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Abstract:   

 

In recent years, knowledge graphs(KGs) have become essential tools for visualizing concepts 

and retrieving contextual information. However, constructing KGs for new and specialized 

domains like Positive Energy Districts (PEDs) presents unique challenges, particularly when 

dealing with unstructured texts and ambiguous concepts from academic articles. This study 

focuses on various strategies for constructing and inferring KGs, 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 structure 

and content and apply filtering techniques and t-SNE plots to extract subgraphs based on 

specific categories or keywords. One of the key contributions is using the longest 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, community detection techniques were 

employed to identify distinct communities within the graph, providing further understanding 

of the structural organization and clusters of interconnected nodes with shared themes. The 

paper also presents a detailed evaluation of a question-answering system based on the KG, 

where the Universal Sentence Encoder was used to convert text into dense vector 

representations and calculate cosine similarity to find similar sentences. We assess the 

system's performance through precision and recall analysis 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 

neighbours that lack a direct connection, was employed to effectively identify potential 

connections among nodes within the graph. Additionally, probabilistic edge predictions, 

threshold analysis, and the significance of individual nodes were discussed. Lastly, the 

advantages and limitations of using existing KGs(Wikidata and DBpedia) versus 

constructing new ones specifically for PEDs were investigated. It is evident that further 

research and data enrichment is necessary to address the scarcity of domain-specific 

information from existing sources. 
 

Keywords: Knowledge graph, Positive Energy Districts (PEDs), longest path, Questions and 

Answers, Community Detection, Node Embedding, t-SNE plots, Edge Prediction 

 

1. Introduction  

 

Sustainable energy solutions have become a critical focus worldwide for environmental preservation 

and economic growth. This evolution has given birth to Positive Energy Districts (PEDs), urban areas 

that produce more energy than they consume through renewable energy integration and astute 

planning (Urban Europe, 2020). PEDs/PED mark a transformative shift in urban development, 

aligning with the United Nations' Sustainable Development Goals and embodying environmental 

sustainability and energy security (Nations, 2015). PEDs represent a transformative model of urban 

living, where energy sustainability is not just an aspiration but a reality. 

 

In this new model of urban living, buildings and districts play a pivotal role. Buildings are significant 

energy consumers, but with strategic design and planning, they can also become substantial sources 

of energy production. The goal is to create districts that use renewable energy, save energy, and give 

extra power to the grid. This approach reduces the overall energy demand of the district and 

embodies the principles of sustainability (Lindholm, Rehman, & Reda, 2021). This evolution presents 

an opportunity for architects, urban planners, and energy providers to re-evaluate their approach to 

energy consumption and production in urban environments. 

 

However, realizing the vision of PEDs requires an in-depth understanding of various complex factors 

such as energy consumption and production patterns, building design principles, environmental 

considerations, socio-economic factors, and the existing regulatory framework. Diverse domains are 

intrinsically linked, and the success of PEDs hinges heavily on interdisciplinary 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 

experience, education, or research. It forms the bedrock of any decision-making process, policy 

creation, or strategy execution. In computer science, knowledge has often been represented in a 

structured manner using ontologies, taxonomies, or logical rules (Chandrasekaran, Josephson, & 

Benjamins, 1999).  

 

In the context of PEDs, 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 balance environmental, 

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 graph. In mathematical terms, a graph is a 

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 entities (Kim 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 has led to the development of Knowledge Graphs (KGs), semantic networks that organize 

knowledge in a machine-readable format. 

 

KGs represent a powerful means to express such structured knowledge, enabling effective knowledge 

management and retrieval. They represent a leap forward from traditional graph concepts by 

integrating the power of artificial intelligence (AI) to automate processes like knowledge extraction, 

integration, and analysis (Hogan et al., 2021). Ever since the inception of Google's KG in 2012, this 

concept has expanded into various fields due to its ability to handle complex data and extract 

valuable insights. KGs(KGs)offer a structured and unified representation of knowledge, promoting 

interoperability between different data sources and systems. 

 

The application of KGsto 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 strategies, by providing a 

structured, data-driven analysis, KGsenable stakeholders to discern patterns, trends, and anomalies. 

This insight empowers strategic decision-making and policy design. 

 

Nevertheless, using KGs in PEDs also comes with challenges. The data required for these graphs 

often originate from unstructured or semi-structured 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. Ensuring the accuracy and reliability of the 

KG is also crucial, as decisions based on it have far-reaching implications. 

 

However, despite these challenges, the potential of KGs in advancing PEDs is undeniable. Their 

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

power of AI 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 for 

the greater good. 

 

In line with this vision, the primary objective of this thesis is to construct a specialized KG tailored to 

the domain of PEDs and evaluate the effectiveness of graph/node embedding techniques in 

representing the KG. The data processing and analysis techniques ensure the quality and relevance of 

the collected data. Named Entity Recognition (NER) identifies and extracts significant entities related 

to PEDs, such as projects, technologies, organizations, and locations. Relationships between entities 

are then extracted and classified using supervised and unsupervised learning techniques, forming the 

edges of the KG. The constructed KG provides a high-level representation of the knowledge structure 

of PEDs, facilitating a comprehensive understanding of interconnected concepts and relationships. 

Matplotlib and NetworkX visualization techniques enable stakeholders to comprehend the KG's 

structure and content, detect patterns, and explore subgraphs. Node embedding techniques like 

DeepWalk and Node2Vec represent KG nodes as low-dimensional vectors, capturing structural and 
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semantic information. Machine learning models assess the performance and predictive power of 

embedded graphs. Edge prediction techniques infer potential relationships between entities, enriching 

the KG with valuable information. These efforts contribute to a comprehensive representation of 

PEDs in the KG, empowering stakeholders with insights for informed decision-making. 

 

 

2. Literature review  

 

This part is divided into two subsections: one exploring the research on Positive Energy Districts and 

the other focusing on investigating Knowledge Graph construction methods and algorithms utilized 

in prior studies. 

 

2.1. Reviewing the Studies on Positive Energy Districts 

 

Positive Energy Districts (PEDs) have become a transformative concept in the field of sustainable 

urban development, driven by the urgent need to align with several of the United Nations' Sustainable 

Development Goals (UNDP, 2022). Notably, PEDs or PED play a vital role in advancing Goal 7, 

Affordable and Clean Energy, by providing access to economical, reliable, sustainable, and modern 

energy for urban communities. Additionally, they contribute to Goal 9, Industry, Innovation, and 

Infrastructure, as PEDs adopt inventive approaches to urban infrastructure 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 13, 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 energy 

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 smaller-scale developments, PEDs take a more 

comprehensive approach by expanding the boundaries to encompass entire neighbourhoods or 

districts. This shift in focus enables faster progress and scalability in the global energy transition 

(Koutra et al., 2018). PED aims to create synergies and 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 renewable energy 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 achieving net-zero carbon emissions by relying exclusively 

on renewable energy sources (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 neighbourhoods. It recognizes that urban energy systems are interconnected and requires 

a comprehensive approach to achieve sustainable and efficient energy use. By considering districts, 

PEDs integrate various sectors, including energy, transportation, 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 PED-focused initiatives and projects at the European Union 

and national levels, a universally agreed-upon definition for PEDs is yet to be established. Different 

definitions exist, underscoring the need for consistency and clarity. The EU SET Plan working group 

defines PEDs as districts aiming for annual net-zero energy import, net-zero CO2 emissions, and 

local surplus renewable energy production. Meanwhile, the Joint Programming Initiative Urban 

Europe defines PEDs as energy-efficient and energy-flexible urban areas that achieve net-zero 

greenhouse gas emissions while actively managing surplus renewable energy on an annual basis 

(Albert-Seifried et al., 2022). 
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PEDs represent a holistic and inclusive approach to energy production and consumption, with an 

emphasis on social issues and alleviating energy poverty. In promoting sustainable energy practices, 

PEDs also prioritize energy efficiency, renewable energy sources, sustainable 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 scalability attracting significant global interest, their 

complex nature presents challenges in establishing, analyzing, comparing, and reproducing. 

Standardized frameworks defining objectives, strengths, opportunities, and calculation methodologies 

are crucial for the widespread adoption of PEDs. These would guide and support researchers, 

policymakers, and urban planners involved in PED-related projects (Fatima et al., 2022). 

Successful examples of PEDs in practice can be looked at to understand the application of these 

concepts better. One city is a prominent example of a successful PED within the European context. 

Espoo, located in Finland, has emerged as a leading model of sustainable urban development, 

propelled by ambitious goals for energy efficiency, renewable energy integration, and carbon 

emissions reduction. The city's PED initiatives span a broad range of areas, including sustainable 

transportation, energy-efficient buildings, renewable energy integration, and community engagement. 

The achievements of Espoo provide valuable insights for other cities aiming to establish their own 

PEDs and contribute to a more sustainable and energy-efficient future (Ntafalias et al., 2022). 

Implementing PEDs, however, is not also without its challenges. Significant issues include 

integrating diverse stakeholders, coordinating multiple sectors involved in PED projects, overcoming 

financial and regulatory barriers, and ensuring effective communication and cooperation. To 

overcome these challenges, stakeholders must employ strategies for effective community 

engagement, explore participation methods, and foster education about the importance and benefits of 

PEDs. Moreover, clear policy frameworks, incentive mechanisms, and public-private partnerships 

play a crucial role in supporting the implementation of PEDs. Sharing examples of successful 

strategies employed in different PED projects can help other initiatives learn from best practices and 

effectively overcome their challenges (Krangsås et al., 2021). 

 

Overall, PEDs play a significant role in achieving the Sustainable Development Goals by reducing 

carbon emissions, promoting smarter energy use, and fostering sustainable and resilient communities. 

They set off a ripple effect that can lead to a more sustainable future with lower carbon emissions. 

With the world increasingly focusing on sustainable energy, PEDs are emerging as a promising 

approach to address the impacts of climate change and promote a future that is not just greener but 

also more inclusive and prosperous (Szetela et al., 2022; Klemeġ et al., 2012). 

 

In evaluating the concept, PEDs, it is evident that they represent an innovative approach to 

sustainable urban development. Their holistic focus extends beyond individual buildings, 

encompassing entire neighbourhoods and thus paving the way for a more rapid and scalable global 

energy transition. The dual elements of surplus renewable energy and district-level operation form 

the bedrock of PEDs, emphasizing decarbonization and the interconnectedness of urban energy 

systems. Despite the lack of a widely accepted definition, PEDs initiatives are gaining traction due to 

their alignment with sustainability goals and their emphasis on social equity. The practical 

application of PEDs, as presented by Espoo in Finland, illuminates the potential for PEDs in driving 

sustainability in other urban settings. However, the complexity of PEDs necessitates the development 

of standardized frameworks and strategies for overcoming challenges such as stakeholder integration 

and regulatory barriers. As such, PEDs stand as a promising yet challenging pathway toward a more 

sustainable and energy-efficient future. 

 

 

2.2. Reviewing the Studies on Knowledge Graphs(KGs) 

 

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 natural 

language processing, data integration, recommendation systems, and more.  
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2.2.1 KGsConstruction 

 

Constructing a KG involves a series of steps that transform unstructured data into a meaningful and 

interconnected network of entities and relationships, including data acquisition, entity extraction, 

relationship extraction, and graph construction (Angles et al., 2008).  

The first step in KG construction is data acquisition and integration. Data is gathered from diverse 

sources, such as text documents, web pages, databases, and other structured and unstructured data 

repositories. The data collected is then integrated into a single, comprehensive knowledge base, 

ensuring that relevant information from different sources is appropriately organized and represented.  

Once the data is integrated, the next step is entity extraction 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 same 

entity across different sources, ensuring that entities with similar meanings are connected and 

represented as a single entity in the KG. 

 

Relationship extraction is a critical process identifying and representing the connections between 

entities in the KG. Natural language 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 the corresponding 

nodes representing the entities. 

 

The final step in KG construction is graph representation. The entities and relationships identified in 

the previous steps are organized and represented in a graph structure. Graph-based data models, such 

as Resource Description Framework (RDF) or property graphs, are commonly used to 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 entities and relationships. This graph-based data model allows for 

efficient querying and traversal of the KG, enabling the discovery of meaningful insights and patterns 

within the data(Angles et al., 2008). 

 

2.2.2 Community Detection-Based Subgraph Extraction 

 

Community Detection-Based Subgraph Extraction is a technique to extract knowledge from an 

existing KG. It is not the primary method for constructing the KG; instead, it is applied to an already 

constructed graph to identify cohesive communities of related 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 

underlying patterns and structures present in the KG (Fortunato, 2010). 

 

The process of community detection involves partitioning the graph into communities based on 

various criteria. Prominent community detection algorithms like Louvain and Girvan-Newman can be 

applied. The selection of a specific algorithm depends on the characteristics of the input graph and 

the objectives of the KG construction process. The Louvain algorithm, for example, is a powerful 

tool for identifying communities in large and dense graphs, making it useful in various applications, 

such as social network analysis, biological network analysis, and KG exploration (Fortunato, 2010). 

Its ability to efficiently uncover cohesive groups of nodes based on their interactions is valuable for 

understanding the structure and organization of complex networks. 

 

When community detection is applied to KG construction, the resulting subgraphs represent distinct 

domains or topics within the data. For example, in a large-scale academic KG, communities may 

correspond to different research fields or disciplines. The extraction of these subgraphs adds structure 

and organization to the KG, facilitating domain-specific querying and analysis (Kittur et al., 2007). 

 

A notable study conducted by Kittur et al. (2007) demonstrated 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 of the resulting subgraphs, they gained valuable insights into the social organization 

and cooperation patterns within Wikipedia's editing community. This research exemplifies the value 
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of community detection-based subgraph extraction in revealing meaningful structures within large-

scale KGs and understanding the underlying dynamics of collaborative efforts. 

 

Overall, community detection-based subgraph extraction is a powerful approach in KG construction, 

enabling the identification of cohesive communities of entities and relationships to extract knowledge 

from the already constructed KG. Research, such as Kittur et al. (2007), highlights this approach's 

practical application and benefits in understanding complex networked systems, solidifying its place 

as a valuable tool in knowledge representation and analysis. 

 

2.2.3. Empowering KG Exploration with Keyword Search 

 

Keyword search is a powerful and user-friendly asset that significantly enhances KG exploration. 

Users have an understanding of the relevant keywords they want to explore within the KG. However, 

they may not be aware of how these keywords are specifically laid out, covered, or utilized among 

entities, sources, or edges in the graph. The graph's complexity and interconnected nature can make it 

challenging to grasp the full context and relationships between entities based solely on the keywords. 

Therefore, keyword search serves as a valuable tool to navigate and retrieve information from the 

KG, enabling users to access relevant data without needing to know the exact layout or structure of 

the graph. This intuitive and accessible approach enhances KG exploration, facilitating precise and 

targeted information retrieval based on user-provided keywords. (Fensel et al., 2020). 

 

2.2.4 Role and Applications Of Longest Path Finding in KGs 

 

Several studies have extensively explored the significance of longest path-finding in KGs, offering 

methodologies for efficiently accomplishing this task. For instance, Sun et al. (2011) proposed an 

efficient algorithm for longest path-finding in large-scale KGs, while Liu et al. (2015) extended this 

work to consider weighted relationships, introducing a novel approach for finding the longest path. 

