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Abstract: This study introduces a comprehensive knowledge graph (KG)-based framework
designed to support sustainable decision-making by integrating, enriching, and analyzing
heterogeneous data sources. The proposed methodology leverages domain expertise, real-
world data, and synthetic data generated through language models to address challenges in
life cycle assessment (LCA), particularly data scarcity and inconsistency. By modeling the
entire product lifecycle, including engineering, production, usage, and disposal phases, the
framework facilitates early-stage design decision-making and provides actionable insights
for sustainability improvements. The methodology is validated through a case study on 3D
printing (3DP), demonstrating its ability to manage complex data, highlight relationships
between engineering decisions and environmental impacts, and mitigate data scarcity in
the early phases of product development in the context of LCAs. In conclusion, the results
demonstrate the framework’s potential to drive sustainable innovation in manufacturing.

Keywords: knowledge graph; 3D printing; artificial intelligence; sustainability; large
language models

1. Introduction and Motivation
Over the past few years, the growing awareness of climate change and environmental

deterioration has underscored the critical need for adopting sustainable practices in various
industries. Addressing these challenges requires a fundamental shift towards sustainable
practices across all industries. This imperative is underscored by global initiatives such
as the Sustainable Development Goals (SDGs) of the United Nations, particularly SDG 9
(Industry, Innovation, and Infrastructure), SDG 12 (Responsible Consumption and Pro-
duction), and SDG 13 (Climate Action). In alignment with these global objectives, the
European Union has launched the Green Deal, an ambitious roadmap that aims to make
Europe the first climate-neutral continent by 2050. The Green Deal sets interim targets,
including a reduction in greenhouse gas emissions by at least 55% below 1990 levels by
2030 [1]. Achieving these targets necessitates transformative changes in production, con-
sumption, and waste management practices, demanding innovative solutions that can be
integrated into existing industrial processes. To understand the environmental impacts of
the proposed changes and achieve these ambitious targets, we first require comprehensive
environmental assessments. These assessments enable us to quantify the effects of different
practices and policies on greenhouse gas emissions. Once we understand the environmen-
tal impacts, we can identify possible changes that can contribute to emission reductions.
Lastly, optimization becomes essential; by leveraging knowledge support systems, we
can make informed decisions to implement the best strategies for achieving sustainability
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goals. Life cycle assessment (LCA) is an essential method for assessing the environmental
effects linked to each phase of a product’s lifespan. However, several literature reviews
have highlighted inconsistencies and challenges in current LCA practices, such as data
quality issues and a lack of transparency. For example, a review of published LCAs on
waste management shows inconsistencies between studies [2], and a review of LCAs of
salmonid aquaculture production systems revealed poor data quality, complicating the
comparison of LCA results. A review of LCAs for 3D printing (3DP) highlighted a lack of
transparency and robustness in their methods, often because the authors are not experts
in performing LCAs [3]. These challenges indicate the need for more streamlined and
integrated approaches to LCA that can handle heterogeneous data sources and incorporate
early-stage design decisions. To address these challenges, this article aims to achieve the
following research objectives.

1. Develop a comprehensive methodology that uses knowledge graphs (KGs) to inte-
grate, enrich, and analyze heterogeneous data sources, including domain expertise,
databases, and language models, to support LCA.

2. Enable the incorporation of early-stage design decisions into the LCA process by
modeling the entire product life cycle within a KG, thereby highlighting dependencies
and influences across different phases.

3. Facilitate the LCA of products that are traditionally difficult to analyze due to data
scarcity or complexity by utilizing language models to estimate missing data and
incorporating them into the KG.

4. Demonstrate how the constructed KG can support analytical applications to provide
actionable insights for decision-making.

To achieve these objectives, we developed a methodology that leverages KGs as the
central tool. KGs offer structured and interconnected representations of data, making them
powerful facilitators. In the context of LCA and product development, KGs enable the
seamless integration of information across different phases, from material selection and
design to manufacturing and end-of-life considerations. By capturing the relationships
and dependencies between various components and processes, KGs allow algorithms to
analyze environmental impacts holistically. This interconnected data structure supports
the identification of how early-stage decisions affect later outcomes, thus facilitating more
informed decision-making. For example, altering a material in the design phase can au-
tomatically update the environmental impact calculations, thanks to the KG’s ability to
propagate changes throughout the system. Moreover, KGs enhance collaboration by provid-
ing a shared platform where different stakeholders, designers, engineers, and sustainability
experts can contribute and access up-to-date information. This collective intelligence is
essential, as it relies on continuous data input and feedback to improve its predictive capa-
bilities and recommendations. By integrating KGs with AI, we can perform real-time LCAs
that are more adaptable. Furthermore, AI can identify patterns and suggest optimizations
that might not be apparent using traditional analysis methods. This dynamic approach
enables the quick calculation of various options and supports the goal of integrating LCA
thinking into product development.

In the following sections, the theoretical foundation of the proposed approach is
presented, highlighting the role of KGs in the integration and analysis of heterogeneous
data sources to support LCAs. The methodology is thoroughly elucidated, with particular
attention to various facets, including the acquisition of domain expertise, the integration of
data via databases and language models, and small analytical applications. Building on
this, the methodology is detailed and validated through a case study on 3DP, illustrating
its application to address challenges such as data scarcity and the early integration of the
design phase. Finally, the findings are discussed in the context of sustainable product
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development, emphasizing the scalability of the approach and its alignment with global
sustainability goals.

2. Theoretical Foundations and Related Works
2.1. Life-Cycle Assessments

LCAs are performed to quantify the potential environmental impacts of products,
services, or companies throughout their entire life cycle [4].

The process of conducting an LCA in general is guided by the ISO 14040:2006 [5]
and ISO 14044:2006 [6] standards, which involve four phases: Goal and Scope Definition,
Life Cycle Inventory (LCI), Life Cycle Impact Assessment (LCIA), and Interpretation, as
illustrated in Figure 1 [5,6].

Figure 1. The four phases of life cycle assessment.

The Definition of Goal and Scope sets out the framework and objectives for the study,
ensuring that they are in line with the intended purpose [7]. It sets the foundation for the
methods and boundaries used throughout the LCA.

During the LCI stage, the compilation of inputs and outputs for the product or process
is performed. This compilation encompasses data from the entire life cycle of the product or
process, covering stages such as raw material acquisition, manufacturing, utilization, and
disposal [8]. To maintain consistency and transparency, this compilation must align with the
predefined objectives and scope. In the LCIA stage, the potential environmental impacts as-
sociated with the inventory’s inputs and outputs are assessed through characterization and
evaluation. This assessment utilizes various standardized impact categories and indicators,
facilitating the uniform and clear quantification and comparison of climate change impacts
across different products or processes. In the Interpretation phase, the findings from the
LCI and LCIA are scrutinized to derive conclusions and recommendations and convey
those findings to stakeholders. The Interpretation phase is pivotal in supporting informed
decision-making and pinpointing opportunities to enhance environmental performance
and guide future research [9].

LCAs can be approached in different ways, each with its own focus and scope. Two
dominant methodologies have emerged in both the academic literature and industry prac-
tices: attributional life cycle assessment (ALCA) and consequential life cycle assessment
(CLCA). ALCA assigns an environmental impact share to all stages of a product’s life
cycle, ensuring that all processes linked via energy or physical flows are included [10–12].
This approach models the life cycle based on a static technosphere, where the boundaries
and technologies of the system are assumed to remain constant over time [13]. ALCA
requires specific modeling constraints to ensure accuracy, such as avoiding double counting
and appropriately partitioning multifunctional processes. This partitioning is particularly
crucial during the impact assessment phase to correctly allocate environmental burdens
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among co-products or shared processes. CLCA, on the other hand, examines the envi-
ronmental outcomes resulting from changes in demand or supply, such as the impact of
an increase in product demand [14]. CLCA is more flexible and dynamic in its modeling,
accounting for how changes in one part of the system can cause ripple effects throughout
the economy. It allows for various methods of assessing co-products, including system
expansion, substitution, or even factoring in added consumption [15,16]. Consequently,
the foundation of CLCA is characterized by a dynamic technosphere, acknowledging that
technologies and market conditions can change in response to decisions [13]. For the
purposes of this research, the focus will be on an ALCA. ALCA provides a comprehensive
baseline understanding of the environmental impact of a product under current conditions.
It aligns with existing regulatory standards and offers a practical approach to assessing
environmental impacts. By establishing a detailed inventory of all relevant inputs and
outputs associated with a product, ALCA facilitates the identification of key areas where
environmental improvements can be made.

2.2. Knowledge Graphs

KGs represent a structured approach in the realm of data management, offering a
unique way to encapsulate relationships within a set of triples [17].

They serve as powerful tools for bridging the gap between vast data availability and
the extraction of actionable insights, particularly in domains that require comprehensive
understanding and decision-making. The graph structure of KGs enables the representation
of complex relationships and interdependencies among data entities, facilitating advanced
analytics and knowledge discovery. In 2016, Google advanced the conceptual framework
of KGs, laying the foundation for contemporary discussions. They utilized KGs to improve
and accelerate their search engine results, aligning with the broader ambition of evolving
the Internet into a machine-readable “web of data” [18]. KGs have increasingly become
integral across various domains, demonstrating their versatility and utility. In biomedical
research, they facilitate knowledge extraction with minimal supervision, aiding in the
discovery of new insights and relationships within vast datasets [19]. In cybersecurity
education, KGs are used to visualize complex concepts, enhancing learning outcomes by
providing clear and interconnected representations of information [20]. They play a crucial
role in drug discovery as well, helping to quickly identify candidates for repurposable
drugs, as demonstrated during COVID-19 research [21]. In supply chain risk analysis,
KGs support decision-making processes by integrating heterogeneous data from multiple
sources, allowing for a more holistic assessment of risks [22]. Today, there are mainly
two types of KGs [23]. First, labeled property graphs (LPGs) are renowned for their
efficient storage, rapid traversal capabilities, and flexibility in modeling a wide array of real-
world domains. These attributes make LPGs particularly advantageous for applications
that require fast query processing and deep graph analyses, such as subgraph matching,
network alignment, and real-time KG queries. LPGs are characterized by their structure,
where edges are used to connect nodes that contain embedded properties [24].

This design leads to significant efficiency in data querying and analysis. However,
despite these benefits, LPGs lack support for formal knowledge representation, such as
ontologies, limiting their applicability in scenarios where automatic knowledge inference is
crucial. Secondly, the Resource Description Framework (RDF) serves as a versatile data
model engineered for sharing information concerning entities in the Web of Data. Its
robustness is demonstrated through the facilitation of formal knowledge representations
like ontologies, enabling the automated inference of knowledge [25]. RDF employs a triplet
structure consisting of a subject, a predicate, and an object, facilitating the linking of data
and its sharing across the web. This makes it ideal for applications where data linking and
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sharing are paramount. Although RDF is widely adopted within the web community, its
tendency towards a high memory footprint and inefficient storage can impede scalable
graph analyses, an area where LPGs offer advantages.

