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Abstract

Recommendation Systems (RSs) belong to the subclass of information filtering systems,
which is to determine any given user’s “rating” of particular items. However, Cold Start
Recommendations (CSR) pose significant challenges due to insufficient historical
ratings of information. CSR 1is divided into Incomplete Cold Start Recommendation
(ICSR) and Complete Cold Start Recommendation (CCSR) in historical ratings or user
information; the former formulates recommendations to new users and new items,
while the latter contributes to new systems. Various approaches deal with cold start
challenges, including collaborative filtering, content-based fliting, the hybrid approach,
increasing the diversity of data sources, context-awareness, and user profile
construction. These approaches are commonly applied in the ICSR, though they are not
as evident in the CCSR.

Few previous studies have focused on solutions to CCSR; solving CCSR is
significantly important due to the popularity of the recommendation system, the
increasing new system, the improved recommendation performance, and the capability
of reducing user input. The Peer to Peer (P2P) energy trading recommendation system
(ETRS) is an example of a new system facing the complete cold start challenge. This
research compares the advantages and drawbacks of different strategies to solve CSR
and selects user profile construction to solve CCSR in P2P ETRS.

First, a mixed-method data collection process was used, including semi-structured
expert interviews, user-generated content analysis, and a survey to generate insights
contributing to an efficient P2P energy trading user profile dataset. Second, a P2P ETRS
is proposed by comparing the Decision Tree classifier and Ensemble classifier under
different users’ cultural backgrounds. Different cultural backgrounds may have
different viewpoints on P2P energy trading. Thus, the system is evaluated with a large
body of real-world data acquired from two case-study regions, one is the western
dataset, and one is the Chinese dataset. The proposed recommendation system achieves
high performance by delivering personalised recommendations. In addition, previous

research applied to constructing the user profile dataset, demographic information, and



user personalities, neglecting the motivations behind the product selections under
different cultural backgrounds. Thus, this research analysed the driving motivations of
P2P energy trading with the theory of consumption values under different cultural
backgrounds.

This research has two significant contributions. First, this study identified the user
profile construction strategy with a machine learning approach to solve the CCSR
problem in the P2P ETRS. This strategy can effectively build the original user profile
dataset, reduce the user input, and evaluate the recommended model. In addition, the
research adopted ensemble learning algorithms to improve the performance of the
recommended model. In terms of system performance, the accuracy of the Decision
Tree (DT) model achieves an 86.1% for the Chinese dataset and a 68.5% for the western
data set. In addition, ensemble learning algorithms can improve the classification of
both datasets, as CatBoost performed best in the ensemble model, with an accuracy rate
0f 94.3% on the Chinese dataset and 79.8% on the western dataset.

Second, this research created a bridge between machine learning and the traditional
social science theory. A framework for a P2P energy trading recommendation system
within the theory of consumption values was proposed to understand the collaborative
consumption behaviour. Previous studies of consumption value theory had applied to
collaborative consumption, including Airbnb and Uber. Unlike the previous research,
P2P energy trading paid more attention to the feeling of uncertainty on the emotional
value rather than enjoyment; That is to say, consumers believe the uncertainty of the
supply of using renewable energy is more important than the consideration of
enjoyment of the experience. Most notably, the essential driving values in the two
datasets are different, although income can impact P2P product selection in both
datasets. The feeling of uncertainty played the most crucial role in the Chinese dataset,

while the western dataset focused on sustainability.
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Chapter 1: Introduction

1.1 Research Background

1.1.1 Peer to Peer Energy Trading Recommendation System

Recommendation System (RS) belongs to the subclass of the information
filtering systems, the purpose of which is to determine any given user’s “rating” of
an item (Resnick & Varian, 1997; Ricci et al., 2011). To generate recommendations,
RS leverages users’ details obtained from a registered profile, which are compared
to different item reference attributes (Ricci et al., 2011). The main applications of
these systems provide insights to users about items that they are likely to find useful
or interesting (Schafer et al., 2001). RS plays a significant role across different
industries, such as e-learning, retail, sharing economy platforms, as well as in
different companies, such as Coursera, Amazon, Airbnb, and Netflix. These RSs are
significant for assisting users in dealing with information overload caused by the vast
amount of material available on the internet and applications, and automatically
propose the most appropriate items that meet users’ demands (Abdar & Yen, 2020;
Camacho & Alves-Souza, 2018).

The peer to peer (P2P) energy trading recommendation system (ETRS) is a new
recommendation system that recommends different energy products to customers
according to their preferences. P2P ETRS has not been placed on the market yet, due
to high upfront cost and physical network constraints (Ullah & Park, 2021). However,
it is possible to apply to practice due to three reasons. Firstly, with the development of
Distributed Energy Resources (DERs), a new distribution method allows exchange and
shared local energy, which has challenged the entire power sector since its introduction.
Furthermore, the emergence of innovative DERs, such as wind turbines and PV cells,
allowing consumers to produce electricity, has increased the number of prosumers.
Zhou et al. (2018) explain this by recognising that operators allow for a local market
platform with the facilities required for consumers to reap the rewards by making it
possible for prosumers to share and trade energy among themselves. This process has

resulted in a new power system method with energy traded on microgrids. People self-



sufficiently supply their electricity for homes, offices, and small industrial settings with
Renewable Energy Sources (RESs), which can be traded and shared in local areas (Long
et al., 2017). Thus, the DERs have enabled consumers to develop into prosumers. The
production and supply of electricity continues to evolve and grow in the current day
due to forward-thinking customers changing and replacing the traditional passive
consumer market, which relies on conventional methods of energy supply. Most
countries’ energy supplies were controlled by large companies who had a monopoly on
electricity production and distribution, meaning consumers were not involved in the
supply.

However, the emergence of smart grid, Information and Communication
Technology (ICT) based technology means that a large amount of data can be gathered
from various sources for analysis. These sources, which include the Internet of Things
(IoT), wearable devices, and sensor networks (Pieroni et al., 2018), enable bilateral
communication between consumers and prosumers. This technology not only makes
energy more efficient, but allows consumer data to be communicated to suppliers,
allowing individual electricity usage to be assessed, coordinated, implemented, and
adapted effectively (Khan et al., 2013).

Second, the increase of prosumers provides the foundation on which to create P2P
energy trading suppliers (Luo et al., 2014). The prosumers who create more energy on
their renewable energy sources than they can consume themselves, can sell excess to
others within their local area. In other words, smaller-scale energy suppliers can also
provide energy and service; as such, there has been an increase in the smaller suppliers
across various sectors (Hagiu & Wright, 2015).

Moreover, new P2P energy trading has rapidly appeared worldwide, such as Piclo
in the UK, Vandebron and Vattenfall Powerpeers in the Netherlands, SunContract in
Slovenia, Power Ledger in Australia, and Brooklyn Microgrid in the USA (Zhong et al.,
2016). Prosumers can directly trade and share energy with others via the P2P energy
trading platform.

Third, the improvement of the infrastructure and technology of photovoltaic panel

has led to more selection of energy products. Through P2P energy trading, renewable
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energy can be made accessible to individuals who have solar panel installations. This
allows individuals can sell their surplus energy to their neighbours. Sellers can obtain
a higher price than prices from retailer feed-in tariff; moreover, according to Aurora
Energy’s estimates, maintaining the power distribution infrastructure involves 41.1%
of the electricity cost (IRENA, 2020). Several platforms including PowerPeers have
provided customers and prosumers tracking services through which they can check
where their energy is distributed and sourced (Vattenfall, 2016).

Thus, it is worth considering that the source of the energy can be selected based on
its origins and where it goes, with the consumer deciding themselves where it will go.
Although the energy is the same for everyone, not all individuals will need it for the
same purpose, allowing diversity within the energy trading model. For example,
services such as PowerPeers in the Netherlands meet consumers’ demands while
allowing consumers to choose where they purchase and sell energy (Havers, 2016).

Having said that, P2P ETRS are not without challenges, and P2P trading systems
are still in the testing stage. Research carried out on existing trial projects reveal that
poor communication between prosumers is one of the main obstacles to the successful
running of P2P trading platforms (Morstyn, Farrell, et al., 2018). Prosumers have
personal views and expectations on many important aspects of trading which may
conflict, such as environmental or social issues, financial gain, energy security, or the
level of risk they are willing to accept (Darby, 2013), which are unknown to future
generations of energy traders. It is hoped that energy trading recommendations will
work in a similar way to recommendations for online shoppers, predicting consumers’
behaviour and desires and influencing them to buy something that accurately represents
their needs (Lin et al., 2011).

The use of this system of recommendations has been studied closely in recent years
across various fields such as online shopping and stock trading; nevertheless, there are
no studies that analyse energy trading, particularly in the P2P trading field. Thus, there
has been little progress in P2P trading beyond discussions around technological
infrastructure and case studies of application. Moving forward, the next agenda
regarding P2P energy is the new recommendation system for the new P2P energy
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trading.
1.1.2 Completed Cold Start Problem in the Recommendation System

An impotent challenge faced by any recommendation system is the Cold Start
Recommendation (CSR) when recommendations are proposed (Huang et al., 2016;
Schein et al., 2002). CSR means a lack of sufficient statistics; utterly unpopular items
or wholly new items are introduced to the catalogue (Ricci et al., 2011). Additionally,
CSR refers to a lack of credible suggestions due to a lack of ratings at the outset (Lam
et al., 2008).

In other words, CSR emerges when a recommendation system is unable to create
ratings for new items since ratings for new items cannot be predicted in advance. When
anew item is placed on a recommendation system and no prior ratings are available for
that product, or when a new user with no rating record enters the recommendation
system, it is difficult to make the recommendation. According to recommendation
objects, there are three types of CSR: new items, new users, and a new system (Lika et
al., 2014; Zhang et al., 2010). Furthermore, Complete Cold Start Recommendation
(CCSR) and Incomplete Cold Start Recommendation (ICSR) are the two major types
of CSR based on whether there is historical data, (Wei et al., 2017).

Previous studies focus on solving ICSR, such as the new user recommendation
(Guo et al., 2014; Karakayali et al., 2018) and new item recommendation
(Aleksandrova et al., 2017; Wei et al., 2017); the new CCSR system is, however,
neglected. CCSR is important nevertheless due to three reasons.

First, CCSR can provide benchmarks for new systems, especially with the
increasing new system in the market. An average of 30,000 new products launch each
year and with the development of web 2.0, various new platforms launched each year
to match particular products (Kumar & Thakur, 2018; Tey et al., 2021). These new
products and systems make the premise of the RSs. RSs can be applied in various field,
such as e-commerce, retail, media, and banking (Abel et al., 2013; Goldberg et al.,
1992); e-commerce has grown significantly in the internet era, leading to the sale of
millions of products. Additionally, users have difficulties choosing a product from

millions of options (Deshpande & Karypis, 2004). Thus, solving CCSR can effectively



remove redundant information to provide users with more useful recommendations.

Second, CCSR improves the performance of the recommendation system and
increases user satisfaction; without recommendations, every product has the same
chance of being selected (Pu et al., 2011; Rashid et al., 2002). Furthermore, the system
recommendation performance might be improved by solving CCSR. Subsequently, RSs
shorten the road to make selections by offering a suitable solution.

Finally, CCSR reduces user input and user exit. Uncertainties in the information-
gathering stage of a trader’s decision-making process need to be removed; any user
input that is unimportant to the search process, in particular, should be excluded. More
parameters in the system may increase the complexity of the model, lowering P2P
ERTS’s performance. Moreover, reducing the user input by feature selection can
increase the exit chance of the users in the early stage, as only necessary questions are
asked.

Notably, however, three main research gaps exist in solving CCSR on energy
trading. Firstly, existing studies focus on ICSR and rarely on CCSR; specifically, the
approaches applied to solve ISCR may not be suitable to solve CCSR. To cope with the
new item ICSR, collaborative filtering and content-based filtering were mostly applied
to compare the similarities between different items and users (Barkan et al., 2019; Wang
et al., 2018). In addition, the bulk of these studies use hybrid techniques that amalgam
collaborative filtering data with Content-Based data. For example, the hybrid models
Collaborative Topic Regression and Collaborative Deep Learning combine a matrix
factorisation model with Latent Dirichlet allocation and stacked denoising
autoencoders, respectively (Wang et al., 2015).