 

In KG analysis, the concept of finding the longest path plays a crucial role in comprehending the 

relationships and dependencies between entities. A KG, represented as nodes and edges, forms a 

complex network of interconnected information. The longest path in a KG refers to the sequence of 

nodes that maximizes the distance between any two nodes along the path. This path exhibits the most 

nodes between any two points within the graph, irrespective of a specific starting or ending node. By 

identifying the longest path, one 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, including information retrieval, 

recommendation systems, and semantic search engines (Sun et al., 2011; Liu et al., 2015). 

 

In summary, the longest path-finding in KGs is a crucial technique that uncovers the most significant 

relationships and dependencies between entities. Its versatile applications in recommendation 

systems, information retrieval, and categorization based on source and target entities highlight its 

importance in various KG exploration tasks. Continued research and the use of advanced graph 

algorithms further enhance the efficiency and effectiveness of this approach, making significant 

contributions to the field of knowledge representation and analysis. 

2.2.5 Category-Based Semantics in KGs 

 

Category-based semantics in KGs are used for extracting useful information from an already 

constructed KG. By organizing entities into distinct categories based on their attributes, 

characteristics, or domain-specific 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 makes KGs more 

interpretable and navigable, enabling users to focus on specific domains of interest and better 

understand the connections between entities within those categories. 

 

Furthermore, categorizing graphs based on the source and target entities enables efficient querying 

and visualization of KGs, providing a focused view of specific domains and facilitating a deeper 

understanding of relationships between entities within those categories (Vogt, 2021). By extracting 

valuable insights and performing targeted analysis within specific domains, researchers and analysts 
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can make informed decisions to optimize energy strategies and sustainability efforts within PED or 

any other complex KG setting. 

 

Overall, category-based semantics play a vital role in enhancing the usability and utility of KGs. 

Whether in the context of a PED or any other domain-specific graph, this approach enables 

researchers to unlock valuable information, make data-driven decisions, and contribute to the field of 

knowledge representation and analysis. Ongoing research and advancements in graph analytics 

continue to enhance the capabilities of category-based semantics, further driving KG exploration and 

utilization. 

 

 

2.2.6 Question-Answering Systems in KG Exploration and Information Retrieval 

 

Question-answering systems play a vital role in KG exploration and information retrieval from pre-

existing KGs. 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 the KG using natural language and retrieve accurate and relevant 

answers, thereby enhancing the accessibility and user-friendliness of KGs. The seamless and efficient 

retrieval of desired information and insights is facilitated through this integration. This approach 

proves particularly useful in extracting subgraphs from the pre-constructed KG based on user queries. 

Users can pose questions in natural language, and the question-answering system navigates the KG to 

extract relevant subgraphs containing the desired information. This process ensures that users can 

explore specific aspects of the KG, honing in on pertinent details (Fensel et al., 2020). 

 

In recent research, significant attention has been given to integrating question-answering capabilities 

into KG construction, particularly for information retrieval from pre-existing KGs in the form of 

subgraphs. This approach allows users to interact with the KG using natural language, posing 

questions or queries and obtaining relevant subgraphs containing the desired information. The 

extraction of subgraphs from the already constructed KG enhances the efficiency and usability of KG 

exploration, enabling users to focus on specific aspects and obtain precise insights.  

 

Among the prominent techniques studied, cosine similarity and The Universal Sentence Encoder 

(USE) have shown effectiveness in enhancing KG construction and utilization. Cosine similarity, a 

widely used measure for calculating semantic similarity between questions and answers (Manning, 

Raghavan, & Schütze, 2008), evaluates the degree of similarity between two vectors by measuring 

the cosine of the angle between them. In question-answering systems, this measure is commonly 

applied to compare the similarity between sentence embeddings generated by models like USE (Cer 

et al., 2018).  

 

The Universal Sentence Encoder (USE), developed by Google, plays a crucial role in KG 

construction, enhancing the accuracy and relevance of retrieved answers (Reimers & Gurevych, 

2019). By transforming sentences into fixed-length vector representations, known as sentence 

embeddings, USE captures the semantic meaning of sentences, enabling meaningful comparisons. 

Question-answering systems leverage USE by encoding questions and potential answers into 

embeddings, then calculating cosine similarity to identify the most similar answers, thereby 

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

 

The application of cosine similarity and the USE model extends question-answering systems to KG 

construction. Since KGs often involve unstructured textual data, such as questions, these techniques 

are valuable for extracting structured information from this unstructured text, which aids in 

constructing and enriching the KG. By leveraging the semantic similarity through cosine similarity 

and the high-quality sentence embeddings generated by the USE model, various tasks within the KG, 

such as information retrieval, entity disambiguation, and relationship identification, are enhanced, 

leading to a more comprehensive and rich KG. However, this approach does face challenges in 

accurately interpreting user intent and handling complex queries effectively. 

 

Overall, the integration of cosine similarity and the USE model in KG construction enhances 

traditional question-answering 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 language understanding techniques to extract information, further 

improving the user-friendliness and utility of KGs. This integration effectively addresses challenges 

such as accurately interpreting user intent, disambiguating entities, and handling complex queries, 

making it a valuable addition to the KG construction process. 

 

2.2.7 Enhancing Knowledge Retrieval from KG Using Embedding Techniques 

 

The process of knowledge extraction from KG is significantly enhanced and improved by the 

integration of embedding techniques. 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 prediction tasks, making 

them particularly advantageous for handling large-scale graphs with numerous entities and 

relationships. Applying embedding techniques enhances knowledge extraction by uncovering implicit 

relationships and discovering connections that may not be evident at first glance. This results in a 

more interpretable and reliable KG, providing valuable insights into the underlying factors driving 

relationship predictions (Perozzi et al., 2014). 

 

Embedding techniques can be utilized both during and after KG construction, 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 enhance analysis and usability. Moreover, 

embedding techniques can be seamlessly combined with other construction methods, complementing 

their strengths and further enriching the quality and richness of the graph (Yang et al.,2015). 

The flexibility and robustness of embedding techniques make them valuable in real-world scenarios 

where data may be incomplete or noisy. Their ability to infer missing connections and discover 

hidden patterns ensures that the KG remains accurate and insightful even when faced with imperfect 

data. Embedding techniques have proven to be powerful tools for driving further progress in KG 

exploration and utilization, contributing to the advancement of knowledge representation and analysis 

(Smith, 2022). 

 

2.2.8 Advancing KG Analysis by Exploring Machine Learning Models for Edge Prediction 

 

Edge prediction is a fundamental aspect of KG investigation, involving inferring 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 decision-making processes (Rossi et al., 2021).  

 

Edge prediction plays a critical role in KG analysis across diverse domains, including natural 

language processing, recommendation systems, and bioinformatics. Various machine learning models 

have been explored to address this task, each 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; Fernández-

Torras et 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 robustness in handling complex patterns in high-

dimensional data, making it suitable for KG link prediction (Dong et al., 2014). SVM, renowned for 

handling non-linear decision boundaries, effectively captures intricate relationships and manages 

imbalanced data, essential attributes for KG 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 patterns and finding successful applications in link 

prediction for social networks and KGs(Raut, Khandelwal, & Vyas, 2020). On the other hand, Naive 

Bayes' probabilistic nature and ability to handle attribute-based and network structure-based features 

make it effective for edge prediction in social networks and protein-protein interactions (Wang et al., 

2014; Tuncbag et al., 2011).  

Selecting the most appropriate model depends on the KG's specific characteristics and the edge 

prediction's complexity. Thorough evaluation and comparison based on performance metrics and 

domain-specific requirements are essential to make informed choices and enhance KG analysis(Sun 

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

 

The review of existing research highlights a knowledge gap concerning PEDs, revealing an absence 

of consistent and comprehensive concepts for modelling them. While PEDs hold the potential for 

reducing carbon emissions and achieving energy balance, the lack of a standardized modelling 

approach poses a challenge. Furthermore, the existing concepts lack comprehensiveness and 

consistency, which could result in misinterpretations. Consequently, there is an urgent need to 

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

their own PEDs. To address these gaps, the study's objective should involve creating a dedicated KG 

for PEDs and exploring techniques for accurately representing the KG using graph/node embedding. 

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 articles, each 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 development. To achieve 

this, specific keywords such as "Positive Energy Districts," "renewable energy," "urban 

sustainability," "smart grid systems," "energy-efficient buildings," "community engagement," etc., 

were wisely employed. These keywords and the other related terms linked to PEDs served as guiding 

markers, leading the way to identifying and assembling articles that could offer a potential 

understanding of the details of PEDs. 

 

To obtain these articles, the process of collecting data involved carefully gathering text from research 

papers available through Scopus. Scopus is a well-known 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 intentional inclusion of these articles highlighted the research's 

commitment to a thorough and comprehensive collection process, establishing a strong foundation 

for a complete investigation into PED-related knowledge. 

 

With a purposeful goal of creating a KG that captures 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 detailed 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 narrative of 

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 careful selection 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 

remained complete and easy to access, establishing a solid foundation 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 Recognition (NER) 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 Expressions 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 integration of insights, 

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 coordinating the processes 

of collecting, selecting, storing, and transforming articles, a robust base was built for the forthcoming 

Knowledge Graph. This foundation, rooted in carefully chosen articles and transformed into a 

structured format, served as the framework upon 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 stage is crucial in preparing the collected data for analysis. This study used 

Python's Natural Language Toolkit (NLTK) as a common library for text preprocessing, following 

the techniques outlined by Agrawal et al. (2022). The data went through several steps to ensure its 

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 individual words or terms, enabling the handling of 

each word separately. Punctuation marks were either removed or treated as separate tokens. Special 

characters and numbers were processed in a specific way, considering the text and analysis goals. 

White spaces were removed to maintain data consistency, and spell-checking was performed to 

correct spelling errors. HTML tags, often present in web-sourced text, were also eliminated. It is 

important to note that stemming, lemmatization, and lower casing were applied as required during the 

embedding and encoding phases. The 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 domain-specific categories. This study developed a tailored classification scheme 

to encompass concepts related to PEDs, tools associated with PEDs, research entities, organizations, 

countries, cities, and more. The Named Entity Recognition process identified and extracted pertinent 

entities linked to PEDs, effectively disambiguating their representation due to the inherent 

complexity of 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 disambiguation process ensures that 

each recognized entity is accurately categorized within the predefined or domain-specific categories. 

For instance, entities like "Positive Energy District," "renewable energy," "smart grid," "energy-

efficient buildings," "urban planning," "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, the next step is 

relation extraction for edge construction. Early efforts on relation extraction relied on rule-based 

methods, but their performance was limited. Supervised learning methods incorporating machine 

learning techniques have been utilized to achieve better results, 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 high labour costs. To address this challenge, semi-supervised, 

unsupervised, and self-supervised 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 poses challenges, 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 between named entities 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 relationships 

between these entities. According to Agrawal et al. (2022), in directed graphs, edges have a source 

(starting point) and a target (ending point). As an example, "Norway was developed into a PED," the 

source is "Norway," the target is " PED," and the edge represents the relationship "was developed 

into." 

 

4.4. KG Construction 

 

Once entities and relationships are obtained, the construction of a KG begins. There are multiple 

approaches to KG construction, depending on specific needs and available resources.  

KGs can 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 entities (categories) and the 

relationships is a higher-level abstract representation, also known as an ontology or a schema, which 

helps in understanding the overall knowledge structure of the graph. This method is a higher-level 

abstract representation where the focus is on types of entities and their relationships rather than on 

individual entities (Dessì et al., 2020). 

 

4.5. Visualization of KG: Extracting a Focused Subgraph for Enhanced Understanding 

 

Visualization plays a crucial role in comprehending the structure and content of the KG, empowering 

stakeholders to gain insights, detect patterns, and effectively communicate information. In this 

section, we explore the process of visualizing the KG using the Matplotlib and NetworkX libraries. 

 

Initially, a Complete KG presented a vast network of interconnected concepts and relationships, 

offering stakeholders a comprehensive view of the entire graph, however, due to the complexity and 

unclarity of the whole graph presentation, which included numerous nodes and relationships, a 

streamlined approach was adopted, substituting the entire KG with a focused subgraph. 

 

The visualization process involved extracting a focused subgraph from the larger KG to convey the 

relevant information effectively. This 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 and 

their immediate neighbours. 

 

The "random shuffle" algorithm was employed during the node selection process to ensure the 

focused subgraph's representativeness. This algorithm is widely used for randomly reordering 

elements within a list or array. By utilizing the 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 components onto a visual representation, entities were depicted 

as nodes, and relationships were represented as edges. Visual properties such as shapes, colours, and 

labels were thoughtfully employed to convey additional information about the entities and 

relationships, 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 distinct colours, facilitating visual 

differentiation and highlighting key data points. Node labels were explicitly positioned to prevent 

overlap and improve readability. Additionally, edge colours were 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 interconnected concepts, could overwhelm viewers and 

hinder understanding. By selectively choosing representative nodes and their immediate neighbours, 
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the focused subgraph provided a condensed and manageable visual representation. This approach 

empowered researchers and domain experts to gain deeper insights into the intricate relationships and 

underlying patterns within the data (Wagner, 2003). 

 

 

4.5.1 Filtered Subgraph visualization by category or keyword  

 

Two distinct methods were employed to analyze and visualize the data in this study. The first method 

involved creating a filtered subgraph to visualize relationships within specific subsets of the dataset. 

Relevant entities and their relationships were extracted by applying category filters, and 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 and patterns within the filtered subsets.  

 

In contrast, the second method utilized keyword-based filtering to explore specific domains within 

the KG. The dataset was filtered based on the presence of specific keywords in the target attribute, 

focusing on relationships relevant to the specified domain. From the filtered dataset, a subgraph was 

created, highlighting the selected edges and associated nodes. This subgraph visualization enabled a 

targeted exploration of the relationships and connections within the specific domain. Overall, both 

methods facilitated the analysis and visualization of relationships within the dataset, with the first 

method utilizing category-based filters and random shuffle algorithms, while the second method 

employed keyword-based filtering to explore specific domains. 

These methods allowed stakeholders to explore specific domains or themes within the KG, deepening 

their understanding of those areas (Vogt, 2021). 

 

 

4.5.2 Category-Based Subgraph Visualization 

 

The Category-Based 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," "Pre-PED Concept," "Renewables," and "Research and Innovation Program." 

It then represents relationships exclusively among these categories using edges in the KG. Categories 

are assigned to nodes using relevant attributes, ensuring that the graph captures and visualizes 

interactions between nodes within their assigned categories. 

 

The implementation of the Category-Based method relies on the NetworkX and matplotlib libraries, 

facilitating graph creation and visualization. This yields a higher-level perspective on interactions 

between different entity categories, empowering stakeholders with insights into the graph's structure 

and patterns. The approach enables a comprehensive understanding of data, aiding researchers and 

analysts in making informed decisions and identifying valuable insights in various domains like 

market segmentation and social network analysis. Additionally, it allows the exploration of 

relationships and patterns within PED initiatives across different regions, promoting sustainable 

energy practices in urban planning. By leveraging this approach, analysts effectively explore and 

analyze relationships between diverse entity groups, enhancing knowledge representation and 

analysis within KGs. 