In LPGs, properties are stored directly on nodes and edges, rather than being relegated
to external schemas or global ontologies. This flexibility facilitates efficient data storage,
rapid graph traversal, and the versatile modeling of real-world domains where heteroge-
neous attributes can be directly associated with elements of the graph structure. However,
this comes at the cost of limited support for formal reasoning or inference based on logical
frameworks or ontologies.

Throughout this study, when we use the term knowledge graph, we specifically refer to
the labeled property graph model as defined here, due to its efficiency and flexibility in
handling the complex and extensive data needs of life cycle assessments.

Formally, an LPG is defined as follows [26,27]:

GLPG = (V, E, Σ, L, P)

it contains the following:

• V is a finite set of vertices (representing entities, concepts, or objects).
• E ⊆ V ×V is a finite set of directed edges (representing relationships between entities).
• Σ is a finite set of labels.
• L : V ∪ E → P(Σ) is a labeling function assigning one or more labels from Σ to each

vertex or edge (P(Σ), and it denotes the power set of Σ).
• P : (V ∪ E)× K → D is a partial function that assigns properties, where K is a set of

property keys, and D is a domain of data values (e.g., strings, integers, and floats). If
P(x, k) is defined for some x ∈ V ∪ E and k ∈ K, then P(x, k) ∈ D.

An LPG also has the following characteristics:

1. Each vertex, v ∈ V, represents an entity, object, or concept. A vertex may have zero,
one, or multiple labels indicating its type or category: L(v) ⊆ Σ.

2. Each edge, e ∈ E, is a directed relationship between vertices (vi, vj), and may have
zero, one, or multiple labels: L(e) ⊆ Σ. Labels typically denote the semantic role of
the relationship (e.g., isPartOf, producedBy).

3. Both vertices and edges may have properties, defined as key–value pairs. For a vertex,
v ∈ V, or an edge, e ∈ E, and a key, k ∈ K, P(v, k) or P(e, k) returns a literal value in
D if defined. For example, a node representing a product might have properties like
weight = 5.3 (in kilograms) and material = “steel”.

The construction of KGs can follow manual or automated approaches, depending on
the requirements for precision, scalability, and domain specificity. Manual construction
is commonly used when expert knowledge and accuracy are prioritized. The process
begins with the identification of entities and relationships, often achieved through a thor-
ough analysis of the domain literature, expert interviews, or existing databases. Ontology
management tools, such as Protégé, are frequently used to model and store this knowl-
edge. Competency questions, which define the requirements for the knowledge graph,
are formulated and later translated into SPARQL queries to validate the graph’s structure.
To ensure quality and consistency, tests based on these queries, encapsulated as SHACL
constraints, are conducted. This process ensures that the resulting knowledge graph aligns
closely with the specified domain requirements, although it remains time-consuming and
resource-intensive [28]. In contrast, automated approaches significantly improve efficiency
and scalability. These methods begin with data acquisition from diverse sources, including
structured databases and unstructured textual data. Techniques such as named entity
recognition (NER) and relation extraction, supported by machine learning models like
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BERT-BiLSTM-CRF, are employed to identify entities and relationships [29]. Automated
systems integrate information from multiple data sources, often employing semantic simi-
larity measures or pre-trained language models to ensure accuracy. Large frameworks such
as SAC-KG leverage advanced natural language processing algorithms and large language
models to construct and validate knowledge graphs with minimal human intervention.
Furthermore, manually curated existing databases are integrated into automated pipelines
to enrich and expand the knowledge base [30]. The creation of knowledge graphs, whether
manual or automated, involves tools and frameworks that streamline the process. For man-
ual construction, ontology editing platforms such as Protégé and Neo4J provide structured
environments for managing knowledge. Automated toolkits, such as GraphGen4Code,
enable the extraction and modeling of knowledge directly from large datasets, including
codebases and documentation. Frameworks like SAC-KG further simplify this process by
automating entity recognition, relationship extraction, and validation, thus reducing the
dependence on human supervision [31].

Since these knowledge graphs serve as the backbone of critical analytical processes,
their overall quality, completeness, and alignment with source data become crucial factors
in achieving their intended applications’ benefits. Typically, the primary focus of the
quality of a knowledge graph is its “fitness for purpose” [32] in relation to the application
it supports. In the literature, several frameworks were introduced to control the quality
of the KG. One study placed emphasis on improving the consistency of automatically
constructed KGs [33]. Since such graphs could be generated through automated extraction
tools, a notable number of errors and inconsistencies have been observed, particularly in
terms of their alignment with the original source data. By leveraging LLMs, inconsistencies
between extracted facts and their provenances were detected and corrected. In that study,
decoder-only and encoder–decoder LLM architectures were systematically compared. It
was demonstrated that smaller models can sometimes surpass larger ones in terms of
performance, indicating that model size should not be regarded as the sole indicator of
efficacy. Additional efforts were made to address the challenges posed by sparsity and
noise within the KGs used for recommendation systems [34]. Long-tailed distributions
and irrelevant or misleading connections have been identified as factors that degrade the
quality of KG representations. To mitigate these issues, a Knowledge Graph Contrastive
Learning (KGCL) framework was proposed. Within this framework, augmented KGs
were produced so that noisy relationships could be suppressed, thereby enabling more
robust and semantically meaningful entity representations. In [35], a method was proposed
to support the efficient detection and explanation of inconsistencies in large-scale KGs.
Traditional approaches have been found to become computationally prohibitive as graphs
grow in size. To address this limitation, compact KG abstractions were introduced. In doing
so, only crucial structural patterns were preserved, and pertinent inconsistencies were
highlighted, reducing the computational overhead. Thus, error detection was rendered
scalable, while accuracy and interpretability were maintained. A comprehensive framework
was introduced to systematically assess the quality of large-scale KGs [32]. Authors claim
that a significant number of KG have been developed through the use of automated
construction tools and crowdsourcing methods. Within their evaluation framework, a
set of metrics was defined to evaluate syntax, semantics, completeness, and scalability.
By tailoring these metrics to diverse knowledge discovery applications, the complexity
associated with evaluation protocols was reduced. Consequently, a more practical and
scalable approach was offered to ensure KG quality. Finally, in [36], a survey of techniques
for managing KG quality was presented. Processes such as error detection, error correction,
and KG completion were examined in detail. Inaccuracies, outdated information, and
incomplete entries were categorized, and a wide range of methodologies to systematically
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address these challenges were reviewed. As a result, a valuable resource was created for
those seeking holistic strategies to enhance and maintain the overall quality of KG.

2.3. Related Works and Research Gap

Several KG-based models have been developed to improve LCA. To date, the main
focus of research has been the topic of the life cycle inventory (LCI). An LCA-oriented
KG development methodology was introduced by [37] to improve LCI management. In
their approach, the semantic representation of LCI data was emphasized, facilitating better
data integration and retrieval. By structuring LCI information into a KG, a foundation was
provided for more sophisticated analysis and decision-making processes within LCA. The
frameworks developed for LCI by [38,39] also utilize knowledge graphs to improve the LCI.
The KGs integrate and organize heterogeneous data sources, enabling the automated gener-
ation of material and energy flow data for either manufacturing processes [38] or buildings
and infrastructure [39]. The approaches enhance data traceability and interoperability,
ensuring a robust foundation for comprehensive environmental assessments. Similarly, a
consensus model for LCA leveraging semantic catalogs to enhance data sharing and reuse
was developed by [40]. Their work focused on creating a standardized semantic framework
that improves the efficiency and applicability of LCA data. By adopting semantic technolo-
gies, the challenges of data heterogeneity and interoperability were addressed, enabling
a more seamless integration of LCA datasets from diverse sources. A semantic approach
to modeling LCI databases was proposed by [41], specifically aimed at the management
of energy and environmental impact data. In their methodology, the use of ontologies
was involved in the semantic representation of LCI data, making the information more
accessible and comprehensible. This approach not only improves data retrieval and analy-
sis but also supports the integration of LCI data into broader environmental assessment
frameworks. Building upon these foundational works, a comprehensive KG using Neo4j
for the management of LCI data was presented by [23], marking a significant shift from
traditional relational databases. Their methodology involves the construction of a KG
comprising more than 40 million entities and 100 million relationships. By conceptualizing
LCI data through interconnected concepts and relationships, a more intuitive and flexible
data model was provided. The preprocessing of data for Cypher syntax extraction en-
abled efficient querying and data manipulation within the Neo4j environment. Improved
data visualization and retrieval capabilities were demonstrated in their implementation,
highlighting the advantages of KGs over conventional database systems in handling com-
plex LCA data structures. Beyond LCI data management, a study presents a knowledge
graph-based model for analyzing and managing the carbon footprint of a product [42]. The
proposed model leverages semantic technologies to integrate heterogeneous data sources
and represent the complex relationships between materials, processes, and emissions. It
can be demonstrated how the knowledge graph facilitates efficient data organization and
dynamic updates, addressing key challenges in traditional LCA methods. The findings
underscore the importance of combining semantic data representation with LCA to address
the growing complexity of environmental impact assessments. However, specific details
regarding the technological framework and software used remain limited. More research
is needed to evaluate scalability and applicability to other industries and especially envi-
ronmental factors, broadening its utility beyond carbon footprint analysis. More recent
research has further advanced the application of KGs in LCA. A knowledge graph-based
methodology tailored for proactive circularity was proposed for the disassembly of smart
products, incorporating principles of circular economy [43]. This framework integrates
design for circular disassembly (DfCD) concepts into the product lifecycle, providing dy-
namic indicators for economic, environmental, and social contexts. Using Neo4j, authors
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demonstrated a system that supports sustainable decision-making during the design phase,
emphasizing the importance of considerations of early-stage circularity. Another study
introduced an automated LCA system that uses a knowledge graph to optimize the effi-
ciency of life cycle modeling and calculations [44]. Its system integrates advanced mapping
algorithms and a domain thesaurus to automate background dataset recommendations
and improve data accuracy. Validated through case studies, this approach demonstrated
significant improvements in response time and recommendation precision compared to
existing search systems. This method underscores the potential of knowledge graphs to
bridge data gaps and enhance the overall usability of LCA tools.

