation, providing a robust alternative to

classical machine learning and A/B testing. While randomized controlled trials (RCTs) are the gold standard,

they are often impractical for emissions analysis, where interventions cannot be randomly assigned. Instead,

observational data necessitates advanced inference techniques to mitigate bias and estimate causal effects (Pearl

2009).

In this study, causal inference quantifies relationships identified through causal discovery. The inferred DAGs

guide the selection of estimation methods, ensuring alignment with the dataset’s characteristics (Parikh et al.

2022). Given that our dataset is cross-sectional, we consider two primary approaches:

• Propensity Score Matching (PSM): A non-parametric method that balances observed confounders by

matching similar data points (McCandless et al. 2009).

• Linear Regression-based Estimation: A parametric approach that models the treatment-outcome rela-

tionship while adjusting for confounders, offering both interpretability and computational efficiency.

The effectiveness of these methods relies on key assumptions, including linearity, no unmeasured confounders,

and correct model specification. These assumptions ensure that the causal effects are unbiased and reliable.

2.3.1. Counterfactual reasoning

Causal inference also enables counterfactual reasoning, estimating ”what-if” scenarios to assess hypothetical

interventions. This is particularly valuable in emissions analysis, where direct experimentation is often infeasible

(Pearl et al. 2000).

Counterfactual analysis isolates treatment effects using causal graphs but must address confounding biases.

The back-door adjustment conditions on confounders (Z) to block spurious paths between treatment (X) and

outcome (Y ):

E[Ydo(X=x′)] =

∫

z
E[Y |X = x′, Z = z]P (Z = z), (4)

where Y is the outcome, X is the treatment variable, and Z represents confounders. This approach ensures

unbiased estimates by comparing similar subgroups.

In this study, counterfactual analysis quantifies the impact of interventions such as engine modifications or

fuel regulations on CO2 emissions, informing data-driven policy decisions.

2.4. Ontologies for knowledge representation

Causal AI integrates domain knowledge to improve accuracy and interpretability (Kancheti et al. 2021). On-

tologies formalize expert knowledge, ensuring causal relationships reflect real-world mechanisms rather than
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Chapter 2. Publications

2.2 Paper 2: Leveraging Causal AI to Uncover

the Dynamics in Sustainable Urban Trans-

port: A Bike-Sharing Time-Series Study

Authors: Tamas Fekete, Girum Mengistu, Hendro Wicaksono

Accepted Date: February 20, 2025

Journal: Sustainable Cities and Society

Status: Published

DOI: https://doi.org/10.1016/j.scs.2025.106240

This study applies causal discovery techniques to investigate the key drivers

of shared bike usage in urban environments. By leveraging time-series data

and advanced causal discovery algorithms, the research uncovers the relation-

ships between weather conditions, station distribution, and user demand. The

�ndings demonstrate the potential of causal AI in optimizing shared mobility

systems and enhancing urban transport sustainability.
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2.3 Paper 3: A comprehensive causal AI frame-

work for analyzing factors a�ecting energy

consumption and costs in customized man-

ufacturing
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Journal: International Journal of Production Research

This study introduces a causal AI-based methodology to improve energy e�-

ciency in manufacturing processes. By uncovering the root causes of excessive

energy consumption, the proposed framework facilitates targeted interventions

and promotes sustainable operational practices. The e�ectiveness of causal AI

in industrial sustainability is demonstrated through empirical validation using

real-world manufacturing data.
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