 

4.5.3 Community Detection-based Subgraphs Extraction 

 

The power of Community Detection-Based Subgraph Extraction was also explored. Through 

advanced algorithms, the graph was divided into distinct communities or groups of highly 

interconnected nodes. This enabled stakeholders to explore the relationships and properties of these 

communities individually, uncovering unique insights. To uncover hidden patterns and groups of 

related entities, community detection-based graph analysis was performed using the Louvain method 

(Fortunato, 2010). Louvain method works by initially 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 by 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 complex 
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networks. This method identifies densely connected groups of nodes within the graph, 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 more significant or majority of nodes. Degree 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 graph. The degree centrality (Degree Centrality(v)) of a particular 

node "v" is expressed as the ratio of the number of edges connected to that node and the total number 

of nodes in the graph minus one. Nodes with a higher degree of centrality are more connected and 

influential within the network. Degree 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 measure 

in network analysis used to identify highly connected and influential nodes within the network 
(Newman & Girvan, 2004). 

 

By combining the Community Detection-Based Subgraph Extraction and Degree Centrality 

Subgraphs methods, stakeholders comprehensively understood the graph's structure at both a 

community and node level.  

 

4.5.4 Unveiling KG Longest Path using Subgraph Visualization 

 

Exploring a KG involves employing various approaches to analyze and understand its intricate 

structure. One such technique is Longest Path Analysis, which involves finding the longest sequence 

of connected entities between two specified nodes in the KG. To visualize and understand 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 part of KG Visualization. 

 

This analysis plays a pivotal role in revealing essential pathways and routes within the KG. To 

comprehend and visualize these hidden paths, stakeholders often rely on a "Path Graph" or "Path" 

Visualization approach (Bizer, Heath, & Berners-Lee, 2009). This visualization technique allows 

stakeholders to follow the sequential or interconnected concepts encountered along the way, gaining 

valuable insights into the relationships between nodes. 

 

The exploration of the KG extends beyond its initial discovery, encompassing the intriguing concept 

of Longest Path Analysis. In this context, the longest path refers to the sequence of connected entities 

containing the maximum number of nodes between two specified points. The calculation of the 

longest path often involves employing algorithms such as depth-first search (DFS) or breadth-first 

search (BFS) to traverse the graph and identify the path with the highest number of entities. DFS 

explores neighbouring nodes before backtracking, making it suitable for finding specific paths, 

detecting cycles, or searching for connected 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 comprehending the 

complex structures within KGs(Gross, Yellen, & Anderson, 2018). 

 

In conclusion, Longest Path Analysis, in conjunction with Path Finder-Based approaches and "Path 

Graph" visualizations, forms an integral part of KG Visualization. These techniques empower 

researchers and stakeholders to uncover hidden relationships, explore significant pathways, and gain 

a deeper understanding of the KG's intricate nature, contributing to knowledge representation and 

discovery (Bizer, Heath, & Berners-Lee, 2009; Gross, Yellen, & Anderson, 2018). 

 

4.6  KG Applications and Analysis 

 

KG Applications and Analysis encompass diverse methods to explore and analyze KGs, extracting 

valuable insights. In this context, questions and answers play a vital role, utilizing techniques to 

comprehend question meaning and discover relevant answers from the KG. Moreover, node 

embedding is a crucial component of this category, facilitating the representation of graph entities as 

numerical vectors, aiding in analysis and uncovering meaningful patterns. While questions and 

answers can be visualized as subgraphs, they remain within the domain of KG Applications and 
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Analysis, distinct from KG Visualization, which focuses on a broader understanding of the graph's 

structure and patterns(Boroujeni et al., 2022). 

 

Node embedding, on the other hand, is a fundamental part of KG Applications and Analysis. This 

technique transforms entities within the KG into numerical vectors that encode their semantic 

meaning and contextual information. Node embedding enables tasks such as similarity calculations 

and clustering, providing valuable insights into the relationships between entities within the KG. 

While node embedding involves utilizing entities from the KG for analysis, it is not directly 

categorized as KG Visualization, as its primary purpose is to enhance analysis rather than visual 

representation(Perozzi et al., 2014). 

 

4.6.1 Uncovering Knowledge Using Question-Answering  

 

Semantic similarity techniques, like the Universal Sentence Encoder (USE), play a crucial role in 

question-answering systems. They assess the relatedness between questions and potential answers 

based on their underlying meaning and context, going beyond surface-level 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 meaning and contextual information. By leveraging 

the USE, question-answering 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 representation of entities and their relationships, enabling question-answering 

systems to extract relevant information and identify answers based on semantic connections. 

Organizing information in a graph structure facilitates a better understanding of the semantic 

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 question-answering systems. By surpassing the limitations of surface-

level textual similarity, these systems assess the relatedness between questions and potential answers 

based on underlying meaning and context. The techniques, including word embedding models, KGs, 

and deep learning approaches, 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 question-answering systems. Precision 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). These metrics offer valuable insights into the strengths and weaknesses of question-answering 

systems, guiding improvements to enhance their accuracy and relevance. 

 

4.6.2 Uncovering Knowledge using Node Embedding-Performance Evaluation 

 

Several methods were employed, shown in Table 1, to explore the "node embedding" technique in 

graph-based data. Node embedding is a captivating approach to knowledge representation that 

captures both structural and semantic information about nodes in a graph by representing them as 

low-dimensional vectors in a continuous vector space. Such techniques find extensive applications in 

downstream tasks like link prediction, node clustering, and large-scale graph visualization. 
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Table 1:Methods in Node embedding evaluations 

Step Method/Technique Purpose Details 

1 Node Embedding Knowledge 

Representation 

Techniques such as DeepWalk and Node2Vec are used to 

transform nodes in a graph into low-dimensional vectors, 

capturing their structural and semantic information. 

2 DeepWalk Node Embedding It uses random walks on the graph, treating these walks as 

sentences in a language model. The Skip-gram model is 

applied to learn node embeddings, capturing nodes' local 

structure and context (Perozzi et al., 2014). 

3 Node2Vec Node Embedding Node2Vec enhances the approach by introducing a biased 

random walk strategy that captures both local and global 

network structures, enabling a thorough graph exploration 

(Qiu et al., 2018). 

4 t-SNE (t-Distributed 

Stochastic Neighbor 

Embedding) 

Data 

Visualization 

This technique is used to visualize and analyze high-

dimensional data by mapping them into 2D or 3D spaces, 

revealing patterns latent in the high-dimensional space 

(Maaten & Hinton, 2008). 

5 Cosine Similarity Similarity 

Assessment 

To assess their similarity, measure the cosine similarity 

between pairs of node vectors within the Node2Vec and 

DeepWalk models. 

6 Pearson Correlation 

Coefficient 

Performance 

Evaluation 

The Pearson correlation coefficient is used to evaluate the 

consistency in capturing similarity patterns between node 

embeddings. 

7 Root Mean Squared 

Error (RMSE) 

Performance 

Evaluation 

RMSE calculates the average difference between predicted 

scores and ground truth scores. 

8 Cohen's d Performance 

Evaluation 

Cohen's d quantifies the standardized difference between the 

similarity scores generated by Node2Vec and DeepWalk. 

9 R-squared Performance 

Evaluation 

R-squared computes the proportion of variance in the ground 

truth scores explained by the predicted scores (Goyal, 

Pandey, & Thakur, 2020). 

 

Using cosine similarity, the Node2Vec and DeepWalk models assess the similarity between pairs of 

nodes. Nodes are represented as high-dimensional vectors, learned by capturing the neighbourhood 

information of nodes in a graph. A similarity score closer to 1 indicates high similarity, while a score 

near -1 suggests dissimilarity. 

 

To evaluate the similarity of nodes, a combination 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, 2020) were used to evaluate the performance of Node2Vec and 

DeepWalk. These measures provide a comprehensive evaluation of the methods for capturing 

similarity within the network. 

 

4.6.3 Evaluation and Interpretation of Node2Vec and DeepWalk using Clustering  

 

Various methods and statistical analysis techniques were employed to compare and evaluate the 

performance of Node2Vec and DeepWalk embedding methods in capturing similarity within a graph. 

Additionally, clustering methods, namely the Elbow and Silhouette scores, were utilized to determine 

the optimal number of clusters for K-means clustering. 

 

The Node2Vec and DeepWalk algorithms utilized in graph embedding, the clustering techniques 

were applied to group the nodes based on their respective embeddings. This critical step offered a 

means of discerning similarities and differences in the embedded nodes, facilitating the analysis and 

comparison of the two methods. In the final stage of the process, the high-dimensional embeddings 

post-clustering were visualized using t-SNE and translated into 2D scatter plots. This visualization 

not only rendered the clusters and relationships within the graph more interpretable but also enhanced 

the comparative analysis between Node2Vec and DeepWalk in their ability to capture and represent 

graph relationships. 

 

To further assess the performance of the embeddings, cosine similarities between node pairs in the 

graph were calculated. Cosine similarity measures the cosine of the angle between two non-zero 



 

 

P
a

g
e1

7 
vectors and quantifies the similarity 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 embeddings and ensure 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 mean (a measure of central tendency that 

calculates the average of a set of values), standard deviation (a measure of the amount of variation or 

dispersion in a set of values), median (the middle value when all the values are arranged in ascending 

order, which provides a measure of central tendency that is less sensitive to extreme values compared 

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 the distribution has heavy tails and 

more extreme values or lighter tails and less extreme values compared to a normal distribution) were 

applied (Groeneveld & Meeden, 1984). These statistical measures provide insights into the central 

tendency, spread, and shape of the similarity distributions for Node2Vec and DeepWalk embeddings. 

 

Furthermore, clustering techniques to group nodes based on their embeddings were utilized. The 

Elbow method and Silhouette score (Habib, 2021) were used to identify the optimal number of 

clusters for K-means clustering. The Elbow method helps determine the number of clusters by 

plotting the within-cluster sum of squares against the number of clusters, looking 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 and Silhouette score provides a comprehensive evaluation of 

clustering performance and assists in selecting the appropriate number of clusters for both Node2Vec 

and DeepWalk embeddings. 

 

The insights obtained from these methods aid in understanding the strengths and limitations of each 

embedding algorithm and support informed decision-making for specific applications in graph 

analysis and data interpretation. 

 

 

4.6.4 Evaluating Machine Learning Models with Embedded Graphs 

 

To predict interactions between nodes in a complex network using machine learning techniques, the 

data were diligently preprocessed, and one-hot encoding was applied to represent entities and features 

on the embedded graph generated through Node2Vec. This process yielded binary feature columns, 

setting the stage for edge prediction using various classification models. 

 

In the pursuit of accurate edge prediction, five distinct machine learning models: Logistic Regression, 

K-Nearest Neighbors (KNN), Naïve Bayes, Random Forest, and Support Vector Machines (SVM), 

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 logistic function, provided valuable insights into binary outcome 

predictions, enabling us to accurately estimate the likelihood of interactions between nodes. On the 

other hand, KNN, a non-parametric algorithm, took inspiration from its closest neighbours to classify 

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 of features and providing robust predictions in 

various scenarios. The ensemble learning approach of Random Forest, combining multiple decision 

trees, proved invaluable in making predictions with improved accuracy and reducing overfitting. 

Meanwhile, SVM, a powerful supervised learning algorithm, excelled in separating data points using 

hyperplanes in high-dimensional space, thus maximizing the margin between different classes and 

enhancing the model's generalization capability (Hastie, Tibshirani, & Friedman, 2009). 
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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 recall, provided a comprehensive evaluation of 

each model's capabilities. To determine the optimal solution for edge prediction, the model exhibiting 

the highest accuracy and F1 score was selected (Grover & Leskovec, 2016). 

 

For the purpose of unbiased evaluation and generalization, the labelled dataset was divided into 

training, validation, and test sets. The training set was instrumental in training the models, the 

validation set facilitated hyperparameter tuning, and the test set allowed for a final evaluation of the 

chosen model. Hyperparameter tuning, performed with the aid of GridSearchCV (Hastie, Tibshirani, 

& Friedman, 2009), meticulously searched for the best combination of hyperparameters through 

cross-validation with five folds (Géron, 2022), fine-tuning the models to achieve peak performance. 

 

4.6.5 Predicting Unconnected Edges Among Nodes with Mutual Connections 

 

Edge prediction is a valuable method that was employed to enhance KGs by predicting new 

relationships between entities. KGs serve as powerful representations of structured knowledge, where 

entities are interconnected through relationships. However, due to the vastness and complexity of 

real-world data, KGs often suffer from incompleteness 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 et 

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 best 

fit the training set. With this learned information, the model can then predict the probabilities 

of class labels, representing either the presence or absence of an edge in the edge prediction 

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 applied. If the predicted probability of an 

edge being present exceeds 0.5, it is considered a positive prediction, indicating the presence 

of an edge. Conversely, if the predicted probability is below 0.5, it is considered a negative 

prediction, indicating the absence of an edge. This threshold of 0.5 is commonly used in 

binary classification problems as it represents a balanced decision point. However, adjusting 

the threshold allows for control over the trade-off between precision and recall in the edge 

prediction task, 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 threshold prioritizes 

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 probabilities obtained from a 

state-of-the-art machine learning model. A diverse set of statistical tests and visualization 

techniques were employed to gain insights into the central tendency, spread, and shape of the 

probability distribution, helping us assess the reliability 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 probability 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 outcomes. The 

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 spread of confident 

predictions, allowing us to assess the consistency or variability of the model's level of 

confidence. Additionally, the median probability served as an alternative measure of central 

tendency that was less influenced by extreme values, providing a robust representation of the 

middle value of the predicted edge probabilities. Furthermore, the analysis involved 

assessing skewness, which is a measure of asymmetry in the probability distribution. The 

skewness value offered insights into the distribution's shape, 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 probability 

distribution. By considering kurtosis, valuable insights into the distribution's characteristics 

and shape were gained(Bordes et al., 2013). 

 

4.6.5.3. Visualization and Evaluation Methods for Edge Prediction Analysis 

 
The task of edge prediction analysis in KG data requires a blend of statistical techniques and 

visualization methods to properly interpret the predicted edge probabilities. Each method chosen 

serves a unique purpose and assists in discovering different 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 

(PDF) 

Depicts a smooth curve representing the 

distribution of predicted edge probabilities, 

identifying shape and characteristics such as 

symmetry, skewness, or bimodality(Scott, 

2015). 

3 Kernel Density Estimation (KDE) Provides a continuous estimate of the 

probability density function, smoothing out 

individual data points. Particularly beneficial 

for large datasets as it offers a clearer 

representation of underlying patterns(Qin & 

Xiao, 2018). 