However, pure collaborative filtering cannot help CCSR because no user
preference information is available to build any basis for recommendations.
Demographic information can be useful for the CCSR, but the features of customer
preference are still unclear (Ecker et al., 2018; Hackbarth & Lobbe, 2020). Thus, the
approaches applied for ICSR are not always suitably applied in CCSR. Thus, in order
to cope with the gap, this research adopted the user profile construction strategy to

construct the energy trader user profile dataset and further to solve CCSR.
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Secondly, there is a lack of studies on understanding the energy product selection
behaviour under decision-making processes. Previous studies on constructing user
profiles have paid more attention to demographic information (Lika et al., 2014;
Safoury & Salah, 2013), social networks (Deng et al., 2014; Sahebi & Cohen, 2011),
and personalities (Bai et al., 2012; Cheng & Tang, 2016; Gretzel et al., 2004). Also,
previous energy recommendation research is based on the building energy
recommendation model (Chwieduk, 2009; Cui et al., 2016; Yan et al., 2015), household
appliance usage experiences (Aritoni & Negru, 2011; Luo et al., 2020), and neglecting
motivators of product selection. Product selection motivations are important to
understand users’ decisions and to analyse the motivations behind their selection.

Furthermore, patterns of product selection behaviours applied in the previous P2P
recommendation system may differ in the P2P ETRS, especially under different cultural
backgrounds. Most P2P recommendation platforms, such as Airbnb, are based on
patterns of users’ behaviours and preferences, concentrating on personal matches
(Abdar & Yen, 2020; Zhang et al., 2016). Grbovic and Cheng (2018) propose an
embedding model created for the Airbnb marketplace; this model captures short and
long-term guests’ interests, resulting in excellent home recommendations.

It is worth noting that energy trading, although it is a form of Collaborative
Consumption (CC) (Choi & He, 2019) when compared to the traditional power market.
But it is essentially very different from other CC actives due to its own characterises.
CC 1s when people obtain or share a resource for financial or other personal gains (Belk,
2014). CC is also typically managed online through community-based services; peers
are able to share, provide, or gain access to goods and services (Hamari et al. (2016).
Thus, Airbnb and Uber belong to CC under this definition.

Conversely, the particular characteristics of P2P energy trading, such as high-
frequency consumption, take place daily compared to Airbnb, which had an average of
3.3 times per year in 2015 (Tussyadiah, 2016). Compared to Airbnb’s low-frequency
usage, there is no ownership when new users receive energy in the P2P energy trading
process. The physical deterioration rate of energy is also significantly higher than room

sharing or car sharing. In other words, energy is one-off consumable, whereas cars and
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rooms depreciate at a much lower rate. Furthermore, the marginal effect depreciation is
considerably lower for attributes that guests consume (Yao et al., 2019).

In addition, recommendations might be different under different cultural
backgrounds, and this is an area which lacks rigorous research. Recommendations can
be made according to users’ different personalities (Cheng & Tang, 2016; Gretzel et al.,
2004). Concurrently, cultural factors significantly impact users’ personalities (Ramirez-
Esparza et al., 2006; Triandis & Suh, 2002). However, previous studies have neglected
the relations between recommendations, personalities, and cultural backgrounds

(Sawrikar & Katz, 2014; Schedl et al., 2018).

1.2 Research Aims and Objectives

This study aims to answer the following research questions to narrow the gaps in

the research field:

RQ1: How can the complete cold start problem on P2P energy trading recommendation
system be mitigated?
RQ2: What values influence energy users’ consumption from the theory of consumption

value perspective?

A user profile construction strategy is proposed to solve the CCSR in the P2P ETRS.
Specifically, the whole process of solving the problem consists of selecting features
from various sources to prepare the datasets, data pre-processing for the reduction of
user input, and prosing the recommendation model. Firstly, the factors influencing
prosumers’ consumption of the P2P trading system is extracted through mixed methods
of quantitative and qualitative studies. However, it is necessary to be noticed that due
to the large number of factors which can influence prosumers’ consumption, which
make the data collection process is significant time consuming and costiveness. Also,
the current marketing philosophy is value-oriented, and neglects to explain value from

the perspective of the consumers. Thus, the theory of consumption value is applied to



provide evidence of why people trade on P2P energy.

Thus, primary features that impact the selection of energy trading products were
fixed in the framework of the theory of consumption values through reviewing relevant
literatures. Then, features from the interview analysis and user-generated content
analysis was extracted to identify the main features which can impact the product
selection.

Primary data were collected through surveys internationally from China, America,
Australia, the United Kingdom, Germany, the Netherlands, and China. In addition, the
dataset is deemed as the user profile dataset. Finally, a machine learning approach was
applied to evaluate the system performance with different algorithms. This potential
new format for recommendations within the P2P energy trading system will create
additional elements which will have a positive influence on the prosumers’ trading
experience in the P2P energy trading platform. To achieve this aim, the following
research objectives are identified:

(1). Review existing studies on RSs and CSR to identify research challenges and gaps.
(2). Design and develop a survey for the user profile construction dataset under
different cultural background.

(3). Evaluate the proposed recommendation model for P2P ETRS by using a variety of
techniques.

(4). Reduce user input in the user profile construction.

(5). Compare different consumption values of P2P energy trading by comparing other
collaborative consumption activities

(6). Understand consumers’ most important perceived value when selecting energy

trading platforms considering their cultural background.

1.3 Research Contributions

By examining recent research in recommendation system and P2P energy trading
settings, this study makes the following two major contributions.

I. This study adapted the user profile construction strategy with a machine



learning approach (a tree-based classifier) to mitigate the complete cold start
problem in the P2P energy trading recommendation system. This strategy can
effectively build the original user profile dataset, reduce the user input, and
evaluate the recommended model. Moreover, this research adopted ensemble
learning algorithms which efficiently improve the performance of the
recommended model.

This research created a bridge between machine learning and the traditional
social science theory. A framework for a P2P energy trading recommendation
system within the theory of consumption values was proposed to help to
understand the consumption motivations of collaborative consumption. This
research helps to understand different product selection values with other
collaborative consumption actives. Compared with other P2P actives, the
consumption values of P2P are different. In addition, this research helps to
understand different product selection values in various cultures. Two datasets
were constructed in this research, which are collected from various countries.
To recognise the different consumption values played on P2P energy trading
product selection in the two different datasets, the rank of feature importance is

applied.

1.4 Study Outline

This study comprises nine chapters and four appendices, in addition to the

introduction, listed in the following format. In Chapter 2, state of the art on

recommendation system was reviewed, including content-based, collaborative, hybrid

approach, and machine learning approach. Then, there is a review of the main methods

of recommended systems and the cold start problem that they cannot avoid. New

products, users, and systems are identified as the components susceptible to cold starts.

Previous studies note the cold start from various approaches, though these approaches

are still based on the collaborative filtering and content-based recommendation system.

The lack of user and item data caused the basis for the cold start of the P2P ETRS,



leading to difficulties using traditional collaborative filtering and content-based
approaches to recommend. This also encourages the feasibilities of using a user profile
construction strategy and building the user profile dataset to recommend P2P energy
trading products by using a machine learning technique.

Chapter 3 outlines the possible features which may impact the P2P energy trading
products. With the theory of consumption values, this chapter firstly reviews previous
research on P2P energy trading. Then, it compares the differences between P2P energy
trading and other P2P actives. In the final section, five sections including functional
value, emotion value, epistemic value, social value, and conditional value were applied
to address the selection behaviour. This chapter provides a theoretical foundation for
P2P energy trading by examining previous research on the theory of consumption value
on P2P platforms.

Chapter 4 outlines the approach to the study and the rationale of the proposed P2P
ETRS. Expert interviews were merged with user-generated content analysis to design
the survey. And then, the machine-learning approach was used to examine the
recommended model.

Chapter 5, 6, and 7 provide a summary of all the subjects from the review of
previous studies, expert interviews, and user-generated content analysis and used them
for the survey design. Chapter 5 includes an analysis of interview responses from six
participants to understand their motivations behind their selection of P2P energy
products. Thematic analysis is used to extract different topics. Similarly, Chapter 6
provides an insight into the consumption values for P2P trading participation by
analysing topics based on direct allocation models through user-generated contents
analysis. In the chapter, the survey is designed based on the topics collected from expert
interviews, user-generated content analysis, and the literature review. Chinese and
western datasets were built separately to draw descriptive comparisons of the two
databases in Chapter 7, such as building information, demographic information, and
energy consumption information; moreover, different recommendation models are
proposed for future practical scenarios.

Chapter 8 proposed the P2P ETRS by using machine learning approaches to
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mitigate the CCSR. To enable this, a two-part, feature-choosing method with its basis
in Mutual Information (MI) in the data pre-processing part, along with a DT and
ensemble-based model in the classification section, is used. Tree models were used as
the classification algorithm because it provides numerous benefits, such as simplifying
the analysis, meaning the recommendation selection process is transparent for decision
makers. Most notably, the base DT model was compared with different ensemble
models, like Random Forest (RF), XGBoost AdaBoost, and CatBoost, to determine
what improvements can be made to the DT model.

Chapter 9 offers the conclusion of the study. This study suggests a decision tree-
based P2P ETRS framework for decision makers, enabling energy traders to better
understand how decisions are reached using a machine-learning method. The research
questions are revisited in this chapter and research contributions are highlighted.
Additionally, the chapter revisits the research objectives and summarises the study,
providing an overview of the research limitations and proposing research insights for

future studies.
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Chapter 2: Recommender Systems and the Complete

Cold Start Recommendation

To understand the nature of RSs and approaches to overcome CCSR, this chapter
provides an overview of the well-known complexities in RS research, thus offering
theoretical reinforcement for the design of an RS for the P2P energy trading system. At
the outset, RS is defined, and its applications, development, and prominent techniques
are examined. In turn, the CSR is contextualised, and approaches dealing with CSR
were compared. Finally, the chapter examines the shallow learning algorithms

including decision tree models as well as the tree family models.

2.1 Recommender Systems

2.1.1 The Concept of RS

In the early literature, RS was conceptualised as systems in which the sole inputs
were user recommendations, which could thus be aggregated and delivered to those
who might find them useful. The GroupLens project, undertaken at the CSCW
conference in 1994 by Resnick and Riedl, was responsible for the first documented RS,
and its purpose was to recommend articles of interest to researchers (Resnick et al.,
1994).

In the years since the first RS was proposed and implemented, particularly with the
rise of the Internet, Web 2.0, and social networking platforms, the utility of such
systems has increased significantly, particularly in areas where user information-
seeking behaviour is fundamental and where large volumes of information exist (e.g.,
e-commerce and video sharing) (Gandomi & Haider, 2015). At present, an incredibly
diverse number of organisations, applications, and services rely on RS, including the
playlist-generating RS used by Netflix, YouTube, and Spotify, as well as the product-
based and content-based RS developed by organisations such as Amazon and Twitter,
respectively. In the case of RS of this kind, they can operate using one input (e.g., video
or music) or a collection of multi-platform inputs (e.g., search queries, books, or news).

Pandora, Amazon, LinkedIn, and Netflix are among the organisations that utilise RS to
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aid their users in identifying relevant items of interest, ranging from jobs to media, thus
improving the user experience and increasing revenue (Gandomi & Haider, 2015).

RS can increase the chance of purchase. As a case in point, effective RS brings
users into contact with services and products aligned with their interests and needs,
increasing the likelihood that impulse purchases are made. When recommendations are
practical, cross-selling increases, and the available evidence suggests that the average
order size also increases (Schafer et al., 2001). In the context of e-commerce, the use
of RS can influence financial health, as well as the degree to which customer
interactions are targeted, optimised, and positive. In terms of conversion, the way that
RS improve e-commerce dialogues and customer interactions is particularly beneficial,
since it increases web traffic and, for product RS and even other types of RS, purchase
intention (Borras et al., 2014). For instance, when a customer attempts to purchase a
specific item in an online store, an RS can expose them to other related items at this
critical point (e.g., bikes with accessories and related fitness products).

The value of RS thus also arises in relation to their ability to enhance customer
loyalty through value-added relationships between the website and the customer. In
settings where rival players can easily be accessed through the internet, generating
customer loyalty is essential (Venkatesan & Thangadurai, 2017). For every action that
a user takes on a website, the RS can receive more inputs about the user’s preferences
and interests, thus increasing its ability to personalise the experience; for example, the
user will receive recommendations for things that are similar to those that the user has
liked in the user-based CF technique. The user will receive recommendations for things
that are similar to those that the user has enjoyed in the past using the item-based CF

technique (Adomavicius & Tuzhilin, 2005).

