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Abstract:

In recent years, knowledge grafk&s) have become essential tools for visualizing concepts
and retrieving contextual information. However, construck@s for new and specialized
domains like Positive Energy Districts (PEDS) presents unique challgraggsulaty when
dealing with unstructred texts and ambiguous concepts from academic articles. This study
focuses on various strategies for constructing and infel@®s, specifically incorporating
entities related to PEDs, such as projects, technologies, organizations, and locations. We
utilize visualization techniques and node embedding methods to explore the graph's structt
and content and apply filtering techniques aiNE plots to extract subgraphs based on
specific categories or keywords. Onédloékey contributions is using therigest path

method, which allows us to uncover intricate relationships, interconnectedness between
entities, critical paths, and hidden patterns within the graph, providing valuable insights into
the most significant connections. Additionally, communityedgon techniquesere

employed to identify distinct communities within the graph, providing further understanding
of the structural organization and clusters of interconnected nodes with shared Femes
paper also presents a detailed evaluation oeatgqpranswering system based on K@,

where the Universal Sentence Encodas used to convert text into dense vector
representations and calculate cosine similarity to find similar sentaeeassess the

system's performance through precision andlranalysis and conduct statistical
comparisons of graph embeddings, with Node2Vec outperforming DeepWalk in capturing
similarities and connections. For edge prediction, logistic regression, focusing on pairs of
neighbaurs that lack a direct connectiomas employed to effectiveigentify potential
connections among nodes within the gradtiditionally, probabilistic edge predictions,
threshold analysis, and the significance of individual nedeediscused Lastly, the
advantages and limitations of ngiexistingkGs(Wikidata and DBpedia) versus

constructing new ones specifically for PEDsre investigatedt is evident that further
research and data enrichme&ecessary to address the scarcity of dorspgtific

information from existing sources.

Keywords: Knowledge graphPositive Energy Districts (PEDdpngest pathQuestions and
Answers,Community Detection, NodEmbedding{-SNE plots Edge Prediction

1. Introduction

Sustainable energy solutions have become a critical f@otldwide for environmental preservation

and economic growth. This evolution has given birth to Positive Energy Districts (PEDs), urban are:
that produce more energy than they consume through renewable energy integration and astute
planning (Urban Europ@020). PEDA’EDmark a transformative shift in urban development,

aligning with the United Nations' Sustainable Development Goals and embodying environmental
sustainability and energy security (Nations, 20PEDs represent a transformative model of mrba
living, where energy sustainability is not just an aspiration but a reality.

In thisnew model of urban livingbuildings and districts play a pivotal role. Buildiregesignificant
energy consumerdut with strategic design and planning, they cao lbécome substantial sources

of energy productioriThe goal is to creatdistrictsthat use renewable energy, save energy, and give
extra power to the gridrhis approach reduces the overall energy demand of the district and
embodies the principles of sastability (Lindholm, Rehman, & Reda, 2021his evolution presents
an opportunity for architects, urban planners, and energy providergvaltete their approach to
energy consumption and production in urban environments.

However realizing the visia of PEDs requires an-gepth understandingf various complex factors
such as energy consumption and production patterns, building design principles, environmental
considerations, socieconomic factors, and the existing regulatory framewbDikerse domaingare
intrinsically linked, and the success of PEDs hinges heavilgterdisciplinary research and
collaboration. This is where knowledge enters the equation.
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Knowledge, in its most fundamental form, is the understanding and awareness gained through
experienceeducationpr researchlt forms the bedrock of any decisiomaking process, policy
creation, or strategy executidn.computer science, knowledge has often been represented in a
structured manner using ontologies, taxonomies, or logical {Qlndrasekaran, Josephson, &
Benjamins, 1999)

In the context of PEB, knowledge signifies a comprehensive understanding of various domains and
the intricate relationships between them. It equips planners and policymakers to navigate the
complexities of the energy landscape, enabling informed decisions that balanceneertedn

economic, and social considerations. However, as knowledge becomes increasingly complex and
extensive, there arises a need for a more intuitive and interpretative representation of this
information. This necessity leads us to the concept of a grapiathematical terms, a grajsha

visual representation used to illustrate pairwise relationships between objects or entities. Graphs
consist of nodes and edges, where nodes represent entities, and edges symbolize relationships
between these entitiekiMm et al., 2020). In the context of PEDs, nodes could represent buildings,
renewable energy sources, or regulations, while edges could depict the connections between them
This need hakedto the development of Knowledge Graphs (KGs), semantic netwaaksiganize
knowledge in a machireadable format.

KGsrepresent a powerful means to express such structured knowledge, enabling effective knowled
management and retrieval. They represent a leap forward from traditional graph concepts by
integrating the power of artificial intelligence (Al) to automate processes like knowledge extraction,
integration, and analys{slogan et al., 2021Ever since the inception of GooglK& in 2012, this
concept has expanded into various fields due w@hilgy to handle complex data and extract

valuable insightsKGs(KGs)ffer a structured and unified representation of knowledge, promoting
interoperability between different data sources and systems.

The application oKGsto PEDs presents a myriad of advantages. They can elucidate complex
interdependencies between various factors, identify optimal energy production and consumption
pathways, and aid in the formulation of effective urban development stratagmsviding a
structured, datalriven analysisKGsenable stakeholders to discern patterns, trends, and anomalies.
This insight empowers strategic decisimaking and policy design.

Nevertheless, usingGsin PEDs also comes with challenges. The data required fordhegsies

often originate from unstructured or sestiiuctured sources, necessitating advanced techniques for
data extraction and integration. Moreover, these graphs need to accommodate changes in the
underlying data as new information becomes available.ribgstine accuracy and reliability of the

KG is also crucial, as decisions based on it havegaching implications.

However, despite these challenges, the potentiéGafin advancing PEDs is undeniable. Their

ability to handle ambiguity, derive meagful insights from unstructured data, and leverage the

power of Al and machine learning positions them as indispensable tools in realizing the ambitious
vision of PEDs KGs pave the way toward a sustainable, efficient, and intelligent urban future,
enriching our understanding of energy landscapes and empowering us to make informed decisions f
the greater goad

In line with this vision, the primary objective of this thesis is to construct a specikizé¢dilored to

the domain of PEDs arelaluate the effectiveness of graph/node embedding techniques in
representing the KGl'he data processing and analysis techniques ensure the quality and relevance
the collected data. Named Entity Recognition (NERiiifies and extracts significant entities related

to PEDs, such as projects, technologies, organizations, and locations. Relationships between entiti
are then extracted and classified using supervised and unsupervised learning techniques, forming t
edges of the KG. The constructed KG provides a Heylel representation of the knowledge structure
of PEDs, facilitating a comprehensive understanding of interconnected concepts and relationships.
Matplotlib and NetworkX visualization techniquesable stak@lders to comprehend the KG's
structure and content, detect patterns, and explore subgraphs. Node embedding techniques like
DeepWalk and Node2Vec represent KG nodes agliavensional vectors, capturing structural and
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semantic information. Machine leargimodels assess the performance and predictive power of
embedded graphs. Edge prediction techniques infer potential relationships between entities, enrichi
the KG with valuable information. These efforts contribute to a comprehensive representation of
PBDs in the KG, empowering stakeholders with insights for informed deemaking.

2. Literature review

This part is divided into two subsectiomsie exploringhe research on Positive Energy Districts and
the other focusing omvestigatingk nowledgeGraphconstruction methods and algorithms utilized
in prior studies.

2.1. Reviewingthe Studies on Positive Energy Districts

Positive Energy Districts (PEDEpvebecomea transformative concept in tfield of sustainable

urban development, driven by the urgent need to align with several of the United Nations' Sustainal
Development Goal@JNDP, 2022) Notably, PED®r PEDplay a vital role in advancingoal 7,
Affordable and Clean Energy, by providing access to economical, reliable, sustainable, and moderr
energy for urban communities. Additionally, they contribute to Goal 9, Industry, Innovation, and
Infrastructure, as PEDs adopt inventive approaches ta umfrastructure and promote sustainable
technologies. Furthermore, PEDs align with Goal 11, Sustainable Cities and Communities, as they
strive to create sustainable, resilient, and inclusive urban environments. Moreover, PEDs actively
contribute to Goal 3, Climate Action, playing a crucial role in mitigating climate change and
fostering climate resilience in urban areas. By addressing these Sustainable Development Goals,
PEDs offer a promising solution to the complex challenges associated with urban energ
consumption, resource management, and sustainable development (Derkenbaeva et al., 2022).

Unlike old concepts such as Zero Energy Buildings or Energy Positive Neighborhoods, which
primarily focus on individual buildings or smaHlecale developments, PE take a more
comprehensive approach by expanding the boundaries to encompass entireurtegilscor

districts. This shift in focus enables faster progress and scalability in the global energy transition
(Koutraet al., 20.8). PED aims to create syneegiand maximize renewable energy generation and
consumption potential by considering larger areas

The core concept of PED can be divided into two fundamental elements: "Positive Energy" and
"District." "Positive Energy" refers to the surplus of renewalergy production over consumption
within a specific timeframe. Initially, the focus was solely on achieving energy balance, but it has
evolved to encompass the imperative of achievingzest carbon emissions by relying exclusively
on renewable energypsrces (Derkenbaeva et al., 2022). This expanded definition highlights the
importance of decarbonization and mitigating the impacts of climate change.

The concept of "District” in PED signifies a larger geographical area that extends beyond individual
buildings or neighbarhoods. It recognizes that urban energy systems are interconnected and require
a comprehensive approach to achieve sustainable and efficient energy use. By considering districts
PEDs integrate various sectors, including energy, tratedjmor, buildings, industry, and agriculture,

to foster a more integrated and holistic approach to urban energy management (Derkenbaeva et al.
2022).

Although there is a growing number of PEarused initiatives and projects at the European Union
andnational levels, a universally agreadon definition for PEDs is yet to be established. Different
definitions exist, underscoring the need for consistency and clarity. The EU SET Plan working grou
defines PEDs as districts aiming for annuatzesb enegy import, netzero CO2 emissions, and

local surplus renewable energy production. Meanwhile, the Joint Programming Initiative Urban
Europe defines PEDs as enesgfficient and energylexible urban areas that achieve-zeto

greenhouse gas emissions whitgively managing surplus renewable energy on an annual basis
(Albert-Seifried et al., 2022).
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PEDsrepresent a holistic and inclusive approach to energy production and consumption, with an
emphasis on social issues and alleviating energy poverty. In promoting sustainable energy practice
PEDs also prioritize energy efficiency, renewable energy sgusustainable mobility, and the
integration of information and communication technology (ICT). The overarching goal is to create
more livable and equitable communities (Hedman et al., 2021)

Despite the potential of PEDs for replication and scalabilitpeting significant global interest, their
complex nature presents challenges in establishing, analyzing, comparing, and reproducing.
Standardized frameworks defining objectives, strengths, opportunities, and calculation methodologi
are crucial for thevidespread adoption of PEDs. These wauile and supporesearchers,
policymakers, and urban planners involved in RElRted projects (Fatima et al., 2022).

Successful examples of PEDs in practice can be looked at to understand the application of these
concepts betteOne city is a prominent example of a successful PED within the Europeantcontex
Espoo, located in Finland, has emerged as a leading model of sustainable urban development,
propelled by ambitious goals for energy efficiency, renewableggmetegration, and carbon

emissions reduction. The city's PED initiatives span a broad range of areas, including sustainable
transportation, energgfficient buildings, renewable energy integration, and community engagement.
The achievements of Espoo pite valuable insights for other cities aiming to establish their own
PEDs and contribute to a more sustainable and effigient future (Ntafalias et al., 2022)
Implementing PEDs, however, is raisowithout its challenges. Significant issues include

integrating diverse stakeholders, coordinating multiple sectors involved in PED projects, overcomin
financial and regulatory barriers, and ensuring effective communication and coopdration.
overcome these challenges, stakeholders must employ strdtegéfective community

engagement, explore participation methods, and foster education about the importance and benefit
PEDs.Moreover, clear policy frameworks, incentive mechanisms, and ppitiViate partnerships

play a crucial role in supportinge implementation of PEDs. Sharing examples of successful
strategies employed in different PED projects loalp other initiatives learn from best practices and
effectively overcome their challeng@érangsas et al., 2021).

Overall PEDs play a significamole in achievinghe Sustainable Development Goals by reducing
carbon emissions, promoting smarter energy use, and fostering sustainable and resilient communit
They set off a ripple effect that can lead to a more sustainable future with lower earissions.

With the world increasingly focusing on sustainable energy, PEDs are emerging as a promising
approach to address tmepactsof climate change and promaiduture that is not just greener but

al so more inclusive and prosperous (Szetela

In evaluating the conce®EDs, itis evident that they represent an innovative approach to
sustainable urban development. Their haifticus extends beyond individual buildings,
encompassing entire neighishoods and thus paving the way for a more rapid and scalable global
energy transition. The dual elements of surplus renewable energy and-iigtlictperation form

the bedrock of BDs, emphasizing decarbonization and the interconnectedness of urban energy
systemsDespite thdack of a widely accepted definitiof?EDs initiatives are gaining traction due to
their alignment with sustainability goals and their emphasis on sociay efjoé practical

application of PEDs, garesentd by Espoo in Finland, illuminates the potential for PEDs in driving
sustainability in other urban settings. However, the complexity of PEDs necessitates the developme
of standardized frameworks and stgis for overcoming challenges such as stakeholder integration
and regulatory barriers. As such, PEDs stand as a promising yet challenging pathway toward a mor
sustainable and energyficient future.

2.2. Reviewing the Studies on Knowledge GraplKGs)
KGs have become a powerful tool for organizing and representing vast amounts of information in a

structured and interconnected manner. They play a crucial role in various domains, including nature
language processing, data integration, recommendatitensysand more.
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2.2.1KGsConstruction

Constructing &G involves a series of steps that transform unstructured data into a meaningful and
interconnected network of entities and relationshipsuding data acquisition, entity extraction,
relationship gtraction, and graph constructi¢iingles et al., 2008).

The first step irKG construction is data acquisition and integration. Data is gathered from diverse
sources, such as text documents, web pages, databases, and other structured and unstructured da
repositories. The data collected is then integrated into a single, comprehensive knowledge base,
ensuring that relevant information from different sources is appropriately organized and representec
Once the data is integrated, the next step is entitgaion and linking. Named Entity Recognition
(NER) techniques are applied to identify and annotate entities within the text, such as people,
organizations, locations, and more. Entity linking is then employed to resolve references to the sam
entity acras different sources, ensuring that entities with similar meanings are connected and
represented as a single entity in K®.

Relationship extraction is a critical procégsntifying and representirthe connections between
entities in theKG. Natural hlnguage processing methods, such as dependency parsing and pattern
matching, are used to discover relationships between entities within sentences or text fragments.
These relationships are then incorporated into the graph as edges, which connect ffendorges
nodes representing the entities.

The final step irKG construction is graph representation. The entities and relationships identified in
the previous steps are organized and represented in a graph structurebaSegptiata models, such

as Resource Description Framework (RDF) or property graphs, are coymsedlto represent the

KG. In property graphs, nodes represent entities, and edges represent the relationships between
entities. Additionally, nodes and edges can have associated properties or attributes, which provide
additional information about the d@is and relationshipg.his graphbased data model allows for
efficient querying and traversal of tK&s, enabling the discovery of meaningful insights and patterns
within the data(Angles et al., 2008).

2.2.2Community DetectiorBased SubgrapBxtraction

Community DetectiorBased Subgraph Extraction is a technique to extract knowledge from an
existingKG. It is not the primary method for constructing K@; instead, it is applied to an already
constructed graph to identify cohesive communitieelated entities and relationships. Moreover,
community detection algorithms play a pivotal role in revealing meaningful subgroups of related
entities and relationships within the graph, and the resulting subgraphs provide insights into the
underlyingpatterns and structures present inKi@& (Fortunato, 2010).

The process of community detection involves partitioning the graph into communities based on
various criteria. Prominent community detection algorithms like LousadGirvan-Newman can be
appled. The selection of a specific algorithm depends on the characteristics of the input graph and
the objectives of thKG construction process. The Louvain algorithm, for example, is a powerful
tool for identifying communities in large and dense graph&jmgat useful in various applications,
such as social network analysis, biological network analysisK@nexploration(Fortunato, 2010).

Its ability to efficiently uncover cohesive groups of nodes based on their interactions is valuable for
understandig the structure and organization of complex networks.

When community detection is appliedK& construction, the resulting subgraphs represent distinct
domains or topics within the data. For example, in a laogde academikG, communities may
correspad to different research fields or disciplines. The extraction of these subgraphs adds structu
and organization to th€G, facilitating domairspecific querying and analysis (Kittur et al., 2007).

A notable study conducted by Kittur et al. (2007) dertraesd the application of community

detection in understanding collaborative work patterns within Wikipedia. The researchers identified
groups of editors engaged in specific collaborative activities using community detection algorithms.
Through analysis dhe resulting subgraphs, they gained valuable insights into the social organizatio
and cooperation patterns within Wikipedia's editing community. This research exemplifies the value
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of community detectiofbased subgraph extraction in revealing meanirsifutctures within large
scaleKGs and understanding the underlying dynamics of collaborative efforts.

Overall, community detectichased subgraph extraction is a powerful approaglGiconstruction,
enabling the identification of cohesive communities of entities and relationships to extract knowledg
from the already constructéds. Research, such as Kittur et al. (2007), highlights this approach's
practical application and benefitsunderstanding complex networked systems, solidifying its place
as a valuable tool in knowledge representation and analysis.

2.23. EmpoweringKG Exploration with Keyword Search

Keyword search is a powerful and u$eendly asset that significantly enhaasKG exploration.

Users have an understanding of the relevant keywords they want to explore wittd. tHewever,

they may not be aware of how these keywords are specifically laid out, covered, or utilized among
entities, sources, or edges in the grafite graph's complexity and interconnected nature can make it
challenging to grasp the full context and relationships between entities based solely on the keyworc
Therefore, keyword search serves as a valuable tool to navigate and retrieve infommattithre f

KG, enabling users to access relevant data without needing to know the exact layout or structure of
the graph. This intuitive and accessible approach enh#@&exploration, facilitating precise and
targeted information retrieval based on ysewided keywords. (Fensel et al., 2020).

2.2.4 Role and Applications Of Longest Path Finding@s

Several studies have extensively explored the significance of longediratitig in KGs, offering
methodologies for efficiently accomplishing this taskr Fastance, Sun et al. (2011) proposed an
efficient algorithm for longest patfinding in largescaleKGs, while Liu et al. (2015) extended this
work to consider weighted relationships, introducing a novel approach for finding the longest path.

In KG andysis, the concept of finding the longest path plays a crucial role in comprehending the
relationships and dependencies between entiti&&s Arepresented as nodes and edges, forms a
complex network of interconnected information. The longest pathKi@ eefers to the sequence of
nodes that maximizes the distance between any two nodes along the path. This path exhibits the m
nodes between any two points within the graph, irrespective of a specific starting or ending node. B
identifying the longest patlone can ascertain the core chain of connections leading from a source
entity to a target entity, providing crucial insights into the hierarchical structure of information within
the graph. These insights find applications in various domains, includorgation retrieval,
recommendation systems, and semantic search engines (Sun et al., 2011; Liu et al., 2015).

In summarythelongest patHinding in KGsis a crucial technique that uncovers the most significant
relationships and dependencies betweetientlts versatile applications in recommendation
systems, information retrieval, and categorization based on source and target entities highlight its
importance in varioukG exploration tasks. Continued research and the use of advanced graph
algorithmsfurther enhance the efficiency and effectiveness of this approach, making significant
contributions to the field of knowledge representation and analysis.

2.2.5CategoryBased Semantics KGs

Categorybased semantics KiGs are used for extracting useful information from an already
constructedKG. By organizing entities into distinct categories based on their attributes,
characteristics, or domaspecific information, categorization provides a structured representation of
data, enhancing researchers’ and analysts' ability to comprehend relationships and dependencies
within specific domains more effectively (Reinanda et al., 2020). This approach Kakesore
interpretable and navigable, enabling users to focus on spedifigi® of interest anetter
understandhe connections between entities within those categories.

Furthermoregategorizinggraphs based on the source and target entities enables efficient querying
and visualization oKGs, providing a focused view of specific domains and facilitating a deeper
understanding of relationships between entities within those categories (Vogt, B@2kjracting
valuable insights and performing targeted analysis within specific domains, researchers and analys
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can make informed decisions to optimize energy strategies and sustainability effort$&[@ron
any other complekG setting.