4 Q-Q Plot Assesses if the predicted edge probabilities 

follow a normal distribution. The 

understanding gained from the Q-Q plot assists 

in deciding the suitability of normal 

distribution-based 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 into 

the data structure and the confidence of the model in its predictions and validate the suitability of 

normal distribution-based statistical methods for further analysis. By using these techniques in 

conjunction, a more holistic understanding of the edge prediction analysis can be achieved, ultimately 

enhancing the accuracy and interpretability of the prediction results. 
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4.7. Extracting KG from DBpedia/Wikidata: 

 

DBpedia is a publicly available KG that extracts structured information from Wikipedia. It serves as 

a resource for accessing and exploring large-scale, structured knowledge derived from Wikipedia's 

vast collection of articles. The KG in DBpedia contains a wide range of information, including facts 

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 SPARQLWrapper library was used. 

This Python tool helps directly 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 when combined with DBpedia's 

connected data structure. This combination provided detailed insights into the entity's characteristics 

and how it relates to other entities (Alani et al., 2005). 

 

When comparing the user-constructed KG with that of DBpedia, common entities were first 

identified to ascertain the extent of overlap. Next, precision was evaluated, indicating how closely the 

entities in the user-constructed graph aligned with those in DBpedia. Concurrently, a recall analysis 

was conducted, highlighting the proportion of DBpedia's key entities present in the user-constructed 

KG. For a comprehensive performance evaluation, the F1 score, a metric combining precision and 

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

KG, especially in contrast to DBpedia, was achieved. This rigorous methodology illuminated how the 

graph corresponds to the context of PEDs. 

 

5. Results  

 

5.1.Complete the KG Presentation  

 

The KG visualization and its legend are effective ways to present all the information in the graph. 

The legend helps experts understand the different categories by clarifying the colours of the nodes. 

This visualization incorporates techniques such as node colouring and labelling to highlight important 

information and make it easier to understand the connections between entities. By using the legend 

and these techniques, researchers can analyze and interpret the graph, gaining deeper insights into the 

relationships and patterns within the data. Overall, visualization is a valuable tool for researchers and 

domain experts to explore and understand complex networks of entities and their connections. 

 

Because of the complexity inherent in the original graph (comprising all nodes), it was transferred to 

Appendix D, and a focused visualization technique was subsequently applied. A snapshot of some of 

the nodes, relationships, and category in Appendix D. 

 

Based on the subgraph in Fig 1, a network graph was constructed to represent the relationships 

between various concepts, countries, and projects in the PED context. The subgraph analysis is a 

valuable resource in the context of guiding sustainable urban planning endeavours worldwide.  

 

A careful selection process resulted in the inclusion of 39 nodes, each possessing degrees surpassing 

2 (connected to two or more nodes). In this selection, careful attention was directed towards 

incorporating at least one representative from each designated category, including Country, PED-

related entities, PED Concept, City, Pre-PED, Research and Innovation, Others, PED tools, 

Renewables, and PED models. 

 

This graph illustration and interpretation is a clear and simple 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 and lines, we can better understand the complex relationships that define 

PEDs. This exploration goes beyond just data points, showing how concepts, countries, and projects 

are connected in the world of PEDs. Among these many connections, we can see some important 

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 PEDs is presented. 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 strong focus on energy-saving solutions and the 

seamless merging of various renewable sources in both autonomous and virtual PED systems. This 

close connection forms the basis for achieving energy-positive urban development goals. 

Moreover, classifying PEDs into autonomous, dynamic, and virtual modes emerges as a pivotal 

framework for tailored approaches. Notably, edges linking 'PED' to designations such as 'categorizes 

as PED autonomous' and 'categorizes as PED virtual' articulate a structured typology that facilitates 

nuanced strategies aligned with the distinctive requirements of each mode. This systematic 

categorization guides the adoption of targeted solutions, marking a proactive stride toward optimizing 

PED implementations. 

 

The analysis also unravels a captivating narrative of country-level involvement and engagement. 

Spain and Portugal, as evidenced by edges like 'assessed for Electric vehicles,' 'investigated energy 

poverty mitigation,' and 'presented as PED EU NET,' exhibit a steadfast commitment to tackling 

social and energy-related challenges. Their involvement in smart cities initiatives and focus on 

energy transition highlights their commitment to promoting sustainable urban transformation. 

Meanwhile, Norway and Austria's proactive participation in driving 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 projects and integration within the JPI 

Urban Europe framework underscore its endeavours to drive innovative 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 concept exemplifies 

Finland's commitment to inventive urban development strategies. These diverse involvements 

collectively drive the global momentum toward realizing sustainable and energy-efficient urban 

environments. 
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Fig 1. Selective subgraph visualization 

 
 

5.2. Category-based and Keyword-based Filtering Subgraph Extraction 

 

Two subgraphs were extracted and presented as separate figures to provide a more focused and 

illustrative representation of the KG. Fig. 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 effectiveness of category-based analysis in extracting valuable 
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information and uncovering hidden patterns from the KG. The main difference between the two 

methods lies in the filtering process. The first method used in Fig 2. block filters the data based on 

specific categories ("PED concept" and "Renewables") in both the 'source_class' and 'target_class.' In 

contrast, the second method, used in Fig 2. filters 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 process, 

leading to distinct visual representations of the graphs. 

 

Fig. 2 reveals connections between diverse renewable energy technologies, such as Solar PV, wind, 

small hydropower, biomass, and geothermal, and the concept of renewables, indicating the potential 

for integrating multiple renewable sources in PEDs to enhance energy efficiency and reduce 

emissions. Additionally, the graph highlights the significance of energy storage solutions, connecting 

PED virtual with thermal storage and waste heat recovery, which is essential 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 interconnectedness 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 integration of 

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, and energy developers to design more sustainable 

and resilient urban environments by leveraging renewable energy technologies and decentralized 

energy approaches within PEDs. 

 

Fig. 3 reveals the concept of PED representing a dynamic network of interconnected relationships 

that collectively drive sustainable urban environment development, advancement, and 

implementation. Central to this network is the overarching objective of establishing a hundred PEDs 

by the year 2025, serving as a unifying force that brings together various entities, research programs, 

initiatives, and organizations. These relationships exemplify a collaborative approach to urban 

development, where stakeholders from diverse backgrounds contribute their expertise and resources 

to achieve a common goal. 

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 evolution of PEDs, 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" contributing insights, expertise, and cutting-edge 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 Programme Cities Workshop," and "JPI Urban Europe." 

These connections highlight the global nature of the PED movement, enabling cross-border 

collaboration, knowledge exchange, and the transfer of best practices. Moreover, the alignment with 

larger policy frameworks, as indicated by relationships with the "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 potential influence of 

artificial intelligence in facilitating communication, data analysis, and decision-making 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 urbanization. The network embodies a transformative journey where collaborative 

endeavours, research-driven 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 to reshape urban landscapes, fostering greener, energy-positive, 

and technologically advanced urban areas for the future. 
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Fig. 2. Visualization of Filtered KG on PED Concepts and Renewables  
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Fig. 3 . Visualization of Filtered KG on Research and Innovation Program with the "PED related" Keyword  

 

 
1. Throughout the study, it is essential to note that the KG is not a complete graph. This characteristic leads to 

the existence of nodes with fewer or no connections. Some missing edges are attributed to either the application 

of filtering rules to create a subgraph or the incompleteness of the KG 

2. Appendix J has a presentation of these Fig1-3 when they become full subgraphs 
 

 

 



 

 

P
a

g
e2

6 
 

 

5.3. Categorical Relationships in the KG (schema) Subgraph Extraction  

 

The analysis of the Category-based 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 interdependencies 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 central 

node. This category is connected to various other categories, indicating that it serves as a hub or focal 

point for driving research and innovation initiatives within the program. The presence of this central 

node suggests a coordinated and integrated approach to advancing knowledge and fostering 

innovation in the context of the program. 

 

Furthermore, the graph analysis of Fig 4. reveals a flow of knowledge and information between 

different categories. For example, the "PED related" category is connected to other categories, 

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 to advance 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 endeavours at both 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" and "Pre-PED concept" categories 

play crucial roles and have connections with various other categories, underscoring the importance of 

well-defined conceptual frameworks in guiding the program's activities. 

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 supporting the program's implementation through specific 

tools and resources. 
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Fig 4. Categorical Network Graph 
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5.4. Community Detection-Based Subgraphs Extraction  

 

Fig 5 shows the results of the community detection technique applied to a KG. 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 and clusters of related 

nodes . 

 

Fig 5. presents the visualization of the top 5 communities within the PED domain KG. These 

communities were selected because they contain a significant portion of the extracted knowledge, 

while the remaining communities primarily consist of 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 identify collaboration 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 from 

the nodes 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. Additionally, nodes 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 energy-efficient urban infrastructure 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 program" present goal-driven approaches, enhancing programmatic 

sustainability. "CEC" (Citizen Energy Communities), part of the research and innovation program, 

underscores collaborative synergy, and "New Constructions" highlights eco-conscious building 

practices. These themes collectively exemplify the commitment of the PEDs community 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 by nodes such as "District 

Heating & Cooling" and "Smart grids concept," which highlight the community's dedicated 

exploration of energy-efficient urban infrastructure and innovative energy distribution 

methodologies. This focus on energy efficiency signifies a cohesive commitment to adopting smart 

technologies and sustainable energy practices to enhance the overall sustainability and resilience of 

urban development within the Programs for Sustainable Urban Development (PEDs) stakeholder 

community. 

 

Community 1 stands out for its international collaboration and knowledge-sharing 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 implementation and 

technological advancements in PEDs, while Community 3 focuses on optimizing renewable energy 

integration and energy efficiency in urban energy systems. Community 4 addresses challenges and 

considerations in implementing sustainable energy systems and energy transition pathways, 

highlighting the need for resilient infrastructure and effective policies. Lastly, Community 5 centers 

around strategies for urban sustainability and the transition to low-carbon cities, incorporating 

sustainability goals. These communities offer valuable insights into diverse aspects of PEDs, 

including international collaboration, project implementation, technical considerations, 

implementation challenges, and sustainability strategies. 
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Fig. 5. Community Structure Visualization 

 

 

 
 

 

 
 

Fig. 5 emphasizes the significance of exploring the internal dynamics of specific communities within 

the KG, with Community 0 standing out for its strong interconnectedness. Degree centrality was 

utilized to gain insights into the influential nodes and their impact on knowledge dissemination and 

collaboration within the community. Degree centrality measured the number of connections a node 

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

0.  

This analysis shows central 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 connected nodes, offer 

valuable quantitative measures for understanding the significance and influence of specific nodes. 

These measures aid in network planning, optimization, and identifying influential nodes within the 

community. 

 

This analysis employed degree centrality to gain insights into the patterns and dynamics within 

Community 0 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 within the graph. 

The nodes were then sorted based on their degree centrality values, enabling the identification of the 

top 10 nodes with the highest centrality. Visualizing a subgraph illustrating the connections among 

these influential nodes provided a clear representation of their interrelationships and importance. 

 

Analysis revealed that the node "PED" exhibited the highest degree of centrality with a value of 

0.946, indicating its significant role in terms of connectivity and influence within Community 0. 
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Additionally, nodes such as " PED and Neighborhoods program," " JPI Urban Europe," "EU SET 

Plan," "JP Urban Europe," and "District Heating & Cooling " also demonstrated notable connections, 

although with comparatively lower degree centrality scores. 

 

Community 0 was 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 elements and their 

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 rank 

indicates the position 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 greater importance 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 themes. Nodes such as the "smart grid concept" might have fewer 

connections due to their specialized nature ï they 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. 

 

Fundamentally, the connectivity of nodes within a community reflects the emphasis 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 pattern can be similarly applied to the other communities described, where the nodes with fewer 

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 comprehensive picture of the 

different dimensions and considerations associated with PED. 
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Fig 5. A. "Degree Centrality Subgraph of Community 0. 

 
The insights gleaned from visualizing and quantitatively analyzing degree centrality furnish 

developers and stakeholders in the PED domain with valuable informationðthese insights aid in 

identifying influential nodes that play critical roles within the community. Notably, nodes such as 

"PED," "renewables," "District Heating & Cooling," 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 the 

KG to extract knowledge and information that proves beneficial for stakeholders in the PEDs domain 

or for anyone exploring the KG. 

 

Table 3: Top 10 connected nodes with the highest degree 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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5.5.  Longest Path in a KG 

 

By examining the longest 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,' 'researchers,' and 'PED 

technological requirements,' multiple insights can be deduced. This path uncovers the connections 

and dependencies between these entities, highlighting relationships related to tools, countries, electric 

vehicles, projects, researchers, and technological 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 aiding in information flow analysis. The longest path 

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 performance 

by identifying bottlenecks and areas for improvement. Furthermore, the longest path contributes to 

semantic analysis, revealing connections between the "PEDRERA project" and associated entities. 

 

This path takes us on a journey through PEDs, step by step. Beginning with the 'PEDRERA project' 

and 'PEDRERA tool,' which mark the initial stages, we move on to 'Spain' and 'Ireland,' indicating 

the project's location. 'PED' and 'PED autonomous' represent the core idea of creating self-sustaining 

energy districts. 'Electric vehicles' and 'PED projects' demonstrate the integration 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' highlight specific criteria for effective district functioning. This path helps us 

comprehend how PED work, covering the journey from inception to critical details. 
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Fig 6. Visualization of the Longest Path in the KG 

 

 
Longest Path: ['PEDRERA project,' 'PEDRERA tool,' 'Spain,' 'PED,' 'PED autonomous,' 'Electric 

vehicles,' 'PED projects,' 'CityxChange,' 'Ireland,' 'PED EU NET,' 'PED Database,' 'researchers,' 

'PED technological requirements']. 

 
5.6.  Question Answer-Based Subgraph Extraction 

 

Fig. 7 visually represents the question-and-answer findings within the KG, explicitly focusing on the 

query "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 Smart 

Cities) is an essential framework within the KG. It acts as a collaborative platform, enabling research 

institutions and universities across Europe to actively engage in exploring PED. EERA JPSC 

facilitates access to valuable resources and promotes innovation in PED projects. 

 

For decision-makers and analysts, Fig 7 is a valuable resource for obtaining up-to-date information 

about EERA JPSC. This knowledge assists in making informed decisions and formulating strategies 

related to PED initiatives. Moreover, the figure provides insights 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 the KG, focusing on the interrelationship between 

PED and smart cities. The answers derived from the KG emphasize 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 energy-efficient urban environments. 

 

The insights presented in Figs 7 and 8 were obtained through an iterative trial-and-error approach to 

determine the optimal value for the "TopN" parameter. The "TopN" value represents the number of 

most relevant and similar sentences retrieved from the KG based on the input question. 

 

To make informed judgments about the performance of the question-and-answer retrieval system, 

calculating various measurements that assess its precision, recall, and overall effectiveness (Table 4) 

is crucial. Precision measures the accuracy of the system in retrieving relevant answers, indicating the 

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 relevant answers, measuring the proportion of 

relevant answers that are successfully retrieved. The F1 score combines precision and recall into a 

single metric, offering a balanced system performance assessment. 

 

The overall precision of the system was found to be approximately 74.23%. This indicates that about 

74.23% of the retrieved sentences were accurate and relevant answers to the given questions. 

However, the overall recall was relatively low, measuring only 1.54%. This low recall value suggests 

that the system missed a significant number of correct answers, resulting in an incomplete retrieval of 

relevant information. 