2.1.2 Approach of the RS

The main techniques used in RS are content-based filtering (CBF), collaborative
filtering (CF), Machine Learning (ML), and hybrid recommendation (HR).
Nevertheless, the emergence of the deep learning paradigm less than a decade ago has

given rise to new techniques, such as computational intelligence (CI). Ultimately, the
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creation of any new recommendation algorithm is based on the traditional four
approaches.

First, in CBF systems, these are underpinned by the philosophy of “show more of
what has already been liked”. The assumption on which CBF methods are based is that,
if a user is attracted to a given item in a given category, they are also likely to be
attracted to a given item in the same category, or a similar category (Wang et al., 2018).
Similar features are considered in terms of how the similarity is determined (Nufiez-
Valdéz et al., 2012; Park et al., 2012). For example, when reviewing a Facebook video,
they will receive links to similar videos on their homepage, which are selected based
on CBF. In other words, CBF approaches make recommendations based on the
descriptions of the items that users have rated and the descriptions of the items that
should be recommended (Pazzani, 1999).

Research related to CBF are various, such as TF-IDF (Term Frequency-Inverse
Document Frequency), K-Nearest Neighbour (KNN), Rocchio approach, and Decision
Tree-based CBF. Taking TF-IDF as an example, it is proportional to the number of
occurrences of the word in the document and inversely proportional to the number of
occurrences of the word in the entire document set. In the target document, the TF-IDF
of all the words in the document is calculated and compared, and the largest TF-IDF
value is used to form the feature vector of the target document to represent the document.
Paik and Mizugai (2010) proposed a weighted TF-IDF method on the terms folded by
the title tags in RDF Site Summary contents as characteristic terms to enable users to
obtain relevant RDF Site Summary contents easily and quickly.

Additionally, case-based reasoning and knowledge-based navigation systems are
variants of CBF that have been discussed in previous research. For example, in the latter,
the idea is to offer recommendations based on specified domain knowledge that
addresses the user’s needs. Specifically, knowledge-based navigation systems match a
user’s requirements to the knowledge base of that domain, and relevant, suitable, and
useful products or services for the user are recommended based on their preferences
(Blanco-Fernandez et al., 2011). These systems provide recommendations to users
based on specified domain knowledge; that is, the systems identify a user’s
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requirements and match it with the knowledge base regarding that domain and then
recommend products which are most appropriate, relevant, and useful to the user. For
instance, when an individual wants to purchase a product online, they are asked to
provide their preferred requirements. Upon doing so, the system recommends the most
suitable products that meet such requirements (Blanco-Fernandez et al., 2011).

Second, CF methods rely on community preferences (e.g., purchase histories and
user ratings). CF in information filtering was proposed by (Goldberg et al., 1992) in
order to make recommendations which involve identifying correlations between users
of a recommendation system. The popularity of CF stems from the fact that it is not
necessary to have an explicit account of items. People-to-people relationships are
considered, and the assumption is that people with comparable interests are likely to be
attracted to comparable items in other areas (Liu & Lee, 2010). Thus, browsing habits,
patterns, and ratings, whether implicit or explicit, can be used to gauge similarities
between users. As a case in point, Facebook users see numerous suggestions about
people they might know on their homepage, which are usually filtered out on the basis
of several parameters (e.g., mutual friends, number of similar shared groups, number
of similar liked pages, and geographical proximity) (Lee et al., 2010).

Model-based CF and memory-based CF are the two main categories of CF
algorithms. Model-based CF uses a user-item database to generate an offline model and
operates on reduced data, which helps to deal with scalability and sparsity issues
(Krisdhamara et al., 2019; Shahabi et al., 2001), clustering (Birtolo & Ronca, 2013;
Koohi & Kiani, 2016; Tsai & Hung, 2012), and dimension reduction (Adomavicius &
Tuzhilin, 2005). Different from model-based CF, the memory-based CF includes the
user-based and item-based two types. It makes recommendations based on user or item
similarities and generates predictions for active users from the entire user-item database.
User-based algorithms calculate similarities between users to recommend items based
on the assumption that the interests of users will be similar in the future (Nguyen et al.,
2020; Zhao & Shang, 2010). Nevertheless, the item-based algorithm looks at the
similarities between items to make predictions; users are most likely to buy items that
are similar to items they have previously purchased (Al-Hassan et al., 2015; Y. Zhang
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et al., 2014).

Third, machine learning-based intelligent RS can make highly accurate, rapid, and
personalised recommendations (Batmaz et al., 2019) with the rise of novel, powerful
deep learning architectures. These intelligent RSs were applied in different scenarios,
such as smart heath motoring (Han et al., 2020; Manogaran et al., 2018; Manoharan,
2020), agriculture (Liakos et al., 2018; Suresh et al., 2021; Vincent et al., 2019), pattern
recognition (Cai et al., 2018; Z. Huang et al., 2019), and the cold start problem of RS
(Wei et al., 2017). Also, in terms of the research focus, there are two major categories
that current RS research trends in applying ML methods. One is shallow learning and
the other is deep learning (Goodfellow et al., 2016). These shallow designs are useful
for solving simple issues and learning well-built features. For example, Ajesh et al.
(2016) used the culturing and random forest to predict recommendations based on users'
ratings in the online shopping scenario. In addition, deep learning as another format of
ML, is also applied in RS. The applications of artificial NNs are countless, one of which
is RS (Borras et al., 2014; Yera & Martinez, 2017). As a case in point, item content
features are extracted using the specific deep neural network (Vincent et al., 2010).
Additionally, Collaborative Deep Learning (CDL) involves the use of deep learning
techniques to improve RS, and it has been applied by incorporating a stacked denoising
autoencoder (SDAE) into a straightforward latent factor-based CDL model for article
and film recommendations (Wang et al., 2015).

Fourth, in contrast to CBF, CF and ML, RSs based on HR techniques are
combinational systems. The underlying rationale of which features should be combined
is based on whether there are clear disadvantages in one system that are accounted for
by another (Wozniak et al., 2014). For example, HR systems combine the advantages
of CBF and CF. For example, Netflix use a mixture of CBF and CF to recommend films
to users by considering both the user’s similarity to other users and their interests
(Gandomi & Haider, 2015).

Many previous studies have addressed the use of these techniques in establishing

and refining RS. A summary of the findings is offered in Table 2.1.
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Table 2.1: Prior studies on recommender systems, their methods, and adopted techniques

Author Category Application scenario Method Data mining technique

(Nufiez-Valdéz et al., 2012) CBF Electronic books Comparative analysis Clustering (content similarity)

(Maetal., 2015) CBF Friendship Experiment Classification (weighted similarity)

(Wang et al., 2018) CBF Computer science publications Experiment Regression (user preference)

(Bhagavatula et al., 2018) CBF Candidate selection Experiment Clustering

(Liu & Lee, 2010) CF Social networking Experiment Clustering

(Leeetal., 2010) CF Mobile music Experiment Web usage mining

(Park et al., 2012) CF Expert systems Comparative analysis Classification

(Fernandez-Tobias et al., 2012) CF Cross-domain recommendation Comparative analysis Classification, clustering

(Hwangbo et al., 2018) CF Fashion Retail Experiment K-RecSys

(De Medio et al., 2020) CF E-Learning Platform Experimental case study MoodleRec approach

(Dhanda & Verma, 2016) HR Academic Literature Experiment Incremental high utility itemset (EIHI)
(Holzinger et al., 2016) HR Crowdsourcing Experiment K-nearest neighbour

(Cai et al., 2020; Katarya & Verma, 2016) | HR Many-objective optimization Experiments many-objective evolutionary algorithm
(Andrawis et al., 2011) ML Forecasting Experiment Prediction (neural networks, Gaussian regression, linear models)
(Borras et al., 2014) ML Tourism recommender Comparative analysis Classification, clustering

(Lu et al., 2015) ML Transfer learning Comparative analysis Classification (Natural language processing)
(Borras et al., 2014; Yera & Martinez, | ML Research topics/gap detection Experiment Clustering

2017)

(Z. Huang et al., 2019) ML Transport Experiments Deep neural networks

(Zihayat et al., 2019) ML News Experiments URecSYS

(Suresh et al., 2021) ML Agriculture Experiments Random Forest

(Wen, 2021) ML Music Experiments scale-invariant feature transform (SIFT), SVM and Faster-RCNN
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However, compared with different studies, different approaches have their own
drawbacks. CBF has two apparent drawbacks. First, CBF necessitates abundant domain
knowledge because the feature representation of the items is hand-engineered to some
extent (Basu et al., 1998; Goyani & Chaurasiya, 2020). As a result, the model can only
be as good as the characteristics that were hand-engineered. The second limitation is
that the model can only provide suggestions based on the user's current interests (Casey
et al., 2008; Liu et al., 2010). In other words, the model's potential to build on the users'
existing interests is limited.

The difficulties in dealing with new items is a drawback of CF (Nagarnaik &
Thomas, 2015; Ramakrishnan et al., 2020). The dot product of the relevant embeddings
represents the model's forecast for a given (user, item). As a result, if an item is not
observed during training, the system won't be able to generate an embedding for it and
will not be able to query the model.

Instead, the exploration of machine learning methods focuses on the flaws of the
models. There are considerable models in machine learning and each model has its own
strengths and weaknesses. Therefore, the choice of model in a recommendation system
also depends on the environment. For example, deep learning is often used when
recommendation systems encounter large amounts of data, but hidden weights and
activations of deep neural networks are often noninterpretable according to a prominent

argument against them (S. Zhang et al., 2019).

2.2 CSR in the RSs

2.2.1 The Concept of CSR
Cold Start Recommendation (CSR) is caused by lack of historical ratings of

sufficient information which leads to the difficulties when making recommendations
(Huang et al., 2016; Schein et al., 2002). CSR includes Complete Cold Start
Recommendation (CCSR), which is a problem in which no rating records are available,
and Incomplete Cold Start Recommendation (ICSR) is a problem in which only a small

number of rating records are accessible for new objects or users in the system (Wei et
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al., 2017).

Solving the cold start problem allows for effective referrals to new users and new
products. Furthermore, it can effectively solve the loss of new users and the fate of new
products that are forced to be taken off the shelves because no one clicks on them

(Bernardi et al., 2015; Schein et al., 2002).

2.2.2 Review on Strategies for Overcoming CSR

Various studies have identified strategies to overcome CSR (Fernandez-Tobias et
al., 2019; Gupta & Goel, 2018; Wei et al., 2017). There are four major strategies to note.
First, hybrid algorithms may be used to overcome CSR. This approach considers the
characteristics of various recommendation algorithms, based on the strengths and
weaknesses of each, however CBF, CF, and ML are still the major approaches in the
recommendation system (Deldjoo et al., 2019; Jingjing Li et al., 2019). Earlier research
used CF and CBF (Feng et al., 2021; Lika et al., 2014), while later studies on CS
integrate the ML approach with CBF and CF; for example, extracting implicit
information from a user’s social stream to create a user’s behaviour profile by using
ML techniques, such as Random Forest, which can make up for the lack of user data
(Herce-Zelaya et al., 2020).

Second, the diversity of the data may be increased to overcome CSR. For example,
introducing information about users' social relations with social tags and association
rules (Sobhanam & Mariappan, 2013b; Viktoratos et al., 2018). Also, auxiliary
information, such as attributes about users and items, was also applied to increase the
diversity of the data. For user attributes, a trust network is incorporated into the raw
ratings for prediction (Victor et al., 2008). Ocepek et al. (2015) combine attribute
selection and local learning into the recommendation model for CS users. Not only that,
with the development of deep learning, Collaborative deep learning (CDL) is a
representative example that applies deep learning to recommendation systems by
integrating stacked denoising autoencoder (SDAE) into a simple latent factor-based CF
model for movie and article recommendations (Wang et al., 2015).

Third, context-awareness is crucial to overcome CSR. Context awareness refers to
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the use of additional information in the user model (e.g. location, time, weather, etc.) to
improve the accuracy and real-time performance of a recommendation system
(Adomavicius & Tuzhilin, 2011). In terms of the approaches, for example, contexts
consist of data involving place, time, or companion. Based on the situation, it is possible
to gain full or partial knowledge of contextual features. When the time principle is
adopted in RS, a decay function is often utilised, whereas place-aware RS relies on
wireless devices to locate users and provide appropriate guides (Fu et al., 2019). For
example, Wei et al. (2017) propose to combine deep natural network and CF to extract
content features of the item and use timeSVD++ to utilise temporal dynamics of user
preferences. RS can solve the new item CSR by leveraging contextual data to generate
effective recommendations. Companion-aware RS are directed by the concept of
homophily, where Internet-based social information is leveraged to identify user
clusters marked by consistent preferences and features (X. Wang et al., 2019).