Overall,categorybased semantics play a vital role in enhancing the usability and utiKi$f
Whether in the context of REDor any other domaispecific graph, this approach enables
researchers to unlock valuable information, make-daten decisions, ancontribute to the field of
knowledge representation and analysis. Ongoing research and advancements in graph analytics
continue to enhance the capabilities of catedgiayed semantics, further drivikgs exploration and
utilization.

2.26 QuestionAnsweing Systems iflKG Exploration and Information Retrieval

Questionanswering systems play a vital rolekis exploration and information retrieval from pre
existingKGs. By leveraging natural language understanding techniques, these systems extract
structured information from unstructured text, such as user queries or questions. This capability
enables users to interact with & using natural language and retrieve aateiand relevant
answers, thereby enhancing the accessibility andftisadliness oKKGs. The seamless and efficient
retrieval of desired information and insights is facilitated through this integration. This approach
proves particularly useful in extring subgraphs from the poonstructedG based on user queries.
Users can pose questions in natural language, and the quesdiwaring system navigates #é to
extract relevant subgraphs containing the desired information. This process ensurss $hadn
explore specific aspects of tK&, honing in on pertinent details (Fensel et al., 2020).

In recent researcljgnificant attention has been given to integrating questitswering capabilities
into KG construction, particularly for informatiametrieval from preexistingKGsin the form of
subgraphs. This approach allows users to interact witk@masing natural language, posing
guestions or queries and obtaining relevant subgraphs containing the desired information. The
extraction of subgraphfrom the already construct&@® enhances the efficiency and usabilitykds
exploration, enabling users to focus on specific aspects and obtain precise insights.

Among the prominent techniques studied, cosine similarity and The Universal Sentencer Encod
(USE) have shown effectiveness in enhané&@construction and utilization. Cosine similarity, a
widely used measure for calculating semantic similarity between questions and answers (Manning,
Raghavan, & Schitze, 2008), evaluates the degree of siynilatween two vectors by measuring

the cosine of the angle between them. In questimwering systems, this measure is commonly
applied to compare the similarity between sentence embeddings generated by models like USE (Ce
et al., 2018).

The UnivershSentence Encoder (USE), developed by Google, plays a crucial K& in

construction, enhancing the accuracy and relevance of retrieved answers (Reimers & Gurevych,
2019). By transforming sentences into fidedgth vector representations, known as serge
embeddings, USE captures the semantic meaning of sentences, enabling meaningful comparisons
Questioranswering systems leverage USE by encoding questions and potential answers into
embeddings, then calculating cosine similarity to identify the moslesianswers, thereby

improving precision, recall, and overall accuracy (Wang, Wu, & Wang, 2017).

The application of cosine similarity and the USE model extends qu&stswering systems &G
construction. Sinc&Gs often involve unstructured textuahid, such as questions, these techniques
are valuable for extracting structured information from this unstructured text, which aids in
constructing and enriching th&s. By leveraging the semantic similarity through cosine similarity
and the higlguality ssntence embeddings generated by the USE model, various tasks witk, the
such as information retrieval, entity disambiguation, and relationship identification, are enhanced,
leading to a more comprehensive and K& However, this approach does fataltenges in
accurately interpreting user intent and handling complex queries effectively.

Overall, the integration of cosine similarity and the USE modkGrconstruction enhances
traditional questioranswering systems' capabilities, enabling the effective extraction and
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organization of structured information. The adoption of cosine similarity and the USE model aligns
with the goal of leveraging natural langgaunderstanding techniques to extract information, further
improving the usefriendliness and utility oKGs. This integration effectively addresses challenges
such as accurately interpreting user intent, disambiguating entities, and handling compésx que
making it a valuable addition to th& construction process

2.2.7 Enhancing Knowledge Retrieval from@Using Embedding Techniques

The process of knowledge extraction fr&@ is significantly enhanced and improved by the
integration of embeddinggchniques. Embeddings, such as Node2vec and DeepWalk, provide low
dimensional vector representations that capture semantic relationships and similarities between
entities. These representations enable efficient analysis, clustering, and link predigBpomeking

them particularly advantageous for handling lasgale graphs with numerous entities and
relationships. Applying embedding techniques enhances knowledge extraction by uncovering implic
relationships and discovering connections that may eevirent at first glanc&his results in a

more interpretable and relialf&s, providing valuable insights into the underlying factors driving
relationship predictions (Perozzi et al., 2014).

Embedding technigues can be utilized both during and lefkeronstruction, offering versatility and
adaptability to various domains and tasks. Whether integrated into the early stages of graph
construction or applied to an existing graph, embeddings enhaalgsis and usabilityMoreover,
embedding techniquesie be seamlessly combined with other construction methods, complementing
their strengths and further enriching the quality and richness of the @fapb et al2015)

The flexibility and robustness of embedding techniques make them valuableworihscenarios

where data may be incomplete or noisy. Their ability to infer missing connections and discover
hidden patterns ensures that K@ remains accurate and instfii even when faced with imperfect
data. Embedding techniques have proven to be powerful tools for driving further prod¢€ss in
exploration and utilization, contributing to the advancement of knowledge representation and analy:s
(Smith, 2022)

2.28 AdvancingKG Analysis by Exploring Machine Learning Models for Edge Prediction

Edge prediction is a fundamental aspedk@Gfinvestigation, involvingnferring missing

relationships and potential connections between entities. The distribution of probabilities for edge
prediction provides valuable insights into the confidence levels of predicted relationships, guiding
further analysis and decisiamaking processe(Rossi et al., 2021).

Edge prediction plays a critical role G analysis across diverse domains, including natural
language processing, recommendation systems, and bioinformatics. Various machine learning moc
have been explored to address thik,tasch offering unique advantages based on their underlying
principles. Notably, three models show particular promise for edge prediction: Logistic Regression,
Random Forest, and Support Vector Machine (SVM) (Lao, Mitchell, & Cohen, 2011; Fernandez
Torraset al., 2022). Logistic Regression's simplicity and interpretability make it a popular choice,
well-suited for binary classification tasks involved in edge prediction. Random Forest, an ensemble
learning method, has gained popularity due to its robusiméssdling complex patterns in high
dimensional data, making it suitable #G link prediction (Dong et al., 2014). SVM, renowned for
handling nodinear decision boundaries, effectively captures intricate relationships and manages
imbalanced data, es#@l attributes foKG link prediction tasks (Sun et al., 2011). Moreover, K
Nearest Neighbors (KNN) and Naive Bayes have shown promise for edge prediction. KNN's non
parametric approach excels in capturing local pat@ndéinding successful applicatis in link
prediction for social networks amd>s(Raut, Khandelwal, & Vyas, 2020). On the other hand, Naive
Bayes' probabilistic nature and ability to handle attrihased and network structdpased features
make it effective for edge prediction in s@lanetworks and proteiprotein interactions (Wang et al.,
2014; Tuncbag et al., 2011).

Selecting the most appropriate model depends o®@& specific characteristics and the edge
prediction's complexityThorough evaluation and comparison based cioymeance metrics and
domainspecific requirements are essential to make informed choices and eKl&aanalysis(Sun

et al., 2011).
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2.2.9Addressing Knowledge Gaps in Positive Energy Districts

The review of existing research highlights a knowledge gap concerning PEDs, revealing an absenc
of consistent and comprehensive concepts for ftindehem. While PEDs holthe potential for

reducing carbon emissions and achieving energy balance, thef lactandardized mollieg

approach poses a challenge. Furthermore, the existing concepts lack comprehensiveness and
consistency, which could result in misinterpretations. Consequently ish&neurgent need to

examine opportunities for scaling up oplieating successful PEDs in regions aiming to establish

their own PEDs. To address these gaps, the study's objective should involve creating a dedicated k
for PEDs and exploring techniques for accurately representing the KG using graph/node embeddin
The research aims to provide insights into PEDs and offer a practical framework for sustainable
urban development information.

3. Data

The primary starting point of this research was the systematic acquisition and arrangement of
scholarly research artideeach contributing to the careful construction of a comprehensive KG
centred on PEDs. The meticulous selection of these articles was guided by the research's distinct
emphasis on PEDs and their relevance to the domain of sustainable urban developasievEo

this, specific keywords such as "Positive Energy Districts," "renewable energy," "urban
sustainability,” "smart grid systems," "energfficient buildings," "community engagemengtc,,

were wisely employed. These keywords and the other relatied tinked to PEDs served as guiding
markers, leading the way to identifying and assembling articles that coul@ pfiential
understanding of the details of PEDs

nn

To obtain these articles, the process of collecting data involved carefully gatiestifrpm research
papers available through Scopus. Scopus is akmellvn academic database widely used for its
extensive collection of scholarly writings. This collection of articles was valuable as it covered
various aspects of PEDs. The intentionalusmn of these articles highlighted the research's
commitment to a thorough and comprehensive collection process, establishing a strong foundation
for a complete investigation into PEBlated knowledge

With a purposeful goal of creating a KG tleaptures the intricate connections and relationships in
the domain of PEDs, articles with a clear European viewpoint were given an essential place in the
data collection process. This focus on European literature aimed to cover the special details of
implementing PEDs in European urban planning and sustainability methods. Including these
European perspectives on purpose added richness and relevance to the KG, aligning well with the
research's geographical focus

By thoughtfully gathering articles, a detdl evaluation process was used to check each article's
content, relevance, and alignment with the research's main goals. The selection followed strict
criteria, focusing on articles that provided important insights and fit well with the overall narffative o
PEDs. This method ensured that the collected data created a comprehensive and relevant
representation of the complexities in the PED field. This data was prepared for smooth integration
into the growing KG

After a thorough and carefgklection process, the chosen articles were combined into a single
dataset. This dataset was meticulously structured and organized using text formats like CSV or
JSON. This cautious storage approach was chosen to guarantee that the collected knowledge
remdned complete and easy to access, establishinfidafgundation for future analytical pursuits

Advanced text extraction tools were used to make the text in these articles understandable for
machines, employing techniques like Named Entity Recognib&R( for identifying names and

others that will be explained in the Methods section. For instance, consider the article titled
'‘Advancements in Positive Energy Districts.' By employing these advanced tools in conjunction with
techniques like Regular Expsgsns for pattern matching, the content within the article underwent
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thorough analysis and transformation into structured data. This approach maintained the original
organization of information. The resulting transformation streamlined the integratiosigifts,
fostering intricate connections and correlations within the KG

Based on carefully selected articles and organized data, this foundation formed the structure for
future analysis and understanding in the domain of PEDs. By thoughtfully coorgittaiprocesses

of collecting, selecting, storing, and transforming articles, a robust base was built for the forthcomin
Knowledge Graph. This foundation, rooted in carefully chosen articles and transformed into a
structured format, served as the framewgpon which subsequent stages of analysis and
interpretation within the domain of Positive Energy Districts could unfold.

4. Methods
4.1 .Data Processing and Analysis

The text preprocessing stageigcialin preparing the collected data for analy3isis study used
Python's Natural Language Toolkit (NLTli$ a common library for text preprocessing, following

the techniques outlined by Agrawal et al. (2022). The data went through several steps tosensure it
cleanliness and suitability for further analysis. Firstly, the text was cleaned by removing irrelevant
characters, correcting spelling errors, eliminating duplicates, and removing stop words. Next, the
tokenization process broke down the text into irdlral words or terms, enabling the handling of

each word separately. Punctuation marks were either removed or treated as separate tokens. Spec
characters and numbers were processed in a specific way, considering the text and analysis goals.
White spacesvere removed to maintain data consistency, and-speltking was performed to

correct spelling errors. HTML tags, often present insebrced text, were also eliminatedislt
important to note that stemming, lemmatization, and lower casing were agplieduired during the
embedding and encoding phasgle resulting cleaned text was then ready for further analysis and
exploration.

4.2. Named Entity Recognition (NER

Named Entity Recognition (NER) involves identifying and categorizing significant entities in text
into predefined or domaigpecific categorieshis study developed a tailored classification scheme
to encompass concepts related to PEDs, toolsiassd with PEDs, research entities, organizations,
countries, cities, and more. The Named Entity Recognition process identified and extracted pertinel
entities linked to PEDs, effectively disambiguating their representation due to the inherent
complexityof entity meanings. NER libraries or tools such as spaCy, Stanford NER, or NLTK were
employed to recognize entities such as PED projects, specific technologies used, involved
organizations, locations, and sustainable energy concepts. This disambigratass gnsures that
each recognized entity is accurately categorized within the predefined or dgpeaific categories.

For instance, entities like "Positive Energy District," "renewable energy,” "smart grid," "energy
efficient buildings," "urban plann@" "solar panels," and "sustainable mobility" were discerned
within the literature as sentences were processed.

4.3. Relationship Extraction

Once the entities in a graph have been obtained through information extraction thiemex

relation extraction for edge construction. Early efforts on relation extraction relied drasdd
methods, but their performance was limited. Supervised learning methods incorporating machine
learning techniques have been utilized to achi@tebresults, which are currently considered state
of-the-art (Mintz et al., 2009). However, these supervised methods often require a large number of
manually labelled samples, resulting in highour costs. To address this challenge, seapervised,
unsupervised, and setfupervised methods have been developed to reduce the dependence on
labelled data (Zeng et al., 2014). Although progress has been made in enhancing model versatility
through these approaches, the complexity of natural languages pakbesges, and the problem of
relation extraction is yet to be fully solved. An overview of the main learning paradigms for relation
extraction is provided (Zeng et al., 2014).
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Relationship extraction aims to identify and classify relationships betweesdreamtities in the text.

This step involves identifying and categorizing relationships between the named entities that have
been recognized. In the context of a graph, nodes represent entities, and edges represent relations
between these entitie&ccording to Agrawal et al. (2022)n directed graphs, edges have a source
(starting point) and a target (ending pdits anexample, "Norway was developed into a PED," the
source is "Norway," the target iPED," and the edge represents thkationship "was developed

into."

4 4. KG Construction

Once entities and relationships are obtained, the constructiok@fegins. There are multiple
approaches tBG construction, depending on specific needs and available resources.

KGscan be constructed based on triples (source, target, edge) as well as categories using the edge
(relationship) Constructing a graph focusing more on the types of enfdaegories) and the
relationshipss ahigherlevel abstract representation, also known as an ontology or a schieicta,

helps in understanding the ovedatiowledgestructure of the grapfhis method is a highdevel

abstract representation where theus is on types of entities and their relationships rather than on
individual entitiegDessi et al., 2020).

4.5. Visualization oKG: Extracting a Focused Subgraph for Enhanced Understanding

Visualization plays a crucial role in comprehending thecttine and content of tH€G, empowering
stakeholders to gain insights, detect patterns, and effectively communicate information. In this
section, we explore the process of visualizingkiBeusing the Matplotlib and NetworkX libraries.

Initially, a Complée KG presentd a vast network of interconnected concepts and relationships,
offering stakeholders a comprehensive view of the entire ghaprever, due to the complexity and
unclarity of the whole graph presentation, which included numerous nodesatahsslips, a
streamlined approach was adopted, substituting the &@in@ith a focused subgraph.

The visualization process involved extracting a focused subgraph from thed&geconvey the
relevant information effectivelyThis approach was chosen to overcome the impracticality of
presenting and analyzing the entire graph, which contained a substantial number of nodes. The
focused subgraph was carefully designed to provide a representative view, selecting key nodes anc
thdar immediate neighbars.

The "random shuffle" algorithm was employed during the node selection process to ensure the
focused subgraph's representatass This algorithm is widely used for randomly reordering
elements within a list or array. By utilizinge random shuffle algorithm, the selection process was
diversified, mitigating potential biases that may arise from a fixed node ordering and leading to a
higher level of representativeness in the subgraph.

Through the mapping of the graph's componente a visual representation, entities were depicted
as nodes, and relationships were represented as edges. Visual properties such as shepesiccolo
labels were thoughtfully employed to convey additional information about the entities and
relationshps, thereby enhancing understanding (Wagner, 2003).

Various techniques were used to enhance the communicative power of the focused subgraph
visualization. Nodes were categorically differentiated by assigning distinatrspfacilitating visual
differeniation and highlighting key data points. Node labels were explicitly positioned to prevent
overlap and improve readability. Additionally, edge coéowere utilized to signify relationships
between nodes, further aiding the comprehension of the subgraph.

The decision to utilize a focused subgraph rather than the entire graph stemmed from the aim to
streamline the visualization process and facilitate comprehension. The comprehensive nature of the
whole graph, with its intricate network of interconnectedcegis, could overwhelm viewers and

hinder understanding. By selectively choosing representative nodes and their immediataurgighbo
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the focused subgraph provided a condensed and manageable visual representation. This approact
empowered researchers anandin experts to gain deeper insights into the intricate relationships and
underlying patterns within the data (Wagner, 2003).

45.1 Filtered Subgraphkisualizationby category or keyword

Two distinct methods were employed to analyze and visualize the data in this study. The first methc
involved creating a filtered subgraph to visualize relationships within specific subsets of the dataset
Relevant entities and their relationships wereaeted by applying category filterand a graph
representation was created. The random shuffle algorithm was utilized to introduce diversity and
minimize bias within each category. The resulting subgraph was visualized, emphasizing the
relationships andaiterns within the filtered subsets.

In contrast, the second method utilized keywaded filtering to explore specific domains within
theKG. The dataset was filtered based on the presence of specific keywords in the target attribute,
focusing on relabnships relevant to the specified domain. From the filtered dataset, a subgraph was
created, highlighting the selected edges and associated nodes. This subgraph visualization enablec
targeted exploration of the relationships and connections withip#uifis domain. Overall, both
methods facilitated the analysis and visualization of relationships within the dataset, with the first
method utilizing categorpased filters and random shuffle algorigynmhile the second method
employed keywordased filteing to explore specific domains.

These methods allowed stakeholders to explore specific domains or themes wiki®) theepening

their understanding of those areas (Vogt, 2021).

45.2 CategoryBasedSubgraphVisualization

The CategonBased method involves grouping nodes into distinct categories based on specific
attributes from the dataset, such as "City," "Country," "PED Concept," "PED Model," "PED
Related," "PED Tools," "PFPED Concept," "Renewables," and "Researchlandvation Program."

It then represents relationships exclusively among these categories using edgk&inGheegories
are assigned to nodes using relevant attributes, ensuring that the graph captures and visualizes
interactions between nodes withirethassigned categories.

The implementation of the CategeBased method relies on the NetworkX and matplotlib libraries,
facilitating graph creation and visualization. This yields a hidgnezl perspective on interactions
between different entity categes, empowering stakeholders with insights into the graph's structure
and patterns. The approach enableesmprehensive understanding of data, aiding researchers and
analysts in making informed decisions and identifying valuable insights in variousrddikai

market segmentation and social network analysis. Additionally, it attesesxploration of

relationships and patterns within PED initiatives across different regions, promoting sustainable
energy practices in urban planning. By leveraging thisagmh, analysts effectively explore and
analyze relationships between diverse entity groups, enhancing knowledge representation and
analysis withinrKGs.

45.3 Community Detectiosbased Subgraphs Extraction

The power of Community Detectiddased Subgraph Extraction was atésplored Through

advanced algorithms, the graph was divided into distinct communities or groups of highly
interconnected nodes. This enabled stakeholdersgiorethe relationships angroperties of these
communities individually, uncovering unique insights. To uncover hidden patterns and groups of
related entities, community detectibased graph analysis was performed using the Louvain method
(Fortunato, 2010).ouvain method works bipitially assigning each node to its own community and
then iteratively merging communities to maximize the overall modularity of the graph. This process
continues until no further improvement in modularity can be achieved. The Louvain method,
introduced ly Blondel et al. (2008), is widely used for community detection in various domains and
provides an effective approach to uncovering meaningful and cohesive communities within comple»
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networls. This method identifies densely connected groups of nodes whigigraph, highlighting
clusters that exhibit stronger internal connections compared to the rest of the graph.

We utilized the Degree Centrality Subgraphs approach to identify highly influential nodes within
these clusters, especially those with moreaifitant or majority of nodedegree centrality assumes

a pivotal role as a fundamental measure to gauge the significance of a node within a graph. This
metric quantifies the importance of a node by evaluating the number of edges or connections it
possesses with other nodes in the grdple degree centrality (Degree Centrality(v)) of a particular
node "v" is expressed as the ratio of the number of edges connected to that nhode and the total num
of nodes in the graph minus omMdndes witha higher degreef centrality are more connectand
influential within the networkDegree centrality quantifies the importance of a node within the graph
by evaluating the number of edges (connections) it has with other nodes. It is a fundamental meast
in network analysis used to identify highlyreeected and influential nodes within the network
(Newman & Girvan, 2004).