 

The overall F1 score, which considers both precision and recall, was examined to gain a more 

comprehensive understanding of the system's performance. The calculated 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 system's performance variability using percentile precision, recall, and F1 scores was 
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 difficulty providing precise answers. 

Conversely, another 25% of the questions achieved 85% or higher precision levels, showcasing the 

system's ability to excel in retrieving highly relevant answers for a subset of questions. The middle 

50% of questions showed precision values within the 75% to 85% range, indicating 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 relevant 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 questions 

achieved recall rates of 1.76% or higher, suggesting improved recall performance for a subset of 

questions. The middle 50% of questions had recall values ranging from 1.55% to 1.76%, implying a 

limited ability to consistently retrieve relevant answers for this group of questions. 

 

Additionally, the percentile F1 scores ranged from approximately 0.028 to 0.035, illustrating the 

system's effectiveness in balancing precision and recall. For approximately 25% of the questions, the 

system achieved F1 scores as low as 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 subset of questions. 

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 question-answering system based on the Universal 

Sentence Encoder demonstrated promising precision but faced challenges with recall. The low recall 

suggests the system often missed relevant answers, leading to a limited ability to retrieve 

comprehensive information. To enhance the system's effectiveness, addressing the variation in 

performance across different types of questions and achieving a better balance between precision and 

recall are essential goals. This would enable the system to effectively provide accurate and relevant 

answers across a broader range of questions. 

 

Table 4. Statistical Analysis of question-and-answer 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 
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Fig 7. Question and Answer graph -what is EERA JPSC? 
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Fig 8. Question and Answer graph -What is the relation between PED and smart cities? 

 

 

 
 

6. Comparative Analysis of Node2Vec and DeepWalk for Graph Embeddings 

 

In Figs 9 and 10, the Node2Vec and DeepWalk embedding 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 using t-SNE, thereby enabling a 

clearer visualization of the relationships among the nodes. However, due to the large number of 

nodes, the initial scatter plots were challenging to interpret, leading to the selection of a subset of 

nodes (40 nodes) with a degree of connection to more than five other nodes for improved visibility 

(Appendix B). The resulting scatter plots provided insights into structural similarity, cohesive 

substructures, outliers, and overall graph organization. 

 

This analysis aimed to 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, the pairs "urban 

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. 

 

For instance, in the case of the pair "urban energy system" 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 

algorithm consistently outperforms the other. Similarly, when examining the pair "PED project" and 

"Slovenia," both Node2Vec and DeepWalk yielded results. It is worth noting that DeepWalk, which 

relies on random walks and skip-gram models, can potentially assign negative similarity scores in 

certain scenarios. In contrast, Node2Vec, incorporating biased sampling during random walks, may 

assign positive similarity scores even for relatively dissimilar nodes. This illustrates how each 

algorithm approaches similarity computations differently without necessarily implying the superiority 

or inferiority of one over the other. 

 

A comprehensive analysis was conducted using various statistical measures, including a paired t-test, 

Cohen's d, Jaccard similarity coefficient, Pearson correlation coefficient, and Root Mean Squared 

Error (RMSE) for all network nodes to evaluate the performance further. The evaluation results 

indicated no significant difference in similarity scores between Node2Vec and DeepWalk, suggesting 

that both algorithms exhibit comparable performance in capturing similarity within the network. 

 

Based on the evaluation results obtained from various measurements and tests, conclusions can be 

drawn regarding the performance and comparison of Node2Vec and DeepWalk. In terms 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 values obtained from different code snippets (ranging from 

0.9938 to 0.7734) suggest that both Node2Vec and DeepWalk capture similar patterns in the data and 

produce similar similarity scores. 

 

However, when considering other metrics, such as RMSE (root mean squared error, which calculates 

the average difference between the predicted and ground truth scores) and R-squared (a statistical 

measure that represents the proportion of variance explained by the models), different code snippets 

yield varying results. For example, 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 Node2Vec compared 

to DeepWalk. Similarly, the R-squared values ranging from -3.2772 to 0.9843 indicate the proportion 

of variance explained by the models. Higher R-squared values (e.g., R-squared (DeepWalk): 0.9843) 

suggest better model fit; in this case, DeepWalk tends to have higher R-squared values than 

Node2Vec. 

 

The paired t-test result also suggests no significant difference in similarity scores between Node2Vec 

and DeepWalk. The paired t-test is a statistical test that compares the means of two related samples to 

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 standardized difference between two means), 

and the Jaccard similarity coefficient (a measure of similarity between sets), they provide additional 

insights (Tan, Steinbach, & Kumar, 2016). Cohen's d, which measures the effect size, suggests a very 

small effect favouring DeepWalk (Cohen's d: -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 small. 

On the other hand, the Jaccard similarity coefficient reveals a low level of similarity 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, based on the evaluation results, both Node2Vec and DeepWalk demonstrate strong 

positive correlations with similarity scores. However, their performance differs when considering 

other metrics, such as RMSE and R-squared. Node2Vec generally performs better in terms of RMSE, 

while DeepWalk tends to have higher R-squared values. The paired t-test indicates no significant 

difference in similarity scores between the two methods. Cohen's d suggests a small effect favouring 

DeepWalk, and the Jaccard similarity coefficient 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." 



 

 

P
a

g
e3

8 
 

          Fig 9: Embedded node in (t-SNE) using Deepwalk  
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10. Embedded node in (t-SNE) using Node2vec 
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6.1. Graph Embedding Analysis and Clustering Comparison 

 

Fig. 11 has visualized the graph embeddings using t-SNE, a technique that helps us understand how 

nodes cluster and relate to each other in a two-dimensional space. We compared the t-SNE plots for 

DeepWalk and Node2Vec embeddings to spot any differences in the patterns and clusters created by 

these two methods. 

The t-SNE plot on the left clearly shows that the nodes are more scattered than the plot on the right, 

indicating a less organized and cohesive structure in the DeepWalk embeddings. The statistical 

analysis further supports this observation, confirming that the DeepWalk embeddings exhibit a higher 

degree of node scattering and lack a well-defined clustering pattern compared to the Node2Vec 

embeddings shown on the right. 

 

In order to conduct a comprehensive comparison, histograms were created. The histograms of cosine 

similarities for DeepWalk and Node2Vec embeddings (second row, left plot of Fig. 11) provide 

valuable insights into their clustering capabilities. Node2Vec shows a significantly higher mean 

similarity of 0.3135 compared to DeepWalk's 0.0941, suggesting better clustering performance. Both 

embeddings have similar standard deviations (0.1593, 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 distribution exhibits positive skewness and higher kurtosis, indicating well-defined 

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 distributions. 

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 distinctive similarities among nodes compared to DeepWalk. 

The statistical analysis reveals significant differences between DeepWalk and Node2Vec 

embeddings. Notably, Node2Vec consistently outperforms DeepWalk in terms of average similarity 

(Node2Vec: 0.3135, DeepWalk: 0.0941) and consistently achieves higher silhouette scores, 

indicating better-defined and separate clusters.  

The histograms further support Node2Vec's superiority, displaying a more pronounced right-

skewness and a slightly more peaked distribution compared to 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 embeddings (last two graphs of Fig 11.). 

The optimal number of clusters for each clustering 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 number of clusters. However, by 

examining the inertia values, a significant decrease in inertia from 2 clusters to 3 clusters, with a less 

pronounced decrease as the number of clusters increases further, can be observed. The inertia values 

continue to decrease but at a slower rate, suggesting that 2 clusters 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 continues at a noticeable 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 definitive, the silhouette scores provide additional 

insights. Node2Vec exhibits generally positive silhouette scores, indicating well-separated clusters 

with relatively similar objects within each cluster. The maximum silhouette score for Node2Vec is 

0.101, which is 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. 

 

The decision to select 2 clusters for DeepWalk and 10 clusters for Node2Vec is based on a 

combination of insights from the elbow method and silhouette scores, ensuring the best 

representation of well-separated and distinct clusters for each embedding method. 
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Furthermore, the exploration of Node2Vec clusters has unveiled valuable insights into sustainable 

urban development. Each of the 10 clusters represents a distinct theme: Cluster 1 - "Economic 

Efficiency and Policy Implications of PEDs" (Representative node: "Norway PED"), Cluster 2 - 

"Implementation and Integration of PED in Urban Environments" (Representative node: "urban 

energy system"), Cluster 3 - "Social Innovations and Multi-disciplinary Approaches in PED" 

(Representative node: "social innovations"), Cluster 4 - "Green Infrastructure and Sustainable Urban 

Planning for PED" (Representative node: "Heating and Cooling systems"), Cluster 5 - "Creation and 

Potential of PED for Energy-Efficient Cities" (Representative node: "PED creation"), Cluster 6 - 

"Urban Transition and Technical Innovations towards PED" (Representative node: "technical 

innovation"), Cluster 7 - "Citizen Engagement and Process Evaluation in PED Projects" 

(Representative node: "citizen engagement"), Cluster 8 - "Positive Energy Districts (PED) and 

Sustainability in European Cities" (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 12 demonstrates the partition of clusters. At first glance, overlaps among the clusters might be 

noticeable. However, it is essential to understand that these overlaps do not necessarily indicate an 

error in the clustering process; however, the error is inevitable. Instead, these overlaps can occur 

naturally when high-dimensional, complex data is simplified into a lower-dimensional form. 

Furthermore, A specific seed has been used to ensure the results are repeatable and consistent every 

time the program runs. Please refer to the Discussion section for a more detailed discussion on this. 

Additionally, parameters have been carefully optimized 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 similarity (lower standard 

deviation), and a pronounced right-skewness. 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, enhances edge prediction performance by providing more 

informative features for predicting missing or future connections. Consequently, Node2Vec shows 

promise for edge prediction tasks in future explorations.  
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Fig 11. Distribution and Clustering of Nodes in a Two-Dimensional Space (Comparison of 

DeepWalk and Node2Vec Embeddings) 
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Fig 12. Illustration of Clusters of Nodes in a Two-Dimensional Space (Comparison of DeepWalk and 

Node2Vec Embeddings)  

 

 
 

6.2.Edge Prediction Analysis and Visualizations in KG 

 

Based on the findings in part 8, the Node2Vec method emerges as a more effective approach for 

capturing similarities and connections among nodes in the KG, making it advantageous for tasks like 

edge prediction. 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 performance in edge prediction (Ilievski et al., 

2022). 

Selecting the best classification method is crucial for accurate and reliable edge prediction in the KG. 

By evaluating and comparing different models, the one that effectively captures the underlying 

patterns and relationships in the graph could be identified, resulting in improved accuracy and 

performance. Fig. 13 presents the performance evaluation of various models, including Logistic 

Regression, K-Nearest Neighbors, Naïve Bayes, Random Forest, and SVM, using evaluation metrics 

such as accuracy and F1-score (Frimodig & Sivertsson, 2021). 

 

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

the highest F1-score of 0.5982. The high accuracy indicates that the model correctly predicts a large 

proportion of true positives and true negatives. Additionally, the high F1-score, which combines 

precision and recall, suggests that the model maintains a balance between correctly identifying 

positive cases (precision) and capturing all positive cases (recall). Therefore, 'Logistic Regression' 

appears to be the most suitable model considering both accuracy and F1-score, making it a strong 

candidate for edge prediction in the KG. 
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Fig. 13. Performance Comparison of models Accuracy and F1-score for prediction 

 
 

Logistic regression classification for edge prediction was chosen. It is trained on the training data 

using node embeddings and other input features to predict the existence of edges in the KG. The 

classifier iterates over the graph's nodes and their neighbours, considering pairs of neighbours that do 

not have a direct edge. By concatenating the node embeddings of each pair, the logistic regression 

model predicts whether an edge exists between them. The predicted edges, along with their respective 

nodes and labels, are stored and presented. 

 

6.2.1 Probabilistic Edge Predictions and Threshold Analysis 

 

In this analysis, as described in the Method section (6.4.1), the logistic regression model estimates the 

probability for each class label (presence or absence of an edge) using learned parameters, and a 

threshold of 0.5 is employed for classification. By adjusting this threshold, the precision-recall 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 absence. This approach allows for fine-

tuning the model's predictions based on varying levels of confidence in edge occurrences. These are 

the observation based on statistical summary analysis for probability greater than and equal to 0.5: 

 

In Table 5, 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 in 

the dataset have a likelihood of around 66.2%. The dataset's range, spanning 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 standard 

deviation of approximately 0.102 suggests a moderate spread or variability of the probabilities around 

the mean. This indicates that the likelihood of events may exhibit some variation from the average. 

The median probability of approximately 0.646, being close to the mean, further suggests that the 

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

 

Additionally, Table 5 shows the probabilities at different percentiles to gain further insights into the 

data. The 25th percentile (Q1) is approximately 0.585, indicating 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 support 

the notion that the majority 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 tail 

extending to the right with more probabilities skewed towards the lower end of the range, the 

negative kurtosis value of approximately -0.635 suggests a flatter peak and thinner tails compared to 

a normal distribution. In simpler terms, this means that the probabilities in the dataset are less 
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concentrated towards the extreme values and exhibit a more spread-out distribution compared to what 

would be expected in a typical normal distribution. 

These observations indicate that the probability data does not follow a perfectly 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 value reinforces 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 in 

the dataset are not as concentrated around the mean as they would be in a typical normal distribution. 

Instead, the distribution has a more spread-out shape with less emphasis on extreme values, resulting 

in a flatter peak. This information helps to understand the characteristics of the probability 

distribution and its potential implications for the edge prediction task. 

 

Table 5. 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. the distribution 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 evidenced by the peak 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) 

 
 

Q-Q plot can be used to assess whether the distribution of probabilities follows a theoretical 

distribution, such as the normal distribution. In 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 going up, touching the 

line with one 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 another. This 

behaviour is typical of a bimodal distribution. 

 

Fig 15. Q-Q Plot of edge prediction of Probability >=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. This apparent bimodal behaviour strongly suggests the existence of two separate groups or 

subpopulations within the data. The KDE, a smoothed PDF version, provides a non-parametric 

estimate of the underlying probability density function(Qin & Xiao, 2018). Consequently, both the 

KDE and PDF effectively illustrate the bimodal nature of the data, supporting the presence of these 

two separate groups or subpopulations.  

 

Fig 16. KDE and PDF edge prediction probability >0.5 

 

 
These observations and statistical measures consistently indicate a distribution of edge prediction 

probabilities that is non-normal and bimodal. The presence of skewed patterns, distinct clusters, and 

dual peaks in both graphical representations and statistical summaries 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 confirmed, this 

section did not pursue further analyses to avoid redundancy. The decision was made to relocate the 

results of these follow-up analyses, such as the Shapiro-Wilk test (González-Estrada & Cosmes, 

2019) and the Gaussian Mixture Modeling (GMM) were among the tests employed to Appendix F, 

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, was 

applied to gain insights into the importance and centrality 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 with a higher degree of centrality are recognized as 

more central and influential 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 in 

the network were presented, unveiling intriguing insights. For instance, 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 median 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 as central and 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 a 

probability around 0.739, like '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 that the KGs include. 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, nodes 'PED' 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 to external partnerships or 

boundaries. This duality indicates two primary interaction modes: a technical aspect involving energy 

and technology and a collaborative aspect involving external relationships. These valuable insights 

play a crucial role in guiding the planning of sustainable urban environments, facilitating the 

optimization of both technical and collaborative dimensions. 