Fourthly, user profiles may be constructed to overcome CSR. Elicitation of
preferences entails giving the users a simple mechanism to express their preferences on
objects in a dataset with minimal effort (De Amo et al., 2015). User profiles include
various information. User profile construction can provide the most effective features
and analyse user behaviours (Banouar & Raghay, 2016). Also, different users have
different attributes, displaying different characterises and behaviours (Bergsma & Van
Durme, 2013). Based on a variety of user data, a person's political inclination or
ethnicity can be inferred (Pennacchiotti & Popescu, 2011).

In addition, demographic information was the eeliest approach applied to construct
the user profile. Demographic information can be added to user profiles to increase the
accuracy of the recommendation (Cohen et al., 2017; Gantner et al., 2010; Saveski &
Mantrach, 2014). Moreover, the initial user profile may be based on the user's
personality traits and use that profile to provide customised recommendations
(Fernandez-Tobias et al., 2016; Tkalcic & Chen, 2015). The Five factor model including
extraversion, agreeableness, openness, conscientiousness, and neuroticism (McCrae &
John, 1992; Wiggins, 1996) can be used as an example to make recommendations based
on personal traits (Guntuku et al., 2015; Ning et al., 2019).
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However, these different strategies have their own advantages and drawbacks. As

displayed in the following Table 2.2.

Table 2.2 Comparison of different strategies for CSR

and ML

Strategy Algorithms Advantages Disadvantages
Hybrid A mix of algorithms, based Target to solve the data sparsity and | Requires large scale training
Algorisms on a combination of CF, CBF | ICSP problem data, and poor interpretation of

the result

Diversity of the

data source

Introduce user's social

connections, rating

comments, location

information

Generate recommendations around

user-centric results to alleviate cold

start issues

Many parameters need to be

learned, and the effectiveness

of the recommendations is

limited due to historical data

Context aware

Use real-time information

(e.g., weather, location,

mood, etc.) to generate the

latest recommendations

Real-time analysis of user

preferences, generating real-time

recommendations.

Requires a wide range of real

time data, low coverage of user

referrals

Profile

construction

Construct user profile, such

as personal traits,

demographic information

Detailed user profiling to provide

more reliable user information for

recommendations

Considerable labour and time

costs

Moreover, Table 2.3 outlines relevant articles in a critical comparison to understand

the different strategies to overcome CSR.
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Table 2.3: Prior studies on CSR, their methods, and adapted techniques

Author Research objectives | Strategies Dataset Method Data mining techniques

(Zhang et al., New users Diversity Data source (Social tags) Delicio; MovieLens Experiments Mathematic ranking; Inter diversity

2010)

(Sobhanam & New users Diversity Data source (Association MovieLens Experiments Clustering

Mariappan, rules)

2013a)

(Lika et al., 2014) | New users Profile construction (Demographic MovieLens Experiments Classification (c4.5)
information)

(Safoury & Salah, | New users Profile construction (Demographic MovieLens Experiments Systematically review

2013) information)

(Feng et al., 2021) | New users Hybrid MovieLens; Film Trust; Giao Experiments Probabilistic matrix factorization; Bayesian personalized ranking

(Herce-Zelaya et New users Context aware (Implicit information) Social media data Experiments Classification (random forest)

al., 2020)

(J.-H. Liu et al., New items Hybrid Tmall.com. Experiments K-nearest neighbour

2014) Coo8.com

(Aleksandrova et New Items Hybrid MovieLens; Jester Experiments Matrix factorization

al., 2017)

(Hazrati & Elahi, New items Hybrid YouTube Dataset Experiments Neural network

2021)

(Lee et al., 2014) New user-new items | Diversity Data source(tweets) Twitter Experiments Latent Dirichlet Allocation

(Wei et al., 2017) New items Context aware Netflix Experiments timeSVD++, neural network
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Evidently, most previous studies used machine learning approaches with
experiments. New users, items, and a new system are the common types of problems in
the CSR. In new user CSR, the new user’s preferences cannot be gauged, the new
product’s features cannot be identified, and the most suitable users to whom new
product recommendations should be made are difficult to determine (Karakayali et al.,
2018). In other words, when a new user enters an existing system, there is no user-
associated data that the RS can analyse to generate recommendations. As such, the user
may avoid the RS owing to the low-quality nature of its outputs. Hence, to overcome
the new user CSR, collecting data from users before they enter the system, on the basis
of which recommendations can be given, is worthwhile (Guo et al., 2014).

In addition, in new item CSR, products that are incorporated into an existing
catalogue attract few interactions. In such a case, popularity bias occurs where
unpopular items drive down the visibility of newly entered items, creating a vicious
cycle wherein the RS cuts out significant subsets of the product catalogue (Bobadilla et
al., 2012). Hybrid methods and context-aware are always used in the new item CSR.
For example, a mixture of CF methods and CBF methods, with virtual assignment of
project information files to filter the content, on the basis of which collaborative
filtering is used to generate recommendations (H. Liu et al., 2014). Moreover, the
dynamic scenario strategy uses an algorithm to sense the current state of new items and
then selects the best item to recommend for the scenario. For example, Tang et al. (2014)
proposed a meta-context strategy, whereby different scenario strategies are combined
to form a pre-defined scenario on the basis of which the meta-context is divided.

However, in new system CSR (also known as CCSR), a system boots without
sufficient data for the RS to use to perform effectively (Zhao et al., 2015). Previous
studies on solving the CCSR elicit new user preferences by gradually probing users’
response during an initial interview phase (Rashid et al., 2002; Zhou et al., 2011). As
explained in Table 2.2, without any historical data, use of HR, increased data source
variety, and context awareness are not able to be applied in the CCSR. Thus, profile

construction is the best solution to overcome CCSR.
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2.2.3 CCSR in the P2P ETRS

CCSR is significantly important for recommender systems since it takes a long
time for a system from scratch to provide accurate pushes. However, it is difficult to
clarify every feature when solving CCSR for a new system from scratch. Every new
system is limited due to the barriers associated with evolving ex nihilo, which reflects
the fact that a genuine CCSR must be endured by all systems in the journey towards
application popularity. Constructing the user profile with rich information is essential
to propose accurate recommendations, although there is the risk of privacy exposure.

P2P ETRS has not yet been developed specifically for renewable energy trading,
which means the necessity of solving the CCSR. Despite the existence of applications
such as Go Compare and Confused.com, which allow users to comparatively assess and
switch utilities providers based on their energy consumption record, these platforms
typically neglect the motivations that underpin consumption, and even trading, which
causes the difficulties to provide personalised recommendations. In other words, the
most effective information was not collected during the recommendation.

Previous P2P platforms, such as Airbnb, first estimate similarities on the basis of
historical records of user activities (Zhang et al., 2010). Second, they use accessorial
information, including object attributes, to filter out irrelevant objects efficiently.
However, although the state of the art in RS is evolving, the key techniques have not
changed, including the use of vector models to represent user preferences, as well as
item expression in terms of keywords (Ferndndez-Tobias et al., 2012). Therefore,
building keywords or attributes and the stability of preferences is critical in this research.
In other words, it is necessary to build the primary energy trading profile dataset to cope
with the CCSR.

Alack of historical data makes it difficult to apply CBF, CF, and Hybrid approaches.
For example, conventional CF algorithms only consider the relations between items
and users, which are most often represented in a U-I matrix; CF tends to perform poorly
in addressing the CCSR (Wei et al., 2017). This indicates the application of the original
information filtering including user profile construction and machine learning

approaches are important. Thus, the recommendation system was proposed to change
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to find the best features to make the optimal recommendation. In other words, due to
the existence of CCSR in P2P energy trading, the profile construction strategy with

machine learning approach is adopted.

2.3 Machine Learning Approach

In the last two decades, with the requirement to abstract information from a large
amount of data, Machine Learning (ML) as a sub-field of knowledge discovery has
gained a lot of attention from both academic and industrial areas. Machine learning as
an important approach was also applied in the recommender system (as shown in Table
2.1).

Most machine learning methods include shallow and deep learning (Goodfellow
et al., 2016). Before the widespread use of deep learning, most Machine Learning
methods used shallow architectures that only contained one or two nonlinear layers with
extracted features (LeCun et al., 2015). The most common shallow learning algorithms
range from decision tree-based random forest or gradient boosted tree ensembles
(XGBoost) along with kernel-based support vector machines (SVM).

Deep learning can be traced back to the artificial neural network (ANN), which
usually refers to MLPs with many hidden layers also called deep neural networks (DNN)
(LeCunetal., 2015). Traditional shallow learning approaches rely heavily on manually
engineered features designed in a specific manner for solving the task at hand. Deep
learning, on the contrary, aims at automatically creating useful feature representations
of the raw input data. Most deep learning models are based on neural networks, which
jointly learn data representations structured in successive layers, supervised by a
feedback signal (Haneczok & Piskorski, 2020).

Meanwhile, there are various types of data on the online RS circumstance. Taking
e-commerce as an example, categories (e.g., gender, brand), numerical data (e.g., age,
price) and multimedia data (e.g., text, images, and videos). Thus, for different data types,
different approaches are applied to solve CSR. In multimedia circumstances, such as

images, deep learning is most commonly used to provide recommendations as shallow
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learning normally cannot fit vast and complex data, and the model strongly relies on
the quality of extracted features (Krizhevsky et al., 2012).

In terms of P2P ETRS, the user profile construction is an effective solution. An
initial interview procedure is a simple way to get information about new user
preferences (Rashid et al., 2002). During the interview, the recommendation system
asks users for their thoughts on a variety of topics and creates a rough user profile.

In addition, previous studies have endorsed decision tree family models as a
suitable fit for initial user interviews (Golbandi et al., 2011; Rashid et al., 2002). In a
basic decision tree, each node asks users for their thoughts on a single item, and users
are guided to subtrees based on whether they like, dislike, or are unsure. Finally, the
recommendation list is generated using the average preference of training users within
each leaf node (Sun et al., 2013). The following section introduces the decision tree and

its family models.

2.3.1 Decision Tree

A Decision Tree (DT) classifier is an approach that can be used to perform
multistage decision-making and is popularly applied in the RSs in different scenarios
(Cho et al., 2002; Rathore & Kumar, 2017; Thiengburanathum et al., 2015). Moreover,
every approach to multistage decision making aims to break down a complicated
decision into a series of similar decisions to reach the desired solution (Safavian &
Landgrebe, 1991). Such approaches are often employed to identify features and patterns
in large databases which are crucial for discrimination and predictive modelling. These
features can be interpreted intuitively, which has made them very popular for use within
exploratory data analysis and predictive modelling for over twenty years (Myles et al.,
2004).

ID3, C4.5, CRAT, and SLIQ are the most popular types of decision trees (Quinlan,
1986, 2014). The simplest type of DT algorithm is the ID3, although it also has several
weaknesses. For example, it is not guaranteed to generate an optimal solution, it has
issues with overfitting when training a dataset, and it only supports nominal variables.

On the other hand, the C4.5 is an extension of 1D3, which is designed to address the
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weaknesses of the ID3 (Quinlan, 1986). It allows for both nominal and scale variables
to be used, and to address the issues with overfitting, tree-pruning is facilitated in C4.5
(e.g., confidence-based, and error-based pruning). Moreover, it allows for attributes to
be missed. The C4.5 also enables information gain and gain ratio when measuring
splitting, and two different splitting criteria are employed, namely: information gained
and the entropy-based criterion (Witten et al., 2005). Regarding discrete data, the
decision tree algorithm is highly suitable. This is because no prior knowledge is
required to use it and it extracts the rules from the column data. Moreover, in
comparison to other methods like neural networks, it is much easier to interpret
decision-tree data. Nonetheless, it is important to note that there are drawbacks of using
the decision tree algorithm, such as issues with missing data and over-partitioning of
the sample space, which can ultimately cause over-fitting. Although overfitting can be
avoided by pruning the decision tree, this makes the algorithm more complicated. Thus,

improving the performance of the decision tree algorithm comes at a cost.