By combining the Community Detectiddased Subgraph Extraction and Degree Centrality
Subgraphs methods, stakeholdasmprehensively understotite graph's structure at both a
community and node level.

45.4Unveiling KG Longest Path using Subgraph Visualization

Exploringa KG involves employing various approaches to analyze and understand its intricate
structure. One such technique is Longest Path Analysis, which involves finding the longest sequenc
of connected entities between two specified nodes iK@&e€To visualize andinderstand the path, it

is often presented in the form of a subgraph, which includes the source and target nodes and the
connecting edges. This visualization of the path is indeed a pa@ disualization.

This analysis plays a pivotal role in revegliessential pathways and routes withinKi@& To
comprehend and visualize these hidden paths, stakeholders often rely on a "Path Graph" or "Path"
Visualization approach (Bizer, Heath, & Bernéee, 2009). This visualization technique allows
stakeholder$o follow the sequential or interconnected concepts encountered along the way, gaining
valuable insights into the relationships between nodes.

The exploration of th&G extends beyond its initial discovery, encompassing the intriguing concept
of Longest Rth Analysis. In this context, the longest path refers to the sequence of connected entitie
containing the maximum number of nodes between two specified points. The calculation of the
longest path often involves employing algorithms such as depttsearch (DFS) or breadifirst

search (BFS) to traverse the graph and identify the path with the highest number of entities. DFS
explores neighbaring nodes before backtracking, making it suitable for finding specific paths,
detecting cycles, or searching farnnected components. In contrast, BFS explores the graph level
by-level, effectively finding the shortest path, determining distances, or identifying reachable nodes
within the graph. These methodologies offer valuable tools for analyzing and compnghéedi
complex structures withiKGs(Gross, Yellen, & Anderson, 2018).

In conclusion, Longest Path Analysis, in conjunction with Path FiBdsed approaches and "Path
Graph" visualizations, forms an integral park@ Visualization. These techniques empower
researchers and stakeholders to uncover hidden relationshipsgeesigloficant pathways, and gain
a deeper understanding of ti&'s intricate nature, contributing to knowledge representation and
discovery (Bizer, Heath, & Bernetse, 2009; Gross, Yellen, & Anderson, 2018).

4.6 KG Applications and Analysis

KG Applications and Analysis encompass diverse methods to explore and d@h;zextracting
valuable insights. In this context, questions and answers play a vital role, utilizing techniques to
comprehend question meaning and discover relevant answerthg&®. Moreover, node

embedding is a crucial component of this category, facilitating the representation of graph entities a
numerical vectors, aiding in analysis and uncovering meaningful patterns. While questions and
answers can be visualized as supbga they remain within thdomainof KG Applications and
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Analysis, distinct fronKG Visualization, which focuses on a broader understanding of the graph's
structure and patter(®oroujeni et al., 2022)

Node embedding, on the other hand, is a fundampatabfKG Applications and Analysis. This
technique transforms entities within tK& into numerical vectors that encode their semantic

meaning and contextual information. Node embedding enables tasks such as similarity calculations
and clustering, proding valuable insights into the relationships between entities withik@e

While node embedding involves utilizing entities from K@ for analysis, it is not directly

categorized aKG Visualization, as its primary purpose is to enhance analysig thtevisual
representation(Perozzi et al., 2014).

4.6.1 UncoveringKnowledgeUsing QuestiorAnswering

Semantic similarity techniques, like the Universal Sentence Encoder (USE), play a crucial role in
guestioranswering systems. They assess the relatedness between questions and potential answer:
based on their underlying meaning and context, going beyafateievel textual similarity to

provide more accurate and relevant answers (Reimers & Gurevych, 2019).

The Universal Sentence Encoder (USE) is a deep learning model that transforms sentences into
vector representations, encoding their semantic meanthgantextual information. By leveraging

the USE, questioanswering systems can calculate semantic similarity and identify the most similar
sentences, enhancing the accuracy and relevance of retrieved answers (Cer et al., 2018).

KGs offer a structured mresentation of entities and their relationships, enabling questi®nering
systems to extract relevant information and identify answers based on semantic connections.
Organizing information in a graph structure facilitates a better understandingsefiaatic
relationships between entities, further improving the accuracy of retrieved answers.

The integration of the Universal Sentence Encoder (USE) and the application of semantic similarity
techniques have revolutionized questarswering systems. Byurpassing the limitations of surface
level textual similarity, these systems assess the relatedness between questions and potential ansv
based on underlying meaning and context. The techniques, including word embedding Késlels,
and deep learning ppoaches, have been employed to enhance the accuracy and relevance of
retrieved answers (Mikolov et al., 2013).

Evaluation metrics, such as precision, recall, and F1 score, play a critical role in assessing the
performance of questieanswering systemsrétision measures the proportion of relevant retrieved
answers, while recall measures the proportion of relevant answers successfully retrieved. The F1
score provides a balanced evaluation of the system's overall effectiveness (Grover & Leskovec,
2016). Tkese metrics offer valuable insights into the strengths and weaknesses of epresitiering
systems, guiding improvements to enhance their accuracy and relevance.

4.6.2 Uncoveringknowledge usindNode EmbeddingdPerfomarce Evaluation

Severamethodsvere employedshown inTable ] to explore thénode embedding” technique in
graphbased data. Node embedding is a captivating approach to knowledge representation that
captures both structural and semantic information about nodes in a gragrdsenting them as
low-dimensional vectors in a continuous vector space. Such techniques find extensive applications
downstream tasks like link prediction, node clustering, and-scgke graph visualization.



Pagel6

Table 1:Method&n Node embedding evaluations

Step| Method/Technique Purpose Details

1 Node Embedding Knowledge Techniques such as DeepWalkd Node2Vec are used to
Representation | transform nodes in a graph into ladimensional vectors,
capturing their structural and semantic information.

2 DeepWalk Node Embedding| It uses random walks on the graph, treating these walks
sentences in a language model. The $kam model is
applied to learn node embeddings, capturindes' local
structure and contexPerozzi et al., 2014).

3 Node2Vec Node Embedding| Node2Vec enhaces the approach by introducing a biased
random walk strategy that captures both local and global
network structures, enabling a thorouggaph exploration
(Qiu et al., 2018).

4 t-SNE (tDistributed Data Thistechnique is used to visualize and analyze-igh
Stochastic Neighbor | Visualization dimensional data by mapping them into 2D or 3D spaces
Embedding) revealing patterns latent in the highmensional space

(Maaten & Hinton, 2008).
5 Cosine Similarity Similarity To assess their similarity,@asure the cosine similarity
Assessment between pairs of node vectors within the Node2Vec and
DeepWalk models

6 Pearson Correlation Performance The Pearson correlation coefficient is used to evaluate th
Coefficient Evaluation consistency in capturingimilarity patterns between node

embeddings.

7 Root Mean Squared Performance RMSE calculates the average difference between predict
Error (RMSE) Evaluation scores and ground truth scores.

8 Cohen's d Performance Cohen's d quantifies the stiardized difference between th

Evaluation similarity scores generated by Node2Vec and DeepWalk

9 R-squared Performance R-squared computes the proportion of variance in the grd

Evaluation truth scores explained by the predicted scores (Goyal,

Pandey, &Thakur, 2020).

Using cosine similarity, the Node2Vec and DeepWalk models assess the similarity between pairs o
nodesNodes are represented as hiiimensional vectors, learned by capturing the neigtitmnd
information of nodes in a graph. A similarggore closer to 1 indicates high similarity, while a score
near-1 suggests dissimilarity.

To evaluate the similarity of nodescombination of measures such as the Pearson correlation
coefficient, ground truth score analysis, Root Mean Squared Error (RMSE), Cohen's d, and R
squared (Goyal, Pandey, & Thakur, 202@xe usedo evaluate the performance of Node2Vec and
DeepWalk. Tlese measures provide a comprehensive evaluation of the mithoapturing
similarity within the network.

4.6.3 Evaluation and Interpretation of Node2Vec and DeepWalk using Clustering

Various methods and statistical analysis technigueze employed to compare and evaluate the
performance of Node2Vec and DeepWalk embedding methods in capturing similarity within.a grapt
Additionally, clustering methods, namely the Elband Silhouette sres wereutilized to determine

the optimal number of clusters forideans clustering.

The Node2Vec and DeepWalk algorithotgized ingraph embeddindhe clustering techniques

were applied to group the nodes based on their respective embeddingsitiChlstep offered a

means of discerning similarities and differences in the embedded nodes, facilitating the analysis an
comparison of the two methods. In the final stage of the process, thdilmghsional embeddings
postclustering were visualizeasing tSNE andtranslated into 2D scatter plots. This visualization

not only rendered the clusters and relationships within the graph more interpretable but also enhan
the comparative analysis between Node2Vec and DeepWalk in their ability to caqutwepeesent

graph relationships.

To further assess the performance of the embeddings, cosine similarities between node pairs in the
graphwerecalculated Cosine similaritymeasureghe cosine of the angle between two 1z@no
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vectors and quantifies ttsmilarity between their orientations. Higher cosine similarity values
indicate greater similarity between nodes.

Normalization was performed on the embeddings before calculating cosine similarities.
Normalization is essential to scale the embedding®asdre each vector has a unit length. This step
prevents biases caused by different magnitude scales in the embedding vectors and facilitates fair
comparison between different nodes.

In addition to visual analysis, statistical measures such as meangarenebicentral tendency that
calculates the average of a set of values), standard deviation (a measure of the amount of variation
dispersion in a set of values), median (the middle value when all the values are arranged in ascend
order, which provids a measure of central tendency that is less sensitive to extreme values compar
to the mean), skewness (a measure of the asymmetry of the distribution of values), and kurtosis (a
measure of the "tailedness" of the distribution, indicating whether skrébdtion has heavy tails and
more extreme values or lighter tails and less extreme values compared to a normal distribution) wel
applied(Groeneveld & Meeden, 1984)hese statistical measures provide insights into the central
tendency, spread, and shape of the similarity distributions for Node2Vec and DeepWalk embedding

Furthermore, clustering technigues to group nodes based on their embedstimgsilized The

Elbow method and Silhouette scdkabib, 2021 )were used to identify the optimal number of

clusters for Kmeans clustering. The Elbow method helps determine the number of clusters by
plotting the withincluster sum of squares against the number of ekjdt®king for a point where

the plot forms an "elbow," indicating the optimal number of clusters. The Silhouette score quantifies
the quality of clustering by evaluating the cohesion and separation of clusters.

The combination of the Elbow method anth8uette score provides a comprehensive evaluation of
clustering performance and assists in selecting the appropriate number of clusters for both Node2V
and DeepWalk embeddings.

The insights obtained from these methods aid in understanding the steamdjtmsitations of each
embedding algorithm and support informed decisiaking for specific applications in graph
analysis and data interpretation.

4.6.4 Evaluating Machine Learning Models with Embedded Graphs

To predict interactions betwe@odes in a complex network using machine learning techniques, the
data were diligently preprocessed, and-boeencoding was applied to represent entities and features
on the embedded graph generated through Node2Vec. This process yielded binarydiesiums c
setting the stage for edge prediction using various classification models.

In the pursuit of accurate edge prediction, five distinct machine learning models: Logistic Regressio
K-Nearest Neighbors (KNN), Naive Bayes, Random ForestSapgort Vector Machines (SVIM)

were employed. Each model brought its unique strengths to the table, contributing to a
comprehensive analysis of binary outcome predictions in the complex network. Logistic Regression
a statistical model utilizing a logistfanction, provided valuable insights into binary outcome
predictions, enabling us axcurately estimate the likelihood of interactions between nQiethe

other hand, KNN, a neparametric algorithm, took inspiration from its closest neigibto clasify

new instances, offering an intuitive and effective approach to edge prediction. Naive Bayes, a
probabilistic classification model based on Bayes' theorem, demonstrated its efficacy in predicting
edges by considering the statistical independence wirésaand providing robust predictions in

various scenarios. The ensemble learning approach of Random Forest, combining multiple decisior
trees, proved invaluable in making predictions with improved accuracy and reducing overfitting.
Meanwhile, SVM, a powéul supervised learning algorithm, excelled in separating data points using
hyperplanes in highlimensional space, thus maximizing the margin between different classes and
enhancing the model's generalization capability (Hastie, Tibshirani, & FriednGg), 20



Pagel8

With the models in place, their performance was evaluated using accuracy and F1 score as the
primary metrics. Accuracy granted us a glimpse into the proportion of correctly predicted labels,
while the F1 score, considering both precision and rqmalided a comprehensive evaluation of

each model's capabilities. To determine the optimal solution for edge prediction, the model exhibitin
the highest accuracy and F1 scoresselected (Grover & Leskovec, 2016).

For the purpose of unbiased evaluationl generalization, the ldbed dataset was divided into

training, validation, and test sef®he training set was instrumental in training the models, the
validation set facilitated hyperparameter tuning, and the test set allowed for a final evaligiteon o
chosen model. Hyperparameter tuning, performed with the aid of GridSearchCV (Hastie, Tibshirani
& Friedman, 2009), meticulously searched for the best combination of hyperparameters through
crossvalidation withfive folds (Géron, 2022), finrtuningthe models to achieve peak performance.

4.6.5 Predicting Unconnected Edges Among Nodes with Mutual Connections

Edge prediction is a valuable methbdt wasemployed to enhand€Gs by predicting new

relationships between entitid6éGs serve as powerful representations of structured knowledge, where
entities are interconnected through relationships. However, due to the vastness and complexity of
realworld data KGs often suffer fromncompleteness caused by undiscovered or missing
relationships. Edge prediction addresses this limitation by inferring and enriching the graph with
potential relationships, thereby augmenting its knowledge representation capabilities (Schlichtkrull e
al.,2018).

4.6.5.1. Logistic Regression Model for Edge Prediction

The logistic regression model is trained on the available data to learn the parameters that &
fit the training set. With this learned information, the model can then predict the pragmbilit
of class labels, representing either the presence or absence of an edge in the edge predicti
task. These probabilities reflect the level of confidence the model has in its predictions. To
classify the predicted edges, a threshold of 0.5 is appfidte predicted probability of an

edge being present exceeds 0.5, it is considered a positive prediction, indicating the preser
of an edge. Conversely, if the predicted probability is below 0.5, it is considered a negative
prediction, indicating the absee of an edge. This threshold of 0.5 is commonly used in
binary classification problems as it represents a balanced decision point. However, adjustin
the threshold allows for control over the traaf€between precision and recall in the edge
predictiontask, enabling specific customization to meet application or domain requirements.
For example, setting a higher threshold prioritizes precision, reducing false positives at the
risk of potentially missing some true positives. Conversely, a lower thregtiotdizes

recall, capturing more true positives at the cost of potentially increasing false positives
(Davis & Goadrich, 2006).

4.6.5.2. Analyzing Edge Prediction Probabilities

To explore the nature and characteristics of edge prediction probalubt@sed from a
stateof-the-art machine learning modé\. diverse set of statistical tests and visualization
techniquesvere employedo gain insights into the central tendency, spread, and shape of the
probability distribution, helping us assess tékability and characteristics of the model's
predictions

The average probability represented the mean value of the predicted edge probabilities,
offering insights into the model's average level of confidence in its predictions. Meanwhile,
the minimum pobability ensured that attention was focused on more reliable predictions, as
it represented the smallest probability among the filtered predictions. Conversely, the
maximum probability indicated the model's highest level of confidence in certain edge
predictions, providing valuable information about the model's most confident outcohees.
standard deviation measured the variability in the predicted edge probabilities around the
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mean value. This metric provided a valuable understanding of the spreadidécb

predictions, allowingisto assess the consistency or variability of the model's level of
confidence. Additionally, the median probability served as an alternative measure of centra
tendency that was less influenced by extreme values, providoitguat representation of the
middle value of the predicted edge probabilittasithermore, the analysis involved

assessing skewness, which is a measure of asymmetry in the probability distribution. The
skewness value offered insights into the distribigishape, indicating whether higher
probabilities were more common than lower ones. Lastly, kurtosis, another important
statistical measure, provided information about the peakedness or flatness of the probabilit
distribution. By considering kurtosis, walble insights into the distribution's characteristics
and shapevere gaine(Bordes etl., 2013).

4.6.5.3. Visualizationand EvaluatiorMethods for Edge Prediction Analysis

The task of edge prediction analysiKi® data requires a blend of statistitethniques and
visualization methods to properly interpret the predicted edge probabilities. Each method chosen
serves a unique purpose and assisthsicoveringdifferent characteristics of the data. The table
below summarizes these techniques.

Table 2:Edge predicted methods

Step | Method/Procedure Purpose

1 Histogram Visualizes the frequency distribution of
predicted edge probabilities, aiding in
understanding the data distribution at a
granular level.

2 Probability Density Function Depicts a smooth curve representing the
(PDF) distribution of predicted edge probabilities,
identifying shape and characteristics such a
symmetry, skewness, or bimoda(Bgott,
2015.

3 Kernel Density Estimation (KDE) Provides a continuous estimate of the
probabilty density function, smoothing out
individual data points. Particularly beneficial
for large datasets as it offers a clearer
representation of underlying pattef@ &
Xiao, 2018.

4 Q-Q Plot Assesses if the predicted edge probabilities
follow a normal distribution. The
understanding gained frothe Q-Q plot assists
in deciding the suitability of normal
distributionbased statistical methods for the
data(Wilcox, 2021).

These statistical and visualization methods collectively assist in understanding the distribution,
normality, and underlying patterns of the predicted edge probabilities. They provide key insights int
the data structurandthe confidence of the modeliits predictions and validate the suitability of

normal distributiorbased statistical methods for further analysis. By using these techniques in
conjunction, a more holistic understanding of the edge prediction analysis can be achieved, ultimate
enhancig the accuracy and interpretability of the prediction results.
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4.7. ExtractingKG from DBpedia/Wikidata:

DBpedia is a publicly availabl€G that extracts structured information from Wikipedia. It serves as
a resource for accessing and exploring laacmde, structured knowledge derived from Wikipedia's
vast collection of articles. THeG in DBpedia contains a wide range of information, insigdacts
about entities, relationships between entities, and various types of semantic data(Alani, Hall,
Shadbolt & O'Hara, 2005)

To get the specific data needed from DBpedia, a tool called the SPARQLWrappenliasanged

This Python tool helpdirectly to query the DBpedia database, specifically looking at details related
to "Positive_Energy_District Two main reasons drove this approach: one, the tool's capability to
efficiently query databases, and two, the rich results it could produce whemedmiith DBpedia's
connected data structure. This combination provided detailed ingighthe entity's characteristics
and how it relates to other entities (Alani et al., 2005).

When comparing the usepnstructedG with that of DBpedia, common etitis were first

identified to ascertain the extent of overlap. Next, precision was evaluated, indicating how closely tt
entities in the useconstructed graph aligned with those in DBpedia. Concurrently, a recall analysis
was conducted, highlighting thegmortion of DBpedia's key entities present in the ‘es@structed

KG. For acomprehensivperformance evaluation, the F1 score, a metric combmiegjsion and

recall, was utilized. Through this process, a clear understanding of the accuracy andeeaéttaa

KG, especially in contrast to DBpedia, was achieved. This rigorous methodology illuminated how th
graph corresponds to the context of PEDs.

5. Results
5.1.Completethe KG Presentation

TheKG visualizationand its legend are effective watgspresent all the information in the graph.

The legend helps experts understand the different categories by clarifying tims obtbe nodes.

This visualization incorporatdéechniques such as node colouring and labetbrigghlight important
information and make it easier to understand the connections between entities. By using the legenc
and these techniques, researchers natyze and interpret the graph, gaining deeper insights into the
relationships and patterns within the data. Overall, visualization is a valuable tool for researchers ar
domain experts to explore and understand complex networks of entities and theitioasne

Because of the complexity inherent in the original graph (comprising all nodes), it was transferred tc
Appendix D, and a focused visualization technique was subsequently appiegipshot of some of
the nodes, relationships, and category in AyipeD.

Based on the subgraph in Fig 1, a network graph was constructed to represent the relationships
between various concepts, countries, and projed¢teiRED context The subgraph analysis is a
valuable resource in the context of guiding sustainatiien planning endeavours worldwid

A careful selection process resulted in the inclusion of 39 nodes, each possessing degrees surpass
2 (connected to two or more nodes). In ge&ection carefulattention was directed towards
incorporatingat least one representative from each designated cateigotyding Country, PED

related entities, PED Concept, City, FED, Research and Innovation, Others, PED tools,
Renewables, and PED models.

This graph illustration and interpretati@ma clear angimple visual representation of the important
connections and relationships between concepts, countries, and projects. This picture helps people
make better decisions and work together effectively to promote the use of PED.