 

 

Ultimately, the study's main objective was fulfilled in this section by presenting the edge predictions 

in Table 6. The "Top Predicted Edges" represent connections between nodes that do not have a direct 

link in the network but are likely to be connected based on their calculated probabilities. The 

probabilities indicate how likely an edge will be established between these nodes. While only a 

subset of these top predicted edges is listed here (top 10) that were identified to have probabilities 

greater than or equal to 0.5, suggesting their potential to form edges or have edges predicted for them 

with those probabilities. In order to present the most relevant and impactful findings, it was decided 

to present only the top 10 edge predictions in the results section. By displaying the top 10 predictions, 

the focus is placed on the most confident and highly probable connections within the graph. 

 

Table 6. 

Top 10 Predicted Edges 

Nodes*  Probability  

 PED - thermal storage 0.925 

 PED - wind-pumped hydropower station on El Hierro 0.886 

 PED - core capabilities 0.868 

 PED - SCI 0.864 

 PED - PED demonstration 0.862 

 PED - year 2022 0.857 

 PED - zero emissions of CO2 0.856 

 EERA JPSC - COOPERaTE 0.830 

 PED - wasted energy 0.838 

 PED - waste heat recovery                                                                             0.830 

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

  

  

  

7. KG Extraction from DBpedia/Wikidata 

 

Appendix H is an illustration of the DBpedia KG. It offers detailed information about the 

"Positive_Energy_District" entity and its related nodes. The obtained RDF triples provided crucial 

insights into the entity's attributes, relationships, and connections within the broader KG. These 

triples contained valuable details, such as namespace prefixes and links to other related resources like 

the "International_Energy_Agency_Energy_in_Buildings_and_Communities_Programme," 

"Smart_city," and "Zero-energy_building." Additionally, the graph included labels and an abstract 

that eloquently described the concept of a positive energy district as an urban area that generates as 

much energy as it consumes, focusing on resource sharing, energy efficiency, renewable energy, and 

smart planning methods. 

 

Furthermore, the entity "Positive_Energy_District" was found to be associated with diverse 

categories, encompassing energy economics, environmental design, smart cities, sustainable 

architecture, building, and urban planning. Notably, it emerged as the primary topic on the English 

Wikipedia page "Wikipedia-en: Positive_Energy_District," indicating its importance and relevance 

within the KG. 

 

However, the analysis also highlighted certain challenges. While some nodes were accessible and 

could be found within the KG, they were not adequately connected to the main target, PED's domain. 

This is mainly 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, broken, or had not been created at all, creating gaps in the network. 
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7.1 Comparison: DBpedia versus User-Defined KGs 

 

When considering the construction of KGs for PEDs, there are pros and cons associated with using 

DBpedia compared to user-defined KGs. 

 

DBpedia offers several advantages for KG construction. Firstly, it boasts wide coverage, 

incorporating a vast array of entities and relationships across diverse domains, making it highly 

suitable for general-purpose applications. Moreover, DBpedia provides a standardized ontology and 

query language, facilitating seamless interoperability and integration with other KGs and tools. 

Additionally, the structured data format of DBpedia, specifically the RDF format, enables easy 

representation of entities and relationships, allowing for smooth integration with other RDF-based 

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 of 

the KG. 

 

On the other hand, DBpedia does have certain limitations. One major drawback is its limited 

customization capability, as it is a predefined KG. This limitation means that fine-grained control 

over the types of entities and relationships to include may not be feasible, potentially hindering its 

suitability for certain specialized applications. Furthermore, since DBpedia is automatically extracted 

from Wikipedia, the data it contains may contain errors, inconsistencies, and biases. Additionally, 

there might be gaps in coverage for certain domains or entities relevant to specific applications. 

Moreover, ensuring the KG stays up-to-date with new information and changes in the underlying 

Wikipedia pages can be challenging and time-consuming. 

 

Conversely, user-defined KGs offer several advantages. 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, user-defined KGs can undergo manual or automated 

curation, leading to higher data quality control and data verification, resulting in more accurate and 

reliable information.  

However, constructing and maintaining user-defined KGs also comes with some challenges. They 

may have limited coverage compared to pre-existing KGs like DBpedia, potentially resulting in less 

comprehensive results. Building and maintaining user-defined KGs can also be time and resource-

intensive, especially for large or complex domains. Furthermore, user-defined KGs may not conform 

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

challenging. 

 

When considering DBpedia and Wikidata for KG construction related to PED, both sources offer 

structured and semi-structured 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 

sustainable development and renewable energy but has limited data specifically focused on PED at 

the moment. On the other hand, Wikidata provides more comprehensive information related to any 

domain, including PED, with details on specific projects, organizations, and technologies. However, 

the data in Wikidata may not always be up-to-date or accurate due to its reliance on community 

contributions. No data published in Wikidata can be found for the PED case, and the code assigned to 

each entity does not return any information. 

 

Constructing a KG solely based on DBpedia or Wikidata for PEDs may lead to incomplete or 

inaccurate information. Therefore, it may be more appropriate to consider user-constructed KGs that 

amalgamate data from multiple sources for a more comprehensive representation and management of 

knowledge related to PEDs. This approach is especially beneficial until more comprehensive and up-

to-date data become available in DBpedia and Wikidata. Nonetheless, user-constructed KGs are more 

flexible and user-friendly, allowing for multiple ways of studying and analyzing data (see also 

Appendix C. Table for further details). 

 

To back up the fact, as mentioned above, Table 7 is the Evaluation Performance of the user-

constructed KG (our KG) vs. DBpedia. To assess the performance of the user-constructed KG was 

compared with the well-known 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 DBpedia, 

and the metrics used were precision, recall, and F1 score. 

 

The evaluation results indicate that the user-constructed KG exhibits limited overlap with DBpedia. 

The precision value of approximately 0.00052 suggests that only a tiny proportion of entities in the 

user-constructed KG are also present in DBpedia. However, the recall value of 1.0 indicates that all 

the entities present in DBpedia were correctly identified in the user-constructed KG, which means 

that while a user-constructed KG might be selective in its coverage, it accurately captures entities that 

exist in the DBpedia knowledge base. 
 

Table 7: Evaluation Table- Performance of. DBpedia vs user-constructed KG  

Metric  Value 

Precision* 0.00052 

Recall **  1.00000 

F1 Score  ***  0.00104 

*precision value = the proportion of entities in our KG presented in DBpedia. A higher precision value indicates a stronger 

alignment between the two knowledge bases.  

** Recall = the proportion of DBpedia entities correctly identified in our KG.  

** F1 score = harmonic mean of precision and recall, providing a balanced overall performance measure.  

 

In our case, the KG has a perfect recall for the entity "Positive_Energy_District," but the overall 

precision is relatively low, suggesting that the user-constructed KG has limited overlap with 

DBpedia. 

 

 

8. Discussions: 

 

8.1 The Necessity of KG Updates by Community  

 

This study found PED as a topic requiring cooperation among multiple stakeholders and managing 

various challenges. Over time, PED has expanded its scope to encompass diverse areas, such as 

financial aspects and partnerships with different sectors of the economy. The key to a successful and 

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 graph encompassing the entirety of PED 

knowledge, which is an ongoing pursuit. It is important to note that this study's KG has not yet 

achieved a state of full completion, despite efforts towards achieving that goal, including applying an 

edge prediction approach. A pivotal technique in pursuing this completeness is edge prediction. This 

approach aids in the identification of potential relationships and the establishment of connections, or 

"edges," between pertinent nodes within the graph. By addressing gaps within the KG, edge 

prediction enhances its overall comprehensiveness and informational significance. 

 

Community engagement is essential to ensuring that the KG remains up-to-date. By encouraging the 

contributions of diverse stakeholders and experts to enrich and update the graph, the best edges or 

missing connections within potential nodes to eventually achieve a complete graph could be found. 

This cooperative, inclusive approach guarantees that the KG continually develops, strengthening PED 

initiatives' continuous evolution and efficacy. This approach to knowledge building ensures the long-

term sustainability and success of PED projects by maintaining a broad, multifaceted, and 

continuously updated knowledge base. 

 

8.2. Exploration of Community-Based Detection 

 

Furthermore, in exploring community-based detection, Community 0's degree centrality, 

investigating its unique patterns, influential nodes, and relationships, was examined embedded within 

the KG. This analysis presented challenges, particularly when determining the most efficient 

community. Conductance, which measures the level of interconnectivity, did not clearly distinguish 

community efficiency. (Perozzi & Akoglu, 2018) When considering this measure alone, all 

communities demonstrated a conductance of 0.5, indicating equivalent levels of interconnectivity 
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with the rest of the graph. Using Conductance 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 need for additional criteria to gain a more holistic understanding of 

community efficiency, considering both connectivity and thematic coherence, was recognized. This 

combined assessment allows us to evaluate a community's efficiency and its consequential impact on 

the broader network more effectively. We focused on degree centrality when selecting the top 10 

nodes from Community 0. These nodes, with the highest number of connections within the 

community, serve as significant drivers of information flow and collaboration. 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 enhanced the understanding of the community's 

structure, shedding light on key themes, patterns, and important individuals whose projects have 

significantly contributed to the community's achievements and advancements within PED. 

 

8.3 Visualization and Representation 

 

Exploring further into the structure of the KG, Fig. 7 portrays the various 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, and 

each node can only be visited once in any path), an optimal one-directional path cannot be feasibly 

presented; multiple such paths may exist. Fig. 7 presents 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 routes to understand their 

relationships and semantic associations comprehensively. Despite the benefits of exploring all 

possible routes for exhaustive insights, the figure concentrates on one specific path to maintain clarity 

in explanation. 

 

8.4 Comparative Analysis of Node2Vec and DeepWalk 

 

Another significant facet of discussion would be around the Comparative Analysis of Node2Vec and 

DeepWalk for Graph Embeddings. Node2Vec was chosen based on careful observation and thorough 

evaluations. DeepWalk remains valuable in scenarios where a more diverse exploration 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 graph. In this section, the 

analysis of summary statistics and histogram shape provides valuable insights into the distribution of 

cosine similarities for both DeepWalk and Node2Vec embeddings, thereby assisting researchers and 

practitioners in selecting the most appropriate method based on their graph analysis objectives and 

desired characteristics of the resulting embeddings. 

 

8.5 Clustering Node Embeddings and Visualization 

 

A further point worthy of discussion is found in the clustering node embedding section, where the 

discrepancy between the t-SNE plot and the optimal number of clusters can be attributed to the 

different aspects being considered. The t-SNE plot visually represents the data's clustering pattern, 

suggesting a less organized structure in DeepWalk embeddings. On the other hand, the elbow method 

and silhouette scores take into account the clustering quality and how well-separated the clusters are, 

leading to different optimal numbers of clusters for DeepWalk (2 clusters) and Node2Vec (10 

clusters) despite the difference observed in the t-SNE plot. The analysis of Node2Vec's distribution 

reveals that it is positively skewed and has higher kurtosis, indicating that the data is clustered around 

certain values with more extreme values. The positive skewness of Node2Vec's distribution indicates 

that node similarity values are typically higher and clustered around specific, well-defined values. 

These distribution characteristics suggest that Node2Vec captures meaningful relationships and 

structural properties between nodes in the graph, resulting in better-defined 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 boundaries. The 

clusters might overlap, yet such a phenomenon is mainly due to the challenges in reducing high-

dimensional data into two or three dimensions. Techniques like DeepWalk and Node2Vec aim to 

mitigate these complexities by transforming high-dimensional embeddings into a simplified space, 

which can unavoidably lead to visible overlap. 

 

Moreover, data points themselves can present inherent overlaps due to their intricate nature - a 

common characteristic of real-world 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 can impact the representation. However, it is crucial to note that 

such overlap does not necessarily suggest an error in the clustering process but can be a side-effect of 

the simplification process of high-dimensional data representation. 

 

8.7 Edge Prediction Models and Threshold Selection 

 

A different facet of discussion that deserves attention is found in the Model section, where the choice 

of the best model for edge prediction in a KG can be affected by the task's requirements and specific 

application. Logistic regression emerged as the top-performing 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 non-linear 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 the KG. It excels in high-dimensional spaces, making it suitable for 

scenarios where the number of features or dimensions is substantial. Additionally, SVM is less prone 

to overfitting, which is a common concern when dealing with small datasets or noisy data. It aims to 

find the optimal decision boundary that maximizes the margin between different classes, leading to 

good generalization performance (Lao, Mitchell, & Cohen, 2011; Fernández-Torras 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 threshold of 0.5 is 

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 decision 

point, equally valuing false positives and false negatives. By adjusting the threshold, it becomes 

possible to control the trade-off 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 model 

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 true positive edges, but it may also lead to more 

false positives. 

 

Edge prediction analysis is also a noteworthy aspect that deserves attention. Edge prediction results 

revealed the bimodal distribution observed in the edge prediction probabilities, indicating the 

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

existence of different patterns or relationships within the graph, which can be further explored and 

analyzed. The analysis of the probability distribution showed two separate peaks, signifying the 

presence of two separate clusters or modes within the data. In Appendix G, statistics provide insights 

into the differences between the two clusters. Cluster 1 has a lower average probability, slightly 

negative skewness, and a more negatively peaked (lighter-tailed) distribution compared to a normal 

distribution and platykurtic distribution. On 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 are relatively 

tightly distributed around their respective means.  
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8.8 Question-and-Answer Component and Node Embedding in PEDs KGs 

 

An additional point of discussion that is notable pertains to the question-and-answer component, 

where the Universal Sentence Encoder plays a crucial role in enhancing question-answering systems. 

It does this by generating high-quality sentence embeddings and enabling semantic similarity-based 

retrieval. Through the thorough application of evaluation metrics, question-answering systems were 

assessed, leading to a comprehensive understanding of their performance and contributing to 

continuous system improvement. However, in the domain of question-and-answer exploration with 

KGs, a significant challenge arises in ensuring the accuracy and relevance of retrieved answers. This 

is particularly true for large and complex KGs where false or outdated information may be 

encountered. Essential measures such as ongoing updates, data quality assurance, and human 

validation should be implemented to strengthen system reliability. 

 

Ultimately, the comparison between Node2Vec and DeepWalk for node embedding in graphs and the 

Universal Sentence Encoder (USE) for question-answering serves distinct purposes, with no 

definitive superiority of one over the other. Node embedding techniques like Node2Vec and 

DeepWalk excel in extracting knowledge about the connections between nodes and the overall 

organization of the graph. At the same time, the USE is effective in extracting knowledge from 

textual data and providing relevant answers to natural language queries. Integrating these techniques 

can offer a comprehensive understanding of the data, bridging the gap between graph-based and text-

based insights and obtaining valuable information for decision-making and further research in the 

domain of PED. 