In summary, the existing research focuses primarily on the management of LCI data,
often overlooking the significant impact of early-stage decisions made during the design
and engineering phases on the environmental outcomes of later stages. Although some
studies have explored the integration of entire LCAs, these efforts remain domain-specific
and have not been widely adopted. Additionally, they concentrate on stages where suffi-
cient data are available to perform an LCA and utilize KGs to enhance the process in various
aspects. In contrast, our proposed methodology broadens the scope to encompass the entire
product life cycle, including the engineering, manufacturing, usage, and end-of-life phases.
We specifically focus on the engineering phase, where data availability is limited, by recom-
mending the use of advanced language models to estimate missing data. This approach
is particularly crucial during the product design phase, where immediate access to data
is essential for informed decision-making. By integrating synthetically generated data,
our methodology addresses the challenge of obtaining precise environmental data during
the early stages of the design, enabling more comprehensive and accurate environmental
assessments throughout the product’s life cycle.

3. Methodology
The proposed methodology, illustrated in Figure 2, presents a systematic framework

for integrating, enriching, and analyzing heterogeneous data sources within a KG environ-
ment. As stated in Section 2.2, the KG, in the center of Figure 2, should be an LPG, since
LPGs are renowned for their efficient storage, rapid traversal capabilities, and flexibility
in modeling a wide array of real-world domains. They are characterized by their struc-
ture, where edges are used to connect nodes that contain embedded properties [24]. This
approach takes advantage of domain expertise, real-world data and synthetically gener-
ated data to construct a comprehensive KG that supports advanced analytical capabilities
essential for informed decision-making in complex domains.

To optimize workflow efficiency, the methodology distinguishes between cascade and
parallel capabilities. The cascade capabilities represent the sequential processes of gathering
domain expertise, schema definition, and data integration, with each stage building on
the previous one to ensure a structured and methodical construction of the KG. Once the
KG is established, analytical applications such as Cypher queries, Graph Data Science
techniques, causal inference, and graph retrieval–augmented generation (Graph RAG)
operate independently and concurrently.

The proposed methodology integrates AI to improve the efficiency and comprehen-
siveness of LCAs. AI is primarily utilized for estimating missing environmental data,
particularly during the early stages of the product lifecycle during which data availability
is often limited. Advanced language models, such as GPT-4o, are leveraged to generate syn-
thetic data by inferring plausible values based on contextual understanding and patterns
learned from extensive corpora of domain-specific knowledge. This enables rapid iteration
and decision-making during the product design phase without the delays associated with
manual data collection.
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Figure 2. Methodology.

3.1. Domain—Expertise

The initial phase of the methodology focuses on acquiring in-depth domain expertise
and meticulously defining the schema for the KG. This foundational step is crucial for
accurately modeling the product’s life cycle and ensuring that the KG effectively represents
all relevant processes, actors, and environmental impacts. This involves a multifaceted
approach to familiarization, including process observation in real operational settings,
conducting expert interviews, and engaging in detailed literature research. By immersing
oneself in the practical workflows and theoretical underpinnings of the product, one gains
the necessary insight to identify key nodes, relationships, and properties that will form the
backbone of the KG.

In traditional LCA methodologies, the focus often lies on specific stages of the product
life cycle during which direct emissions occur, as depicted in the red dotted box on the right
side of Figure 3. However, this approach overlooks the significant influence that early-stage
decisions—made during the design and engineering phases—have on the environmental
outcomes of later stages. These initial decisions, while not producing immediate emissions,
set the parameters for resource utilization, energy consumption, and waste generation
throughout the product’s life cycle. To address this limitation, the proposed methodology
expands the scope to include the entire product life cycle, encompassing the engineering,
manufacturing, usage, and end-of-life phases, as highlighted in red. By incorporating these
early stages, the methodology acknowledges that decisions made at the inception of the
product can have profound ripple effects on its overall environmental impact. This holistic
perspective enables a more comprehensive LCA, identifying opportunities for sustainability
improvements at every stage.
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Figure 3. Stages of the product life cycle that are included in the methodology: from the engineering
phase to the disposal phase.

Our proposed life cycle model begins with the engineering phase, where the founda-
tional steps of the product design are taken. This phase involves critical activities such as
design creation and material selection, which are essential to determine the functionality,
sustainability, and environmental footprint of the product throughout its lifecycle. The
choices made here, such as the selection of materials or design optimizations, have cascad-
ing effects on the downstream phases, influencing resource efficiency and environmental
performance. Next, the pre-processing phase represents the transition from conceptual to
physical. This phase prepares the materials and processes for the core production stage.
Although less emphasized in some LCA studies, pre-processing plays a pivotal role in
determining the quality and readiness of inputs for production. The core of the framework
is the production phase, which includes the production process, raw material production,
and energy production. This phase is particularly significant, as it often involves intensive
resource utilization and high levels of emissions. The extraction and preparation of raw
materials, coupled with the energy requirements, make this a key area of focus in LCA.
Traditional methodologies often place substantial emphasis on this phase due to its direct
association with greenhouse gas emissions, energy consumption, and other environmental
impacts. Following production, the product enters the post-processing and sale phase,
which includes refinement, finishing, and preparation for market distribution. This phase
ensures that the product is ready for use by consumers or end-users. The use phase fol-
lows, during which the product fulfills its intended function. This phase is critical for
understanding how the product interacts with its environment over its functional lifespan,
whether through energy consumption (e.g., for electronic devices) or material wear (e.g.,
consumables). The emissions and resource demands during this phase often rival or exceed
those of the production phase, depending on the nature of the product. The cycle ends with
the disposal phase, encompassing disassembly, waste treatment, and recycling. This phase
aims to recover value from the product, minimize waste, and reduce the environmental
burden associated with its end of life. The inclusion of recycling and disassembly processes
highlights the potential for circularity in the system, where materials are reintegrated into
new production cycles. Throughout the life cycle, the transport process plays a vital integra-
tive role, connecting each phase by enabling the movement of raw materials, intermediate
products, energy, and finished goods. The flows in the system are depicted through prod-
uct flows (represented by solid black arrows) and elementary flows (illustrated by gray
arrows). Product flows show how tangible materials and products move through each
stage, linking raw materials extracted from natural sources with manufacturing processes,
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guiding intermediate products along supply chains toward assembly, and ultimately trans-
porting finished goods to markets. Elementary flows illustrate direct interactions with
the environment, encompassing resource inputs such as water or minerals drawn from
nature, as well as outputs in the form of emissions, effluents, or wastes released back into
the environment.

3.2. KG Schema and KG Construction

Defining the KG schema is a critical component of developing a KG. The schema
serves as the blueprint for the KG, specifying the structure of nodes (entities), relationships
(edges), and properties (attributes) that will represent the life cycle of the product. The
proposed schema is illustrated in Figure 4.

Figure 4. General schema for LPG model.

The schema includes nodes such as “Product Life Cycle”, “Phase,” “Process”, “Subpro-
cess”, “Actor”, “Software”, and “Option”. Relationships like “HasPhase”, “HasProcess”,
“HasSubprocess”, “InvolvedIn”, “UtilizesSoftware”, “InfluencesPropertiesOfPhase”, “Ha-
sOption”, and “UtilizesOption”, which define how these nodes are interconnected. Proper-
ties attached to nodes and relationships, such as “CO2 equivalent”, “Mass”, “Distance”,
and “Influence”, provide quantitative and qualitative attributes essential for analysis. The
inclusion of standard nodes and relationships facilitates compatibility with existing LCA
methodologies and supports the integration of life cycle inventory (LCI) data. By expanding
beyond traditional LCI data to incorporate all phases of the life cycle, including design and
engineering, the schema allows for a more exhaustive assessment of environmental impacts.
The representation of participants and tools is achieved through the “Actor” nodes and
“InvolvedIn” relationships, highlighting the roles of individuals and organizations involved
in the product life cycle. “Software” nodes and the “UtilizesSoftware” relationships identify
the technological tools that influence processes, which can be critical for assessing efficiency
and pinpointing areas for optimization. Capturing the influences of early decisions is a
pivotal aspect of the schema. The “InfluencesPropertiesOfPhase” relationship connects de-
cisions made in one phase to outcomes in subsequent phases, emphasizing how early-stage
choices affect the overall life cycle. The “Influence” property provides detailed information
on the nature and magnitude of these effects, facilitating causal analysis and predictive
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modeling. To enable the comparison of alternatives within processes, the “Option” nodes
and “HasOption” relationships are incorporated. These elements allow for modeling differ-
ent choices, such as material selection or manufacturing methods, and associated properties
such as “CO2 equivalent” enable quantitative comparisons based on environmental im-
pact, cost, or performance metrics. Ensuring semantic consistency and interoperability is
crucial for the utility of the KG. By aligning the schema with established standards and
frameworks—such as the methodology proposed by Saad et al. [23]—the KG maintains a
uniform interpretation of nodes and relationships across different datasets and analyses.
The reason behind the meticulous schema design is the capture of all relevant information
required for a comprehensive LCA and the support of advanced analyses. By modeling
actors and software, the KG provides information on the human and technological factors
influencing the product life cycle, which are often pivotal in understanding environmental
impacts and identifying opportunities for sustainability improvements.

The choice of the KG construction method is highly dependent on the availability and
quality of the data, as well as the clarity of the description of the process. When detailed
and structured data or well-defined process descriptions are available, automated methods
can be more effective. However, in cases where data are sparse or inconsistent, or process
descriptions are complex and domain-specific, manual construction becomes crucial to
ensure the accuracy and relevance of the knowledge graph.

3.3. Data Integration

To start with data integration, it is crucial to choose the appropriate database. Follow-
ing this, data import and preprocessing are carried out. This step involves reading the data
into a workable format and preparing it for analysis by handling missing values, converting
data types, and cleaning inconsistencies. Data filtering follows, allowing the selection of
relevant datasets based on specific criteria such as life cycle phases, emission types, or
material categories. For example, emissions from certain stages of the life cycle can be
incorporated, such as production, use, or end of life, depending on the focus of the analysis.
Subsequently, data aggregation consolidates the filtered data to eliminate duplicates and
calculate relevant metrics. This involves grouping data by unique identifiers (e.g., UUIDs),
summing emission values, and aggregating other pertinent information like product names
and reference years. Aggregation ensures that each data entry is unique and that emission
values are accurately represented. The search and matching process is crucial to identify
specific products or materials within the dataset. This can be achieved through exact
matches or by employing fuzzy matching techniques using libraries such as fuzzywuzzy.
Fuzzy matching is particularly useful for handling inconsistencies or variations in text
data, such as typos or differing naming conventions, to ensure that relevant information is
not overlooked. Once the relevant data are identified, extraction and structuring involve
organizing the information into a consistent format suitable for integration into a KG.
Finally, the structured data are integrated into the KG. This involves mapping the data to
existing entities.