In this web of linked nodes atides, we can better understand the complex relationships that define
PEDs. This exploration goes beyond just data points, showing how concepts, countries, and project
are connected in the world of PEDs. Among these many connections, we can see sotastimpor
things that help us understand how PEDs are developing.
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In Fig 1,the vital role of Renewable Energy Technologies (RETS) in building the foundation of
virtual platforms for PEDss preserdgd This importance highlights the need for sustainable energy
sources as the driving power behind digital empowerment. Seen through the 'Includes' connections
from the 'PED autonomous' node to 'Electric vehicles,’ 'geothermal,’ 'renewables,’ 'Solar PV,' 'waste
heat recovery,' and 'energy efficiency,' there's a gtfocus on energgaving solutions and the
seamless merging of various renewable sources in both autonomous and virtual PED systems. Thi
close connection forms the basis for achieving enpagpjtive urban development goals.

Moreover classifyingPEDs inb autonomous, dynamic, and virtual modes emerges as a pivotal
framework for tailored approaches. Notably, edges linking 'PED' to designations such as 'categorize
as PED autonomous' and 'categorizes as PED virtual' articulate a structured typologifithtesfac
nuanced strategies aligned with the distinctive requirements of each mode. This systematic
categorization guides the adoption of targeted solutions, marking a proactive stride toward optimizir
PED implementations.

The analysis also unravels gtgating narrative of countrdevel involvement and engagement.
Spain and Portugal, as evidenced by edges like 'assessed for Electric vehicles,' investigated energ
poverty mitigation,' and 'presented as PED EU NET,' exhibit a steadfast commitmekling tac
social and energgelated challenges. Their involvement in smatrt cities initiatives and focus on
energy transition highlights their commitment to promoting sustainable urban transformation.
Meanwhile, Norway and Austria's proactive participationriming PED initiatives underscores their
leadership in pioneering renewable energy solutions, epitomizing their role in shaping energy
positive urban paradigms. Italy's engagement in smart cities projectstagihtion within the JPI
Urban Europe framewk underscore its endeavours to drineovative urban development. In
addition, Greece's pursuit of facilitating PED implementation and studying energy transitions
showcases strategic alignment with sustainable urban practices. The selection of Oulu as a
Lighthouse city within the POCITYF initiative and its enactment of the PED coagepiplifies
Finland's commitment to inventive urban development strategies. These diverse involvements
collectively drive the global momentum towasshlizingsustainable ahenergyefficient urban
environments.



Fig 1. Selective subgraph visualization
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5.2. Categorybased and Keywortased Filteringsubgraph Extraction

Two subgraphs were extracted and presented as separate fiqunagde a more focused and
illustrative representation of the K&ig. 2 highlights the connections between PED concepts and
Renewables, while Fig. 3 focuses on Research and Innovations with a PED keyword. These
subgraphs demonstrate the effectivenesatafgorybased analysis in extracting valuable
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information and uncovering hidden patterns fromKk@& The main difference betwedine two
methoddies in the filtering process. The finstethod used in Fig Dlock filters the data based on
specific categoes ("PED concept" and "Renewables") in both the 'source_class' and 'targetnclass
contrast, the secondethod,used in Fig 2filters the data based on the presence of the keyword
"PED" in the target column and the value "research and innovation program"” in the source_class.
These filtering criteria result in different subsets of data being included in the graph creation proces
leading to distinct visual representations of the graphs.

Fig. 2reveals connections between diverse renewable energy technologies, such as Solar PV, winc
small hydropower, biomass, and geothermal, and the concept of renewables, indicating thé potenti
for integrating multiple renewable sources in PEDs to enhance energy efficiency and reduce
emissions. Additionally, the graph highlights the significance of energy storage solutions, connectin
PED virtual with thermal storage and waste heat recowdiigh isessential for managing energy
imbalances and utilizing excess renewable energy. It suggests that PED autonomous systems can
function as decentralized energy production units, fostering localized and sustainable energy
generation. Moreover, the intemnectedness of PED concepts implies collaborative opportunities
and optimized energy usage within regions. Notably, Solar PV emerges as a crucial technology in
PEDs, contributing significantly to renewable energy generation. Furthermore, the integfration
PEDs with renewable energy aligns with the Sustainable Development Goals, encompassing clean
energy, climate action, and sustainable cities and communities. Overall, this visual representation
serves as a guide for policymakers, urban planners, anglyetwrelopers to design more sustainable
and resilient urban environments by leveraging renewable energy technologies and decentralized
energy approaches within PEDs.

Fig. 3 revealsheconcept ofPEDrepresenting dynamic network of interconnected radaships

that collectively drivesustainable urban environment development, advancement, and
implementationCentral to this network is the overarching objective of establishing a hundred PEDs
by the year 2025, serving as a unifying force that bringshegetrious entities, research programs,
initiatives, and organizations. These relationships exemplify a collaborative approach to urban
development, where stakeholders from diverse backgrounds contribute their expertise and resource
to achieve a commorogl.

At the core of this collaborative effort are guiding frameworks and standards, symbolized by entities
like the "PED reference framework" and "Reference PED." These entities define the foundational
principles that underpin the creation and evolutioRBDs, providing a shared basis for research,
innovation, and practical implementation. Research and innovation play a pivotal role, with entities
such as "Researchers in PED international forums," "Swedish research in PED," and the "ZEN
Research Center'batributing insights, expertise, and cuttiedge ideas that propel the evolution of
sustainable urban planning.

The international dimension of the network is evident through relationships with platforms like the
"IEA Annex 83 PED," "Neighbourhoods Programa Cities Workshop," and "JPI| Urban Europe."
These connections highlight the global nature of the PED movement, enablinbantess

collaboration, knowledge exchange, and the transfer of best practices. Moreover, the alignment witl
larger policy framewdks, as indicated by relationships witte"EU SET Plan" and "EERA JPSC,"
underscores the strategic integration of PEDs into broader energy and sustainability agendas.

The presence of the "artificial" attribute in some relationships suggests the pitdogalce of

artificial intelligence in facilitating communication, data analysis, and deera@mking within the
network. This technological component enhances the efficiency of coordination and knowledge
dissemination among stakeholders.

The intricate web of relationships reflects the convergence of sectors, including research, urban
planning, development, and collaborative programs, all focused on achieving the shared vision of
sustainable urbanizatiofhe network embodies a transformatjourney where collaborative
endeavars, researcfiriven innovation, and aligned policy frameworks combine to realize the
ambitious goal of establishing a hundred PEDs by 2025. As the network continues to evolve, it
signifies a collective commitment teshape urban landscapes, fostering greener, epesifyve,

and technologically advanced urban areas fofuhee.



Fig. 2. Visualization of Filtered K on PEDConcepts and Renewables
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Fig. 3 .Visualization of Filtered & on Research and Innovation Program with the "PeRted Keyword
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1. Throughout the study, i§ essentiato note that th&G is not a complete graph. This characteristic leads to

the existence of nodes witweror no connections. Some missing edges are attributed to either the application
of filtering rulesto create a subgrapbr the incompleteness of the KG

2. Appendix has a presentation of these Fi§iwhentheybecome full subgraphs
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5.3. Categorical Relationships in ti& (schemaSubgraptExtraction

The analysis of the Categebased Subgraph, as shown in Fig. 4, offers valuable insights into the
patterns and relationships among stakeholders in the context of PEDs. The visualization in Fig. 4
reveals a hidden pattern of interconnectedness and inéerdiecies among the different categories.
The representative nodes and their relations demonstrate a complex network of relationships and
interactions.

One notable pattern is the emergence of the "research and innovation program" category as a cent
noce. This category is connected to various other categories, indicating that it serves as a hub or fo
point for driving research and innovation initiatives within the program. The presence of this central
node suggests a coordinated and integrated agptoacivancing knowledge and fostering

innovation in the context of the program.

Furthermore, the graph analysisFig 4.reveals a flow of knowledge and information between
different categories. For example, the "PED related" category is connectedrtoategories,
indicating the exchange of knowledge and insights related to the program. This highlights the
collaborative nature of the program, where stakeholders from different categories contribute their
expertise and share valuable information toaaue the program's objectives.

Collaborative efforts and synergies can also be observed through shared connections between
categories. Categories like "Country" and "City" are connected to multiple other categories,
indicating collaborative endeam at oth national and local levels. This signifies the importance of
collective action and cooperation among stakeholders to achieve the program's objectives.

The analysis also highlights the significance of conceptual frameworks and ideas in driving the
program's development and implementation. The "PED concept" andPEDeconcept” categories

play crucial roles and have connections with various other categories, underscoring the importance
well-defined conceptual frameworks in guiding the program's &esvi

Each category has its own specific relations and connections, highlighting their unique roles and
focuses within the program. For example, the "PED tools" category is based on and connected to
other categories, emphasizing its role in supportingptbgram's implementation through specific

tools and resources.
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Fig 4. Categorical Network Graph
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5.4. Community DetectiofBasedSubgraphk Extraction

Fig 5showsthe results of theommunity detection technique applied t@. It offers a visual
representation of the communities, enabling the exploration of interconnected entities and concepts
within each community. The plot serves as a visual aid in identifying patterns andsotfistdated
nodes .

Fig 5. presents the visualization thie top 5 communities within the PEDmain KG. These
communities were selected because they contain a significant portion of the extracted knowledge,
while the remaining communities primarily costsbf isolated nodes or sparse connections.

The visualization presented in Fig. 5 provides valuable benefits to stakeholders in the context of
PED. It facilitates community identification, enabling the recognition of distinct groups of
interconnected nodes that share common characteristics or functions within PED. Furthermore, it
enhances understanding of interactions among different stakeholder groups, fostering effective
coordination and synergy. Additionally, visualization helps idgobllaboration opportunities
between communities, enabling knowledge sharing, innovation, and collective efforts toward the
advancement of PEDs.

Based on the provided output in Fig. 5, the interconnections for each community can be inferred fro
thenodes present in each community. Here are the potential interconnections for each community:

In Community 0, the central node "PED" symbolizes the overarching commitment to sustainable
urbanization, serving as the foundation for discussions. Additiomaities like "JPI Urban Europe”
emphasize urban innovation and collaborative research, while "PED and Neighborhoods program"
and "EU SET Plan" underline localized integration and alignment with broader agendas. The focus
on energyefficient urban infrastruare is evident through "District Heating & Cooling" and "Smart
grids concept," reflecting sustainable energy practices. Nodes such as "Hundred PEDs by the year
2025" and "PED target prograrpfesengoaldriven approaches, enhancing programmatic
sustainalhity. "CEC" (Citizen Energy Communities), part of the research and innovation program,
underscores collaborative synergy, and "New Constructions" highlightsoesgious building

practices. These themes collectively exemplify the commitment of the Riasunity to propel
urbanization toward a sustainable, resilient, and harmonious future.

The unique theme that emerges from the above information is the strong emphasis on "Energy
Efficiency and Sustainable Infrastructure." This theme is underscored bg soch as "District

Heating & Cooling" and "Smart grids concept," which highlight the community's dedicated
exploration of energefficient urban infrastructure and innovative energy distribution

methodologies. This focus on energy efficiency signifiesteesive commitment to adopting smart
technologies and sustainable energy practices to enhance the overall sustainability and resilience c
urban development within the Programs for Sustainable Urban Development (PEDs) stakeholder
community.

Community 1 gands out for its international collaboration and knowleslggring in the pre
implementation and development stages of PEDs, involving countries like Germany, France, the
United Kingdom, and Italy. Community 2 emphasizes the importance of project impégimeand
technological advancements in PEDs, while Community 3 focuses on optimizing renewable energy
integration and energy efficiency in urban energy systems. Community 4 addresses challenges anc
considerations in implementing sustainable energy system energy transition pathways,

highlighting the need for resilient infrastructure and effective policies. Lastly, Community 5 centers
around strategies for urban sustainability and the transition todolon cities, incorporating
sustainability goalsThese communities offer valuable insights into diverse aspects of PEDs,
including international collaboration, project implementation, technical considerations,
implementation challenges, and sustainability strategies.



Fig. 5. Community Structure Vialization
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Fig. 5 emphasizthe significance of exploring the internal dynamics of specific communities within
theKG, with Community Gstanding outfor its strong interconnectednefsgree centrality was
utilized to gain insights into the influential nodes and their impact on knowledge dissemination and
collaboration within the communitypegree centrality measurthe number of connections a node

has in the graph and was used to identify the top 10 nodes whigtiest centrality in Community

0.

This analysishowscentral elements in the network, including "PED," alongside other key nodes
such as "PED and Neighborhoods program," "JPI Urban Europe," "EU SET Plan," and "District
Heating & Cooling." The degree centrality values, combined with the count of connedtxs] offer
valuable quantitative measures for understanding the significance and influence of specific nodes.
These measures aid in network planning, optimizationjderdifying influential nodes within the
community

This analysis employed degree catity to gain insights into the patterns and dynamics within
Community O of the KG, as depicted in Fig 5A. Focusing on this specific community, we calculated
the degree of centrality for each node, representing its connectivity and influence withirpthe gra
The nodes were then sorted based on their degree centrality values, enabling the identification of tt
top 10 nodes with the highest centrality. Visualizing a subgraph illustrating the connections among
these influential nodes provided a clear repregiem of their interrelationships and importance

Analysisrevealed that the node "PED" exhibited the highest dexjreentrality with a value of
0.944 indicating its significant role in terms of connectivity and influence within Community 0.
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Additiondly, nodes such asPED and Neighborhoods prograr JPI Urban Europ&"EU SET
Plan," 'JP Urban Europé&and 'District Heating & Cooling' also demonstrated notable connections,
although with comparatively lower degree centrality scores

Community O wa found to contain a total of 206 nodes, providing valuable insights into the
community's size and structure under examination. These findings presented the nodes with the
highest degree of connectivity within the network, shedding light on key elemeintisein
relationships within the domain.

Table 3 presents the top 10 nodes (arbitrary selection) in Community 0, based on their degree of
centrality, along with their respective centrality values and the number of connected nodes. The ran
indicates the @sition of each node in terms of its centrality within the community. Degree centrality,
ranging from 0 to 1, reflects the fraction of connections a node has compared to all possible
connections in the graph. A higher centrality value signifies greateriamze or influence within

the community. The count of connected nodes represents each node's direct connections.

In each community, nodes that are not fully connected can be understood within the context of that
community's specific focus and themesdds such ahe"smart grid concept” might have fewer
connections due to their specialized naiutieey are relevant to energy distribution but might not
directly relate to urban development or renewables in the same way. Similarly, the "PED target
program" could have fewer connections if seen as an overarching concept that ties various other
aspects together rather than having direct connections to every other specific node.

Fundamentallythe connectivity of nodes within a community reflects@hgphasis and priorities of

that community's theme. Some nodes might serve as connecting hubs, while others might be more
specialized and have fewer connections, but they contribute to the holistic understanding of the
community's central topic.

This patten can be similarly applied to the other communities described, where the nodes with fewe
connections within each community are tied to the specific nuances and emphasis of that
community's focus. The varying degrees of connectivity contribute to a coemgsiee picture of the
different dimensions and considerations associatedR&D
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The insights gleaned from visualizing and quantitatively analyzing degragality furnish

developers and stakeholders in the PED domain with valuable infordatiese insights aid in
identifying influential nodes that play critical roles within the community. Notably, nodes such as
"PED," "renewables," "District Heating & @ding," and "EU SET Plan" demonstrate their central
positions within the network, underscoring their significance. Moreover, these centrality measures
support network planning and optimization efforts by quantitatively assessing the importance and
influence of specific nodes. This analytical approach can be extended to other communities within tt
KG to extract knowledge and information that proves beneficial for stakeholders in the PEDs domai
or for anyone exploring the KG

Table3: Top 10 connected nodwiith the highestdegree of connectivity in community 0

Rank Node name Degree Centrality Connected Nodes
1 PED 0.94634 194
2 JPI Urban Europe 0.03414 7
3 PED and Neighborhoods program 0.02926 6
4 EU SET Plan 0.02926 6
5 District Heating &Cooling 0.02439 5
6 hundred PEDs by year 2025 0.01463 3
7 Smart grids concept 0.00975 2
8 PED target program 0.0097 2
9 "CEC" (Citizen Energy Communities) 0.0097 4
10 new constructions 0.0048 1
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55. Longest Path in &G

By examining théongest path within the Knowledge Graph (Fig 6.), which includes entities like
'PEDRERA project,' 'PEDRERA tool,' 'Spain,' 'PED,' 'PED autonomous,' 'Electric vehicles,' 'PED
projects,' 'CityxChange," 'Ireland,' 'PED EU NET,' 'PED Database,' 'reseaiaher®ED

technological requirements,' multiple insights can be deduced. This path uncovers the connections
and dependencies between these entities, highlighting relationships related to tools, countries, elec
vehicles, projects, researchers, and teldgical needs. Traversing this path enables the exploration
of knowledge, yielding a comprehensive grasp of interconnected ideas. It illustrates how the entities
are connected, improving data organization and aidimgfanmation flow analysisThe longespath

is useful for making decisions by evaluating relationships and dependencies to inform choices
regarding the "PEDRERA project" and its impact on various aspects. It can also assess performanc
by identifying bottlenecks and areas for improvementtHeumore, the longest path contributes to
semantic analysis, revealing connections between the "PEDRERA project" and associated entities.

This path takes us on a journey throlRiEDs step by step. Beginning with the 'PEDRERA project’
and 'PEDRERAool," which mark the initial stages, we move on to 'Spain’ and 'lIreland," indicating
the project's location. 'PED' and 'PED autonomous' represent the core idea of creaimgtaiaihg
energy districts. 'Electric vehicles' and 'PED projects' demoadtratintegration of electric cars and
various projects. 'CityxChange' and 'PED EU NET' imply collaboration with other European districts
'Researchers' and 'PED Database' pertain to learning and facts. Finally, 'PED technological
requirements' highlightegcific criteria for effective district functioning. This path helps us
comprehend howEDwork, covering the journey from inception to critical details.



Fig 6. Visualization of the Longest Path in tK&
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5.6. Question AnsweBasedSubgraph Extraction

Fig. 7 visually represents the questiandanswer findings within th&G, explicitly focusingon the
qguery "What is EERA JPSC?". This visualization provides valuable insights tailored to different
stakeholders involved in the domain.

In Fig. 7, the presence of EERA JPSC (European Energy Research Alliance Joint Program on Sma
Cities)is an essedil framework within the&KG. It acts as a collaborative platform, enabling research
institutions and universities across Europe to actively engage in expREDgEERA JPSC

facilitates access to valuable resources and promotes innovation in PED projects

For decisiormakers and analysts, Figs a valuable resource for obtainingtopdate information

about EERA JPSC. This knowledge assists in making informed decisions and formulating strategie:
related to PED initiatives. Moreover, the figure provitghesghts into the geographical scope,

emerging trends, and the significant role played by EERA JPSC in shaping the PED landscape.

Fig. 8 offers another illustrative example within tH&, focusing on the interrelationship between
PEDand smart cities. The answers derived fromikiieemphasize the integration of PED concepts
and projects as a defining characteristic of this relationship. This integration plays a pivotal role in
transforming cities into smart, sustainable, and enreffijgient urban environments.

The insights presented in Figend8 were obtained through an iterative traalderror approach to
determine the optimal value for the "TopN" parameter. The "TopN" value represents the number of
most relevant and similar semices retrieved from th€G based on the input question.

To make informed judgments about the performance of the questtbenswer retrieval system,
calculating various measurements that assess its precision, recall, and overall effectiveness (Table
is crucial. Precision measures the accuracy of the system in retrieving relevant answers, indicating
proportion of retrieved answers that are truly relevant to the given task questions.
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Recall evaluates the system's ability to capture all relevaneassmeasuring the proportion of
relevant answers that are successfully retrieved. The F1 score combines precision and recall into a
single metric, offering a balancegistem performance assessment

The overall precision of the system was found to be approximately 74.23%. This indicates that abot
74.23% of the retrieved sentences were accurate and relevant answers to the given questions.
However, the overall recall waslativelylow, measuring onl\L.54%. This low recall value suggests
that the system missed a significant number of correct answers, resulting in an incomplete retrieval
relevant information.

The overall F1 score, which considers both precision and recall, was examined to gan a mor
comprehensive understanding of the system's perform&heecalculated F1 score was around 0.03,
indicating a moderate overall performance. While the precision was relatively good, the low recall
had a noticeable impact on the F1 score.