2.3.2 Ensemble Learning

Ensemble learning refers to any decision-making method that combines different
inducers, especially in supervised machine learning tasks. An inducer is sometimes
known as a base learner. It is an algorithm that uses several labelled examples as input
to create a model (such as a classifier or regressor), in which the examples are
generalised. The newly created model can then be used to make predictions for new
and unlabelled examples. Any machine learning algorithm can be used as an ensemble
inducer, including a neural network, decision tree, and linear regression model.
Ensemble learning is developed upon the assumption that combining multiple models
overcomes the errors of each single inducer. In turn, Sagi and Rokach (2018) point out
that the performance of the ensemble will be much more effective than a single inducer.

The ensemble learning approach has been developed based on Kearn’s proposed
PAC (Probably Approximately Correct) Learning Approach, in which both a weak and
strong learner are included in the system. This ultimately creates a polynomial-level

learner (Kearns & Valiant, 1994). The ensemble methods discussed previously involved
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the use of learning algorithms that generated various classifiers and performed a
weighted vote of their predictions in order to divide new data points (Dietterich, 2000).

However, in recent times, bagging and boosting methods have become increasingly
more popular (Jurek et al., 2014; Rokach, 2010). Examples of bagging algorithms
include Breiman (1996) Bootstrap Aggregating Algorithm and Robert's Algorithm
(Schapire, 1990). On the other hand, examples of Boosting include Freund and
AdaBoost (Adaptive Boost) methods (Freund & Schapire, 1997). Bagging and
Boosting algorithms are both resampling methods that require data sets to be trained.
However, bagging is a parallel ensemble, whilst boosting focuses on serial boosting. In
other words, they both create models using different training subsets of input data
(Gopika & Azhagusundari, 2014).

Ensemble learning is well applied in the RSs studies, such as recommendations on
the tourisms (Nilashi et al., 2017; Wan et al., 2018); in the crop productivity (Kulkarni
etal., 2018; Rajak et al., 2017); in the movies (Forouzandeh et al., 2021; Jin et al., 2005)
and in the health informatics (Joshi & Alehegn, 2017; Saha et al., 2020). Ensemble
learning played an important role not only applied on the RSs, but also solving the CSP
challenge. For example, in Ayaki et al. (2017)’s study, they create user profiles based
on product categories they visited in their access logs and predict products using
Gradient Boosting Decision Tree (GBDT), which outperforms other learning methods
like SVM. Also, M. Zhang et al. (2014) present a semi-supervised ensemble learning
technique to develop a model that can improve recommendation performance using
context. The programme creates various (weak) prediction models using examples from
various contexts, then uses the co-training strategy to allow each (weak) prediction

model to learn from the others.

2.3.2.1 Random Forest
Random forests (RF) as one of the bagging approaches which are good at

preventing over-fitting by combining predictors of trees so that each tree depends on
the value of a random vector sampled independently and has the same distribution for

all trees in the forest (Breiman, 2001). Random Forest is defined as a generic principle
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of classifier combination that uses L tree-structured base classifiers {h(X,©.),N=1,2,3,...L}
where X denotes the input data and "} is a family of identical and dependent
distributed random vectors (Breiman, 2001). Every Decision Tree is made by randomly
selecting the data from the available data. For example, a Random Forest for each
Decision Tree (as in Random Subspaces) can be built by randomly sampling a feature
subset, and/or by the random sampling of a training data subset for each Decision Tree
(Alietal., 2012).

RF utilises several stochastic decision trees and combines their predictions by
averaging, showing excellent performance in situations where the number of variables
is much larger than the number of observations. In addition, it is versatile enough to be
applied to large-scale problems, easily adapts to a variety of specific learning tasks, and
returns measures of variable importance (Biau & Scornet, 2016). Generally, forest-RI
is the simplest form of Random Forest, which is formed by selecting at random a small
group of input variables to split on at each node. And then grow the tree using CART
methodology to maximum size and do not prune (Breiman, 2001). Another approach,
forest-RC, consists of defining more features by taking random linear combinations of
several the input variables. That is, a feature is generated by specifying L, the number
of variables to be combined. Unlike forest-RI, forest-RC first randomly selected some
features and then applied a linear combination on the new features. The output of the
result is decided by the following feature section and combining vote (Pretorius et al.,
2016).

RF’s advantages are its non-parametric nature, ability to establish the significance
of variable, and high classification accuracy (Rodriguez-Galiano et al., 2012). On the
other hand, as the split rules concerning classification have not been defined, RF can
be regarded as a black box type classifier. Due to differences in independent identically
distributed random vectors, different approaches exist. Breiman proposed forest- RI,
such as the Random MultiNomial Logit (RMNL), which illustrates the Random
MultiNomial Logit on a cross-sell CRM problem within the home-appliances industry
(Prinzie & Van den Poel, 2008). In addition, Tripoliti et al. (2013) modified the

construction and voting mechanism of RF to improve the prediction performance.
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However, although the RF algorithm has been greatly improved in terms of its
classification accuracy and the generalisation error, as the research progresses the
problems of the RF algorithm are also exposed; for example, it cannot handle
imbalanced data and the processing of continuous variables still needs to be discrete

(Sun et al., 2009).

2.3.2.2 GBDT
GBDT was first developed by Friedman (2001). In gradient boosting, the negative

gradient of the prior loss function is used to create a new model as it relates to the
former iteration rounds. The loss function is the most significant issue to resolve in
machine learning and concerns the relationship between predictions and targets; most
notably, the accuracy is higher when the loss function is lower. Moreover, it can be
assumed that the model follows a superior direction and changes sequentially
throughout this process when the loss function appears to fall consecutively with the
iteration process (Liu et al., 2017).

Given that gradient boosting is a strong and effective machine-learning method,
advanced results can be obtained for many practical tasks when it is employed. It has
been the predominant technique used to resolve learning problems with heterogeneous
features, complex dependencies, and noisy data for a long period of time. It can also be
used for activities such as web searching, recommendation systems, and weather
forecasting (Caruana & Niculescu-Mizil, 2006; Wu et al., 2010); in essence, it is a
process of using gradient reduction in a functional space to create an ensemble predictor.
Kearns and Valiant (1994) highlight that the approach is supported by strong empirical
research results that explain how strong predictors are developed and constructed by
iteratively bringing together weaker models (base predictors) into a bigger, collaborated
model.

The eXtreme Gradient Boosting (XGBoost) (Chen & Guestrin, 2016) and
Categorical Boosting (CatBoost) (Prokhorenkova et al., 2017) are main components of
the gradient boosting algorithms. As gradient-boosting methods, both algorithms

recommended variants to the original algorithm to increase the training speed and
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enhance the generalisation capacity. XGBoost system is a scalable ensemble approach;
results have shown it to be reliable and efficient in resolving machine learning issues.
Additionally, a decision tree ensemble has been developed based on gradient boosting.
The XGBoost system minimises loss function by expanding upon the objective function.

In addition, the intricacy of the trees is controlled by applying a variation of the
loss function. This is because XGBoost only uses decision trees as base classifiers. On
the other hand, to avoid changes in predictions, the CatBoost model adjusts the
computation of gradients, which ultimately renders the model more accurate (Bentéjac
etal., 2021). It has the capacity to manage different categorical features during training,
which sets it apart from other traditional gradient boost techniques which typically
focus on reducing pre-processing time and establishing effective feature-combination
performance.

Moreover, when using CatBoost the entire dataset can be used for training.
Prokhorenkova et al. (2017) explain that the use of target statistics to manage
categorical features whilst ensuring minimum loss of information is highly effective.
Specifically, CatBoost randomly permutates the dataset to identify an average label
value for each example. The same category value is then placed before the one provided
in the permutation. CatBoost has been found to be very effective in many disciplines,
including driving style recognition (Liu et al.,, 2020) and predicting reference

evapotranspiration in humid areas of the world (G. Huang et al., 2019).

2.4 Summary

This chapter focuses on the concept of RSs and CSR, as well as the different
strategies to overcome CSR. CF, CBF, HR, and ML are the four major approaches in
the RSs. Furthermore, increasing the diversity of the data source, using hybrid
algorithms, context awareness, and profile construction are four strategies which may
be used to overcome CSR. Specifically, the user profile construction is the best solution
from scratch, although considerable labour and time costs may cause potential

challenges. Previous profile constructions involve demographic information and
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psychology models, such as the Five factor model. The flowing chapter effectively
considers the products selection preference, providing theoretical evidence to construct

the user profile of a new database.
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Chapter 3: Motivations of P2P Energy Trading:

Theoretical Foundation

This chapter reviews the influential factors behind consumers’ production selection
process; it adopts the Theory of Consumption Values (TCV) proposed by Sheth et al.
(1991) to review the influential factors of consumers’ choice on energy trading
platforms. The TCV theory aims to understand consumers’ choice behaviour when they
select products and services. Sheth et al. (1991) argue that the consumers’ selection of
a product relies on some or all of five values, namely functional value, social value,
emotional value, epistemic value, and conditional value. Motivation can either originate
from an evoked need, be driven entirely by external triggers, or be the result of a
combination of internal and external factors. While there is a wide array of theoretical
approaches are on the same, related to the buying behaviour theories. Whether from
intrinsic need motivation, Maslow's hierarchy of needs theory or TCV, which map more
to the dynamic relationship between different values (Sheth et al., 1991).

The concept of value is widely acknowledged as a fundamental cornerstone of
marketing. The current marketing philosophy is value-oriented (Kaur et al., 2021;
Kotler & Armstrong, 2013). The value refers to how customers assess the differences
between all of a marketing offer's benefits and expenses in comparison to competing
offers (Kotler & Armstrong, 2010). Also, the perceived value was generated from the
multidimensional environment, which was impacted by price, quality, utility, and
sacrifice (Sinha & DeSarbo, 1998). As one of the most classic theories in consumer
behaviour, the TCV model has been widely adopted in various research contexts, such
as marketing (Chen & Lin, 2019; Lin & Huang, 2012) and tourism (Choe & Kim, 2018;
Kaur et al., 2021; Talwar et al., 2020). For example, Talwar et al. (2020) adopt TCV to
explore factors that influence people to choose a certain online travel agency. Kaur et
al. (2021) intergrade the consumption values that affect consumers’ choice of the food-
delivery applications. Choe and Kim (2018) argue that consumption value can impact
on tourists’ attitude, destination image, and behavioural intention.

Other than the relationship between consumption value and its consequences, some
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scholars also pay attention to the antecedents of consumption value. For example, Chen
and Lin (2019) investigate what social media marketing activities influence consumers’
perceived value. Jiang et al. (2019) claim that the interaction between Airbnb value
facilitation and customer participation has a positive interaction on economic value;
host value facilitation and customer participation, as the authors note, positively affect
other dimensions of customer value, such as emotional value and epistemic value.
However, before analysing the driving consumption values on P2P energy trading, it is
necessary to understand the platforms of P2P energy trading as it can help to understand
the previous research on this topic, the platform structural components, and types of

products.
3.1 Understanding P2P Energy Trading Platforms

A review of the literature demonstrates that studies conducted from 2006 to present
best indicate the period of P2P energy trading emergence, as Google trends portray a
rising interest in the subject of P2P energy trading topic since 2006. Most of the studies
focus on cost saving (Alam et al., 2019; Neves et al., 2020; S. Nguyen et al., 2018),
community (Paudel et al., 2018; Wilkins et al., 2020), and effectiveness (Alam et al.,
2017; Esmat et al., 2021). Moreover, the five major approaches adopted to study P2P
energy trading are game theory (Luo et al., 2018; Paudel et al., 2018; Tushar et al.,
2020), algorithms (Aitzhan & Svetinovic, 2016; Jing et al., 2020), simulation (Cui et
al., 2019; S. Nguyen et al., 2018), blockchain (Cali & Fifield, 2019; Hayes et al., 2020;
Thomas et al., 2019), and constrained optimisation (Alam et al., 2019; Liith et al., 2018).

Scholars have recently started to incorporate the trading platform itself to
understand the whole trading process. The most discussed components are platform
setup (Talia & Trunfio, 2003; Trunfio et al., 2007), marketing mechanism (Block et al.,
2008; Mengelkamp et al., 2018), price mechanism (Duan & Deconinck, 2010; Zhang
et al., 2018), information mechanism (Morstyn, Farrell, et al., 2018; Pallickara & Fox,
2003; Tushar et al., 2020), and regulation (European Commission, 2015).