3.4. Synthetic Data Integration

While the described data integration enables the integration of available data from
various databases into a KG, it is important to recognize that relevant data for every entity
may not always be accessible through such databases. In many cases, especially for specific
or novel products, detailed environmental data, such as precise CO2 emission values,
are not readily available. Traditionally, obtaining this information would require a direct
engagement with production facilities to manually record and measure the necessary data.
This process involves on-site assessments, data collection from manufacturing processes,
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and possibly confidential information sharing, which can be time-consuming and resource-
intensive. However, this traditional approach is impractical during the product design
phase, a stage characterized by rapid iteration and frequent changes. Designers and
engineers need immediate access to data to make informed decisions, evaluate different
design options, and optimize for sustainability metrics. Waiting for precise data collection
from production facilities would significantly slow down the design process and hinder
innovation, and it may not be feasible due to the dynamic nature of product development.
To address this challenge, we propose leveraging the semantic knowledge embedded in
advanced language models to estimate missing values. Language models like GPT-4 have
been trained on extensive corpora of text data, which cover a wide range of topics, including
materials science, engineering, and environmental studies. These models capture complex
relationships and patterns within the data, enabling them to generate plausible estimates
based on contextual understanding. By entering known information about a product, such
as its material composition, manufacturing processes, and intended use, the model can
infer missing environmental data by relating it to similar known entities. The models are
able to understand the semantic relationships between concepts, recognizing that certain
materials have typical properties or environmental impacts based on their composition
and production methods. Furthermore, these models can perform analogical reasoning,
comparing the unknown entity to similar entities with available data. For example, if CO2

emission data for a specific type of biodegradable plastic is missing, the model can estimate
it by analyzing data from similar plastics with known properties. Advanced language
models have been exposed to scientific literature, industry reports, and environmental
assessments, allowing them to synthesize this information and provide estimates that align
with existing scientific understanding and empirical data trends. The goal is for designers to
be able to explore a wider range of materials and design options, even when complete data
are not available, providing flexibility in the creative process. Early-stage estimates enable
preliminary assessments of environmental impacts, guiding design choices towards more
sustainable options from the outset. However, there are limitations to and considerations
for this approach. While language models can provide valuable estimates, they may not
always match the precision of empirically collected data. It is important to validate model-
generated estimates with actual data when they become available to ensure accuracy and
reliability. Additionally, care must be taken to ensure that the use of language models
does not inadvertently disclose proprietary information or violate data privacy regulations,
addressing ethical and confidentiality concerns. The estimated data generated via language
models can be incorporated into the KG with appropriate annotations indicating the source
and confidence level. This integration enhances the KG’s completeness, allowing for more
comprehensive analyses and queries. Over time, as actual data become available, it can
replace or refine the estimated values, improving the KG’s accuracy.

The implementation of the approach begins with data pre-processing and vectoriza-
tion, where existing LCI data from databases are collected and standardized to ensure con-
sistency. These data, which include, for example, material properties, production methods,
and environmental impacts, are transformed into vector embeddings using pre-trained lan-
guage models such as GPT-4 and vectorization tools like sentence transformers. These
embeddings encode semantic relationships between variables and are stored in a vector
database to facilitate the efficient retrieval of contextually relevant data. When missing
data are identified, a structured query is constructed based on the known attributes of the
target entity, such as material type, production process, and application context. This query
is executed against the vector database using similarity search algorithms to retrieve the
most contextually similar entries. These entries serve as the basis for estimating the missing
data. A prompt is then constructed to guide the language model in generating the estimate.
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This prompt incorporates the retrieved context and specifies the known attributes of the
target material, ensuring that the model has sufficient information to produce a plausible
estimate. The estimated data are integrated into the KG as a property of the relevant node.
Furthermore, each estimated value is accompanied by metadata indicating that the data are
estimated, rather than sourced from a database. This ensures that the estimation process is
transparent and traceable within the KG. As empirical data become available, the estimated
values are validated and replaced as necessary. The system supports iterative updates to
refine the estimation process, using the KG’s ability to maintain historical annotations for
traceability. This iterative approach ensures that the KG evolves over time, progressively
improving its accuracy and reliability.

3.5. KG Quality Management

The purpose of the proposed KG is to act as a knowledge support system during the
engineering phase, with a particular focus on providing early access to the LCA data. This
fit-for-purpose design ensures that the KG serves as a critical tool for engineers, facilitating
informed decision-making by seamlessly integrating up-to-date LCI data into the product
development process. To address the challenges associated with this application while
preserving simplicity, as quality control should not be more complex than the construction
and application of the graph, we propose two distinct implementations to support the
fitness-for-purpose quality of KGs in our methodology.

Initially, to verify the completeness and basic accuracy of the model, the following
Cypher queries will be utilized. To detect nodes with identical labels and properties, we
executed the query depicted in Listing 1.

Listing 1. Cypher Query for Identifying Duplicate Nodes.

MATCH (n1), (n2)
WHERE id(n1) < id(n2) AND labels(n1) = labels(n2) AND properties(n1)

= properties(n2)
RETURN n1, n2

This query identifies all pairs of nodes with the same labels and properties. Duplicate
nodes might indicate redundancies in the graph that should be reviewed for potential
merging or removal. To find relationships between the same pairs of nodes with identical
types and properties, we executed the query depicted in Listing 2.

Listing 2. Cypher Query for Identifying Duplicate Relationships.

MATCH (n1) -[r1]->(n2), (n1)-[r2]->(n2)
WHERE id(r1) < id(r2) AND type(r1) = type(r2) AND properties(r1) =

properties(r2)
RETURN r1, r2

Redundant relationships can create unnecessary complexity and should be carefully
evaluated for removal. To locate nodes without any relationships, the query in Listing 3
was used.

Listing 3. Cypher Query for Finding Isolated Nodes.

MATCH (n)
WHERE NOT (n) --()
RETURN n

Isolated nodes may indicate incomplete data or modeling issues that require further
investigation. To ensure that all nodes have the required properties, we executed the query
depicted in Listing 4.
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Listing 4. Cypher Query for Nodes with Missing Properties.

MATCH (n)
WHERE NOT EXISTS(n.requiredProperty)
RETURN n

This query identifies nodes missing specific properties, ensuring consistency in node
attributes.

Second, regular updates of LCI data are essential to maintain the temporal integrity of
the KG. This can be achieved by implementing update pipelines that periodically retrieve
and integrate the latest LCI data from authoritative sources. Typically, LCI data need to
be updated annually, as the information is not very granular, and only yearly averages
of energy consumption are calculated for regions and various production processes [45].
Once the existing LCI information is updated with these new data, the augmented LCI
integration should be repeated. This repetition is necessary because the LLM predictions
can change significantly when they are provided with an updated context from the latest
LCI data.

3.6. KG Application

The application of an enriched KG provides a wide range of analytical capabilities,
leveraging the inherent structure and interconnected nature of graph data to generate
actionable insights and improve decision-making. These capabilities encompass direct
querying, integration with advanced AI models, graph-based analytical techniques, and
causal inference, each of which offers unique advantages.

The use of Cypher queries enables direct interaction with the KG. This allows users
to retrieve specific information, identify patterns, and aggregate information efficiently.
For example, in a KG representing the lifecycle of a product, Cypher queries can be used
to pinpoint all suppliers involved in a particular production phase or to identify nodes
with high centrality to reveal key intermediaries within the supply chain. By facilitating
a targeted exploration of the graph, Cypher provides an essential mechanism for extract-
ing actionable information from complex datasets. Another application is Graph RAG
(Retrieval-Augmented Generation), which combines the structured retrieval capabilities
of the graph with the generative power of language models. This integration enables
the generation of more accurate, contextually aware responses in applications such as
conversational AI or content creation. For example, in a system designed to address sus-
tainability in manufacturing, Graph RAG can retrieve emissions-related data from the
KG and incorporate them into a response to a user query, providing highly relevant and
informed answers. This approach enhances the depth and quality of AI-driven systems by
grounding generated content in reliable graph-based data. The application of Graph Data
Science further extends the analytical utility of the KG by employing advanced algorithms
to uncover structural and relational insights. Techniques such as community detection
help identify tightly connected groups of nodes, which may represent clusters of suppliers
or facilities that work closely together. Shortest path analysis, another key technique, can
determine the most efficient routes or sequences between nodes, supporting tasks such as
supply chain optimization or resource flow analysis. Centrality metrics, which evaluate
the importance of nodes within the graph, are particularly useful for identifying critical
entities or bottlenecks in complex processes. These tools allow organizations to uncover
hidden patterns and relationships that may not be apparent through conventional analysis.
Lastly, Causal AI adds a powerful layer of interpretability by moving beyond correlation
to identify true cause-and-effect relationships within the data. Using the interconnected
nature of the KG, causal inference can reveal dependencies and feedback loops, offering
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critical insights for decision-making. For example, it can help determine how changes in
raw material sourcing impact energy consumption or how delays in one stage of production
ripple through the supply chain to affect overall output. This capability enables scenario
analysis and supports strategic planning by providing a deeper understanding of potential
interventions and their consequences.

Together, these applications transform the KG into a dynamic analytical tool. By en-
abling advanced querying, integrating contextual knowledge into AI systems, uncovering
structural patterns, and identifying causal relationships, the KG becomes an invaluable
resource for generating insights, supporting decision-making, and driving innovation.

4. Case Study: 3D Printing
To demonstrate the potential of these applications, we present a case study on 3DP,

also known as additive manufacturing. This technology, characterized by producing three-
dimensional objects by joining materials layer by layer under computer control [46], serves
as an ideal domain for exploring the analytical power of the KG. 3DP involves complex
workflows, diverse stakeholders, and intricate interdependencies between design, material
selection, production processes, and environmental impacts. By modeling these interactions
in a KG, we can showcase how advanced querying, graph algorithms, retrieval-augmented
generation, and causal inference can yield actionable insights and optimize 3DP workflows.

4.1. Relevance of 3DP in Advancing Sustainability

3DP is anticipated to continue its rapid growth due to several key advantages over
traditional manufacturing technologies. These benefits include enhanced freedom of de-
sign [47], allowing the creation of intricate and innovative structures, as well as rapid
prototyping [48], which accelerates product development cycles. Furthermore, 3DP sup-
ports mass customization and the production of complex structures tailored to highly
specific requirements [49,50], allowing manufacturers to meet diverse consumer demands
with unprecedented precision. Other notable advantages include one-piece fabrication
using multiple materials and the potential for decentralized production, which reduces the
reliance on centralized manufacturing hubs and facilitates localized production [49].

In the construction sector, 3DP has emerged as a sustainable and eco-friendly produc-
tion technology [46,49,50], offering environmental benefits over traditional methods. Its
adoption in construction not only supports greener practices but also addresses critical
sustainability challenges. Among the most significant environmental advantages of 3DP are
the following:

• Waste reduction: 3DP fabricates products layer by layer, utilizing only the material
required to create the final product [49]. This approach results in substantial material
savings and significantly reduces waste generation [46,51].