Moreover, the ystem's performance variability using percentile precision, recall, and F1 s@wes
analyzed The percentile precision ranged from 70% to 85%, illustrating the variation in precision
levels across different types of questions. Approximately 25% of the questions achieved precision
levels of 70% or lower, indicating that the system had some diffipuoviding precise answer
Conversely, another 25% of the questions achi®&8d or higher precision levelshowcasing the
system's ability to excel in retrieving highly relevant answers for a subset of questions. The middle
50% of questions showedgmision values within thé5% to 85% rangendicating a moderate
precision performance for this set of questions.

Similarly, the percentile recall ranged from approximately 1.45% to 1.76%, reflecting the system's
struggles in consistently retrieving redmt answers. Around 25% of the questions achieved recall
rates as low as 1.45% or even less, indicating that the system faced challenges in retrieving
comprehensive sets of relevant answers for these questions. In contrast, another 25% of the questi
achieved recall rates of 1.76% or higher, suggesting improved recall performance for a subset of
guestions. The middle 50% of questions had recall values ranging from 1.55% to 1.76%, implying a
limited ability to consistently retrieve relevant answers fg ¢inoup of questions.

Additionally, the percentile F1 scores ranged from approximately 0.028 to 0l0&Batingthe

system's effectiveness in balancing precision and recall. For approximately 25% of the questions, tt
system achieved F1 scores as Bsn\0.028, reflecting a balance between precision and recall that
needed improvement. Conversely, for another 25% of questions, the system attained F1 scores as
high as 0.0345, indicating a better balance between precision and recall for this subsstarfsque

The middle 50% of questions exhibited F1 scores within the range of 0.0305 to 0.0345, highlighting
the varying effectiveness in answering different types of questions.

Overall, the evaluation results revealed that the queatiswering system beg on the Universal
Sentence Encoder demonstrated promising precision but faced challenges with recall. The low rece
suggests the system often missed relevant answers, leading to a limited ability to retrieve
comprehensive information. To enhance thégsys effectiveness, addressing the variation in
performance across different types of questions and achieving a better balance between precision
recall are essential goals. This would enable the systeffetdively provide accurate and relevant
ansvers across a broader range of questions

Table4. Statistical Analysis of questi@ndanswer retrieval

Metric Overall Score Percentile Scores Median Score
Precision 0.742 [0.7,0.75, 0.85] 0.75

Recall 0.015 [0.0145, 0.0155, 0.0176] 0.0155

F1 Score 0.030 [0.0284, 0.0305, 0.0345] 0.0305




Fig 7. Question and Answer grapWhat is EERA JPST

@ Others
. Research and Innovation Program
@ PED Related
Subgraph with Central Node "EERA JPSC'
virtual bm.'ies of PED
group of the European .1 city Lighthouse cities
innovatio projects
geogr‘al PED
s
25 L oper: | PED
. e 2 e European universitj research networl
%, G &
G <) &
active Eur.'n platform j”bg H &

is

to support

PED resear framework
&
PED frame. definition

Pag(35



Fig 8. Question and Answer grapWhat is the relation between PED and snuitres?
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6. Comparative Analysis of Node2Vec and DeepWalk for Graph Embeddings

In Figs 9 and 10, the Node2Vec and DeepWatbedding methods were utilized for node
representation within a graph. To enhance the interpretability of the embeddings, the high
dimensional representations were transformed into a 2D scatter plot-&itify thereby enabling a
clearer visualizationfahe relationships among the nodeswever, due to the large number of
nodes, the initial scatter plots were challenging to interpret, leadihg &electiorof a subset of
nodes (40 nodes) with a degree of connection to more than five other noidgsréaved visibility

(Appendix B) The resulting scatter plots provided insights into structural similarity, cohesive
substructures, outliers, and oveighph organization

This analysis aimetb compare the performance of the Node2Vec and DeepWalk embedding
methods in capturing similarity within a network. The assessment began by examining the similarity
between specific pairs of nodes chosen from the 40 selected nodes. Specifically, thelzairs

energy system" and "carbon neutral cities in Europe," as well as "PED project" and "Slovenia," were
considered. The similarity scores assigned by Node2Vec and DeepWalk for these pairs were
obtained.
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For instance, in the case of the pair "urbarrgyneystem" and "carbon neutral cities in Europe,”
Node2Vec assigned a similarity score of 0.0183, while DeepWalk assigned a score of 0.0269.
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Despite this slight numerical difference, it is not statistically significant enough to suggest that one
algorithmconsistently outperforms the other. Similarly, when examining the pair "PED project” and
"Slovenia," both Node2Vec and DeepWalk yielded results.\Worth noting that DeepWalk, which
relies on random walks and skgpam modelsgcan potentiallyassign ngative similarity scores in

certain scenarios. In contrast, Node2Vec, incorporating biased sampling during random walks, may
assign positive similarity scores even felatively dissimilar nodesThis illustrates how each

algorithm approaches similaritpmputations differently without necessarily implying the superiority
or inferiority of one over the other.

A comprehensive analysis was conducted using various statistical measieing a paired-test,
Cohen's d, Jaccard similarity coefficient, Bea correlation coefficient, and Root Mean Squared

Error (RMSE) for all network nodes to evaluate the performance fuitherevaluation results

indicated no significant difference in similarity scores between Node2Vec and DeepWalk, suggestir
that bothalgorithms exhibit comparable performance in capturing similarity within the network.

Based on the evaluation results obtained from various measurements and tests, conalusiens
drawnregarding the performance and comparison of Node2Vec and DeepliMalkns of

correlation analysis (Pearson correlation coefficients, a measure of the linear relationship between
two variables), the results indicate strong positive correlations between Node2Vec and DeepWalk
similarity scores. The high correlation valudsained from different code snippets (ranging from
0.9938 to 0.7734) suggest that both Node2Vec and DeepWalk capture similar patterns in the data ¢
produce similar similarity scores.

However, when considering other metrics, such as RMSE (root mearedarror, which calculates

the average difference between the predicted and ground truth scores}qumalréd (a statistical
measure that represents the proportion of variance explained by the models), different code snippe
yield varying results. Fagxample, the RMSE values ranging from 0.0560 to 0.4332 indicate the
average differences between the predicted similarity scores and the ground truth scores. The lower
RMSE values (e.g., RMSE (Node2Vec): 0.0560) suggest better performance for Node2Vaedompa
to DeepWalk. Similarly, the Rquared values ranging frof®.2772 to 0.9843 indicate the proportion

of variance explained by the models. Highesqriared values (e.g.;$juared (DeepWalk): 0.9843)
suggest better modelfin this case, DeepWalk tenttshave higher Bquared values than

Node2Vec.

The paired-test result alssuggests no significant difference in similarity scores between Node2Vec
and DeepWalk. The paireddst is a statistical test that compares the means of two related samples t
determine if there is a statistically significant difference between them. In this case, the result
indicates that the two methods perform similarly in terms of generating similarity scores.

Considering Cohen's d (effect size, which measures the starathdiiference between two means),
and the Jaccard similarity coefficient (a measure of similarity between sets), they provide additional
insights(Tan, Steinbach, & Kumar, 2018Fohen's d, which measures the effect size, suggests a very
small effect favaring DeepWalk (Cohen's €0.0551). A negative Cohen's d value indicates that
DeepWalk tends to have higher similarity scores compared to Node2Vec, but the effect size is sma
On the other hand, the Jaccard similarity coefficient reveals a low lesighitdirity between

Node2Vec and DeepWalk similarity scores (Jaccard Similarity: 0.0625). The Jaccard similarity
coefficient measures the similarity between two sets by dividing the size of their intersection by the
size of their union.

In conclusion, bas=d on the evaluation results, both Node2Vec and DeepWalk demonstrate strong
positive correlations with similarity scores. However, their performance differs when considering
other metricssuch as RMSE and-8juared. Node2Vec generally performs betteetims of RMSE,
while DeepWalk tends to have higheisRuared values. The pairetest indicates no significant
difference in similarity scores between the two methods. Cohen's d suggests a small effengfavo
DeepWalk, and the Jaccard similarity coeéit reveals a low level of similarity between the sets of
similarity scores. It is important to note that the choice between Node2Vec and DeepWalk depends
on the specific context, dataset, and evaluation goals. Further analysis and consideration of the
specific characteristics of the data are crucial for making a comprehensive comparison.”
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Fig 9: Embedded node in-@NE) using Deepwalk
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6.1. Graph Embedding Analysis and Cluster@gmparison

Fig. 11 hasvisualized the graph embeddings usi8NE, a technique that helps us understand how
nodes cluster and relate to each other in adingensional space. We compared H8NE plots for
DeepWalk and Node2Vec embeddings to spot affigrdinces in the patterns and clusters created by
these two methods.

The tSNE plot on the left clearly shows that the nodes are more scatterddahmat on the right,
indicating a less organized and cohesive structure in the DeepWalk embeddingati3tinsak

analysis further supports this observation, confirming that the DeepWalk embeddings exhibit a high
degree of node scattering and lack a wlefined clustering pattern compared to the Node2Vec
embeddings shown on the right.

In order to conduca comprehensive comparison, histogravese createdlhe histograms of cosine
similarities for DeepWalk and Node2Vec embeddings (second row, left plot oflffigrdvide

valuable insights into their clustering capabilities. Node2Vec shows a signifitagiter mean

similarity of 0.3135 compared to DeepWalk's 0.0941, suggesting better clustering performance. Bot
embeddings have similar standard deviati@$593 0.1495, but Node2Vec has a slightly lower
value, implying more cohesive clusters. The median similarity for Node2Vec (0.2865) is notably
higher than DeepWalk (0.0820), reaffirming Node2Vec's superiority in similarity values and cluster
formation.

Node2Vec's distibution exhibits positive skewness and higher kurtosis, indicatingdeéhed

clusters with more extreme values. The kurtosis values, 1.6296 for DeepWalk and 1.9934 for
Node2Vec exceed 3, signifying heavier tails and more extreme values in their titssisbu
Additionally, Node2Vec's lower range of similarity values suggests more compact clusters,
enhancing interpretability.

These findings collectively demonstrate Node2Vec's superiority in clustering tasks, showcasing
stronger groupings and distinctigamilarities among nodes compared to DeepWalk.

Thestatistical analysis reveals significant differences between DeepWalk and Node2Vec
embeddings. Notably, Node2Vec consistently outperforms DeepWalk in terms of average similarity
(Node2Vec: 0.3135, DeepWkal0.0941) and consistently achieves higher silhouette scores,
indicating betteidefined and separate clusters.

The histograms further support Node2Vec's superiority, displaying a more pronounced right
skewness and a slightly more peaked distribution emethto DeepWalk.

The elbow method and silhouette scores were employed to select the optimal number of clusters (K
for K-means clustering with DeepWalk and Node2Vec embeddiagistwo graphs dfig 11.).

The optimal number of clusters for eagtistering method (DeepWalk and Node2Vec) is determined
based on the elbow method and silhouette scores. For DeepWalk, the elbow plot does not show a
distinct bend, making it challenging to identify a clear optimal humber of clusters. However, by
examiningthe inertia values, a significant decrease in inertia from 2 clusters to 3 clusters, with a les:
pronounced decrease as the number of clusters increases tathbeobserve. The inertia values
continue to decrease but at a slower rate, suggesting thasters could be a possible choice, where
the inertia value is 652.04.

On the other hand, for Node2Vec, the elbow plot also lacks a sharp bend, but there is a substantial
decrease in inertia from 2 clusters to 3 clusters, and the decrease contmoescaable rate until

10 clusters. Beyond 10 clusters, the decrease in inertia becomes less significant, indicating that 10
clusters might be a better representation, where the inertia value is 453.25.

Although the elbow method alone may not be defiajtihe silhouette scores provide additional
insights. Node2Vec exhibits generally positive silhouette scores, indicatingepaiated clusters

with relatively similar objects within each cluster. The maximum silhouette score for Node2Vec is
0.101, whichs higher than DeepWalk's maximum silhouette score of 0.109. This supports the
conclusion that Node2Vec outperforms DeepWalk in terms of clustering quality and forming more
well-defined and cohesive clusters.

Thedecision to select 2 clusters for DeepWaihd 10 clusters for Node2Vec is based on a
combination of insights from the elbow method and silhouette scores, ensuring the best
representation of welleparated and distinct clusters for each embedding method.
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Furthermorethe exploration of Node2Veclusters has unveiled valuable insights into sustainable
urban development. Each of the 10 clusters represents a distinct theme: CliEmsriomic

Efficiency and Policy Implications of PEDs" (Representative node: "Norway PED"), Cluster 2
"Implementaion and Integration of PED in Urban Environments" (Representative node: "urban
energy system"), Cluster-3Social Innovations and MuHiisciplinary Approaches in PED"
(Representative node: "social innovations"), Clustet@reen Infrastructure and Sammable Urban
Planning for PED" (Representative node: "Heating and Cooling systems"), Clust&reation and
Potential of PED for Energgfficient Cities" (Representative node: "PED creation"), Cluster 6

"Urban Transition and Technical Innovationsvewds PED" (Representative node: "technical
innovation"), Cluster 7 "Citizen Engagement and Process Evaluation in PED Projects"
(Representative node: "citizen engagement"), ClustéP8sitive Energy Districts (PED) and
Sustainability in European Cité (Representative node: "PEDRERA project"), Cluster 9

"Operational PED and Sustainable Urban Development" (Representative node: "operational PED"),
Cluster 0- "Energy Flexibility and Transition towards Positive Energy Blocks" (Representative node:
"Energy flexibility").

Fig 12demonstrates the partition of clustess first glance, overlaps among the clusters might be
noticeable. However, it essentiato understand that these overlaps do not necessarily indicate an
error in the clustering procegsowever, the error is inevitablestead these overlaps can occur
naturally when highdimensional, complex data is simplified into a lowl@nensional form

Furthermore, A specific seed has been used to ensure the results are repeatable and consistent ev
time the program run®lease refer to the Discussion section for a more detailed discussion on this
Additionally, parameters have been carefully ol to derive the best possible outcome for each
clustering scenario.

Node2Vec's embeddings excel in capturing structural properties and relationships between graph
nodes, as indicated by higher mean similarity values, a narrower spread of similestystiandard
deviation), and a pronounced riggkewness. These features make Node2Vec particularly suitable for
tasks like edge prediction. Its superior representation of graph relationships, with a higher baseline
level of similarity among nodes, enhas@zge prediction performance by providing more

informative features for predicting missing or future connections. Consequently, Node2Vec shows
promise for edge prediction tasks in future explorations.



Fig 11. Distribution and Clustering of Nodes in a T\Bimensional Space (Comparison of
DeepWalk and Node2Vec Embeddings)
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Fig 12. lllustration ofClustess of Nodes in a Tw®imensional Space (Comparison of DeepWalk and
Node2Vec Embeddings)
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6.2Edge Prediction Analysis and VisualizationsiG

Based on the findings in patthe Node2Vec method emerges as a more effective approach for
capturing similarities and connections among nodes iK@emaking it advantageous for tasks like
edge predition. The higher baseline level of similarity and the generally higher level of similarity
among nodes in Node2Vec embeddings suggest that it provides a stronger representation of the
graph's relationships, potentially leading to improved performancegmmediction (llievski et al.,
2022).

Selecting the best classification method is crucial for accurate and reliable edge predictiét@n the
By evaluating and comparing different models, the one that effectively captures the underlying
patterns andelationships in the graptould be identified, resulting in improved accuracy and
performanceFig. 13 presents the performance evaluation of various models, including Logistic
Regression, KNearest Neighbors, Naive Bayes, Random Forest, and SVM, usihmigon metrics
such as accuracy and-8tore (Frimodig & Sivertsson, 2021).

Based on the results, 'Logistic Regression' exhibits the highest accuracy of 0.612 and also achieve:

the highest Fkcore of 0.5982. The high accuracy indicates that the ncodtelctly predicts a large
proportion of true positives and true negativedditionally, the high Fiscore, which combines
precision and recall, suggests that the model maintains a balance between correctly identifying
positive cases (precision) and capigrall positive cases (recall). Therefore, 'Logistic Regression'
appears to be the most suitable model considering both accuracy-aoor&1making it a strong
candidate for edge prediction in tH&.
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Fig. 13.Performance Comparisaof models Accuracy and F&core for prediction
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Logistic regression classification for edge prediction was chosisrtrained on the training data

using node embeddings and other input features to predict the existence of edgKs&inTihe

classifier iterates over the graph's nodes and their naighlbmonsidering pairs of neightrg that do

not have a direct edgeyBoncatenating the node embeddings of each pair, the logistic regression
model predicts whether an edge exists between them. The predicted edges, along with their respec
nodes and labels, are stored and presented.

6.2.1Probabilistic Edge Predictiorasd Threshold Analysis

In this analysis, as described in the Method section (6.4.1), the logistic regression model estimates
probability for each class label (presence or absence of an edge) using learned parameters, and a
threshold of 0.5 iemployed for classification. By adjusting this threshold, the precisicall trade

off can be controlled. Probabilities above 0.5 indicate a higher confidence in edge presence, while
probabilities below 0.5 imply a higher confidence in edge absenceafieach allows for fine

tuning the model's predictions based on varying levels of confidence in edge occuirbasesare

the observation based on statistical summary andtysggobability greater than and equal to 0.5:

In Tableb, the probability data exhibits interesting characteristics with regard to its likelihood
distribution. The average probability of approximately 0.662 indicates that, on average, the events i
the dataset have a likelihood of around 66.2%. The datasas, iIgpanning from a minimum

probability of approximately 0.501 to a maximum probability of around 0.925, demonstrates a wide
diversity in the likelihood of events, encompassing both lower and higher probabilities. The standar
deviation of approximately.002 suggests a moderate spread or variability of the probabilities arounc
the mean. This indicates that the likelihood of events may exhibit some variation from the average.
The median probability of approximately 0.64@ing close to the meafurther siggests that the

data is not heavily skewed, and the distribution is relatively symmetric.

Additionally, Table5 shows the probabilities at different percentiles to gain further insights into the
data. The 25th percentile (Q1) is approximately 0.585¢atutig that around 25% of the edge

prediction probabilities fall below this value. The 75th percentile (Q3) is approximately 0.739,
signifying that around 75% of the probabilities lie below this value. These percentiles further suppor
the notion that thenajority of probabilities are centred around the median value, indicating a
substantial portion of the data within the interquartile range (IQR).

While the skewness value of approximately 0.454 indicates a slight positive skewness, implying a t:
extendig to the right with more probabilities skewed towards the lower end of the range, the
negative kurtosis value of approximately635 suggests a flatter peak and thinner tails compared to
a normal distribution. In simpler terms, this means that the pilaleahin the dataset are less
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concentrated towards the extreme values and exhibit a more -suutedidtribution compared to what
would be expected in a typical normal distribution

These observations indicate that the probability data does not foplewesctly normal distribution,

as evidenced by the deviations from normality. The data exhibits some variation and skewness,
potentially suggesting the presence of certain outlier probabilities that are lower than the majority.
The negative kurtosis valueinforces the idea that the dataset's probability distribution has a less
prominent peak compared to a normal distribution. In simpler terms, it means that the probabilities i
the dataset are not as concentrated around the mean as they would becal adymial distribution.
Instead, the distribution has a more spreatishape with less emphasis on extreme values, resulting
in a flatter peak. This information helpsunderstand the characteristics of the probability
distribution and its potential inipations for the edge prediction task.

Table5. Edge Prediction Probability Statistics Summary

Statistic Value
Average Probability 0.662
Minimum Probability 0.501
Maximum Probability 0.925
Standard Deviation 0.102
25th Percentile (Q1) 0.584
Median (50th Percentile) 0.646
75th Percentile (Q3): 0.7393
Skewness 0.454
Kurtosis -0.635

Fig 14. hedistribution exhibited a positively skewed pattern, indicating that a few data points had
higher probabilities, causing a longer tail on the right side of the graph. The majority of the data
clustered around the mean probability of 0.662, as evidenctxd lpeak in the histogram.
Additionally, the histogram showed that the distribution had lighter tails compared to a normal
distribution.

Fig 14. Histogram of Distribution of Probability (>=0.5)
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Q-Q plotcan be used to assess whether the distributipnotabilities follows a theoretical
distribution, such as the normal distributibm.Fig 15.the points above the line around 0.5, followed
by touching the line, and then going down, touching the line again, and finally goitugiciping the
line with ane jump, all indicate that the data has two distinct clusters or modes. The downward
movement followed by an upward jump indicates the transition from one mode to ambtker.
behaviar is typical of a bimodal distribution

Fig 15. QQ Plot of edgerediction of Probabity >=0.5
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In Fig 16, both the Kernel Density Estimate (KDE) and the Probability Density Function (PDF)
display a similar trend with two distinct peaks: one peak is noticeably larger, while the other is
smaller. Thisapparenbimodd behaviar strongly suggests the existence of two separate groups or
subpopulations within the data. The KDeEEsmoothed PDF versipprovides a nofparametric

estimate of the underlying probability density func{@im & Xiao, 2018) Consequently, botthé

KDE and PDF effectively illustrate the bimodal nature of the dafaportinghe presence of these
two separate groups or subpopulations.