Integrated with the trading process mentioned above and current P2P energy

trading trials (Piclo in the UK, Vandebron and Vattenfall PowerPeers in the Netherlands,
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SunContract in Slovenia, Power Ledger in Australia, Brooklyn Microgrid in the USA,
and Noncommunity in Germany), it can be found that different approaches towards
trading access are adopted by different trading trials in the setup stage. The approach
used by Piclo (Open Utility, 2016, 2018) and Vandebron (Vanderbron, 2017) involves
the identification of suppliers and establishing a price match for prospective customers.
By contrast, SunContract (Suncontract, 2017) achieves supply-demand coordination
based on its own energy pool. All schemes focus on electric energy supply, apart from
Vandebron, which supplies gas as well.

However, SunContract could not gain significant insight into customers’ perception
of emotional connectedness to a particular supplier or into the factors influencing
customers in supplier selection. Buyers can obtain energy straight from autonomous
producers (e.g., farmers with wind turbines). Vandebron is similar to Piclo in that it
plays the role of an energy supplier offering incentive tariffs to encourage the exchange
of energy between consumers and producers. Furthermore, by giving their excess
energy to Vandebron, prosumers can buy energy from the company at a more affordable
cost than from other suppliers. Meanwhile, the P2P trading mechanism implemented
by Power Ledger (Power Ledger, 2017), SonnenCommunity (Sonnenbatterie, 2020),
and Brooklyn Microgrid (Mengelkamp et al., 2018) involved prosumers exchanging
their excess energy with their neighbours. By contrast, the mechanism adopted by
Vandebron, Piclo, and PowerPeers was based on energy matching, with prosumers
being allowed to select local producers of renewable energy.

Regarding the market mechanism, the complete market model permitting direct
P2P trading was adopted by Piclo, Vandebron, SunContract, and Brooklyn Microgrid.
In this context, the platforms prioritise price matching and assisting both commercial
and residential consumers in identifying the most suitable deal and price. On the other
hand, a hybrid market model, integrating features from the full market and the
community market, is adopted by Power Ledger and PowerPeers. This can facilitate
direct trading among DERs whilst also making energy use and demand at the
community level more sustainable.

Regarding the price mechanism, most schemes adopt the pay-as-bid as price model,
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although the Brooklyn Microgrid scheme uses a fixed rate for essential infrastructure.
Acting as energy suppliers, Piclo and Vandebron implement a price match model,
whereby consumers and producers are given incentive tariffs to promote energy
exchange. This enables consumers to buy energy from close-by producers at a more
affordable cost compared to other energy suppliers. Meanwhile, PowerPeers and
SunContract allow individuals to purchase solar power plants, heat pumps, and storage
units. Conversely, SonnenCommunity applies a fixed rate price for battery-derived
energy, thus consumers require to assume some risk when investing in such energy.
Nevertheless, SonnenCommunity assumes the wholesale price risk, thereby consumers
are unaffected by that risk.

Regarding the information mechanism, Vandebron and Piclo operate as retail
supplier platforms focusing on assisting suppliers in keeping their customers, as
prosumers can obtain greater value from their DERs. P2P platforms afford suppliers a
better understanding of their customers so that more appropriate producer contracts can
be drawn up. Although it adopts an approach similar to Piclo and Vandebron,
SonnenCommunity also emphasises the significance of a system of storage (Zhang et
al., 2017). Thus, SonnenCommunity can be construed as a retail supplier as well as a
vendor platform. Furthermore, blockchain technology is adopted by various schemes,
from complete adoption in the case of SonnenCommunity and PowerPeers, to partial
adoption in Brooklyn Microgrid and Power Ledger, which offer additional trading
services.

Regarding the regulatory mechanism, the commercial operation of microgrid
energy markets is dependent on the adoption of relevant regulations. Most countries
attach significant importance to this matter, however there is no standardised regulatory
framework related to renewable energy. In the UK, regulation is stringent to ensure data
and privacy protection. By contrast, although regulation for data protection has been
introduced in other countries in Europe, there is no stipulation about the installation of
renewable energy infrastructure (e.g., PV panels and battery storage).

These different energy trading trials are similar in some respects but different in

others. These various operation processes are related to P2P energy trading; they shed
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light on the reasons and mechanisms of development of P2P energy trading schemes
which serve as the basis for the formulation of consumer choice behaviour analysis
behind P2P energy trading.

However, as mentioned in the introduction, P2P energy trading is naturally a type
of collaborative consumption. Thus, the consumption value on P2P energy trading may
be similar as other P2P actives. The next section will review previous studies to
compare the motivations between other Collaborative consumption actives and P2P

energy trading.

3.2 Motivations of Collaborative Consumption

Considerable behavioural studies have focused on CC while some focus on the
sharing economy. In CC and the sharing economy people work in organised networks
or systems; they often participate in sharing activities such as lending, trading, renting,
and swapping goods and services, money, space, and transport solutions. Some
researchers consider the two to be synonymous (Benoit et al., 2017), while others
believe them to be distinct concepts.

Researchers have also noted that CC is part of the sharing economy (Botsman &
Rogers, 2010) and the interchangeable nature of terms such as peer-to-peer economy,
CC, sharing economy, participative economy, and collaborative economy are
commonly noted in previous studies (Gossling & Michael Hall, 2019). Furthermore,
the sharing economy can be regarded as a normative concept in which users share
underutilised assets including carpooling service BlaBlaCar (Botsman and Rogers
(2010). This example best illustrates the difference between the sharing economy and
CC, as consumers go to providers such as Uber and Airbnb via information platforms
where they match the available goods and services with their needs.

Nevertheless, one major concern is whether it is possible to assess or transfer
ownership. It has been suggested that the accessed over ownership is the most common
exchange (Hamari et al. (2016). In access over ownership, users can share goods and

services for a given period that can be regarded as renting, lending, or similar P2P
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sharing activities (Bardhi and Eckhardt (2012). On the other hand, CC includes the
transfer of ownership such that ownership shifts from one user to the next in the course
of swapping, donating, or buying goods, typically second-hand (Hamari et al., 2016).
Moreover, in CC, the nature of exchange suggests that users are able to access resources
via monetary compensation (Wittkowski et al., 2013). Studies have also shown that CC
has no exchange of ownership, such as in Uber where the car’s owner transfers the
property rights temporarily to another actor in the transport service using a financial
exchange (Benoit et al. (2017). Hence, as an economic model in the sharing economy,
underused assets are redistributing through commoditising ideas related to
collaboration and sharing; however, CC does not focus on ownership and instead
emphasises the users’ access to goods and services though information communication
technology (ICT).

The question then arises as to the motivations behind CC. Various factors affect
consumer behaviour such as individual responses to institutional and social norms,
personal health, value for money, habits, and convenience (Clark et al. (2003).
Although various studies explore CC they largely focus on behaviour and attitude.
Table 3.1 presents the different motivational dimensions concerning CC. Other studies
emphasise behavioural aspects by analysing individual’s actions to explore feelings,

human beliefs, and values as vectors for embracing the sharing economy and CC.

Table 3.1 Motivational dimensions of CC

Motivations Reference

Economic benefit (Hamari et al., 2016), (Botsman & Rogers, 2010), (Gansky, 2010),

(Lamberton & Rose, 2012), (Guyader, 2018)

Sustainability (Hamari et al., 2016), (Toni et al., 2018), (Retamal, 2019), (Amat-

Lefort et al., 2020)

Culture Differentiation (lanole-Cilin et al., 2020), (Albinsson et al., 2019), (Retamal,

2019), (Huang et al., 2021)

Social Benefit (Oliveira et al., 2020), (Martin & Upham, 2016),
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Trust (Mittendorf, 2018), (Hofmann et al., 2017), (S. E. Lee etal., 2021),

(Zarifis et al., 2019)

Perceived Risk (Hawapi et al., 2017), (S. E. Lee et al., 2021), (Tungel & Ozkan

Tektas, 2020),

Technology (Martin et al., 2015), (Hamari et al., 2016), (Sordi et al., 2018),

(Tussyadiah, 2016), (Martin & Upham, 2016)

Community Belonging (Bardhi & Eckhardt, 2012), (Narvénen et al., 2013), (Galbreth et

al., 2012), (Neilson, 2010), (Guyader, 2018)

Reputation (Hawapi et al., 2017), (Ter Huurne et al., 2018), (Jgsang et al.,

2007), (Diekmann et al., 2014), (Mauri et al., 2018)

Ownership (Bardhi & Eckhardt, 2012), (Botsman & Rogers, 2010),

(Mittendorf, 2017), (Retamal, 2019)

Previous studies illustrate cost saving as a common incentive that drives CC
(Hamari et al., 2016; Tussyadiah, 2016). Moreover, sustainability (Hamari et al., 2016;
Mohlmann, 2015; Sordi et al., 2018), social (Botsman & Capelin, 2016; Botsman &
Rogers, 2010), variety-seeking (Kim & Jin, 2020; Tuncel & Ozkan Tektas, 2020),
enjoyment (Hamari et al., 2016; Kim & Jin, 2020) and cultural differences (Albinsson
et al., 2019; Ianole-Calin et al., 2020) are also popular motivation drivers of CC.

However, P2P energy trading as a type of CC may play a different role on the TCV.
CC involves intangible assets such as music, intellectual property, and space, and
tangible assets such as clothes, food, and furniture. P2P energy trading is difficult to
categorise as it may be deemed tangible assets as it can be controlled and measured,
however it may also be deemed intangible assets as it cannot be touched. Furthermore,
the consumption values impacting P2P energy trading might be different to other CC
assets.

Given the different characteristics of P2P energy trading and other collaborative
consumption actives, motivations influencing the recommendation system may differ.

Thus, the following section reviews the TCV on P2P energy trading.
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3.3 TCV on P2P Energy Trading
3.3.1 Functional Value

Functional value refers to the perceived value of a product in terms of its
functionality and price (Sheth et al., 1991); it includes economic factors such as price,
and product wise factors such as product quality. This concept was based on the
“economical rational human” assumption in classical economic utility theory (Marshall,
2009; Stigler, 1950). Sheth et al. (1991) presumes functional value as the primary driver
of the consumers’ selection of products. This study identifies three main functional
value which can be perceived by energy trading customers: economic benefits, net

system benefits, and sustainability.

3.3.1.1 Economical Benefits

Economic benefits, such as price or money saving, are key determinants of
choosing a product or brand. Economic utility theory presumes that individuals’ actions
are based on the “economic rationality” assumption, seeking to maximise utility and
cost savings, or minimise transaction costs (Stigler, 1950). Several studies have shown
their economic benefits (Lamberton & Rose, 2012; Mdhlmann, 2015). Hamari et al.
(2016) confirm the importance of price in the adoption of CC, such as P2P energy
trading. In addition, Bruno and Faggini (2017) provide anecdotal evidence that CC is
preferred by consumers because it allows access to the desired product at lower costs.
When peer-to-peer energy trading is enabled, battery owners can buy energy from
DSOs for storage at a low price and then sell it to other professional consumers at a
high price(Morstyn, Teytelboym, et al., 2018). Hence, reducing prices would attract
consumers to adopt certain energy products (Buczynski, 2013; Gansky, 2010;
Lamberton & Rose, 2012).

3.3.1.2 Net System Benefits

One of the characterises of CC is that it is platform based due to the development
of Web 2.0 (Chasin et al., 2018; Ertzetal., 2017). The information systems (IS) research
community focus on investigating the effectiveness and success of such systems. The
D&M Information System Success (ISS) model, proposed by DeLone and McLean
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(1992), explores the relationship between net system benefits and users’ satisfaction
and intention to use. As such, net system benefits are some of the most essential
indicators of a platforms success, which can directly impact the intention to use and
users’ satisfaction (DeLone & McLean, 2004; Wang & Liao, 2008). Nevertheless, it is
difficult to measure and has been neglected in previous studies.

As Bock et al. (2005) argue, the net benefits in the ISS model may be influenced
by many external factors; it is difficult to attribute changes in organisational
performance to the knowledge management system. Thus the variable of net benefits is
excluded, and the main criterion of system success is system usage. Furthermore, Chen
et al. (2013) suggest that in the context of e-commerce, user satisfaction can be used as
a proxy for net revenue in order to reduce the problem of overlap of variables in the ISS
model. Most notably, user satisfaction and user attitudes towards the website can be
used instead of net revenue to capture the success of e-commerce websites.