• Production on demand: 3DP enables the production of only the necessary quantities of
a product when needed, thus minimizing the need for large inventories and reducing
the risk of overproduction [50].

• Reduction in transportation: The potential for local production allows products to be
manufactured closer to their point of use, thus reducing the distances the goods need
to travel. This leads to lower transportation costs and reduced emissions associated
with transport [46,51].

• Efficient use of resources: by promoting more efficient use of resources, as well
as enabling recycling and remanufacturing processes, 3DP aligns closely with the
principles of a circular economy [49].
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• Efficient use of energy: 3DP reduces overall energy demands [46,49,52]. This efficiency
contributes to the adjustment of energy structures, supports circular economy strate-
gies, and encourages the transformation and upgrading of industrial structures [49].

• Reduction of emissions: Process-related CO2 emissions per unit of GDP can be signifi-
cantly reduced by adopting 3DP, contributing to lower carbon footprints [46,52].

Nevertheless, in evaluating these prospective advantages, it is crucial to also account
for the adverse effects on the environment that may arise from the implementation of
3DP technology. One of the primary concerns is the energy consumption of 3D printers,
particularly those that work with high-temperature materials or metal powders. These
printers often require significant amounts of energy to operate. If this energy is sourced
from non-renewable resources, associated carbon emissions can contribute substantially
to climate change [53]. Moreover, the environmental implications of emissions produced
throughout the printing process constitute an additional area of concern. Specifically, the
thermal melting and subsequent extrusion of plastic materials can emit volatile organic
compounds (VOCs), along with ultrafine particulate matter, into the atmosphere. These
emissions are identified as harmful, posing significant risks to both human health and
the broader environment [53]. Additionally, there exists a considerable deficit in the com-
prehensive understanding and assessment of the overall environmental repercussions
associated with 3DP technologies. Although its technological and economic advantages
are frequently discussed, comprehensive investigations of its environmental performance
remain limited [3]. Although some LCA studies have been conducted on additive man-
ufacturing [50], they are significantly outnumbered by extensive research focused on the
mechanical manufacturing industry [54,55]. The limited studies available often focus on
narrow aspects, such as specific case studies [52], or address energy consumption alone [3],
without providing a holistic view of the environmental implications throughout the 3DP
lifecycle. Conducting LCAs for 3DP presents several challenges. These include a lack of
transparency and expertise in performing LCAs, difficulties in defining system boundaries,
and the variability in general databases available for reference [3]. Furthermore, limited
accessible data on costs, energy use, and CO2 emissions for individual processes in the
3DP chain further complicate LCA evaluations [52]. The diversity of materials, feedstock
forms, production processes, and end-use applications in 3DP introduces additional com-
plexity [50]. In addition, the energy consumption of printers varies, depending on multiple
factors, such as machine specifications, material types, and printing conditions, making
it challenging to compare LCA results in different use cases [3]. Given these challenges,
the comprehensive LCA of 3DP products provides an ideal opportunity to validate the
methodology presented in this article. By addressing the complexities and data integration
issues inherent in 3DP, this case study illustrates the utility of the proposed framework.

To align with the methodological structure of this paper, this section is divided into
subsections corresponding to the key components of the methodology: domain expertise,
LPG model, data integration, and KG application.

4.2. Domain Expertise of 3DP

In the first step of the methodological framework, a basic understanding of the 3DP
process of a product should be established. In this case, the understanding was archived
mainly through a literature review. In our earlier publication [56], we presented a pre-
liminary examination of the 3DP process. This current study builds upon that by adding
further details to each stage of the product life cycle and by including more information
and further studies.

The engineering phase marks the commencement of the process, encompassing both
the design formulation and the choice of materials. During the preliminary phase of 3DP,
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the design is developed, often utilizing advanced software to design and fine-tune complex
geometrical structures [57]. Engineers utilizing a 3D design software, known as computer-
aided design (CAD) software, or a 3D scanner, have developed this design, serving as
the foundation for production. The final output needs to be a closed-volume model with
specified dimensions of height, depth, and width [58]. Instead of conventionally using
CAD software, it can be beneficial to combine 3D laser scanning with rapid prototyping,
highlighting improvements in costs, speed, and accuracy over conventional methods [59].
Furthermore, integrated 3D scanning with reverse engineering can be effective for quality
control in the manufacturing of rapid-response products [60]. To make certain the design
is feasible, both designers and engineers need to evaluate the capabilities and limitations
of 3DP technology. For instance, in multi-material 3D printing, they contribute to the
production of functional materials that possess complex microstructural characteristics [61].
In addition, the printing technique must be selected during the creation procedure [58].
Furthermore, the engineer must give careful thought to the integration of various additives,
the selection of appropriate post-processing techniques, and the formulation of an effective
design strategy. Following the creation of the design, suitable materials are chosen, based
on specific application requirements, taking into account mechanical properties, printing
speed, and resolution [62]. Materials scientists and engineers play a crucial role in the selec-
tion of appropriate materials that meet the requirements [63]. The materials could differ
between metal, paper, and plastic [58]. The following activities are part of pre-processing.
The 3D-CAD-model has to be exported as a net consisting of triangles. The common file for-
mats are STL for daily use and IGES or STEP for use in industry. After that, the new model
has to be checked for printability, focusing on the units of dimensions and the orientation of
the net’s normal vectors. These steps could be performed using software. For production,
this file has to be transferred to computer-aided manufacturing (CAM) software, called
Slicer; through multiple steps, this program creates a CNC code that could be executed via
a machine [64]. During the slicing stage, there is the possibility to fine-tune a multitude
of parameters within the software for an enhanced outcome. Fundamental configurations
are adjustable, such as the height of the individual layers, the density of the infill pattern,
the velocity at which printing occurs, and the thickness of the walls. Furthermore, the
software provides advanced configurations that allow for an optimized process [58,65]. The
majority of 3DP methodologies necessitate the inclusion of support structures, which are
systematically integrated into the workflow using the slicer as part of the pre-processing
phase [58]. The printing process involves layer-by-layer material deposition to produce
the physical object. This process uses a range of printing technologies, each chosen based
on the material used and the complexity of the design [66]. The use of certain additives,
such as accelerators and decelerators, is often dictated by the chosen printing technology,
particularly when working with concrete, which requires materials with unique proper-
ties [67]. Zhang et al. (2019) highlight that the practicality, the setting and hardening times,
and the mechanical characteristics of 3D-printed concrete can be significantly improved
through the careful selection of materials [68]. Furthermore, it is important to note that not
all materials can be produced in-house, resulting in the emergence of numerous specialized
material suppliers. Once printing has concluded, the process of post-processing initiates.
This stage may encompass a variety of activities, such as cleanup tasks [58], the application
of color, or treatments aimed at enhancing certain material properties or carrying out other
refinement procedures. This phase ultimately culminates in preparing the product for its
final application, which can include activities like sales [67] and assembly. Notably, these
tasks are exclusively performed by the technician, with no additional personnel involved;
hence, all associated actions are characterized as messages intended solely for the techni-
cian’s awareness. The duty of quality control specialists is to verify that the completed item,
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created by the technician, adheres to the essential standards and specifications required for
its designated function. Concurrently, marketing experts are responsible for positioning
the product to correspond with a target demographic [69]. Subsequently, the product will
be delivered to the end-user or customer. Regarding the topic of transport, some important
facts must be mentioned. 3DP facilitates the use of locally available materials, providing
an avenue for significant cost reduction in various applications. An extreme example is
extraterrestrial construction, where local dust, such as lunar regolith, can be used. This
approach significantly reduces the costs associated with transporting raw materials to
locations outside the Earth. The potential savings are substantial, considering the costs of
shipping a single brick to the Moon, which could be as high as $2 million [70]. Moreover,
3DP can enable more efficient distribution networks. Urban centers can be established
to coordinate material flows and consolidate expertise. However, raw materials for 3DP
still need to be supplied to these centers [71]. This technology alters the traditional mass
production and distribution model, moving toward a localized demand-driven production
paradigm. Products can be printed according to specific needs and requirements, reflecting
a significant change in the manufacturing and distribution approach. 3DP also allows
the production of objects near or directly by consumers, employing just-in-time printing
techniques [72]. Upon reaching the conclusion of the printed component’s lifespan, the
customer has the choice between discarding the part in a landfill, where it will undergo dis-
mantling, or opting for delivery to a recycling facility, where comprehensive processing will
occur. Within the domain of 3D printing, recycling encompasses a multitude of intricate
procedures, beginning with the critical phase of material characterization and analytical
assessment to identify any impurities. This process entails, for example, the evaluation of
microstructural characteristics and examining surface integrity in powders to determine
levels of oxidation and contamination [73]. This phenomenon can be elucidated within
contexts such as analytical laboratories, where the deployment of advanced imaging tech-
niques is prevalent, including the utilization of methods like X-ray tomography imaging for
detailed investigation [74]. Further studies underscore the importance of understanding the
material for efficient recycling [74,75]. The subsequent phase encompasses the pretreatment
of recycling materials, particularly applicable in industrial processing facilities. This stage
may incorporate various techniques including, but not limited to, high-energy washing,
melt extrusion procedures, and the implementation of compression molding specifically
within PLA processes, as delineated by [76]. Ultimately, the additive manufacturing pro-
cess can be executed with parameters that adhere closely to standard settings or involve
marginal adjustments, which have the potential to enhance the mechanical attributes of
certain materials, such as recycled polypropylene (PP), as indicated by [77]. Furthermore,
the concept of decentralized recycling plays an important role in enabling localized waste
management [78], which not only improves the recycling process but also increases overall
recycling rates. This is particularly beneficial because not every company has the facilities
and capabilities necessary for effective recycling; therefore, decentralizing the process
assists in greater adoption and implementation. In the field of 3D polymer printing, a
sector that experiences a substantial annual growth rate of 26%, there is a corresponding
increase in material waste [79], underscoring the growing importance and need for effective
recycling practices. Further studies underscore the importance of the circulatory economy
for 3DP in preventing landfill accumulation [80].

4.3. KG Schema and KG Construction

This subsection deals with the KG schema adapted to the 3DP process, which is built
according to the methodological framework and is filled with the information obtained in
the previous process description.
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The adapted schema for the 3DP process is illustrated in Figure 5.

Figure 5. Excerpt of adapted KG schema for 3DP process.