 

8.9 Edge Prediction vs. Feature Importance 

 

In exploring PEDôs 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 likely to increase 

the log odds of an edge's existence significantly. This observation emphasized its potential centrality 

in PED-related relationships. Similarly, high coefficients were found for country-specific PED nodes 

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

roles in the KG. In contrast, entities associated with technical systems, such as "Heating and Cooling 

systems," and other countries like the Netherlands and Italy were observed to have milder 

coefficients, indicating a less pronounced influence. 

 

However, it was noted that feature importance alone might not fully capture the complex interactions 

and dependencies within the KG, particularly in intricate domains like sustainable urban 

development. This limitation was highlighted when nodes with lower coefficients, such as "PED," 

were seen to still exhibit some influence on determining relationships. 

 

To address these analytical nuances, edge prediction techniques were employed. Potential 

relationships were identified, and links between related nodes were established, enhancing the graph's 

completeness and informational depth. Through this approach, a deeper understanding of the graph's 

inherent structure was achieved, and previously hidden patterns were uncovered, refining the 

analysis. The adaptability of edge prediction, along with its potential for application across various 

domains, solidified its importance in understanding complex structures within KGs. 

 

For a comprehensive breakdown of nodes and their corresponding coefficients, Appendix I can be 

consulted. 

 

8.10 Future development 

 

The study yielded valuable insights into the graph's relationships, similarities, and potential 

connections by constructing a KG on PEDs and employing various techniques. However, for future 

development, several aspects warrant further exploration to enhance the effectiveness of graph-based 

analysis: 
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Data enrichment efforts can be made to gather information from diverse and reliable sources, 

collaborating with domain experts, stakeholders, and communities to fill the gaps and improve data 

quality. Moreover, integrating data from multiple domains and considering temporal dynamics can 

provide a holistic understanding of sustainable urban development and its interconnectedness with 

social, economic, and environmental factors. Additionally, incorporating advanced node embedding 

techniques, such as GraphSAGE or Graph Attention Networks (GAT), may further enhance the 

representation of nodes and relationships within the KG. 

 

Human-in-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 real-world scenarios and requirements. 

Explainable AI refers to incorporating techniques that provide transparency and interpretability to the 

edge prediction models, allowing stakeholders to understand the reasoning behind the predicted edge 

connections. 

 

User-friendly interfaces can facilitate meaningful engagement and ensure the analysis aligns with 

real-world requirements, enabling researchers, policymakers, and urban planners to query, explore, 

and interact with the KG, empowering them to gain valuable insights for decision-making. 

 

Moreover, dynamic visualization techniques can provide an interactive exploration of the data, while 

integration with IoT data can enrich the KG and offer real-time insights into urban environments. 

 

While this study presented the potential of graph-based 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 

directions will strengthen the understanding and implementation of sustainable urban development 

initiatives.  

 

9. Conclusion  

 

This paper presents a comprehensive analysis of a KG for 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 techniques, 

subgraph extraction, community detection, edge prediction, and node embedding methods were 

employed to understand and analyze the content and connections within the KG. 

 

Throughout the analysis, the significance of collaboration and conceptual frameworks in the PED 

domain was emphasized, highlighting the need for a comprehensive representation of entities such as 

projects, technologies, organizations, and locations. The use of filtering techniques and subgraph 

extraction allowed for a focus on specific domains of interest, revealing important insights into the 

relationships within those domains. The visual representation of the KG facilitated a deeper 

understanding of the complex networks of entities and their connections. Node colouring, labelling, 

and legends aided researchers and domain experts in interpreting and analyzing 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 of 

interconnectedness and dependencies among different categories. Community detection techniques 

identified distinct communities within the graph, shedding light on interconnected nodes' structural 

organization, patterns, and clusters. 

 

The evaluation of a question-answering system based on the graph brought to light challenges related 

to precision and recall, calling for further improvements in this area. The comparative analysis of 

graph embeddings demonstrated the effectiveness of Node2Vec in capturing similarities and 

connections within the KG, outperforming DeepWalk in terms of clustering quality and edge 

prediction. Logistic regression was adopted as the top-performing model for edge prediction, 

providing valuable insights into potential 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 clusters 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 

classification accurately predicted the existence of edges in the KG. We identified the top predicted 

edges. These predictions provided valuable insights into potential relationships and associations 

within the domain. Furthermore, the analysis of edge prediction results revealed a bimodal 

distribution in the edge prediction probabilities, suggesting the presence of distinct groups or clusters 

within the graph. This observation allows further exploration and analysis of different patterns or 

relationships within the graph. 

 

Additionally, the comparison between DBpedia and our user-constructed KG reveals a limited 

overlap between their entities. While the user-constructed 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 precision. This discrepancy can be attributed to the relatively 

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

DBpedia knowledge base KG. The lack of available information online for the PEDs domain has 

affected the results and underscores the need to address this limitation. Therefore, enhancing the KG's 

coverage and accuracy requires continuous efforts in data enrichment, validation, and cross-

referencing with other reliable sources to ensure a robust and dependable knowledge representation. 

 

In conclusion, constructing and analyzing a KG for PED have provided valuable insights into the 

domain. Combining techniques such as longest path analysis, edge prediction, clustering, degree 

centrality, and node embedding has enriched the understanding of the KG, offering valuable insights 

for decision-making, network planning, and optimization efforts within the domain. The bimodal 

distribution observed in the edge prediction probabilities adds a significant dimension to the analysis 

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 the graph. These findings pave the way for further 

research and advancements in sustainable and energy-efficient urban development, ultimately 

contributing to the progress of the PED domain. 

 

This thesis successfully addressed its aim of constructing a specialized KG for PED and evaluating 

the effectiveness of graph/node embedding techniques in representing the KG. The data processing 

and analysis techniques employed ensured the quality and relevance of the collected data, allowing 

for the identification and extraction of significant entities related to PED, as well as the extraction and 

classification of relationships between entities. The constructed KG provided a high-level 

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 graph-based analysis and visualization techniques to enhance the understanding and 

implementation of PED. 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 embedding techniques, 

human-in-the-loop involvement, explainable AI techniques, and user-friendly interfaces. By 

addressing these aspects, the effectiveness of graph-based analysis can be further enhanced, leading 

to more informed and sustainable urban development initiatives. 
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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 correct 

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 are 

correctly classified by the model (true positives + true 

negatives). 
Total Number of Predictions is the total number of instances in 

the dataset. 

In a binary classification problem, accuracy quantifies the 
percentage of instances that are correctly classified as either 

positive or negative by the model. It provides an overall measure 

of how well the model performs in making correct predictions 

Anderson-Darling Test(Jäntschi & 
BolboacŁ, 2018) 

Anderson-Darling Test is a statistical test used to validate 
whether a sample comes from a specific distribution, such 

as a normal distribution. 

- 

Breadth-First Search (BFS) (Gross, 
Yellen, & Anderson, 2018) 

Breadth-First Search is a graph traversal algorithm that 
explores all the nodes at the current level before moving on 

to the next level. It is used to find the shortest path between 

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 be 

visited in a FIFO (First-In-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 operations). 

c. Enqueue all the unvisited neighboring nodes of the current 

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 terms of the 
standard deviation. It is used to assess the practical 

significance of a difference between groups. Cohen's d is a 

statistical measure used to quantify the effect size of the 
difference between two groups in a study. It is commonly 

used in hypothesis testing 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 1 - Mean of Group 2) / Pooled 

Standard Deviation 
 

Where: 

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

group). 

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

Pooled Standard Deviation: A combined measure of the 

variability within both groups. 

Conductance (Perozzi & Akoglu, 
2018) 

Conductance is a measure used to evaluate the quality of 
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 is 

to identify groups of nodes that are more densely connected 
internally and have fewer connections to nodes outside the 

group. 

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

C: The community 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 rest 

of the network (inter-community edges) 

https://doi.org/10.1109/icdm.2019.00204
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DeepWalk(Perozzi et al., 2014). DeepWalk is a network representation learning algorithm 

that generates node embeddings using random walks on the 
graph. It treats random walks as sentences and applies 

Word2Vec to learn embeddings. 

- 

Degree of Centrality(Newman & 
Girvan, 2004). 

For directed graphs: 
In-Degree Centrality(v) = Number of incoming edges to 

node v 

Out-Degree Centrality(v) = Number of outgoing edges 
from node v 

 

Degree of Centrality 

Themes(Newman & Girvan, 2004). 

Degree of Centrality Themes measures the importance or 

influence of a node in a knowledge graph based on the 

number of thematic connections it has (degree). 

 

Depth-First Search (DFS) (Gross, 

Yellen, & Anderson, 2018) 

Depth-First Search is a graph traversal algorithm that 

explores as far as possible along each branch before 

backtracking. It is used to discover paths and explore the 
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 be 
visited in a Last-In-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 operations). 

c. Push all the unvisited 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 technique used to determine the 
optimal number of clusters for a given dataset in clustering 

algorithms. It is a visual method that helps identify the 

"elbow" point in the plot of the within-cluster sum of 
squares (WCSS) against the number of clusters. The WCSS 

measures the sum of squared distances of each data point to 

its assigned cluster centroid. 

 

F1 Score(Grover & Leskovec, 2016). F1 Score is the harmonic mean of precision and recall and 
is used as a single metric to evaluate the performance of a 

binary classification model. It balances precision and recall 

for imbalanced datasets. 

F1 Score = 2 * (Precision * Recall) / (Precision + 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 made 

by the model. 
Recall (also known as Sensitivity or True Positive Rate) is the 

number of true positive predictions divided by the total number 

of actual positive instances (true positives + false negatives). It 
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 possible 
value indicating perfect precision and recall. A higher F1 score 

indicates a better balance between precision and recall, meaning 

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 from a 
mixture of several Gaussian distributions. 

Gaussian Mixture Model (GMM)v one dimensional or two 

deimensial how to specify the parameters 

Jaccard Similarity Coefficient (Tan, 

Steinbach, & Kumar, 2016) 

Jaccard Similarity Coefficient is a measure of similarity 

between two sets. It calculates the size of the intersection 
divided by the size of the union of the sets. Jaccard 

Similarity Coefficient is a measure of similarity between 

two sets. It calculates the ratio of the size of the intersection 
of the sets to the size of their union. The Jaccard Similarity 

Coefficient is often used in data mining, information 

retrieval, and machine learning to compare the similarity 
between two sets of data 

J(A, B) = |A ž B| / |A  ᷾B| 

 

Where: 

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

A and B. 

|A ž B| is the size of the intersection of sets A and B (i.e., the 
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 0 to 1, where 0 

indicates no similarity (no common elements between the sets) 

and 1 indicates perfect similarity (the sets are identical) 

Kernel Density Estimation (KDE) 

(Qin & Xiao, 2018) 

KDE is a non-parametric method used to estimate the 

probability density function of a continuous random 
variable. It represents the distribution of data as a sum of 

kernel functions centered at each data point. 

 

Kurtosis (Groeneveld & Meeden, 
1984) 

Kurtosis is a measure of the shape of a probability 
distribution, indicating how heavy or light the tails are 

compared to a normal distribution. Positive kurtosis 

indicates heavy-tailed distributions. 

Kurtosis (ə) = [Ɇ (x  - xↄ)  / (n * s )] ï 3 
Where: 

x  is each data point in the dataset. 

xↄ is the mean (average) of the dataset. 
n is the number of data points in the dataset. 

s is the standard deviation of the dataset. 

Interpretation of Kurtosis: 
If the kurtosis is positive (ə > 0), the distribution is leptokurtic, 

indicating heavy tails and a more peaked central region. 

If the kurtosis is negative (ə < 0), the distribution is platykurtic, 
indicating lighter tails and a flatter central region. 

If the kurtosis is close to 0 (ə å 0), the distribution is mesokurtic, 

indicating a normal or bell-shaped distribution. 
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Louvain Method c Louvain Method is a community detection algorithm used 

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) = Ɇ [ (e_in - a_in) / (2m) ] 

Where: 
Q is the modularity score. 

Ɇ represents the sum over all communities. 

e_in is the number of edges between nodes within the same 
community (intra-community edges). 

a_in is the expected number of edges between nodes within the 

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 by 
iteratively optimizing the assignment of nodes to different 

communities. During each iteration, the algorithm evaluates the 

potential gain in modularity if a node is moved to one of its 
neighboring communities and performs the move that results in 

the highest increase in modularity, provided that the increase is 

positive. This process continues until no further improvement in 
modularity can be achieved, indicating that the communities are 

well-optimized. 

Node2Vec(Perozzi et al., 2014) Node2Vec is a network representation learning algorithm 
that learns continuous vector representations (embeddings) 

for nodes in a graph. It captures the structural properties of 

the network in embeddings. 

- 

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

Pearson Correlation Coefficient is a measure of the linear 
correlation between two variables. It assesses the strength 

and direction of the linear relationship between the 
variables. 

ὶ
В ὼ ὼӶώ ώ

Вὼ ὼ ẗ ώ ώ
 

Where: 

 

x  and y are the individual data points of the two variables being 
compared. 

xↄ and ὂ are the means (average values) of the two variables, 

respectively. 
Ɇ denotes summation, i.e., the sum is taken over all data points in 

the dataset. 

The Pearson correlation coefficient ranges from -1 to 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 r is close to 0, it 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 sign 

(+/-) indicates the direction of the relationship. 

Pearson's correlation is widely used in various fields, including 
statistics, data analysis, machine learning, and scientific research. 

It helps to identify patterns and dependencies between variables, 

which can aid in making informed decisions and drawing 
meaningful insights from data. However, it is important to note 

that Pearson correlation assesses only linear relationships, and it 
may not capture non-linear dependencies between variables. 

Precision(Grover & Leskovec, 2016) Precision is a measure of the 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 correctly 
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 model has a low false 

positive rate and is reliable in identifying positive cases. It means 

that when the model predicts an instance as positive, it is highly 

likely to be correct. 

Probability Density Function (PDF) PDF is a function that describes the likelihood of a random 

variable taking on a specific value. It represents the relative 
likelihood of different values occurring. 

 

Q-Q Plot(Wilcox, 2021) Q-Q Plot (Quantile-Quantile Plot) is used to assess whether 

a sample distribution is similar to a theoretical distribution. 

It plots the quantiles of the data against the quantiles of the 
target distribution. 

- 

Random Shuffle Algorithm Introducing randomness and creating random permutations 

of elements in ordered data structures. This is particularly 
relevant in KGs when dealing with recommendations, data 

augmentation, and enhancing diversity in queries. In a KG, 

it can be used to shuffle the order of query results, 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 index i 
in the list, where i ranges from nī1 down to 1. Generate a 

random integer j such that 0ÒjÒi. - Swap the entity at index i with 

the entity at index j. 

Recall(Grover & 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 out 

of all actual positive instances. 

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

 
Where: 

 



 

 

P
a

g
e6

4 
True Positives (TP) are the number of instances that are correctly 

predicted as positive by the model. 
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 positive 

instances that the model correctly identified as positive out of all 

the positive instances in the dataset. It represents the model's 
ability to capture all positive cases and avoid missing any true 

positive examples. 

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

Root Mean Squared Error is a measure of the differences 
between values predicted by a model and the actual 

observed values. It is commonly used in regression analysis 

to evaluate the model's performance. 