These studies have chosen to remove the net benefit variable from the model for a
variety of reasons, which has led to a re-examination of the value and significance of
this variable in the practical study of ISS models. In conjunction with the above studies
that have removed the net benefit variable, they have mostly used some contextually
appropriate variables as a proxy for net benefit to capture or judge the success of the
information system. It can be assumed that the application of the D&M model in the
real world does not mean that net income is no longer needed, but that a more specific
and reasonable interpretation of this variable is required. Thus, in this research, this
model summarises three major influential aspects which can influence the net system

benefit: information quality, system quality, and service quality.

Information quality

System users expect timely and accurate information, as well as a consistent and
easy-to-navigate interface that enables an interactive, responsive experience during
transactions (Kuan et al., 2008). In terms of the information quality of energy trading,
the accurate and timely calculation of energy usage reports is essential. Reliable
information generated on energy trading platforms can lead to consumers’ trust, which
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encourages them to re-use the system. For example, information quality is important to
the smooth running of transactions. In the process, when the approved transaction is
completed, the information from the trading process is saved in a new block that is

added to the microgrid's blockchain (Yang et al., 2019).

System quality

The performance and reliability of a system can influence consumers’ intention to
use or re-use the system (DeLone & McLean, 1992). Swanson (1974) use the reliability
of the system and the ease of terminal use to measure the quality of a system. The
reliability of a system is essential for an energy trading platform as consumers expect
the stable energy supply.

P2P energy trading is enabled by ICT, and thus, the use of CC by consumers may
be impacted by the aspects of technology. For example, in collaborative commerce,
certain significant adoption factors are ease of use, trialability, and complexity of the
technology systems that enable several users to interact, transact, and collaborate with
one another through an online platform (Chong et al., 2009).

In the P2P energy trading, integrating consumer participants, small-scale
renewables, flexibility services, and distributed generation is difficult, especially on the
blockchain platform. The operating consumer record is maintained in smart contracts
that are tamper-proof, unchangeable, and transparent. The creation of such an energy
trading platform can effectively offer consumers with information on energy costs and

price indications(Jamil et al., 2021) .

Service quality

The quality of service of a system, as the ISS model claims, can decide consumers’
intention to adopt and satisfaction level (DeLone & McLean, 1992). Energy trading
platforms are services or resources accessed and provided via digital transactions
(Buchanan & McMenemy, 2012). Whatever may be the causes or drivers, failure might
decline trust and may result in non-recurring users and in a bad reputation. In a case of
system failure, how fast and professionally the energy trading platform response is key
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to maintain consumers’ satisfaction. The importance of service quality, together with
the choice to share resources, represents unique elements in evaluating the success of

the information system (DeLone & McLean, 1992).

3.3. 1.3 Sustainability

Functional value views CC as sustainable means of consuming from the
perspective of utilitarian or physical attributes. From a utilitarian perspective, CC
creates sustainable means to consume and benefit many people rather than a few
individuals (Binninger et al., 2015). Hwang and Griffiths (2017) demonstrate that
millennial consumers engage in CC because of utilitarian benefits associated with CC,
like supporting members of society to acquire what they do not have partially.
Sustainability is achieved because rather than owning goods and resources, sharing
reduces prices associated with owning and reduces overusing resources. Mohlmann
(2015) also notes utilitarian benefits such as utility and saving cost to determine the
willingness and satisfaction of customers towards CC.

Sustainability consideration is a unique aspect for energy trading systems. Using
natural and human resources inefficiently can harm the environment, and hence, the
resource redistribution approach was developed to provide a social and economic
framework to improve sustainability through effectively deploying excess resource
capacity (Tussyadiah, 2016). Enhanced awareness of environmental pressure
encourages people to use resources in a more efficient manner to develop a more
sustainable society (Gansky, 2010). P2P energy trading platforms may decrease the
negative impact on the environment by decreasing new product development and raw
material consumption (Botsman & Rogers, 2010). Therefore, protecting the
environment is one of the reasons why consumers adopt a certain P2P energy trading

platform.

3.3.2 Social Value
According to the definition of social value by Sheth et al. (1991), the social value

perceived by a consumer is achieved by the association with stereotyped demographic,
socioeconomic, and cultural-ethnic groups. In other words, the choice of a specific
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product may result from a consumer’s imagination on how other people stereotype the
product after purchase. This concept is based on the theory of the leisure class proposed
by Veblen and Galbraith (1973). They emphasis the influence of symbolic or
conspicuous consumption value can lead to the change of consumers’ behaviour. Social
value of a product can be achieved by social influence, social benefit, community

belongings, and subjective norms.

3.3.2.1 Social Influence

Individuals modify their attitudes, feelings, or behaviours in reaction to their
society or surroundings, which is known as social influence (Varshneya et al., 2017).
Social influence can be introduced through culture, nationalities, family, friends, and
relatives (Moutinho, 1987; Sedera et al., 2017). Individuals’ decisions are often
impacted by other people. For example, if a friend suggests using P2P energy trading
(WOM), but there is no trust in the platform, the importance of the person's suggestion
increases in the adoption process.

Nevertheless, this social influence will not always be the same over specific
distances. For example, the closer an individual is to the consumer, the more positively
affected the consumer will be (Paudel et al., 2018). Additionally, Zhao and Xie (2011)
investigate how peer recommendations influence decision-making. Evidently, there is
a tendency that advice from individuals in the consumers’ immediate social circle is
accepted more than advice given by socially distant subjects. The same values are not
seen in relation to time, since it is said that a person thinks more positively when the

decision is associated with a distant future (Trope et al., 2007).

3.3.2.2 Social Benefit

Users of commercial collaborative systems expect both social and economic
benefits to satisty their need to expand their social relationship (Carfagna et al., 2014).
Within the CC, social benefit in this study is defined as satisfaction in users' desire to
become socially tied and socially connected to others. Consumers are involved in the

interaction with the prosumers directly in the P2P energy trading process, which finally
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aids in the formation of social relationship beyond the economic and energy exchange.

Furthermore, the use of CC is influenced by social utility (Habibi et al. (2017).
CC’s social benefit is one of the key human drivers (Botsman & Capelin, 2016) and it
is dammed as a relationship resource which will impact the exchange. According to
(Cropanzano & Mitchell, 2005), the exchange of the relationship resources can result
in a close interpersonal relationship, which could determine favourable and
collaborative behaviours when considering social exchange theory. The rules of
exchange describe how relationships develop into trusting, mutual, and loyal
commitments over time. These rules accumulated from the exchange provide
continuous exchange in the future. For this to happen, the parties involved need to
behave according to particular ‘rules of exchange’, which Emerson (1976) states form
a normative definition of the situation that participants adopt in the exchange
relationship.

In addition, societal growth informs collaborative consumption. Hartl et al. (2016)
note the motivation underpinning collaborative consumption is the need for members
of society to develop. As such, collaborative consumption speeds up society's progress
by ensuring that even those who need something and cannot access it can get it free or
at a lower cost. For example, accommodation sharing through Airbnb and Uber for co-
driving provides essential services at affordable prices, thus facilitating economic

development (Wei et al., 2021).

3.3.2.3 Community Belonging

Community belonging (Nérvénen et al., 2013) is a crucial driver for consumers’
product selection behaviour. Sharing activities continue to necessitate a unique social
infrastructure and the creation of a community in which non-anonymous agents
exchange more than simply things, such as solidarity and a sense of belonging (Bardhi
& Eckhardt, 2012; Celata et al., 2017). Consumers have a sense of belonging to a
network of possible friends and a community of alternative travellers even if they do
not know each other (Rosen et al., 2011).

Huang et al. (2021) find people engage in specific behaviours to gain a sense of
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identity and belonging. Moreover, McNeill and Venter (2019) identify sense of
belonging and identity in a given community to influence collaborative consumption,;
individuals in society see it as a way of providing social support to those who cannot
afford something that someone has but is not using. Thus, the well-being of society,
friends, and neighbours’ matter when it comes to creating social identity. Engaging in
collaborative consumption improves social relations, creating a sense of identity in
specific groups.

Community membership or seeking to be included in a community or group is a
factor that leads to the practice of sharing or CC activities, such as energy trading
(Galbreth et al., 2012; Neilson, 2010). A higher level of social trust will be established,
resulting in improved transaction transparency and a reduction in fraudulent
transactions in the process of energy trading. Finally, because the participants have a
more direct relationship with one another, there will be a higher sense of attachment to
the community (Fell, 2019; Sousa et al., 2019). For instance, people cultivate a garden
to share resources, and this garden could be public or community-owned, where they
can harvest fruits. This can be considered a social form of CC because consumers feel

a responsibility towards the community and members (Bardhi and Eckhardt (2012).

3.3.2.4 Subjective Norms

Social value can also inform CC through subjective norms that Roos and Hahn
(2017) define as perceived social pressure that significant others assert to individuals
not to perform or perform a specific behaviour. Subjective norms can alter energy
consumers’ behaviour through impacting the social expectations of significant others
such as close friends, parents or a spouse, as well as the extent to which the individual
feels they need to comply with these expectations (Park, 2000). This relates strongly to
the Theory of Planned Behaviour (TPB) and the Theory of Reasoned Action (TRA),
both of which discuss how subjective norms and personal attitudes can affect the
behaviour of an individual. Consumers' judgements about energy use are influenced by
subjective norms, according to the study (Karami & Madlener, 2022; Weber, 1997).

Ajzen (1991) and Dillahunt and Malone (2015) explain subjective norms to shape
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sense of identity, social integration, and exchange. A sense of social identity explains
why people engage in collaborative consumption. Ajzen and Driver (1992) note that
TPB adds the variable of perceived behavioural control. Moreover, Ajzen and Fishbein
(1977) emphasise that individuals tend to behave in a way that enables them to meet
others’ expectations and leads to favourable outcomes. Meanwhile, the attitude towards
an event, person, object, or institution is also critical. According to Ajzen (2005), it
refers to the favourable or unfavourable temperament that an individual feels, which
influences their intention. However, in TRA, the outcome expectations are treated as an
element of attitudes towards a behaviour, which seeks to explain the extent to which
outcome expectations may be thought of as beliefs that guide behaviours (Ajzen &
Fishbein, 1977).

In addition, social exchange as subjective norms influence behaviours; by engaging
in collaborative consumption, people can share experiences with those who they
identify with to gain reputation and social inclusion. Scaraboto (2015) claims people
engage in behaviours displayed in their social group to be recognised and engage in
collaborative sharing. Kim et al. (2015) demonstrates that people tend to engage in

collaborative buying due to the face-saving aspect.

3.3.3 Emotional Value

The theory of consumption of value notes that the emotional value perceived by
consumers can alter their selection behaviour. Emotional value infers to how consumers
feel about purchasing or consuming a certain product (Sheth et al., 1991). Studies have
shown emotional value to impact the use of collaborative consumption. Mayasari and
Haryanto (2018) identify empathy as the key contributor to collaborative consumption.
The qualitative study was also supported by de Medeiros et al. (2021) study, which
found empathy, compassion, and willingness to help others access what they do not
have to inform the use of collaborative consumption.

The theory of consumption of value notes that the emotional value perceived by
consumers can alter their selection behaviour. Emotional value infers to how consumers

feel about purchasing or consuming a certain product (Sheth et al., 1991). Both positive
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feelings, such as happiness and enjoyment, and negative feelings, such as anxiousness,
can influence a consumer’s product or brand selection. For example, negative emotions
can also affect collaborative consumption. The anger and sadness of failure to help
others and engage in sustainable behaviours motivated participation in collaborate
consumption (Wang & Wu, 2016). For example, Hartl et al. (2016) noted that the anger
due to environmental damage drives sustainable consumption through collaborative
buying that ensures efficient use of resources. Furthermore, the feeling of fear that one
day the environment may not sustain itself was found by Dong et al. (2018) to inform
collaborative buying as a way to save resources and increase sense of pride that is
associated with consuming durable and sustainable products. Emotions aroused by
marketing and promotional activities may be generalised to the marketed products
(Kotler, 1974; Zajonc, 1968). Many empirical studies confirm the impact of emotion
on product selection (Khan & Mohsin, 2017; Liu et al., 2021). Khan and Mohsin (2017)
also agree that emotional value is a determinant of green product consumer choice

behaviour.