On the left-hand side of the illustration, the red “Product Life Cycle” node represents
the overarching lifecycle of a 3D-printed part. Among its connections, the “HasPhase”
relationship links this node to the “Production Phase”, depicted as a green node. Other
connections of the red node, which are not included in the excerpt, are indicated by empty
relationships leading to placeholder nodes. This notation is consistently applied to repre-
sent relationships with entities not shown in the diagram. The “Production Phase” node is
connected to several processes, represented by blue nodes. One such process, the “Energy
Production Process”, is included in this excerpt. This node is linked to various option nodes
through the “HasOption” relationship, which represents possible energy sources. For exam-
ple, “Renewable Energy”, shown as a yellow node, is one of the options and is annotated
with the property “CO2 Equivalent”, reflecting its environmental impact. Additionally, the
“Production Phase” node is directly connected to the “Renewable Energy” node via the
“UtilizesOption” relationship, indicating that this specific energy source is employed during
the phase. The relationship itself carries properties that further describe its role, though
these properties are not explicitly detailed in this excerpt. Above the “Production Phase”
and its associated processes, the actors involved in the phase are represented by orange
nodes. In this case, the actor is a “Technician”, who is connected to a “CAM Software”
node via the “UtilizesSoftware” relationship. This connection signifies the tools or software
employed by the technician during the production phase. On the right-hand side of the
illustration, the purple “Volume Model” node represents a subprocess related to another
phase. It is connected to the “Production Phase” via the “InfluencesPropertiesOfPhase”
relationship, which carries the property “Mass”. This connection highlights the impact of
the volume model on the properties of the production phase, providing a detailed view of
the interdependencies within the process.

In our case study, we opted to construct the KG manually, which is essential for
the accurate incorporation of domain-specific information, particularly when data are
incomplete or limited. Referencing the information presented in Section 3.1, we created
the KG according to the schema described. This approach allowed us to tailor the graph to
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meet the unique requirements of the application, effectively capturing critical nuances and
interdependencies that automated methods might miss.

4.4. Data Integration Through Databases

To start with, it is crucial to choose the appropriate database, and for our case study,
we opted for the publicly accessible Ökobau.dat database, given its wealth of material data
pertinent to our specific scenario.

Table 1 presents an excerpt of LCI data for construction materials, including their
lifecycle modules, global warming potential (GWP) in kg CO2-eq, and ozone depletion
potential (ODP) in kg CFC-11-eq. Materials such as wood fiber insulation (A2) have
moderate GWP (0.367) and very low ODP (7.33 × 10−10). Fiber cement facade panels (C2)
show low GWP (0.042) and negligible ODP (1.08 × 10−15). Clay plaster (A5) has the highest
GWP (7.926) but similarly low ODP (2.30 × 10−15). Fly ash (A1–A3) has no measurable
impact (GWP and ODP both 0). Cement types (A1–A3) show moderate GWP: 0.688 for
CEM IV 42.5 and 0.795 for CEM II 42.5, with low ODP values (around 3.8 × 10−15 for both).

Table 1. LCI data for various materials according to Ökobau.dat.

Material Modul GWP (kg CO2-eq) ODP (kg CFC-11-eq)

Wood fiber insulation A2 0.367 7.33 × 10−10

Fibre cement facade panel C2 0.042 1.08 × 10−15

Clay plaster A5 7.926 2.30 × 10−15

Fly ash A1–A3 0.000 0.000
Cement (CEM IV 42.5) A1–A3 0.688 3.79 × 10−15

Cement (CEM II 42.5) A1–A3 0.795 3.86 × 10−15

The modules represent different stages or activities in the product’s life cycle, catego-
rized according to standardized frameworks such as EN 15804 [81]. These modules define
the boundaries within which environmental impacts are assessed for specific materials or
processes. They are typically organized into distinct phases: production (A), construction
(B), usage (C), and end of life (D). Each phase is further divided into specific modules, for
example, A1 (raw material supply, which includes the extraction and processing of raw
materials) and A2 (the transportation of raw materials to the manufacturing site).

4.5. Synthetic Data Integration

As stated in Section 3.4, in many cases, especially for specific or novel products,
detailed environmental data, such as precise CO2 emission values, are not readily available;
therefore, we propose leveraging the semantic knowledge embedded in language models to
estimate missing values. We specifically employed the gpt-4o-2024-08-06 language model.

To evaluate the accuracy of the model estimations, we employed a validation strategy.
Starting with a complete dataset where all GWP values are known, we randomly removed
10% to create a test set, with the remaining 90% serving as a contextual knowledge base. We
used LangChain to generate embeddings of the 90% dataset, capturing semantic informa-
tion of the variables of each entry such as material properties, module and environmental
impacts, and we stored these embeddings in a vector database for efficient retrieval. For
each entry in the test set, we constructed prompts that included known variables and re-
trieved context from similar entries, instructing the language model to estimate the missing
GWP value. The language model, leveraging both its semantic understanding and the
retrieved contextual information, generated estimated GWP values. We then compared
these estimates with the actual values in the test set, calculating the mean absolute error
(MAE) metrics and relative error percentage to evaluate the model performance.
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The MAE was 2.19, which indicates the average deviation of the estimated values
from the actual values. The mean relative error percentage was 23.74%. These metrics
demonstrate a moderate deviation between the estimated and actual values, suggesting a
reasonable degree of accuracy.

To illustrate the distribution of original and estimated GWP values, descriptive statis-
tics were calculated as shown in Table 2.

Table 2. Descriptive statistics of original and estimated GWP values.

Metric Original GWP Values Estimated GWP Values

Count 637 637
Mean 39.13 45.32
Standard deviation 486.45 417.73
Minimum −5674.33 −1768.63
Median 0.12 0.11
Maximum 19,900.00 6110.47

The similarity in central tendencies, such as the mean and median, between the actual
and estimated GWP values suggests that the estimates fall within a realistic range. However,
the larger standard deviation in the original values indicates that some extreme values are
present in the original dataset, which are less represented in the estimated values. This
result implies that, while a language model can provide robust approximations, it may not
capture extreme values with high accuracy.

To further demonstrate how GPT-4o estimates missing GWP values, two examples of
missing values were analyzed. In Table 3 the generated outputs and validation metrics for
each example are presented.

Table 3. GPT-4o GWP estimations and validation results for two examples.

Attribute Example 1: Facade Paint (Dispersion Paint) in
Modul C2 Example 2: Asphalt Base Layer in Modul D

GPT-4o Estimation

“Given that this product is a type of paint in
Modul C2 and based on the GWP patterns ob-
served for similar products, I estimate the GWP
for ‘facade paint (dispersion paint)’ to be approx-
imately 0.004.”

“Considering that the ‘asphalt base layer’ is a
type of asphalt layer used in Modul D, and not-
ing that similar materials in end-of-life stages
often have GWP values close to zero or slightly
negative due to recycling credits, I estimate the
GWP for the ‘asphalt base layer’ to be approxi-
mately −0.025.”

Actual GWP 0.0032 −0.0263
Estimated GWP 0.004 −0.025
AE 0.0008 0.0013
REP 25.19% 4.96%

Comment
High relative error due to the low actual GWP
magnitude; minor deviations yield significant
percentage differences.

Low relative error shows a close match between
the estimate and the actual GWP value.

4.6. KG Quality Management

The construction of KGs within the current product development phase presents
unique quality challenges, primarily due to the limited availability of readily accessible
data. Typically, quality concerns arise when KGs are built using automated tools. However,
in the absence of sufficient data, the efficacy of automated data crawlers is significantly di-
minished, necessitating the manual construction of KGs. This manual approach inherently
reduces the likelihood of common redundancies associated with automation, as it allows
for more deliberate and controlled data integration. Nevertheless, the dynamic nature of
KGs within this framework introduces potential risks of both redundancies and omissions.
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As the KG evolves over time, there is an inherent risk of inadvertently duplicating exist-
ing information or omitting previously incorporated data, which can adversely affect the
consistency and integrity of the KG. Furthermore, temporal aspects introduce significant
quality challenges. The integration of LCI data exemplifies this issue, as such data are
subject to change over time due to evolving processes and methodologies. As processes are
updated or refined, the associated LCI data can become outdated, leading to discrepancies
between the KG and the current state of the processes it represents. This temporal lag can
undermine the accuracy and reliability of the KG, which requires ongoing maintenance
and updates to ensure that the information remains current and reflective of real-world
changes. The queries from Section 3.1 were applied to consistently detect and resolve
duplicate nodes and relationships, thereby removing redundancies and refining the graph
structure. Furthermore, the queries successfully detected isolated nodes and nodes with
missing essential properties, ensuring that all elements within the KG are interconnected
and consistently defined. Since the KG was recently constructed, temporal updates were
deemed unnecessary at this stage, allowing the focus to remain on maintaining the current
quality and structure of the graph.

4.7. Developed KG

Figure 6 illustrates the entire KG that captures the multifaceted and interconnected
nature of the 3DP ecosystem, with a zoomed-in excerpt highlighting individual nodes to
make their names and relationships readable. The model reflects the complexity of 3DP by
encompassing 135 nodes and 128 relationships, distributed across 6 distinct node labels and
7 unique relationship types. The entities and relationships are further enriched by 32 differ-
ent property keys. For example, property keys for materials include co2EquivalentPerKg,
density, and costPerUnit, while energy-related nodes have energyConsumption and emis-
sionFactorPerKwh. Process nodes include keys such as duration and failureRate, and
transport nodes capture properties such as distanceKm and greenhouseGasPerTkm. Addi-
tionally, phase nodes have descriptive attributes like startDate, endDate, and dependencies,
while actor nodes include roleName and expertise. These diverse properties allow for a
nuanced analysis of the 3DP ecosystem, supporting tasks such as sustainability assessments,
process optimization, and decision-making.

To further analyze the structure and distribution of the KG, Table 4 provides a summary
of key metrics, focusing on the most frequent nodes and their connectivity characteristics.

The Top 5 Node Frequencies section highlights the most common node types, with
“Option” nodes being the most frequent (76 instances), followed by “Process” and “Software”
nodes (14 instances each), reflecting the granularity with which alternative options and
processes are captured. “Subprocess” and “Actor” nodes also contribute significantly to
the KG, representing detailed workflows and the roles involved.

The Top Five In-Degree Metrics section identifies nodes that receive the highest number
of incoming connections. For example, the “Production Phase” node has the highest in-
degree (10 connections), indicating its central role as a phase influenced by multiple inputs,
such as materials, software, and subprocesses. Similarly, nodes like “Transport Process”
and “Post-Processing and Sale Phase” (four connections each) highlight other critical phases
within the life cycle.