Fig 16. KDE and PDF edge prediction probability >0.5
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These observations and statistical measures consistently indicate a distribution of edge prediction
probabilities that is neanormal and bimodal. The presence of skewed patterns, distinct clusters, and
dual peaks in both graphical representations andtitatisummaries strongly supports the
conclusion that the probability distribution differs from normality and displays bimodality. This
suggests the existence of two separate modes within the dataset. With bimodality cotifiemed,
section did not pursuerther analyset avoid redundancy. The decision was made to relocate the
results of thestollow-up analysessuch ashe Shapirewilk test (GonzéaleZ£strada & Cosmes,
2019) and the Gaussian Mixture Modeling (GMM) were among the tests employed tai¥dpen
ensuring a streamlined presentation and maintaining the main focus of the discussion.

To associate the outcomes derived from statistical analysis and visual representations with specific
nodes in the network, the concept of degree centrality, a fundamental metric in network analysis, wi
applied to gain insights into the importance andredityt of individual nodes within the network.

Degree centrality is determined by considering the count of direct connections (edges) a node
maintains with other nodes in the network. Nodes whigher degreef centrality are recognized as
more central athinfluential within the network due to their numerous connections with other nodes.

In the process of examining the data, statistical measures and centrality metrics for particular nodes
the network were presented, unveiling intriguing insights. fstaince, the maximum probability of
0.925 indicates a highly probable edge between nodes 'PED' and 'thermal storage,’' while the
minimum probability of 0.504 suggests a less dependable edge between nodes 'PED' and 'outside
community borders.'

Nodes with a radian probability around 0.646, such as 'PED' and 'transition to PED,' function as
bridge nodes, fostering network connectivity. Similarly, nodes with a mean probability of
approximately 0.771, like 'PED' and 'Electric batteries,' play pivotal roles talcamd influential
connectors.

Moreover, it was observed that nodes at the 25th percentile with a probability near 0.585, such as
'SPEN' and 'PED," share fewer common connections. In contrast, those at the 75th percentile with ¢
probability around 0.739ike 'PED' and 'outside boundaries,' indicate robust connections within the
network.

Correspondingly, the occurrence of dual peaks in the distribution of edge prediction probabilities
would suggest distinct types of relationships or interactions tea@sinclude Similarly, the dual
peaks in edge prediction could imply two scenarios under which edges are more likely to occur.
These dual peaks provide a nuanced understanding of interactions within the KG, offering valuable
insights. For instance, nagld?ED' and 'Electric batteries' could contribute to one peak, signifying
strong connections related to energy storage solutions, while nodes 'PED' and 'outside community
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borders' could contribute to another peak, reflecting connections pertaining takegtatnerships or
boundaries. This duality indicates two primary interaction modes: a technical aspect involving energ
and technology and a collaborative aspect involving external relationships. These valuable insights
play a crucial role in guiding th@anning of sustainable urban environments, facilitating the
optimization of both technical and collaborative dimensions.

Ultimately, the study's main objective was fulfilled in this sectiyrpresenting the edge predictions

in Table6. The "Top Predicted Edges" represent connections between nodes that do not have a dire
link in the network but are likely to be connected based on their calculated probabilities. The
probabilities indicate hae likely an edge wilbe established between these nodes. While only a
subset of these top predicted edges is lisard(top 10)thatwere identified to have probabilities

greater than or equal @5, suggesting their potential to form edges or haveggdgedicted for them

with those probabilitiedn order to present the most relevant and impactful findings, it was decided
to presenbnly the top 10 edge predictions in the results section. By displaying the top 10 prediction:
the focus is placed ondhmost confident and highly probable connections within the graph.

Table6.
Top 10 Predicted Edges
Nodes Probability
PED- thermal storage 0.925
PED- wind-pumped hydropower station on El Hierro 0.886
PED- core capabilities 0.8688
PED- SCI 0.864
PED- PED demonstration 0.862
PED- year 2022 0.857
PED- zero emissions of CO2 0.8%
EERA JPSG COOPERaTE 0.8
PED- wasted energy 0.838
PED- waste heat recovery 0.830

*(no mutual edge presented but have a mutual nodes)

7. KG Extraction from DBpedi&Vikidata

AppendixH is an illustratiorof the DBpediaKG. It offers detailed information about the
"Positive_Energy_District" entity and its related nodes. The obtained RDF triples provided crucial
insights into theentity's attributes, relationships, and connectisitisin the broadeKG. These

triples contained aluable details, such as namespace prefirdéinks to other related resources like

the "International_Energy_Agency_ Energy_in_Buildings_and_Communities_Programme,"
"Smart_city," and "Zeraenergy_building." Additionally, the graph included labels andlastract

that eloquently described the concept of a positive energy district as an urban area that generates «
much energy as it consumésgusingon resource sharing, energy efficiency, renewable energy, and
smart planning methods.

Furthermore, the eity "Positive_Energy_District” was found to be associated with diverse
categories, encompassing energy economics, environmental design, smatrt cities, sustainable
architecture, building, and urban planning. Notably, it emerged as the primargridpe Eglish
Wikipedia page Wikipedia-en: Positive_Energy_District," indicating its importance and relevance
within theKG.

However, the analysis also highlighted certain challenges. While some nodes were accessible and
could be found within th&G, they were ot adequately connectedtteemain targetPED's domain

This ismainly due to the novelty of the concept and the lack of comprehensive updates and
contributions from stakeholders and the community. As a result, some information remained
unlinked, brokenor had not been created at all, creating gaps in the network.
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7.1 Comparison: DBpediaarsusUserDefinedKGs

When considering the constructionkiGs for PEDsthere are pros and coassociated with using
DBpediacompared to usetefinedKGs.

DBpedia offers several advantagesK@ construction. Firstly, it boasts wide coverage,

incorporating a vast array of entities and relationships across diverse domains, making it highly
suitable for genergburpose applications. Moreover, DBpedia provides a standardized ontology and
guery langage, facilitating seamless interoperability and integration with &t@earand tools.
Additionally, the structured data format of DBpedia, specifically the RDF format, enables easy
representation of entities and relationships, allowing for smooth integnatih other RDFbased

data sources. Lastly, DBpedia benefits from an active community of developers and users who
actively contribute content, documentation, and tools, enhancing the overall support and usability o
theKG.

On the other hand, DBpediaaohave certain limitations. One major drawback is its limited
customization capability, as it is a predefingd. This limitation means that fingrained control

over the types of entities and relationships to include may not be feasible, potentiadhynigjrits
suitability for certain specialized applications. Furthermore, since DBpedia is automatically extracte
from Wikipedia, the data it contains may contain errors, inconsistencies, and biases. Additionally,
there might be gaps in coverage for cardomains or entities relevant to specific applications.
Moreover, ensuring th€G stays upto-date with new information and changes in the underlying
Wikipedia pages can be challenging and titnasuming.

Conversely, usedefinedKGs offer several advaages. They can be tailored to specific domains or
tasks, providing greater control over the types of entities and relationships to include, thus making
them highly customizable. Additionally, usgefinedKGs can undergo manual or automated
curation, leadig to higher data quality control and data verification, resulting in more accurate and
reliable information.

However, constructing and maintaining udefinedKGs also comes with some challenges. They
may have limited coverage compared to-@xestingKGs like DBpedia, potentially resulting in less
comprehensive resulBuilding and maintaining usetefined KGs can aldoe time and resouree
intensive, especially for large or complex domains. FurthermoredefieedKGs may not conform

to standard formats or ontologies, making integration with other data sources or tools more
challenging.

When considering DBpedia and Wikidata K& construction related to PED, both sources offer
structured and sensitructured data that can be utilized. However, there are differences in terms of
coverage and quality of information. DBpedia offers relevant information on related topics such as
sustairable development and renewable energy but has limited data specifically focURED an

the momentOn the other hand, Wikidata provides more comprehensive information related to any
domain, including PED, with details on specific projects, organizatamnstechnologies. However,

the data in Wikidata may not always betoglate or accurate due to its reliance on community
contributionsNo data published in Wikidata can be found for the PED, @agkthe code assigned to
each entity does not return aimyormation.

Constructing &G solely based on DBpedia or Wikidata fEDsmay lead to incomplete or

inaccurate information. Therefore, it may be more appropriate to consideramstructedKGs that
amalgamate data from multiple sources for a morepcehensive representation and management of
knowledge related to PEDs. This approach is especially beneficial until more comprehensive and u
to-date data become available in DBpedia and Wikidata. NonethelesspusauctedKGs are more
flexible and usefriendly, allowing for multiple ways of studying and analyzing data (see also
AppendixC. Table for further details).

To back up théact, as mentioned abovEable7 is the Evaluation Performancetbe user
constructedKG (our KG)vs. DBpedia. To asse the performance tieuserconstructedG was
compared with the weknown knowledge base DBpedia, which serves as a benchmark for general
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purpose knowledge. The evaluation was based on the presence of entities in both KG and DBpedie
and the metricssed were precision, recall, and F1 score.

Theevaluation resultgdicate thathe userconstructedKG exhibits limited overlap with DBpedia.

The precision value of approximately 0.00052 suggests that dimly roportion of entities ithe
userconstructedG are also present in DBpedia. However, the recall value of 1.0 indicates that all
the entities present in DBpedia were correctly identifigthénuserconstructedKG, whichmeans

that whilea userconstruted KG might be selective in its coverage, it accurately captures entities that
exist in the DBpedia knowledge base.

Table7: Evaluation TablePerformance of. DBpediasuserconstructecKG

Metric Value

Precisiort 0.00052
Recall** 1.00000
F1 Score *** 0.00104

*precision value= the proportion of entities in our KG presedin DBpedia A higher precision value indicates a stronger
alignment between the two knowledge bases.

** Recall = the proportion ofDBpedia entitiegorrectly identified in our KG.

** F1 score= harmonic mean of precision and recgitovidinga balancedverall perbrmance measer

In our case, the KG hagperfect recall for the entity "Positive_Energy_District," but the overall
precision is relatively low, suggesting thlé userconstructedG has limited overlap with
DBpedia.

8. Discussions:
8.1 The Necessity G Updates by Community

This study foundPEDas atopic requiring cooperation among multiple stakeholders and managing
various challenges. Over time, PEDsleapandedts scope to encompass diverse areas, such as
financial aspects and partnerships with different sectors of the economy. The key to a successful at
enduring PED venture lies in the constant growth and updates of the knowledge base.

A KG serves as a comprehensive tool capable of encompassing the vast domain of PEDs. The
objective is to construct a thorough and interconnected gragdmpassing the entirety of PED
knowledge which is an ongoing pursuit. ik important to note that thistudy's KG has not yet

achieved a state of full completion, despite efforts towards achieving that goal, in@pgigmgan

edge prediction approach. A pivotal technique in pursuing this completeness is edge prediction. Thi
approach aids in the idéfitation of potential relationships and the establishment of connections, or
"edges," between pertinent nodes within the graph. By addressing gaps within the KG, edge
predictionenhanceds overall comprehensiveness and informational significance.

Community engagement is essential to ensuring thakKtBegemains ugo-date. By encouraging the
contributions of diverse stakeholders and experts to enrich and update the graph eitigesest
missing connections within potential nodes to eventually acki@amplete grapbould befound

This cooperative, inclusive approach guarantees th&t@eontinually develops, strengtheniRgED
initiatives' continuous evolution and efficadyhis approach to knowledge building ensures the {ong
term sustainability and success of PED projects by maintaining a broad, multifaceted, and
continuously updated knowledge base.

8.2. Exploration of CommunityBased Detection

Furthermore, irexploringcommurity -based detection, Community O's degree centrality,
investigating its unigue patterns, influential nodes, and relationskgssexaminedmbedded within
theKG. This analysis presented challenges, particularly vdeéerminingthe most efficient

communty. Conductance, which measures the level of interconnectivity, did not clearly distinguish
community efficiency(Perozzi & Akoglu, 2018When considering this measure alone, all
communities demonstrated a conductance of 0.5, indicating equivalentdeigsrconnectivity



Pag£50

with the rest of the graphklsingConductance as an efficiency metric posed difficulties, as it didn't
successfully differentiate between the efficiency levels of various communities.

In response to this challenge, the needaftditional criteria to gain a more holistic understanding of
community efficiency, considering both connectivity and thematic coheresaseecognized This
combined assessment allows us to evaluate a community's efficiency and its consequential impact
the broader network more effectiveliye focused on degree centrality when selecting the top 10
nodes from Community.Orhese nodes, with the highest number of connections within the
community, serve as significant drivers of information flow and collaiam. Their influential role
shapes the community's interactions and success rate in implementing Positive Energy District
projects. A detailed analysis of these top 10 nodes enh#éimeedderstanding of the community's
structure, shedding light on kelyeimes, patterns, and important individuals whose projects have
significantly contributedo the community's achievements and advancements WEih

8.3 Visualization and Representation

Exploring furtherinto the structure of thKG, Fig. 7 portrays thearious concepts within the PEDs.

The objective is to find the longest path within the graph, which uncovers intermediary concepts
along the routes. However, given the graph's acyclic nature (indicating no cycles or loops exist, anc
each node can only hisited once in any path), an optimal egieectional path cannot be feasibly
presented; multiple such paths may exist. Figreéseng one of these possible paths for illustrative
purposes. Due to this acyclic characteristic, multiple paths of equal length might be encountered
between two concepts. This makes it crucial to consider all possible toutederstand their
relationships ad semantic associations comprehensivieispite the benefits of exploring all

possible routes for exhaustive insights, the figure concentrates on one specific path to maintain clar
in explanation.

8.4 Comparative Analysis of Node2Vec and DeepWalk

Another significant facedf discussiorwould be arounthe Comparative Analysis of Node2Vec and
DeepWalk for Graph Embeddingdode2Vec was chosen based on careful observation and thorough
evaluations. DeepWalk remains valuable in scenarios where a mersedexploration of the graph
structure is required. On the contrary, Node2Vec's higher average similarity could prove
advantageous for identifying more cohesive groups or communities in the lgrémbk.section, the
analysis of summary statistics andtbgram shape provides valuable insights into the distribution of
cosine similarities for both DeepWalk and Node2Vec embeddings, thereby assisting researchers ar
practitioners in selecting the most appropriate method based on their graph analysisstgadtiv
desired characteristics of the resulting embeddings.

8.5 Clustering Node Embeddings and Visualization

A further point worthy of discussion is foundtime clustering node embedding sectwhgerethe
discrepancy between thé&sNE plot and the optimal number of clusters can be attributed to the
different aspects being considered. T8NE plotvisually representthe data's clustering pattern,
suggesting a less organized structure in DeepWalk edtirigsd On the other hand, the elbow method
and silhouette scores take into account the clustering quality and hosepathted the clusters are,
leading to different optimal numbers of clusters for DeepWalk (2 clusters) and Node2Vec (10
clusters) despitthe difference observed in th&NE plot.The analysi®f Node2Vec's distribution
reveals that it is positively skewed and has higher kurtosis, indicating that the data is clustered arou
certain values with more extrenaalues The positive skewness Nbde2Vec's distribution indicates
thatnode similarity vales are typically higher and clustered around spewifd-defined values.
These distribution characteristics suggest that Node2Vec captures meaningful relationships and
structural properties b@een nodes in the graph, resulting in bettefined and more cohesive
clusters than DeepWalk.
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8.6 Cluster Visualization and Overlaps

A further point to consider involves the visualization of clusters within distinct boundthies.
clusters mighbverlap, yet such a phenomenomiginy due to the challenges in reducing high
dimensional data into two or three dimensions. Technique®&lepWalk and Node2Vec aim to
mitigate these complexities by transforming hiljmensional embeddings into a simplified space,
which can unavoidably lead tisible overlap.

Moreover, data points themselves can present inherent overlaps due to tcabeim@iure a

common characteristic of realorld data. Other contributors to the overlap include noise within the
dataset and the assumptions made by clustering algorithms. Also, the selected parameters for the
clustering and visualization methods carpact the representation. However, it is crucial to note that
such overlap does not necessarily suggest an error in the clustering process but canditeeat sifle
the simplification process of higimensional data representation.

8.7 Edge PredictioModels and Threshold Selection

A different facet of discussion that deserves attention is found in the Model section, where the choic
of the best model for edge prediction iK@ can be affected by the task's requirements and specific
application. Logistic regression emerged as theperforming model with the highest accuracy and
F1-score, but support vector machine (SVM) closely competes with it and may be considered as an
alternative. The reason why SVM might be considered as an alternative to logistic regression is its
ability to handle complex and ndimear relationships between features. SVM is known for its
flexibility in capturing intricate decision boundaries, which can be advantageous when dealing with
complex data distributions in th&G. It excels in highdimensional spasg making it suitable for
scenarios where the number of features or dimensions is substantial. Additionally, SVM is less pror
to overfitting, which is a common concern when dealing with small datasets or noisy data. It aims tc
find the optimal decision hmdary that maximizes the margin between different classes, leading to
good generalization performance (Lao, Mitchell, & Cohen, 2011; Ferndrateas et al., 2022).
However, the choice between logistic regression and SVM depends on data characteristics,
interpretability requirements, and computational constraints.

An additional subject worthy of discussion arises in the context of edge prediction, where the choice
of the threshold plays a crucial role in determining the model's performance. A thresh&dsof
commonly used as a starting point in binary classification problems, such as edge prediction, where
there are two classes to predict (presence or absence of an edge). It represents a balanced decisio
point, equally valuing false positives and &tgegatives. By adjusting the threshold, it becomes
possible to control the traddf between precision and recall. A higher threshold (e.g., 0.7 or 0.8)
increases precision but may result in lower recall as the model becomes more cautious in making
positive predictions. This can reduce the number of false positives, which are cases where the mod
incorrectly predicts the presence of an edge. On the other hand, a lower threshold (e.g., 0.3 or 0.4)
prioritizes recall, increasing the chances of capturing pasitive edges, but it may also lead to more
false positives.

Edge prediction analysis is also a noteworthy aspect that deserves atiehgemprediction results
revealed the bimodal distribution observed in the edge prediction probabilities, imglitei

presence of distinct groups or clusters within the graph. This bimodal behswggests the

existence of different patterns or relationships within the graph, which can be further explored and
analyzed. The analysis of the probability distribustiowed two separate peaks, signifying the
presence of two separate clusters or modes within thelda@ppendixG, statistics provide insights
into the differences between the two clusters. Cluster 1 has a lower average probability, slightly
negative skwness, and a more negatively peaked (ligtatiéed) distribution compared to a normal
distributionandplatykurtic distributionOn the other hand, Cluster 2 has a higher average
probability, positive skewness, and a distribution that is closer to a normal distribution in terms of
tailedness. The standard deviation values for both clusters suggest that the probabilities atg relativ
tightly distributed around their respective means.
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8.8 QuestiorandAnswer Component and Node Embeddin@ EDsKGs

An additional point of discussion that is notable pertains to the quesimanswer component,
where the Universal Sentence Edepplays a crucial role in enhancing questimiswering systems.
It does this by generating higjuality sentence embeddings and enabling semantic simibesiyd
retrieval. Through the thorough application of evaluation metrics, quemsti®nering systas were
assessed, leading to a comprehensive understanding of their performance and contributing to
continuous system improvement. However, in the domain of questidanswer exploration with
KGs, a significant challenge arises in ensuring the accuratyedevance of retrieved answers. This
is particularly true for large and compl&xGs where false or outdated information may be
encounteredessential measures such as ongoing updates, data quality assurance, and human
validation should be implementedstsengthen system reliability

Ultimately, the comparison between Node2Vec and DeepWalk for node embedding in graphs and tl
Universal Sentence Encoder (USE) for questinewering serves distinct purposes, with no

definitive superiority of one over thather. Node embedding techniques like Node2Vec and
DeepWalk excel in extracting knowledge about the connections between nodes and the overall
organization of the graplt the same timehe USE is effective in extracting knowledge from

textual data and providing relevant answers to natural language queries. Integrating these techniqu
can offer a comprehensive understanding of the data, bridging the gap betwednagetphnd text

basel insights and obtaining valuable information for decisizaking and further research in the
domainof PED.