ὙὓὛὉЍ
ɫώὭļὭ

ὲ 
 

Where: 
 

yi represents the actual observed value for the i-th data point. 

 
y^I represents the predicted value for the i-th data point. 

 

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

Shapiro-Wilk Test (González-
Estrada & Cosmes, 2019) 

The Shapiro-Wilk test is another statistical test used to 
determine whether a dataset is normally distributed. It is 

widely used for small to moderate-sized samples and is 

more suitable for such cases compared to other normality 
tests. The test assesses the null hypothesis that the data 

follows a normal distribution. It provides a test statistic and 

a p-value, and the null hypothesis is rejected if the p-value 
is below a specified significance level, indicating that the 

data significantly departs from normality 

 

Silhouette Score (Habib, 2021) The Silhouette Score is a metric used to evaluate the 
quality of clustering in a dataset. It measures how well each 

data point in a cluster is separated from other clusters. The 

Silhouette Score ranges from -1 to 1, where: 
 

A score close to +1 indicates that the data point is well-

clustered and far from other clusters. 
A score close to 0 indicates that the data point is near the 

decision boundary between two clusters. 

A score close to -1 indicates that the data point may have 
been assigned to the wrong cluster. 

The Silhouette Score is particularly useful when the ground 

truth (true cluster labels) is not available, as it provides an 

indication of the cluster quality without requiring labeled 

data. 

Silhouette Score(i) = (b(i) - a(i)) / max(a(i), b(i)) 
Where: 

a(i) is the average distance of the data point i to all other points 

within the same cluster. It measures how cohesive the data point 
is within its own cluster. 

b(i) is the average distance of the data point i to all points in the 

nearest neighboring cluster (the cluster to which the data point i 
is not assigned). It measures how well-separated the data point is 

from other clusters. 

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

 

A high Silhouette Score indicates that the clustering is 

appropriate and well-defined, with clear separation between 

clusters. On the other hand, a low Silhouette Score suggests that 

the clusters may be overlapping or not well-separated, indicating 
potential issues with the clustering 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 distribution 

deviates from symmetry around its mean. 

Skewness=[Ɇ(x  - xↄ)³ / (n * ůį)] 
x  represents each data point in the dataset. 

xↄ is the mean (average) of the dataset. 

n is the number of data points in the dataset. 
ů is the standard deviation of the dataset. 

The skewness value can be positive, negative, or zero: 

A positive skewness (ɔ > 0) indicates that the data has a longer 
tail on the right-hand side (right-skewed or positively skewed). 

In this case, the majority of the data is concentrated on the left 

side of the distribution, and the right tail is stretched out. 
A negative skewness (ɔ < 0) indicates that the data has a longer 

tail on the left-hand side (left-skewed or negatively skewed). In 

this case, the majority of the data is concentrated on the right 
side of the distribution, and the left tail is stretched out. 

A skewness of zero (ɔ = 0) indicates a perfectly symmetric 

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 analysis 

as it helps to understand the shape and characteristics of a 
dataset. It is particularly useful when dealing with financial data, 

insurance claims, stock returns, and other applications where the 

distribution of data can impact decision-making and risk 
analysis. Skewed data can have implications for choosing 

appropriate statistical tests and models, and it can also affect the 

accuracy of predictions and estimates. 

Tailedness (Groeneveld & Meeden, 

1984) 

Tailedness, also known as skewness, is a statistical measure 

that quantifies the asymmetry of the probability distribution 

of a dataset. It characterizes the degree to which the data is 
skewed or tilted to one side of the mean, indicating the 

presence of outliers or extreme values on one side of the 

distribution.. 

Positive Skewness: In a positively skewed distribution, the tail 

on the right side of the distribution is longer or stretched out, 

while the left side is shorter. This indicates that there are more 
low values or outliers on the left side, and the bulk of the data is 

concentrated towards higher values. 

 
Negative Skewness: In a negatively skewed distribution, the tail 

on the left side of the distribution is longer or stretched out, 

while the right side is shorter. This suggests that there are more 
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high values or outliers on the right side, and the majority of the 

data is concentrated towards lower values. 
 

Symmetrical Distribution: A symmetrical distribution has equal 

tail lengths on both sides of the distribution, and the data is 
evenly distributed around the mean. 

t-test (Goyal, Pandey, & Thakur, 

2020) 

t-test is a statistical hypothesis test used to determine 

whether there is a significant difference between the means 
of two groups. 
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Appendix B. Node embeding with Nod2Vec  and Deep walk illustations 
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Appendix C. Table of DbPedia and  User constructed-KG Pros and cons 

Property User 

constructed KG 

DBpedia/Wikid

ata KG 

Clarifications 

Data Accuracy 

Check Check 

Both user-constructed KGsand DBpedia/Wikidata knowledge 

graph can provide accurate data. However, the accuracy of user-
constructed KGsmay depend on the quality control measures 

implemented during the construction process. 

The degree to which the data in a knowledge graph is correct, 

precise, and free from errors or inconsistencies. It reflects the 
faithfulness of the information to the real-world entities and 

relationships it represents. (Hitzler et al., 2020) 

Data Relevance 

Check Check 

User-constructed KGsand DBpedia/Wikidata knowledge graph 

can include relevant data. However, user-constructed KGscan be 
specifically tailored to focus on Positive Energy Districts, 

potentially providing more precise and relevant information. 

The degree to which the data included in the knowledge graph is 
relevant to the specific domain of Positive Energy Districts and 

aligns with the research question or project needs. (Bizer, Heath & 

Berners-Lee, 2009) 

Data Completeness 

Check Check 

Both user-constructed KGsand DBpedia/Wikidata knowledge 
graph can be designed to achieve data completeness. However, 

DBpedia/Wikidata knowledge graph may have broader coverage 
across multiple domains, while user-constructed KGscan 

prioritize completeness within the Positive Energy Districts 

domain. 

The extent to which the knowledge graph includes comprehensive 

and comprehensive data coverage of the entities, properties, and 

relationships relevant to Positive Energy Districts. (Alani, Hall, 
Shadbolt & O'Hara, 2005) 

Ease of Use Check Check User-constructed KGscan be customized to the specific needs of 

users, making them easier to use for targeted applications. 

DBpedia/Wikidata knowledge graph offers a standardized 

structure and query language, which can facilitate ease of use for 

general-purpose applications. 

The ease with which users can interact with and navigate the 

knowledge graph, including the simplicity of querying, updating, 

and managing the graph. (Heim & Gergatsoulis, 2018) 

Community Support Check/Uncheck Check Both user-constructed KGsand DBpedia/Wikidata knowledge 
graph benefit from community support. However, 

DBpedia/Wikidata knowledge graph has a larger and more 

established community, providing a wider range of content, 
documentation, and tools. 

The level of support and active community involvement in the 

development, maintenance, and improvement of the knowledge 
graph. Auer et al. (2017) 

Data Ownership Check Uncheck User-constructed KGsprovide full data ownership to the user or 

organization constructing them. DBpedia/Wikidata knowledge 
graph relies on community contributions and may not provide 

direct data ownership 

The ownership and control of the data included in the knowledge 
graph, including the ability to modify, share, or restrict access to 

the data. 

Coverage for PEDs  Check unCheck User-constructed KGscan specifically focus on Positive Energy 
Districts, ensuring comprehensive coverage within the domain. 

DBpedia/Wikidata knowledge graph may cover a limited range 

of this new domains. 

The extent to which the knowledge graph includes relevant 

information specifically related to Positive Energy Districts, such 
as projects, technologies, and organization 

Up-To-Date Information Uncheck Check Both user-constructed KGsand DBpedia/Wikidata knowledge 

graph can be updated to incorporate new information. However, 
user-constructed KGsmay require more effort to keep up with the 

latest developments. 

The timeliness of the data in the knowledge graph, including the 

frequency of updates and the inclusion of the latest information 

available. Bizer et al. (2009) 

Consistency of Information Check Check Both user-constructed KGsand DBpedia/Wikidata knowledge 

graph strive for consistency in information. User-constructed 

KGscan ensure consistency within the chosen domain, while 
DBpedia/Wikidata knowledge graph may have variations due to 

the nature of community contributions. 

The coherence and absence of contradictions within the data 
included in the knowledge graph, ensuring consistency across 

different entities, properties, and relationships. Bizer et al. (2009) 

Customizability Check Uncheck User-constructed KGsoffer high customizability, allowing users 

to define the types of entities, properties, and relationships to 

include. DBpedia/Wikidata knowledge graph provides a 
predefined structure, limiting customization options. 

The degree of flexibility and ability to customize the knowledge 

graph to specific research questions, project needs, or domain-

specific requirements. Alani et al. (2005) 

Data Quality Control Check Check Both user-constructed KGsand DBpedia/Wikidata knowledge 

graph can implement data quality control measures. User-
constructed KGsallow for direct control and verification, 

potentially resulting in higher data quality. 

The presence of processes, mechanisms, or measures to ensure the 
quality and accuracy of the data included in the knowledge graph. 

Alani et al. (2005) 

Integration with External Data uncheck Check User-constructed KGscan easily integrate external data sources 
based on specific needs, but  self-structed KG has not been 

dynamically connected. DBpedia/Wikidata knowledge graph 

offers integration capabilities but may require additional efforts 

for specific data sources. 

The ability of the knowledge graph to seamlessly integrate with 

external data sources or tools, enabling data enrichment and 

expanding the scope of information. Alani et al. (2005) 

Accessibility Check Check DBpedia/Wikidata knowledge graph has a wider user base and 

established accessibility mechanisms. 
The ease of access to the knowledge graph, including availability 

via APIs, web interfaces, or other means, and the level of 
openness or restrictions. Alani et al. (2005) 

Semantic Representation Check Check User-constructed KGsand DBpedia/Wikidata knowledge graph 

both utilize semantic representation through RDF. This enables 
interoperability and semantic querying. 

The utilization of semantic technologies and standards to represent 

and structure the data in the knowledge graph, facilitating 
interoperability and machine understanding. Bizer et al. (2009) 

Size Check Check User-constructed KGscan vary in size depending on the scope 

and resources available. DBpedia/Wikidata knowledge graph is a 
large-scale knowledge graph with extensive coverage. 

The scale or magnitude of the knowledge graph, measured in 
terms of the number of entities, properties, relationships, or the 

overall data volume. Bizer et al. (2009) 

Domain Specific Check Check User-constructed KGscan be specifically designed for the 

Positive Energy Districts domain. DBpedia/Wikidata knowledge 
graph covers a wide range of domains, including but not limited 

to Positive Energy Districts 

The specificity of the knowledge graph to the Positive Energy 
Districts domain, including the inclusion of domain-specific 

concepts, terminologies, and relationships. Bizer et al. (2009) 
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Resource Availability Check Check User-constructed KGsrequire resources for data collection, 

curation, and maintenance. DBpedia/Wikidata knowledge graph 
benefits from a larger resource pool due to community 

contributions. 

The availability of resources, such as documentation, tutorials, and 
tooling, to support the construction, management, and utilization 

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

Ontology Check Check constructed KGsdefine a specific ontology tailored to the 

domain. DBpedia/Wikidata knowledge graph follows a 
predefined ontology structure. 

The existence of a well-defined ontology or schema that captures 

the entities, properties, and relationships in a structured and 
standardized manner. Bizer et al. (2009) 

Interoperability uncheck Check User-constructed KGsand DBpedia/Wikidata knowledge graph 

support interoperability with other systems through semantic 

representations. However, DBpedia/Wikidata knowledge graph 
benefits from standardized ontologies and query languages, 

facilitating easier interoperability. 

the ability of the knowledge graph to interoperate with other data 
sources, formats, or systems, enabling seamless data exchange and 

integration. Bizer et al. (2009) 

Cost Check Uncheck User-constructed KGsrequire resources for development and 

maintenance. DBpedia/Wikidata knowledge graph offers free 

access but may require additional efforts for specific use cases. 
The financial or resource implications associated with the 

construction, maintenance, and utilization of the knowledge graph, 

including infrastructure and human resources. Auer et al. (2017) 
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Appendix D: full Knowledge graph and snapshot of entities (nodes, relationships and categories) 

 
 

Snapshot table 

source target edge source_class target_class 

PEDRERA project urban transition towards PED accelerate research and innovation program PED related 

Austria positive annual energy balance achieve Country others 

POCITYF citizen engagement achieve research and innovation program others 

PED and Neighborhoods 

program EU SET Plan 

association 

with research and innovation program research and innovation program 

PED new energy communities become PED concept others 

Netherlands PED project Atelier called Country PED related 

SPEN Sustainable Plus Energy Neighbourhood called research and innovation program 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 

Ireland PED 

five staged achievable percentages 

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 PED related 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 program City 

PEDRERA tool Spain used in PED tools Country 

CONTINUED 

t o 955 :::::::::::::::::::::::::::::::::::::::::::: :::::::::::::: éééééééé.. ééééééé. 
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Appendix E: Statistic anlaysis of two embeding method 

 

Embedding 

Method 

Mean 

Similarity  

Standard 

Deviation 

Median 

Similarity  

Skewness Kurtosis Range 25th 

Percentile 

75th 

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 

 

 

Anderson-Darling Test 

Statistic:  

1.633390 

Critical Values:  [0.562 0.64  0.768 0.896 1.066] 

Significance Levels:  [15.  10.   5.   2.5  1. ] 

Shapiro-Wilk Test Statistic:  0.9621627 

Shapiro-Wilk Test p-value:  0.0002729 

 

Based on the provided results, the following confirmations about the distribution can be made: 

 

Bimodal Distribution: The presence of two Gaussian components with different means and 

covariances suggests a bimodal distribution. The first Gaussian component has a mean of 0.7706 and 

the second component has a mean of 0.5984.Component Weights: The weights of the two Gaussian 

components indicate that the second component (Weight: 0.6321) is more dominant in the data 

compared to the first component (Weight: 0.3679).Anderson-Darling Test: The Anderson-Darling 

test statistic value of 1.6334 is used to assess how well the data fits a theoretical distribution. The 

critical values 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), the 

hypothesis that the data follows a specific theoretical distribution can be rejected. This suggests that 

the data's distribution may deviate from a common distribution like the normal distribution.Shapiro-

Wilk Test: The Shapiro-Wilk test is another test for normality. The test statistic value of 0.9622 and 

the p-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 data 

follows a bimodal distribution with two Gaussian components. The data is not normally distributed, 

as indicated by both the Anderson-Darling test and the Shapiro-Wilk test. The presence of two 

distinct peaks and the differences in the Gaussian component parameters support the bimodal nature 

of the distribution. 

Appendix G. Bimodal clusters-Edge Predictions 

 

 

 
 

 

 

 

 

 

Statistics Cluster 1     Cluster 2      

Average Probability   0.5968         0.7790 

Standard Deviation    0.0517         0.0556 

Median Probability    0.5977         0.7700 

Skewness              -0.1545        0.7767 

Kurtosis                     -1.1327 -0.0303 
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Appendix H. DBPEDIA Knowledge graphs 
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Appendix I :Feature Importance Logistic Regression 

 

 
Appendix J: Complete forms of Subgraphs Derived from Illustrations (Figures 1, 2, 3 in result section)
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