Appl. Sci. 2025, 15, 175 24 of 34

        

         

         

         

   
     

        
     

         
       

      
       

        
       

     
      

       
       

   

  
        
    

   
        
    

      
      

         

       
        

  

       
        

        

     
      

         

        

        
       

         

       
       
   

         
      

        

         
      

         
       

        
      

        
         

        
      

       
         

 

         

       
       
   

         
   

         
      

        
       

  
      

    
      
    

            
     

     
      

       
         

 

        
      

       
        

        
   

    

        

        
      

        
      

         
      

        
       

     
       

        

        
      

   
      

    
      

    
      

        

      
      
    

     
     
    

     
     
    

     
     
    

        
         

        

      
        

       

     
      

         

     

          

      
       

      
     

        

     
     

         

         
    

       
       
   

          
       

        
       

   
      

  
        
     

        
          

      
      

         

          
      

        

      
        

   

     
     

        
      

         
  

         
     

      
     
     

       
       

       
       

           
       

    

           

     
      

    
      

   
       

     
      

     
      

        

    
   

       

     
        

          

       

     
      

    
       

    

   
      

         

       
       
   

          

        

        
      

     
     

        

        
       

           

        
      

      
          

 

     
         

   

        

         

         

         

   
     

        
     

         
       

      
       

        
       

     
      

       
       

   

  
        
    

   
        
    

      
      

         

       
        

  

       
        

        

     
      

         

        

        
       

         

       
       
   

         
      

        

         
      

         
       

        
      

        
         

        
      

       
         

 

         

       
       
   

         
   

         
      

        
       

  
      

    
      
    

            
     

     
      

       
         

 

        
      

       
        

        
   

    

        

        
      

        
      

         
      

        
       

     
       

        

        
      

   
      

    
      

    
      

        

      
      
    

     
     
    

     
     
    

     
     
    

        
         

        

      
        

       

     
      

         

     

          

      
       

      
     

        

     
     

         

         
    

       
       
   

          
       

        
       

   
      

  
        
     

        
          

      
      

         

          
      

        

      
        

   

     
     

        
      

         
  

         
     

      
     
     

       
       

       
       

           
       

    

           

     
      

    
      

   
       

     
      

     
      

        

    
   

       

     
        

          

       

     
      

    
       

    

   
      

         

       
       
   

          

        

        
      

     
     

        

        
       

           

        
      

      
          

 

     
         

   

Figure 6. LPG model for 3DP process with an excerpt highlighting the different nodes and relations.

Table 4. Summary of top five node frequencies and degree metrics.

Top 5 Node Frequency
Node Name Count

Option 76
Process 14
Software 14
Subprocess 13
Actor 8

Top 5 In-Degree
Node Name Count

Production phase 10
Transport process 4
Post-processing and sale phase 4
Use phase 2
Disposal phase 2

Top 5 Out-Degree
Node Name Count

3D printing process 14
Material option 8
Post-processing 7
Recycling 6

The Top Five Out-Degree Metrics section shows nodes with the most outgoing con-
nections, which signify their influence within the KG. The “3D Printing Process” node
leads with 14 outgoing connections, demonstrating its role as a central hub for downstream
activities. Other nodes, such as “Material Option” (eight connections) and “Post-Processing”
(seven connections), highlight key options and subprocesses that propagate their influence
throughout the system.

4.8. KG Application: Cypher Queries

Although the primary objective of this research was the construction of a KG to
represent the life cycle of 3D-printed products, it is essential to demonstrate the analytical
capabilities of the KG to showcase its practical utility. To this end, we used Cypher queries
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to extract and analyze data from the Neo4j graph database, providing insight into various
aspects of the product life cycle. These examples illustrate how the KG can facilitate complex
queries and aggregations, thereby enabling in-depth analysis and decision-making support.

Using Cypher, we interacted with KG to extract information relevant to the life cycle
of 3D-printed products. The following subsections present representative queries and
their results.

4.8.1. Roles Involved in Life Cycle Phases

To identify the roles involved in each phase of the product life cycle, we executed the
query depicted in Listing 5.

Listing 5. Cypher Query for Querying the corresponding roles for each product life cycle phase.

MATCH (a:Actor) -[: InvolvedInPhase ]->(p:Phase) <-[:HasPhase]-(
plc:ProductLifeCycle)

RETURN plc.name AS ProductLifeCycle , p.name AS Phase , collect
(a.name) AS InvolvedActors

This query matches all Actor nodes connected to Phase nodes via the InvolvedInPhase
relationship, effectively mapping each phase of the product life cycle, represented by
ProductLifeCycle nodes, to the actors involved. The results are summarized in Table 5.

Table 5. Roles involved in each phase of the product life cycle for 3DP.

Product Life Cycle Phase Involved Actors

3DP Component A Production phase Technician, operator
3DP Component A Energy production process Energy manager, technician
3DP Component A Use phase User, maintenance engineer
3DP Component A Disposal phase Recycling specialist, waste manager

3DP Prototype B Design creation CAD designer, engineer
3DP Prototype B Pre-processing phase Material specialist, technician
3DP Prototype B Post-processing phase Quality inspector, technician

This mapping provides clarity on role responsibilities throughout the product life
cycle, which is critical for resource planning and process optimization.

4.8.2. Environmental Impact Assessment

To assess the environmental impact associated with the product’s life cycle, we cal-
culated the total CO2 emissions by aggregating the emissions from material use, energy
consumption, and transportation. The calculations mentioned are executed by the query
illustrated in Listing 6.

This query calculates CO2 emissions across the product life cycle by focusing on three
main sources of emissions: materials, energy, and transportation. Material emissions are
computed by multiplying the quantity of material used (um.amount) by the material’s CO2

equivalent per kilogram (m.co2EquivalentPerKg). For example, in the case of cement
(CEM IV 42.5), using 100 kg of material with a CO2 equivalent of 0.688 kg CO2/kg results
in 68.8 kg CO2. Energy emissions are calculated by multiplying energy consumption
(ce.consumption) by the emissions factor of the energy source (e.co2EmissionsPerKwh).
For example, consuming 100 kWh of electricity with a factor of 0.4 kg CO2/kWh results in
40.0 kg CO2. Transport emissions are derived from the distance traveled (ut.distanceKm)
and the greenhouse gas factor of the transport mode (tm.greenhouseGasPerTkm). For a
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transport distance of 150 km and a transport mode with a factor of 0.1 kg CO2/tkm, the
emissions amount to 15.0 kg CO2.

Listing 6. Cypher Query for Calculating Emissions.

MATCH (plc:ProductLifeCycle {name: "Product Life Cycle of 3DP"}) -[:
HasPhase]->(phase:Phase),

(phase) -[: HasProcess]->(proc:Process)

MATCH (proc) -[um:UsesMaterial]->(m:Material)
WHERE any(module IN $modules WHERE module IN m.module)
WITH plc , phase ,

SUM(um.amount * m.co2EquivalentPerKg) AS MaterialEmissions

MATCH (proc) -[ce:ConsumesEnergy ]->(e:EnergySource)
WHERE any(module IN $modules WHERE module IN e.module)
WITH plc , phase , MaterialEmissions ,

SUM(ce.consumption * e.co2EmissionsPerKwh) AS EnergyEmissions

MATCH (phase) -[: HasTransportProcess ]->(tp:TransportProcess) -[ut:
UsesTransport ]->(tm:TransportMode)

WHERE any(module IN $modules WHERE module IN tm.module)
WITH plc , phase , MaterialEmissions , EnergyEmissions ,

SUM(ut.distanceKm * tm.greenhouseGasPerTkm / 1000) AS
TransportEmissions

RETURN plc.name AS LifeCycleName ,
phase.name AS PhaseName ,
MaterialEmissions ,
EnergyEmissions ,
TransportEmissions ,
MaterialEmissions + EnergyEmissions + TransportEmissions AS

TotalEmissions

To ensure flexibility, the query uses dynamic module filtering, allowing emissions
to be calculated only for specific stages of the life cycle, such as the extraction of raw
materials (A1), transportation (A2) or manufacturing (A3). The dynamic filtering ensures
that only emissions corresponding to the selected modules are included. The total emissions
are computed by summing material, energy, and transport emissions. These results are
illustrated in Table 6, which compares two scenarios involving different types of cement.

Scenario 1 uses cement (CEM IV 42.5) with material emissions of 68.8 kg CO2, energy
emissions of 40.0 kg CO2, and transport emissions of 15.0 kg CO2, resulting in total emis-
sions of 123.8 kg CO2. Scenario 2 uses cement (CEM II 42.5) with material emissions of
79.5 kg CO2, energy emissions of 40.0 kg CO2, and transport emissions of 10.0 kg CO2,
leading to total emissions of 129.5 kg CO2. In both scenarios, the energy emissions remain
constant at 40.0 kg CO2 because the same amount of energy (100 kWh) is consumed dur-
ing the production process, regardless of the type of cement used. However, transport
emissions vary between the scenarios due to differences in the transport distances. For
Scenario 1, the transport distance is 150 km, resulting in higher emissions compared to the
shorter transport distance of 100 km in Scenario 2. This comparison demonstrates how
material selection and transportation strategies can influence the overall CO2 emissions
of 3D-printed components, enabling designers to make more sustainable decisions early
in the product life cycle. The modular approach ensures that the query can be adapted
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to include other phases or environmental indicators, such as ozone depletion potential or
acidification potential, for a more comprehensive analysis.

Table 6. Comparison of emissions for different scenarios in 3DP phases.

Scenario 1: Cement (CEM IV 42.5)

Phase Name Emissions (kg CO2-eq)
Production phase—material 68.8
Production phase—energy 40.0
Transport phase 15.0
Total emissions 123.8

Scenario 2: Cement (CEM II 42.5)

Phase Name Emissions (kg CO2-eq)
Production phase—material 79.5
Production phase—energy 40.0
Transport phase 10.0
Total emissions 129.5

4.8.3. Influence of Engineering Decisions on Production Phase

To investigate the dependencies and influences of early engineering decisions on
subsequent production phases, we executed the query depicted in Listing 7:

Listing 7. Cypher Query for Identifying Influences in 3D Printing.

MATCH (startNode) -[rel:InfluencesPropertiesOfPhase ]->(endNode)
RETURN startNode.name AS StartNode , rel.property AS Influence ,

endNode.name AS EndNode

This query retrieves pairs of nodes connected by the InfluencesPropertiesOfPhase
relationship, indicating how specific decisions or parameters influence downstream phases
of the product life cycle. The results are summarized in Table 7.

These results illustrate how engineering decisions, such as the selection of a volume
model or CAM software parameters, propagate downstream and influence multiple phases
of the 3DP product life cycle. For example, the “VolumeModel” directly impacts the “Pro-
duction Phase” by determining the mass of the product, which affects material consumption
and energy requirements during manufacturing. Additionally, it influences the complexity
of assembly and disassembly processes, which are critical for the post-processing and
disposal phases. Similarly, decisions made in the “Material Selection” phase influence the
transport distance required in the “Transport Process”, highlighting the interdependencies
between design choices and logistical considerations.

Table 7. Illustration of influence from start node to end node in the 3DP process.

Start Node Influence End Node

Volume model Mass Production phase
Material selection Transport distance Transport process
CAM software Support structure Post-processing and sale process
CAM software Printing time, Production phase

material consumption,
energy consumption

Volume model Assembly complexity Post-processing and sale process
Volume model Disassembly complexity Disposal phase
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Understanding these relationships allows engineers to anticipate the downstream
effects of early decisions, enabling the optimization of product design for efficiency
and sustainability.