8.9 Edge Prediction vs. Feature Importance

In exploringPED& KG using logistic regression, feature importance was closely examined to gain
insights into the prominence of individual nodes. The node "MAKING CITY" was identified with a
coefficient of 4.68, suggesting that edges originating from this particular node were likedyetmse

the logodds of an edge's existence significanilis obseration emphasized its potential centrality

in PEDrelated relationships. Similarly, high coefficients were found for cotspigcific PED nodes

like "Poland PED "Bulgaria PED" "Spain PED' and "Turkey PED underscoring their pivotal

roles in theKG. In contrast, entities associated with technical systems, such as "Heating and Coolinc
systems' and other countries like the Netherlands and Italy were observed to have milder
coefficients, indicating a less pronounced influence.

However, it was noted thédature importance alone might not fully captureabmplex interactions
and dependencies within the K@articularly in intricate domains like sustainable urban
development. This limitation was highlighted when nodes with lower coefficients, such ag "PED
were seen to still exhibit some influence on determining relationships.

To address these analytical nuances, edge prediction techniques were employed. Potential
relationships were identifiednd links between related nodes were established, enhancing the graph
completeness and informational depth. Through this approach, a deeper understanding of the grapl
inherent structure was achieved, and previously hidden patterns were uncoverieg), ttedi

analysis. The adaptability of edge prediction, along with its potential for application across various
domains, solidified its importance in understanding complex structures Wi@sn

For a comprehensive breakdown of nodes and teiesponding coefficients, Appendix | can be
consulted.

8.10 Future development

The study yielded valuable insights into the graph's relationships, similarities, and potential
connections by constructingkds on PEDsand employing various technicgiédowever, for future
development, several aspects warrant further exploration to enhance the effectivenesshatsgréph
analysis
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Data enrichment efforts can be made to gather information from diverse and reliable sources,
collaborating with domain expertstakeholders, and communities to fill the gaps and impiatee
guality. Moreover, integrating data from multiple domains and considering temporal dynamics can
provide a holistic understanding of sustainable urban development and its interconnectgdness w
social, economic, and environmental factédditionally, incorporating advanced node embedding
techniques, such as GraphSAGE or Graph Attention Networks (GAT), may further enhance the
representation of nodes and relationships withirkiGe

Humanin-the-loop involvement involves the active participation of domain experts, stakeholders,
and communities in the analysis process, providing valuable insights, validating findings, and
ensuring that the analysis aligns with realrld scenarios ancequirements.

Explainable Al refers tancorporatingechniques that provide transparency and interpretability to the
edge prediction models, allowing stakeholders to understand the reasoning behind the predicted ec
connections.

Userfriendly interfacesan facilitate meaningful engagement and ensure the analysis aligns with
realworld requirements, enabling researchers, policymakers, and urban planners to query, explore,
and interact with th&G, empowering them to gain valuable insights for decisnaking.

Moreover, dynamic visualization techniques can progidiateractive exploration of the data, while
integration with 10T data can enrich tK& and offer reatime insights into urban environments.

While this studypresentd the potential of grapbased analysis in the context of PEDs, addressing
limitations and ethical considerations (to ensure the responsible and fair use of data and to prevent
any negative impact on individuals or communities involved in the study) and exploring future
directiors will strengthen the understanding and implementation of sustainable urban development
initiatives.

9. Conclusion

This paper presents a comprehensive analysik@ éor PEDs using data from various research
articles. The graph's construction and exploration provided valuable insights into the intricate
relationships, patterns, and structure within the domain of PEDs. Various visualization technigues,
subgraph extraitin, community detection, edge prediction, and node embedding methods were
employed to understand aadalyze the content and connections within the.

Throughout the analysis, the significance of collaboration and conceptual frameworks in the PED
domainwas emphasized, highlighting the need for a comprehensive representation of entities such
projects, technologies, organizations, and locations. The use of filtering techniques and subgraph
extraction allowed for a focus on specific domains of intereggaling important insights into the
relationships within thosdomains.Thevisual representation of th&s facilitated a deeper
understanding of the complex networks of entities and their connections. Nodencpl@abéeling,

and legends aided reselaers and domain experts in interpreting andlyzing the graph, providing
valuable insights into the relationships and patterns within the data.

Moreover,in-depth analyses of categorical relationships within the graph unveiled hidden patterns o
interconnectedness and dependencies among different cateGori@sunity detection techniques
identified distinct communities within the graph, shedding lighinterconnected nodes' structural
organization, patterns, and cluster

The evaluation of a questi@nswering system based on the graph brought to light challenges relatec
to precision and recall, calling for further improvements in this area. The comparative analysis of
graph embeddings demonstrated the effectiveness of2Neddn capturing similarities and

connections within th&G, outperforming DeepWalk in terms of clustering quality and edge
prediction. Logistic regression was adopted as the&vforming model for edge prediction,

providing valuable insights into potigl connections within the network.

Furthermore, clustering analysis using Node2Vec embeddings revealed the presence of distinct
clusters within the graph, with Node2Vec outperforming DeepWalk in capturing similarities and
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clustering quality. These clest represented groups of interconnected nodes, providing a clearer
picture of the relationships and similarities among entities within the PED domain.

Moreover the exploration of edge prediction using the Node2Vec method and logistic regression
classifcation accurately predicted the existence of edges iK@aNe identifiedthetop predicted
edgesThese predictions provided valuable insights into potential relationships and associations
within the domainFurthermorethe analysis of edge predictiorsults revealed a bimodal

distribution in the edge prediction probabilities, suggesting the presence of distinct groups or clustel
within the graph. This observatiafiowsfurther exploration and analysis of different patterns or
relationships within ta graph.

Additionally, the comparison between DBpedia and our-gsaesstructedG reveals a limited

overlap between their entities. While the usenstructed KG exhibits high recall by correctly
identifying the entity 'Positive_Energy_District' from DBpedia, it also contains numerous entities not
present in DBpedia, leading to low pigon. This discrepancy can be attributed to the relatively

novel nature of the PEDs domain andtably, the significant impact of online scarcity on the

DBpedia knowledge base KG. The lack of available information online for the PEDs domain has
affectedthe results and underscores the need to address this limitation. Therefore, enhancing the K
coverage and accuracy requires continuous efforts in data enrichment, validation, and cross
referencing with other reliable sources to ensure a robust anddadybeknowledge representation.

In conclusionconstructing andnalying a KG for PED have provided valuable insights into the
domain.Combiningtechniques such as longest path analysis, edge prediction, clustering, degree
centrality, and node embeddihgs enrichethe understanding of thKG, offering valuable insights

for decisioamaking, network planning, and optimization efforts within the domain. The bimodal
distribution observed in the edge prediction probabilities adds a significant dimengdieratwatysis

by identifying distinct groups within the graph and revealing potential relationships and connections
between nodes. This understanding contributes to a better comprehension of the structure,
relationships, and importance of nodes within ttebr These findings pave the way for further
research and advancements in sustainable and eeficignt urban development, ultimately
contributing to the progress of the PED domain.

Thisthesis successfully addressed its aim of constructing a spedié{&zfor PEDand evaluating

the effectiveness of graph/node embedding techniques in representing the KG. The data processin
and analysis techniques employed ensured the quality and relevance of the collected data, allowing
for the identification and extraction of sifjcant entities related to PED, as well as the extraction and
classification of relationships between entities. The constructed KG provided-levedh

representation of the knowledge structure of PED, facilitating a comprehensive understanding of
interconnected concepts and relationships

Overall, this thesis has made significant contributions to the field of sustainable urban development
by leveraging grapbased analysis and visualization technigues to enhance the understanding and
implementation oPED. The findings and methodologies presented in this thesis provide a
foundation for further research and development in the domain of PEDs, with potential future
directions including data enrichment efforts, incorporation of advanced node embeddimngesshn
humanin-the-loop involvement, explainable Al techniques, and digendly interfaces. By

addressing these aspects, the effectiveness of-gega@d analysis can be further enhanced, leading

to more informed and sustainable urban developmenttinid
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Appendix

Appendix A: Definition of different terms and methods:

Term

Description

Algorithm

Accuracy(Grover & Leskovec,
2016).

Accuracy is a measure of correct predictions made by a
classification model. It calculates the proportion of corre
predictions over the total number of predictions.

Accuracy (A) = (Number of Correct Predictions) / (Total
Number of Predictions)
Where:

Number of Correct Predictions is the count of instances that
correctly classified by the model (true positivesuetr
negatives).

Total Number of Predictions is the total number of instances
the dataset.

In a binary classification problem, accuracy quantifies the
percentage of instances that are correctly classified as either|
positive or negative by the modelpitovides an overall measur
of how well the model performs in making correct predictions|

AndersonDarling Test(Jantschi &
Bol boact, 2018)

AndersonDarling Test is a statistical test used to validat
whether a sample comes from a specific distributiorty su
as a normal distribution.

BreadthFirst Search (BFS) (Gross,
Yellen, & Anderson, 2018)

BreadthFirst Search is a graph traversal algorithm that
explores all the nodes at the current level before moving
to the next level. It is used to find the sfest path betweer
nodes and explore nodes in increasing order.

- Choose a starting node as the source node and mark it as
visited.

Initialize a queue data structure to keep track of the nodes to
visited in a FIFO (Firstn-First-Out) order.

Enqueue the source node into the queue.

While the queue is not empty, do the following:

a. Dequeue the front node from the queue.

b. Process the node (e.g., print it or perform specific operatio
c. Enqueue all the unvisited neighboring nodes of theentir
node into the queue and mark them as visited.

d. Repeat steps (a) to (c) until the queue becomes empty.

Cohen's d (Goyal, Pandey, &
Thakur, 2020)

Cohen's d is a measure of effect size that quantifies the
difference between two group means in termthef
standard deviation. It is used to assess the practical
significance of a difference between groups. Cohen's d
statistical measure used to quantify the effect size of the
difference between two groups in a study. It is commonl|
used in hypothesi®sting and to assess the practical
significance of an observed difference. Cohen's d is
particularly useful when comparing means between two
groups to determine the magnitude of the effect.

Cohen's d = (Mean of Group-Mean of Group 2) / Pooled
Standardeviation

Where:

Mean of Group 1: The mean of the first group (e.g., treatmen
group).

Mean of Group 2: The mean of the second group (e.g., contr
group).

Pooled Standard Deviation: A combined measure of the
variability within both groups.

Conductance (Perozzi & Akoglu,
2018)
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Conductance is a measure used to evaluate the quality
communities within a network. It quantifies how well

connected a community is to the rest of the network.

Conductance is especially useful in the context of graph
partitioning or community detection, where the objective
to identify groups of nodes that are more densely conne
internally and have fewer connections to nodes outside

group.

Conductance(C)=(E_C/2)/(E_C/2 +E_S)

Where:

C: Thecommunity or cluster for which conductance is being
calculated.

E_C: The number of edges within the community (intra
community edges).

E_S: The number of edges between the community and the
of the network (intecommunity edges)
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DeepWalk(Perozzi et.a2014).

DeepWalk is a network representation learning algorithr|
that generates node embeddings using random walks 0|
graph. It treats random walks as sentences and applies
Word2Vec to learn embeddings.

Degree of CentralifNewman &
Girvan, 2004).

For directed graphs:

In-Degree Centrality(v) = Number of incoming edges to
node v

OutDegree Centrality(v) = Number of outgoing edges
from node v

Degree of Centrality
ThemegNewman & Girvan, 2004).

Degree of Centrality Themes measuresitiy@ortance or
influence of a node in a knowledge graph based on the
number of thematic connections it has (degree).

DepthFirst Search (DFS) (Gross,
Yellen, & Anderson, 2018)

DepthFirst Search is a graph traversal algorithm that
explores as far as pokk along each branch before
backtracking. It is used to discover paths and explore th
deepest nodes of the graph first.

- Choose a starting node as the source node and mark it as
visited.

Initialize a stack data structure to keep track of the nodes to
visited in a Lasin-First-Out (LIFO) order.

Push the source node onto the stack.

While the stack is not empty, do the following:

a. Pop the top node from the stack.

b. Process the node (e.g., print it or perform specific operatio
c. Push all the unsited neighboring nodes of the current node
onto the stack and mark them as visited.

d. Repeat steps (a) to (c) until the stack becomes empt

Elbow Method (Habib, 2021)

The Elbow Method is a technigue used to determine the
optimal number of clusters forgaven dataset in clustering
algorithms. It is a visual method that helps identify the
"elbow" point in the plot of the withieluster sum of
squares (WCSS) against the number of clusters. The W
measures the sum of squared distances of each data p
its assigned cluster centroid.

F1 Score(Grover & Leskovec, 2016

F1 Score is the harmonic mean of precision and recall g
is used as a single metric to evaluate the performance @
binary classification modelt balances precision and recd
for imbalanced datasets.

F1 Score = 2 * (Precision * RecalljPrecision + Recall)

Where:

Precision is the number of true positive predictions divided by
the total number of positive predictions (true positives + false
positives). It measures the accuracy of positive predictions m
by the model.

Recall (also knowas Sensitivity or True Positive Rate) is the
number of true positive predictions divided by the total numb
of actual positive instances (true positives + false negatives).
measures the ability of the model to identify all positive
instances correctly

The F1 score ranges from 0 to 1, with 1 being the best possil
value indicating perfect precision and recall. A higher F1 sco
indicates a better balance between precision and recall, mea|
the model is making accurate positive predictions while
minimizing false negatives.

Gaussian Mixture Model (GMM)
(Bishop, 2006)

GMM is a probabilistic model used for clustering and
density estimation. It assumes the data is generated fro
mixture of several Gaussian distributions.

Gaussian Mixture Model (GMM)one dimensional or two
deimensial how to specify the parameters

Jaccard Similarity Coefficier{Tan,
Steinbach, & Kumar, 2016)

Jaccard Similarity Coefficient is a measure of similarity
between two sets. It calculates the size of the intersecti
divided bythe size of the union of the selsccard
Similarity Coefficient is a measure of similarity between
two sets. It calculates the ratio of the size of the interseq
of the sets to the size of their union. The Jaccard Simila
Coefficient is often useth data mining, information
retrieval, and machine learning to compare the similarity
between two sets of data

J(A, B) = BA z B| I |A

Where:

J(A, B) represents the Jaccard similarity coefficient between
A and B.

| A~ Z B| i s interbeetionsof seteA aod B (ite.htlee
number of elements common to both sets).

|A* B is the size of the union of sets A and B (i.e., the total
number of unique elements in both sets).

Jaccard Similarity Coefficient ranges from O to 1, where 0
indicatesno similarity (no common elements between the set
and 1 indicates perfect similarity (the sets are identical)

Kernel Density Estimation (KDE)
(Qin & Xiao, 2018)

KDE is a nonparametric method used to estimate the
probability density function of a contious random
variable. It represents the distribution of data as a sum
kernel functions centered at each data point.

Kurtosis (Groeneveld & Meeden,
1984)
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Kurtosis is a measure of the shape of a probability
distribution, indicating how heavy or lighte tails are
compared to a normal distribution. Positive kurtosis
indicates heawyailed distributions.

Kurtosis 6 )
Where:

X is each data point in the dataset.

x 5 the mean (average) of the dataset.

n is the number of da points in the dataset.

s is the standard deviation of the dataset.

Interpretation of Kurtosis:

I'f the kurtosis is positive
indicating heavy tails and a more peaked central region.

If the kurtosisimegative (8@ < 0), th
indicating lighter tails and a flatter central region.

I f the kurtosis is close to
indicating a normal or behaped distribution.

x-0& ( (0 * s )]




Louvain Methodc

Louvain Metlod is a community detection algorithm use
in network analysis. It aims to identify groups of nodes
(communities) with higher density of connections within
the group compared to connections between groups.

Modularity (Q) =E[ (e_in-a_in) / (2m) ]

Where:

Q is the modularity score.

F represents the sum over a
e_in is the number of edges between nodes within the same
community (intracommunity edges).

a_in is the expected number of edges between nodes wighin
same community in a random network with the same degree
distribution.

m is the total number of edges in the network.

The Louvain method aims to maximize the modularity score
iteratively optimizing the assignment of nodes to different
communities. Durig each iteration, the algorithm evaluates th
potential gain in modularity if a node is moved to one of its
neighboring communities and performs the move that results|
the highest increase in modularity, provided that the increase
positive. This proess continues until no further improvement i
modularity can be achieved, indicating that the communities
well-optimized.

Node2Vec(Perozzi et al., 2014)

Node2Vec is a network representation learning algorith
that learns continuous vect@presentations (embeddingg
for nodes in a graph. It captures the structural propertie
the network in embeddings.

Pearson Correlation Coefficient
(Goyal, Pandey, & Thakur, 2020)

Pearson Correlation Coefficient is a measure of the line
correlationbetween two variables. It assesses the streng
and direction of the linear relationship between the
variables.

B o ddw o

Bo ®f ® o
Where:
x and y are the individual data points of the two variables bei
compared.
xand 0 aans(averdge values) of the two variables,
respectively.

F denotes summat.i
the dataset.

The Pearson correlation coefficient ranges frarto 1:

If r = 1, it indicates a perfect positive linear relationship
meaning that as one variable increases, the other variable
increases proportionally.

If r = -1, it indicates a perfect negative linear relationship,
meaning that as one variable increases, the other variable
decreases proportionally.

If ris close to Ojt indicates a weak or no linear relationship
between the two variables.

The magnitude of the correlation coefficient (absolute value)
represents the strength of the linear relationship, while the si
(+/-) indicates the direction of the relationship.

Peason's correlation is widely used in various fields, includin
statistics, data analysis, machine learning, and scientific rese
It helps to identify patterns and dependencies between varial|
which can aid in making informed decisions and drawing
meaningful insights from data. However, it is important to not
that Pearson correlation assesses only linear relationships, a
may not capture nelinear dependencies between variables.

on, i.e.,

Precision(Grover & Leskovec, 2016

Precision is a measure tbie true positive rate among the
predicted positive cases by a classification model. It
quantifies the proportion of correctly predicted positive
instances out of all predicted positive instances.

True Positives / (True Positives + False Positives)

Where:

True Positives (TP) are the number of instances that are corr
predicted as positive by the model.

False Positives (FP) are the number of instances that are
incorrectly predicted as positive by the model.

A high precision value indicates that the midues a low false
positive rate and is reliable in identifying positive cases. It mg
that when the model predicts an instance as positive, it is hig
likely to be correct.

Probability Density Function (PDF)

PDF is a function that describes the likeldd of a random
variable taking on a specific valuerepresents the relative
likelihood of different values occurring.

Q-Q Plot(Wilcox, 2021)

Q-Q Plot (QuantileQuantile Plot) is used to assess whet
a sample distribution is similar to a theoretical distributid
It plots the quantiles of the data against the quantiles of
target distribution.

Random Shuffle Algorithm

Introducing randomess and creating random permutatio
of elements in ordered data structures. This is particular
relevant in KGs when dealing with recommendations, d
augmentation, and enhancing diversity in queries. In a K
it can be used to shuffle the order of quesults, ensuring
various perspectives are presented.

In a KG context, the formula can be understood as follows:
Start with an ordered list of entities. 2. For each entity at inde|
in the |list, wher e .Genaraermage s
random i nt e g e r Swap teeestity at inter itwitl
the entity at index j.

Re%rover & Leskovec, 2016)

Recall is a measure of the true positive rate in a binary
classification problem. It calculates the proportion of
positive instances correctly identified by the classifier ou

of all actual positive instances.

Recall = True Positives / (True Positives + False Negatives)

Where:
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True Positives (TP) are the number of instances that are cor
predicted as positive by tmeodel.

False Negatives (FN) are the number of instances that are
actually positive but incorrectly predicted as negative by the
model.

In other words, recall measures the proportion of actual posit
instances that the model correctly identified as pasiut of all
the positive instances in the dataset. It represents the model’
ability to capture all positive cases and avoid missing any tru
positive examples.

Root Mean Squared Error (RMSE)
(Goyal, Pandey, & Thakur, 2020)

Root Mean Squared Error isr@easure of the differences
between values predicted by a model and the actual
observed values. It is commonly used in regression ana|
to evaluate the model's performance.

Yo ..Y.OI*/I+ w Q! Q 2
Where:
yi represents the actual observed valuelferith data point.

y/l represents the predicted value for thik data point.

n is the total number of data points used in the evaluation.

ShapireWilk Test (Gonzéalez
Estrada & Cosmes, 2019)

The ShapireWilk test is another statistical test used to
determine whether a dataset is normally distributed. It ig
widely used for small to moderasized samples and is
more suitable for such cases compared to other normal
tests. The test assesses the null hypothesis that the dat|
follows a normal distribubn. It provides a test statistic an
a pvalue, and the null hypothesis is rejected if theajue

is below a specified significance level, indicating that the
data significantly departs from normality

Silhouette Score (Habib, 2021)

The Silhouette Scorie a metric used to evaluate the
quality of clustering in a dataset. It measures how well g
data point in a cluster is separated from other clusters.
Silhouette Score ranges frothto 1, where:

A score close to +1 indicates that the qadant is welt
clustered and far from other clusters.

A score close to 0 indicates that the data point is near th
decision boundary between two clusters.

A score close tel indicates that the data point may have
been assigned to the wrong cluster.

The Sihouette Score is particularly useful when the grod
truth (true cluster labels) is not available, as it provides
indication of the cluster quality without requiring labeled
data.

Silhouette Score(i) = (b(Ha(i)) / max(a(i), b(i))

Where:

a(i) is theaverage distance of the data point i to all other poin
within the same cluster. It measures how cohesive the data g
is within its own cluster.

b(i) is the average distance of the data point i to all points in {
nearest neighboring cluster (the ¢ersto which the data point i

is not assigned). It measures how veglparated the data point i
from other clusters.

The overall Silhouette Score for the entire dataset is the aver|
of the Silhouette Scores for all data points.

A high Silhouette Scorimdicates that the clustering is
appropriate and wellefined, with clear separation between
clusters. On the other hand, a low Silhouette Score suggests|
the clusters may be overlapping or not weelparated, indicating
potential issues with the clestng algorithm or choice of
parameters.

Skewness (Groeneveld & Meeden,
1984)

Skewness is a measure of asymmetry in a probability
distribution. It assesses the degree to which the distribu
deviates from symmetry around its mean.

Skewness[ E(x)3/(* 0] ) ]

X represents each data point in the dataset.
X s the mean (average) of the dataset.

n is the number of data points in the dataset.

G is the standard deviation
The skewness value can be positive, negative, or zero:
Apositive skewness (2 > 0)

tail on the righthand side (rightkewed or positively skewed).
In this case, the majority of the data is concentrated on the leg
side of the distribution, and the right tail is stretched out

A negative skewness (o2 < 0)
tail on the lefthand side (lefskewed or negatively skewed). In
this case, the majority of the data is concentrated on the righ
side of the distribution, and the left tail is stretchat o

A skewness of zero (o2 = 0)
distribution, where the data is evenly distributed around the
mean, and the left and right tails are of equal length.
Skewness is an important measure in statistics and data anal
as it help to understand the shape and characteristics of a
dataset. It is particularly useful when dealing with financial dg
insurance claims, stock returns, and other applications wherg
distribution of data can impact decisioraking and risk
analysis. Skeed data can have implications for choosing
appropriate statistical tests and models, and it can also affec
accuracy of predictions and estimates.

Tailedness (Groeneveld & Meeden|
1984)

Pagﬁ4

Tailedness, also known as skewness, is a statistical me
that quantifies the asymmetry of the probability distributi
of a dataset. It characterizes the degree to which the da|
skewed or tilted to one side of the mean, indicating the
presence of outliers or extreme values on one side of th
distribution..

Postive Skewness: In a positively skewed distribution, the tai
on the right side of the distribution is longer or stretched out,
while the left side is shorter. This indicates that there are mo
low values or outliers on the left side, and the bulk of tta &
concentrated towards higher values.

Negative Skewness: In a negatively skewed distribution, the
on the left side of the distribution is longer or stretched out,
while the right side is shorter. This suggests that there are m




high values oputliers on the right side, and the majority of the
data is concentrated towards lower values.

Symmetrical Distribution: A symmetrical distribution has equg
tail lengths on both sides of the distribution, and the data is
evenly distributed around the nmea

t-test (Goyal, Pandey, & Thakur,
2020)

t-test is a statistical hypothesis test used to determine
whether there is a significant difference between the me

of two groups.
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Appendix B. Nodeembeding with Nod2Vec and Deep Walklllustatlons
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Appendix C. Table of DbPedia and User constructedKG Pros and cons

Property User DBpedia/Wikid Clarifications
constructed KG ata KG
Data Accuracy Both userconstructedK GsandDBpedia/Wikidata knowledge
- - - graph can provide accurate data. However, the accuracy ef
g:]eiiizgl:r?dt?r(:\;hflf:nt]h:rr%artsa()lpiﬁcli)nnosvivslfgngc?eiral? ?elffe(z:(t);rtehcéy check Check constructecKGsmay depend on the quality control measures
faithfulness of the information to the reabrld entities and implemented during the construction process.
relationships it represents. (Hitzler et al., 2020)
Data Relevance UserconstructedK Gsand DBpediaWikidata knowledge graph
The degree to which the data included inkhewledge graph is Check Check can include relevant data. However, usenstructecK Gscan be
relevant to the specific domain of Positive Energy Districts and specifically tailored to focus on Positive Energy Districts,
aligns with the research question or project needs. (Bizer, Heg potentially providing more precise and relevant information.
BernersLee, 2009)
Data Completeness Both userconstructedKGsand DBpediaNikidata knowledge
The extent to which the knowledge graph includes comprehen Check Check graph can be designed to achieve data completeness. Howe
and comprehensive data coverage of the entities, properties, & DBpedia/Wikidata knowledge graph may have broader cove
relationships relevant to Positive Energy Districts. (Alani, Hall, across multiple domains, while usenstructedGscan
Shadbolt & O'Hara, 2005) grlont_lze completeness within the Positive Energy Districts
omain.
Ease of Use Check Check UserconstructedKGscan be customized to the specific needs
The ease with which users can interact with and navigate the USETS, T“ak'.”g them easier to use for targeted appllcaFlons.
knowledge graph, including the simplicity of querying,gupdating DBpedia/Wikidata knowledge graph offers a§tandardlzed
and managing the graph. (Heim & Gergatsoulis, 2018) structure and query I_ang_uage, which can facilitate ease of us|
generalpurpose applications.
Community Support Check/Uncheck | Check Both userconstructedK GsandDBpedia/Wikidata knowledge
The level of support and actieemmunity involvement in the graph benefit from community support. However,
development, maintenance, and improvement of the knowledg DBpedia/Wikidata knowledge graph has a larger and more
graph. Auer et al. (2017) established community, providing a wider range of content,
documentation, and tools.
Data Ownership Check Uncheck UserconstructedK Gsprovide full data ownership to the user of
organization constructing them. DBpedia/Wikial&nowledge
The ownership and control of the data included in the knowled grgph relies on commun?ty contributri’ons and may not pr%vide
g{:p()jr;t?cludmg the ability to modify, share, or restrict access | direct data ownership
Coverage for PEDs Check unCheck UserconstructedK Gscan specifically focus on Positive Energy
The extent tavhich the knowledge graph includes relevant Districts, ensuring comprehensive coverage within the domai
information specifically related to Positive Energy Districts, su( DBpedia/Wikidata knowledge graph may cover a limited rang
as projects, technologies, and organization of this new domains.
Up-To-Date Information Uncheck Check Both userconstructedKGsand DBpedia/Wikidata knowledge
The timeliness of the data in the knowledge graph, including tt graph can be updated to incorporate new information. Howe
frequency of updates and the inclusion of the latest informatio userconstructedGsmay require more effort to keep up with t
available. Bizer et al. (2009) latest developments.
Consistency of Information Check Check Both userconstructedKGsand DBpedia/Wikidata knowtige
The coherence and absenceaiftradictions within the data graph strive for consistency in information. Usenstructed
included in the knowledge graph, ensuring consistency across| KGscan ensure consistency within the chosen domain, while
different entities, properties, and relationships. Bizer et al. (20! DBpedia/Wikidata knowledge graph may have variations due
the nature of community contributions.
Customizability Check Uncheck Userconstructed Gsoffer high customizability, allowing users
The degree of flexibility and ability toustomize the knowledge to define the types of entities, properties, and relationships g
graph to specific research questions, project needs, or domain include. DBpedia/Wikidata knowledge graph provides a
specific requirements. Alani et al. (2005) predefined structure, limiting customization options.
Data Quality Control Check Check Both userconstructedKGsand DBpedia/Wikidata knowledge
The presence of processes, mechanisms, or measures to ens graph can implement data qualdgntrol measures. User
quality and accuracy of the data included inkhewledge graph. constrgcted(Gsa_IIow_ for_dlrect control a_nd verification,
Alani et al. (2005) potentially resulting in higher data quality.
Integration with External Data uncheck Check UserconstructedKGscan easily integrate external data source|
The ability of the knowledge graph to seamlessly integrate wit based on specific negdnit selfstructedkKG has not been
external data sources or tools, enabling data enrichment and dynamically connected. DBpedia/Wikidata knowgedyraph
expanding the scope offormation. Alani et al. (2005) offers integration capabilities but may require additional efforf
for specific data sources.
Accessibility Check Check DBpedia/Wikidata knowledge graph has a wider user base ai
The ease of access to the knowledge graph, including availabi established accessibility mechanisms.
via APIs, wehinterfaces, or other means, and the level of
openness or restrictions. Alani et al. (2005)
Semantic Representation Check Check UserconstructedKGsand DBpedia/Wikidata knowledge graph
The utilization of semantic technologies and standards to reprt both utilize semantic representation through RItis enables
and structure the data in the knowledge graph, facilitating interoperability and semantic querying.
interoperability and machine understanding. Bizer et al. (2009)
Size Check Check UserconstructedKGscan vary in size depending on the scope
The scale or magnitude of the knowledge graph, measured in and resources available. DBpedia/Wikidata knowledge graph
terms of the numbesf entities, properties, relationships, or the large-scale knowledge graph with extensive coverage.
overall daj@alume. Bizer et al. (2009)
Domain Syific Check Check UserconstructedKGscanbe specifically designed for the

The specﬁ@ of the knowledge graph to the Positive Energy
Districts don@in, including the inclusion of domaipecific

concepts, tedrninologies, and relationships. Bizer et al. (2009)

Positive Energy Districts domain. DBpedia/Wikidata knowled
graph covers a wide range of domains, including but not limit
to Positive Energy Districts




Resource Availability Check Check Userconstructed Gsrequireresources for data collection,

The availability of resources, such as documentation, tutorials] gurat:c_c;n,fand m;suntenance. DBped||aéW |kt|data knowl_tedge 9rg

tooling, to support theanstruction, management, and utilization ente_;Jst_rom alarger resource pool due to community

of the knowledge graph. Bizer et al. (2009) contributions.

Ontology Check Check constructedKGsdefine a specific ontology tailored to the

The existence of a wetlefined ontology or schema that capture| d?eﬂz;?ﬁzggi?é?éw'lt(rlggttjrgmw'edge graph follows a

the entities, properties, and relationships in a structured and P 9% '

standardized manner. Bizer et al. (2009)

Interoperability uncheck Check UserconstructedK Gsand DBpediaWikidata knowledge graph
- - - ] support interoperability with other systems through semantic

the ability d the knowledge graph to interoperate with other da . : o

sources, formats, or systems, enabling seamless data exchan| representations. Howe_ver, DBped|z_:1/W|k|data knowledge gra

integration. Bizer et al. (2009) benefits from standardized ontologies and query languages,

9 ' ' facilitating easier interoperability.
Cost Check Uncheck UserconstructedK Gsrequireresources for development and

The financial or resource implications associated with the
construction, maintenance, and utilizatiof the knowledge graph

including infrastructure and human resources. Auer et al. (201

maintenance. DBpedia/Wikidata knowledge graph offers freg|
access but may require additional efforts for specific use cas
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Appendix D: full Knowledge graph and snapshot of entities (nodes, relationships and categories)

e e T e TR M i -
S s G

e S & i e

* Country
PED concept
- city
* Renewables
and
* PED related
* others
PED tools
PED Model
Pre-PED concept

Snapshot table
source target edge source_class target_class
PEDRERA project urban transition towards PED accelerate research and innovation progr: PED related
Austria positiveannual energy balance achieve  Country others
POCITYF citizen engagement achieve research and innovation progrz others
PED and Neighborhoods associatior
program EU SET Plan with research and innovation progrz research and innovation progra
PED newenergy communities become PED concept others
Netherlands PED project Atelier called Country PED related
SPEN Sustainable Plus Energy Neighbourho called research and innovation progre others
PED e-mobility can utilize PED concept Renewables
PED building thermal mass can utilize PED concept others
PED RES can utilize PED concept Renewables
PED typologies of energy storages can utilize PED concept others
five staged achievable percentages
Ireland PED energy saving consider Country others
PED buildings manage energy consumpt  consists of PED concept others
PED urban infrastructure consists of PED concept others
PED thermal energy of geothermal system consists of PED concept Renewables
PED projects dedicated legal framework require PEDrelated others
PED projects hoc regulations require PED related others
PED energy efficiency require PED concept others
PED city contextual conditions require PED concept others
PED information sustainability plans require PED concept others
PED sufficient open spaces require PED concept others
Austria potential urban typologies select for  Country PED related
MAKING CITY Leon used in  research and innovation progre City
PEDRER@OI Spain used in  PED tools Country
IS conTINUED
t 0 955 o i éééééeééé. éééeeéé.
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Appendix E: Statistic anlaysis of two embeding method

Embedding | Mean Standard | Median Skewnesg Kurtosis | Range | 25th 75th
Method Similarity | Deviation | Similarity Percentile | Percentile
DeepWalk | 0.0941 0.1593 0.0820 0.6667 1.6296 | 1.4965| -0.0148 | 0.1891
Node2Vec | 0.3135 0.1495 0.2865 1.1110 1.9934 | 1.0770| 0.2065 0.3942

Appendix F. Gaussian Component

Gaussian Component 1: Gaussian Component 2:

Mean: 0.77062 Mean:0.5984264

Covariance: 0.0042 Covariance: 0.00314

Weight: 0.367929 Weight: 0.6320
AndersonDarling Test 1.633390
Statistic:
Critical Values: [0.562 0.64 0.768 0.896 1.066]
Significance Levels: [15. 10. 5. 25 1.]
ShapireWilk Test Statistic: | 0.9621627
ShapireWilk Test pvalue: 0.0002729

Based on the provided results, the following confirmations about the distrilcatione made

Bimodal Distribution: The presence of two Gaussian componentgliffithent means and
covariances suggests a bimodal distribution. The first Gaussian component has a mean of 0.7706 ¢
the second component has a mean of 0.5984.Component Weights: The weights of the two Gaussic
components indicate that the second compfWeight: 0.6321) is more dominant in the data
compared to the first component (Weight: 0.3679).AndeBaning Test: The Andersebarling
test statistic value of 1.6334 is used to assess how well the data fits a theoretical distribution. The
critical vdues and significance levels provide thresholds for determining the goodness of fit. Since
the test statistic value is greater than the critical value at a 5% significance level (1.6334 > 0.768), t
hypothesis that the data follows a specific theoretlsditibutioncan be rejectedrhis suggests that
the data's distribution may deviate from a common distribution like the normal distribution.Shapiro
Wilk Test: The ShapirdVilk test is another test for normality. The test statistic value of 0.9622 and
thep-value of 0.00027 indicate that the data significantly deviates from a normal distribution.
Therefore, the data is not normally distributed.In summary, the provided results confirm that the dat
follows a bimodal distribution with two Gaussian componehit& data is not normally distributed,
as indicated by both the Andersbarling test and the Shapiilk test. The presence of two
distinct peaks and the differences in the Gaussian component parameters support the bimodal natt
of the distribution.

Appendix G. Bimodal clustersEdge Predictions

Kernel Density Estimation (KDE) Plot for Two Clusters

. Fluster2 Statistics Cluster 1 Cluster 2

5 Average Probability 0.5968 0.7790
Za Standard Deviation 0.0517 0.0556
&, Median Probability 0.5977 0.7700

2 A Skewness -0.1545 0.7767

1 K Kurtosis -1.1327 -0.0303

oS 0.6 o7 0.8 o9 10
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Appendix H. DBPEDIA Knowledge graphs

Page7 2

@prefiz dbo: <http:/fdbpedia.org/resource/Category: s
@prefis dbo: <http:/idbpedia.orgfontology/»

@prefix dbp: <hitp:/fdbpedia.org/property/>

@prefix dbe: <http://dbpedia.org/ressurce/s .

@prefis dbt: <http://dbpedia.org/rescurce/Template:
@prefiz doterms: <htip:/fpurl.orgfdo/ierns >

@prefin foaf: <hitp:f/xmins.com/foat/@.1 >

@prefin nsG: <https://global.dbpedia.org/id/s

@prefix prov: <http:ffwwn Wl org/ns/provis

@prefix rdfs: <http:/ffwwe.wd.org/2ee@/81/rdf-schenalls .
@prefin wikidata: <hitp:/fwiw.Wikidata.orgfentity s
@prefix wikipedia-en: chitp:/fen.wikipedia_ crg/wikifs .
@prefin xed: <hULp:/fwew.W3.org 2881/ ¥MLSchemall> .

dbr: International_Energy_Agency Erergy_Ln_Bulldings_and_Communities_Programme dbo:wikiPageWikILink dbr:Positive_Energy_District

dbr:Smart_city dbo:wikiPageWikilink dbr:Positive_Energy District .
dbr:Zero-energy_bullding dbo:wikiPageWikiLink dbr:Positive_Energy_District
wikipedia-en:Positive Energy District foaf:primaryTepic dbr:Positive Energy District .

dbr:Positive_Energy District rdfs:label “Positive Energy Districi™@en
dbo:abstract 774 positive energy district (PED} is an wrban arez that produces at least as auch energy on an annual basis
as it consumes. The purpose of a PED 1s not to be an island isolated from the rest of the energy system but rather 2 functional
and flexible part of the larger whole. The impetus o develop whole positive energy districts Instead of single Buildings is ba
sed on the possibility of sharing rescurces, managing energy efficiently systens across many buildings and reaching economics o
f scale. The owerarching design principles of PEDs can be summarized as follows:
* Development of a PED should start by minimizing lecal energy demand by applying all reasonable energy efficiency measures.
* Remaining energy needs of the PED should be covered as far as reasonably possible by locally produced renewable of Zero-eémiss
Lon energy. Thus the planning of a PED focuses on the local conditions, awvailable energy resources and the possibilities of reu
cing lecal surplus energy.
* Shart planaing metheds and are needed to make the energy systen work as a whole. Energy production and loads should be design
ed to meet so that energy is produced close to consumption, both in location and time. For example, the production of local sol
ar power has a natural tendency to match with the leads air conditioners and refrigerators. On the other heand, smart control ca
n be wsed to coordinate other similar peaks in production and consumpilon. For example, electric wvehicles can be charged at opt
Imized times. Similarly, some parts of HVAC systems can be adjusted to operate at beneficial times without causing eny Lnconven
Lence o bullding users. The developmenlt of PEDs iz a toplc of Intense International RED activities and first pllol areas have
been developed. has listed 25 pilot areas arcend Eurcpe.™  "gen ;
dbo:wikiPageID GGTIB435 |
dboiwikiPagelength “2576" " xsd:inonMegativelnteger ;
dbo:wikiPageRevicsionID 1888135845 ;
dbo:wikiPageWikilink dbc:Energy_econonics,
dbc:Environmental_design,
dbc:Smart_cities,
dbe:Sustainable_architecture,
dbe:Sustainable_bullding,
dbc:Sustainable_urban_planning,
dbr:EfFiclent_energy_use,
dbr:Electric_vehicle,
dbr:Energy_systen,
dbr sHVAL,
dbe:1PT_Urban_Europe,
dbr:Renewable,
dbr:Smart_control,
dbr: Salar_power,
dbr:Tero-enission ;
dbpiuikiPagelsesTemplate dbL:Refimprove,
dbt:Reflist
deterns:subject dbc:Energy economics,
dbc:Environmental_design,
dbe -Smart_cities,
dbe:Sustainable_architecture,
dbe:Sustalnable_bullding,
dbe :Sustainable_urban_planning ;
rdfs:comment "A positive energy district (PED) is an urBan area that produces at least as much energy on an annual basis as
Lt consumes. The purgese of a PED is not to be an island iselated from the rest of the energy system but rether a functiomal an
d flexible part of the larger whole. The impetus to develop whole positive energy districts instead of single buildings is base
d on the possibility of sharing rescurces, managing energy efficiently systems across many bulldings and reaching economics of
scale. The overarching design principles of PEDs can be summarized as follows:™@en
= wikidata:Q185782114,
neG:Fpldf
prov:owasDerivedFrom <http://en_ wikipedia.org/wiki/Positive Energy_District?oldid=19BE1258458n5=8 ;
foaf:isPrimaryToplcDf wikipedia-en:Positive Energy District .




Appendix | :Feature Importance Logistic Regression

s by Importance (Logistic Regression)
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