5. Discussion
This research highlights the remarkable potential of blending domain-specific knowl-

edge with cutting-edge knowledge graph techniques to improve practices in life cycle
assessment. By expanding the scope of traditional LCA to include early-stage decisions
of the design and engineering phases, we have demonstrated a more holistic approach
that captures the full spectrum of a product’s environmental impact. The development
of a meticulously defined schema using a labeled property graph (LPG) model proved
effective in representing the complex relationships and entities involved in a product’s
life cycle. This comprehensive schema facilitated the inclusion of not only the standard
life cycle phases but also the intricate interactions between actors, software tools, and
decision-making processes that influence environmental outcomes. Our case study on 3DP
serves as a compelling proof of concept for the proposed methodology. The 3DP domain,
characterized by rapid technological advancements and a paucity of comprehensive LCA
data, presented an ideal context to test the efficacy of our approach. By constructing a KG
that encapsulates 135 nodes and 128 relationships, we successfully modeled the entire life
cycle of a 3D-printed product, from the initial design to end-of-life considerations. One
of the most salient findings from the KG analysis is the profound influence of early-stage
engineering decisions on subsequent production phases and the overall environmental
impact. For example, choices made during the design phase, such as material selection
and geometric configurations, were found to significantly affect material consumption,
energy usage, and waste generation in the later stages. The ability to trace these influences
within the KG highlights the critical importance of proactively integrating sustainability
considerations at the beginning of the product development process. Secondly, through
this ability to trace influences of early decisions, the focus can lie reactively on important
levers for sustainability for the next product generations in order to ensure sustainable
development in the future. The analytical applications of the KG further demonstrate its
utility in extracting actionable insights. Through precise Cypher queries, we identified the
specific roles involved in each life cycle phase, providing clarity on stakeholder responsibil-
ities and facilitating more effective resource allocation. The aggregation of CO2 emissions
data across materials, energy sources, and transportation modes enabled a quantifiable
assessment of the product’s environmental footprint. This comprehensive emission profil-
ing is instrumental for organizations aiming to meet stringent sustainability targets and
for policymakers formulating environmental regulations. Moreover, the KG’s capability to
model alternative scenarios through “Option” nodes allows for comparative analyses of
different design and production choices. This feature allows decision-makers to evaluate
trade-offs between various materials, processes, and technologies based on quantitative
environmental metrics. Such analyses can inform strategic decisions that optimize both
performance and sustainability, driving innovation in product development. The inte-
gration of data using advanced language models to estimate missing values represents a
significant advance in addressing data gaps common in the early design phases. Using
the semantic understanding of models like GPT-4, we were able to generate plausible
estimates for critical environmental data, such as CO2 emissions for specific materials or
processes. This approach not only accelerates the design process by providing immediate
access to the necessary data but also enhances the completeness and robustness of the KG.
Our validation results indicate that the language model estimations align closely with the
actual data, demonstrating mean absolute errors and relative error percentages within
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acceptable ranges for preliminary assessments. This finding suggests that advanced lan-
guage models can serve as reliable tools for supplementing incomplete datasets, thereby
improving the quality of LCA in contexts where empirical data are scarce or difficult to
obtain. The successful application of the methodology to the 3DP case study also highlights
its scalability and adaptability to other domains. The modular nature of the KG schema
allows customization to accommodate different industries, products, and processes. This
flexibility positions the methodology as a valuable framework for organizations in various
sectors looking to enhance their sustainability assessments. In addition, KG facilitates
advanced analyses such as causal inference, which can uncover hidden dependencies and
causal relationships within the product life cycle. Identifying these relationships is crucial
to developing strategies that mitigate adverse environmental impacts and improve the
overall efficiency of the product development process. The findings of this study contribute
significantly to the field of sustainable product development and LCA by providing a
robust methodology that integrates advanced data modeling techniques with domain-
specific knowledge. The ability to capture the intricate web of interactions and influences
throughout the product life cycle enables a more accurate and comprehensive assessment of
environmental impacts. Furthermore, the methodology promotes a shift towards proactive
sustainability, where environmental considerations are integrated into decision-making
processes from the earliest stages. This proactive approach is essential to achieve long-term
sustainability goals and promote innovation that aligns with environmental stewardship.

6. Limitations
Despite the promising results and the comprehensive nature of the proposed method-

ology, several limitations must be acknowledged to contextualize the findings and guide
future research.

Firstly, the construction of the KG demands significant domain expertise and meticu-
lous attention to detail in the schema definition. The process involves identifying and mod-
eling a wide array of entities, relationships, and properties, which can be time-consuming
and complex. This requirement may pose a barrier for organizations or researchers with
limited resources or expertise in both domain and graph database technologies. The same
challenges occur for the maintenance of the KG. The dynamic nature of the product life
cycles and environmental impact factors means that the KG must be regularly updated to re-
main relevant and accurate. This maintenance requires ongoing effort and resources, which
may not be feasible for all organizations, particularly smaller entities or those operating in
rapidly changing industries. Furthermore, ensuring semantic consistency and interoper-
ability with existing standards requires ongoing efforts for construction and maintenance,
especially as new data become available or as industry standards evolve.

Secondly, data integration from sources like the Ökobau.dat database, although ben-
eficial, comes with challenges related to data quality and compatibility. Discrepancies
in data formats, units of measurement, or varying levels of data granularity can lead to
integration problems. Incomplete or outdated data can also affect the robustness of the KG
and, consequently, the reliability of the analytical results derived from it.

In addition, reliance on advanced language models such as GPT-4 to estimate missing
environmental data introduces a degree of uncertainty. Although these models are powerful
tools capable of generating plausible estimates based on vast amounts of training data, they
may not always capture the specific nuances of novel or highly specialized materials and
processes. Estimates are inherently probabilistic and may lack precision when applied to
unique cases without sufficient historical data. This limitation can impact the accuracy of
the LCA, particularly in industries like 3DP, where innovation is rapid and new materials
or methods are continually emerging.
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Furthermore, while Cypher queries offer an accessible means for users to interact with
the KG and retrieve valuable insights with relative ease, the other analytical applications,
such as the Graph Data Science algorithms, Graph RAG, and Causal AI, are more complex
and require specialized technical expertise. These advanced analyses involve sophisticated
concepts in graph analysis, machine learning, and artificial intelligence. Organizations may
face challenges in acquiring or developing the expertise required to fully leverage these
tools, which could limit the practical implementation of the methodology in real-world
settings. The steep learning curve associated with these advanced techniques may hinder
their adoption, particularly in organizations without dedicated data science teams.

The case study focused exclusively on 3DP, a domain that, while illustrative, may
limit the generalizability of the methodology. The unique characteristics of 3DP, such as its
diverse materials, processes, and rapid innovation cycles, mean that the findings may not
directly translate to other industries or sectors. There is a need for further comprehensive
investigations to implement and verify the methodology across diverse contexts, aiming to
evaluate its flexibility and efficacy on a broader scale.

Lastly, the overall quality, comprehensiveness, and size of the constructed KGs can
significantly influence the efficacy and interpretability of this methodology. Insufficient
domain coverage, ambiguous or poorly validated relationships, and inconsistencies in
taxonomy or schema may undermine the reliability of derived insights. On the other
hand, overly extensive or densely interconnected KGs, especially those assembled without
deliberate curation or pruning, can lead to computational overhead, complex query formu-
lation, and difficulties in maintaining semantic coherence. Although we relied primarily on
queries to assess and mitigate redundancy within KG, this approach alone is not entirely
sufficient, as it can overlook subtle or context-dependent forms of duplication.

7. Future Work
Based on the findings and acknowledging the limitations of this study, several av-

enues for future research and development emerge that could improve the robustness,
applicability, and ease of use of the methodology.

First, regular maintenance of the KG is vital due to the dynamic nature of product
life cycles. Future research could explore the implementation of automated update mech-
anisms using continuous integration and deployment (CI/CD) pipelines. These systems
could detect changes in data sources or industry standards and update the KG accordingly.
Developing community-driven platforms where multiple stakeholders contribute to the
KG’s upkeep could distribute the maintenance workload and keep the KG current. Second,
future work could focus on integrating real-time data acquisition methods, such as sensors
and Internet of Things (IoT) technologies, to collect empirical data during the production
process. This integration would enable the dynamic updating of the KG and more precise
LCA calculations. Third, incorporating uncertainty quantification methods into the KG anal-
ysis could provide insight into the confidence levels of the results, helping decision-makers
in risk assessment. Furthermore, to address the uncertainty associated with using advanced
language models for estimating missing environmental data, future work could focus on
fine-tuning these models using domain-specific datasets to create specialized estimation
tools. By tailoring language models to specific industries or materials through fine-tuning,
we can significantly enhance their accuracy in generating environmental impact estima-
tions. This process involves training the models on specialized datasets that reflect the
unique characteristics and nuances of the target domain, thereby improving their contextual
understanding and predictive capabilities. To make advanced analytical applications more
accessible, the development of user-friendly interfaces and visualization tools is key. Future
initiatives could include creating dashboards and graphical tools that allow non-experts
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to perform complex analyses without deep technical knowledge. Educational programs
and training workshops could help build the necessary expertise within organizations,
promoting the wider adoption of these advanced techniques. Expanding the applicability
of the methodology beyond the 3DP domain is another important direction. Conducting
more case studies in diverse industries such as automotive, aerospace, consumer electronics,
and sustainable energy systems would test the methodology’s adaptability and identify
industry-specific challenges. Such cross-sector analyses could lead to the development of
standardized schemas and best practices that facilitate a wider implementation. Enhancing
the accuracy of environmental impact metrics is essential. Future research must emphasize
not only robust standards and practices for KG construction, validation, and refinement
but also the development of systematic metrics to evaluate graph quality, coverage, and
scalability. In line with the strategy proposed by [33], integrating LLMs into the workflow
can provide a more powerful means of reducing redundancy and improving complete-
ness. LLMs can identify and correct inconsistencies and duplicates—going beyond simple
query-based validation—while also enriching the KG with additional information. This
ensures a more accurate, coherent, and comprehensive dataset, ultimately increasing the
KG’s overall utility. Lastly, investigating the ethical considerations and aspects of data
privacy associated with the use of language models and KGs in LCA is important. In
forthcoming research endeavors, it is imperative to scrutinize the ramifications associated
with data sharing, safeguarding proprietary information, and adhering to legal frameworks
such as the General Data Protection Regulation (GDPR). The formulation of comprehensive
guidelines and best practices that govern the ethical utilization of data will significantly
advance the responsible integration and application of the methodology in question.
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