3.3.4 Epistemic Value

The perceived epistemic value of a product involves novelty seeking and variety
seeking. Sheth et al. (1991) presume that the curiosity of consumers and their tendency
for novelty and new experiences can influence how they select products and brands.
Consumers tend to maintain a certain level of stimulation, and this tendance of novelty
seeking and variety seeking can lead them to search, trial, and switch behaviours
(Berlyne, 1960; Howard & Sheth, 1969). According to Minami et al. (2021), novelty
influences collaborative consumption because of the aspects of newness and uniqueness
of something. They conducted a study involving 400 Brazilian participants who noted
engagement in collaborative consumption is informed by new way of consuming,
without having to own the item at a low cost rather than buying something that is only
used in short span. Supporting the former view, Mayasari and Haryanto (2018) identify
trendiness and novelty as impacting collaborate consumption. Using a rational thinking

approach, they identified customers as using trendiness seeking and novelty to fulfil
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hedonic value desires. These desires included seeking to get variety and diverse choices
and selecting options that would best meet their needs.

Collaborative consumption is primarily concerned with broadening the range of
commercially exchangeable goods. In P2P energy trading, the identity of traditional
customers has been changed into prosumers, which satisfies novelty desire. Also, in
comparison to traditional energy trading, the prosumers of P2P energy trading can offer
different selections of energy sources, such as from the roof of your favourite football

club, the charity you support or your neighbour.

3.3.5 Conditional Value

The last dimension of consumption value proposed by Sheth et al. (1991) is
conditional value, meaning consumers’ product selection can be influenced by a
specific context or situation. For example, during the Christmas period, a consumer
may choose a brand based on the brand’s Christmas-themed design on the packaging.
Different consumers from different cultural backgrounds under different situation may
have different experiences (Hull, 1943). Many studies have confirmed the predictability
of situational factors on consumers’ behaviour (Belk, 1974; Sheth, 1973). This study
identifies six major conditional values which may affect the energy trading platform
selection: demographic information; cultural difference; building information;

consumers’ energy consumption information; political factors.

3.3.5.1 Demographic Information

Demographic characteristics, such as age, education, gender, and financial situation
can impact the renewable energy adoptions (Rai & Robinson, 2015; Sardianou &
Genoudi, 2013). Different demographic characteristics lead to the different perception
and attitudes of people on products and services. For the age concern, (Warriner, 1981)
discovered that because a larger proportion of the elderly live on low and fixed means,
it is difficult for them to reduce consumption and make energy services a visible part of
their lives. This is also supported by (Sovacool et al., 2012) who note that older people

place a higher value on price stability because they have fixed incomes.
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Income level can also decide the adoption of P2P energy trading. The Lawrence
Berkeley National Lab recently conducted research on income patterns among US
residential solar users, with a focus on low and moderate-income (LMI) consumers
(Barbose et al., 2018). This report indicates that residential solar adopters have a median
income that is $32K greater than other families, and $13K higher than owner-occupied
households alone. Nevertheless, PV adoption has been heading towards more

moderate-income households in recent years.

3.3.5.2 Cultural Difference

Different cultural backgrounds may lead consumers to different product selection
behaviours. Individualism-collectivism is the most important feature, and it varies
among countries and individuals in consumer research (Gregory et al., 2002; Han, 2017;
Kacen & Lee, 2002). Previous research indicates individualistic cultures have “stronger
attitude—intention and weaker subjective norm—intention relationships” whereas
collectivistic cultures have “weaker attitude—intention and stronger subjective norm—
intention relationships” (Cho & Lee, 2015; Singelis et al., 1995). Singelis et al. (1995)
explains that personal goals are prioritised over group goals in individualist cultures,
while Hui and Triandis (1986) suggest that the actions of members of individualist
cultures are governed by the potential for personal gain. This explains how the extent
of the influence of subjective norms varies among cultural groups.

Cultural difference aspects are social or individual influences in collaborative
consumption, and the experience that one seeks when buying either individual or social
experiences. Hwang and Griffiths (2017) explain cultural differences in the source of
experience that individuals refer to during collaborative consumption. Unlike
collectivist culture whose experience is informed by former experience of society, in
individualistic societies like US, customers seek individual experience to perceive
value of collaborative consumption (Amatulli et al., 2020). In an individualistic society
like the US, the customer's experience with the product or service they seek informed
their decision to engage in collaborative buying (Albinsson et al., 2019). Similar

findings by lanole-Calin et al. (2020), found that specific individual experiences can be
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shaped through the ability of collaborative consumption to create an individualistic
experience, influenced by individual risk-seeking and the individual trust of a buyer or
seller. However, in collectivist society, Perren and Grauerholz (2015) explain social
experience as the experience of society, as people who have had a good experience
when engaged in collaborative buying will then encourage others to engage in similar

collaborative buying.

3.3.5.3 Building Information

The building information also can impact the renewable energy adoption because
it may directly influence the price of energy consumption and installation. Building
information, such as room size, has been proved to impact driving domestic PV spread
by using agent based, regression, and other models. For example, Sommerfeld et al.,
(2017) find the number of bedrooms decides the willingness of using renewable energy
by using BERT analysis. Also, the owner-occupied unit is the most influential factor in

explaining the renewable energy adoption (Coffman et al., 2018).

3.3.5.4 Energy Consumption Information

Energy consumption information involves different demands of individuals.
Energy consumption is impacted by occupant behaviour, weather, building envelope,
house size, indoor environment, building energy and services systems, and building
operation (Yan et al., 2015). It was noted that occupant behaviour significantly affects
energy consumption in urban residential buildings, such as turning cooling and heating
systems on and off, adjusting the thermostat, and switching the lights on and off (Yan
et al.,, 2015). Also, the domestic energy practice in the section of the survey was
concerned in relation to energy consumption behaviour, such as the weekly number of
washing machine uses relates to intensity, while using a wash temperature of 30 or 40°C

relates more to management (Hu et al., 2017).

3.3.5.5 Political Ideology

Political ideology can influence the perception of selection of the P2P energy
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trading products and the energy product selection. Political ideology refers to a set of
beliefs on how to build and sustain a just and equitable society (Buel, 1972; Sen, 2009).

Liberalism and conservatism are the most discussed political ideologies in
customer research (Caldwell et al., 2020; Crockett & Wallendorf, 2004; Luedicke et al.,
2010). Conservatives would have an incentive to support the establishment of
protective regulations for the P2P trading environment, as this would avoid disruptive
changes and ensure the stability of the disrupted market (Jung et al.,
2017). Libertarianism, on the other hand, is more at ease with change and uncertainty
(Crockett & Wallendorf, 2004). In other words, they vary from conservatives in that

they are motivated less by a desire for security and certainty.

3.4 Summary

This chapter follows the theory of consumption values framework by Sheth et al.
(1991) and reviews potential functional, social, emotional, epistemic, and conditional
values which may influence consumers’ product selection. Apart from the common
aspects, such as price and usefulness of a trading system, this chapter also reviews three
factors that are unique in the energy trading industry. First, protection of the
environment can drive consumers to select a certain product. Second, the building
information, such as room size and number of bedrooms, can directly affect the costs
of energy consumption and further influence the selection process of consumers. Finally,

different political ideologies may lead to a change in product selection of consumers.
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Chapter 4: Research Methodology

This chapter outlines the research approach employed in investigating the proposed P2P
ETRS framework. An overall research methodology justification is developed using the
support of the two-phase research design. In each study, the rationale for the research

design is presented with relevant detailed research activities.

4.1 The Framework of the Proposed P2P ETRS

The Framework of the Proposed P2P ETRS adapted the user profile construction
strategy to overcome the CCSR in the ETRS. It is necessary to note that asking too few
questions can lead to an erroneous user profile estimates and the system failing to
deliver suitable recommendations. On the contrary, asking too many questions can lead
to the user exiting the initial enquiry in the decision model. In other words, the goal of
an effective user profile construction is to learn as little as possible about the user's
interests. It should concentrate on increasing the accuracy of the recommendations;
reducing the amount of user input; and increasing the interpretability according to the
theoretical foundations.

The use of the TCV theory as the theoretical foundation to construct the user profile
can be justified for two main reasons. First, all five values are mutually exclusive to
each other meaning that each value is independent (Sheth et al., 1991). Second, the five
constructs are multidimensional and collectively exhaustive meaning that this
framework has covered all aspects of consumption values (Kaur et al., 2021). The
multidimensional view of this model includes both cognitive factors, such as functional
value, and affective factors, such as the emotion of consumption. (Talwar et al., 2020).
Woodall (2003) suggested five distinct notions of value (‘net value, "marketing value,
'derived value, 'sale value,' and 'rational value'). The value here is more about human
needs and utility. In terms of P2P energy trading, except the demand of the energy and
price utility, the more consumers' values reflect a concern for the environment and
others, the more favourable their attitude toward sustainable behaviour becomes, and

the stronger others' expectations and personal moral obligations to behave sustainably
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become, the more consumers will shift from unsustainable to sustainable behaviour.
Thus, according to the reviews in section 3.3, under the theory of consumption value,
the ability of a product to accomplish its functional, utilitarian, or physical functions is
referred to as functional value. The net system benefit represents the value gained from
the user's use of the system, the quality of the product and the customer service. It is
also the economic and environmental value due to clean energy. In this research, the
net system benefits, economic benefits, and sustainability are considered functional
values. Satisfaction and feeling of security in the energy trading process determine the
emotional value. At the same time, the social benefits and the social belonging that
comes with energy trading; and the social influence and subjective norm that leads to
the promotion and use of energy trading are all social values that come from energy
trading. The epistemic value of novelty-seeking about something new and the factors
under the conditional value determine the basis and prerequisites for energy trading.
The following section explains the rationale of how the proposed P2P ETRS
framework to overcome the CCSR with a user profile construction strategy (see Figure
4.1). This framework includes four sub-systems developed as per data acquisition, data
pre-processing, model selection, and result interpretation. This research considers the
energy traders’ preferences and attitudes towards P2P energy trading. Thus, the
research participants are real customers with experience in P2P energy trading. Based
on the consideration that cultural differences may cause differences in production
selection, this research collected data from different backgrounds. Besides, P2P energy
trading is discussed more in the United States of America, Canada, Australia, European
countries, and China. In addition, a diverse population generally leads to precise
statistical analysis because it enables more variables to be assessed simultaneously.
Thus, to obtain data, the designed questionnaire was given out to users in China as well
as the Western market by online survey websites namely ‘Wenjuanxing’ and ‘Amazon
Mechanical Turk (M-Turk)’. Web-based surveys represent an inexpensive, easy to
conduct, and time-saving option. These questionnaires are designed based on the

theoretical foundation, which can increase the interpretability of the decision.
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The data was pre-processed using different data pre-processing methods, including

data transformation, data cleaning, and feature selection methods. The details of data

processing will be introduced in the chapter 8. This reduces the amount of user input

and the risk of user exiting. Various classification algorithms were applied, such as DT,

RF, AdaBoost, XGBoost, CatBoost, as all these classifiers belong to the tree-based

classifiers. And then this study made a comparison between the decision tree classifier

and ensemble classifier (RF and boost classifier) to investigate the different

performance of different classifiers in the P2P energy trading datasets. The proposed

P2P ETRS was assessed via different measurements, including the accuracy and

confusion matrix and the user interface engine received the decision rules, and

generated a web user interface based on the models. This is used to test the increasing

the accuracy of the recommendations.
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Figure 4.1 System framework of proposed P2P ETRS
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4.2 Overview of the Research Approach

The study adopts a mix-method approach to design a completed recommendation
system by constructing the user profile datasets. The rationale for conducting a mixed-
method study is to combine the complementary strengths of qualitative and quantitative
research. Typically, it is a combination of positivism and interpretivism, but also a free
combination of different research methods. The qualitative research provides in-depth
descriptions offering strong internal validity, while the quantitative research provides
strong external validity. Neuman (2014) explains that qualitative research focuses on
performance extensive studies of unique examples that happened in the natural flow of
social life, while quantitative research focuses on measuring variables and evaluating
hypotheses. Also, the qualitative approach is commonly used in information science
because it can effectively process non-numerical data in addition to examining the data,
thereby creating novel definitions, concepts, or characteristics (Maxwell, 2008).

This study took a mixed method approach to identify a convergence of the
qualitative and quantitative data obtained in order to improve the credibility of the
research findings (Hesse-Biber, 2010). Thus, in terms of understanding the motivations
of P2P energy trading, quantitative research alone cannot provide a detailed
understanding of prosumer motivations, whilst the qualitative method alone cannot
validate its subjectivity and generalisability. As noted by Bryman (2016), the mixed
methodology includes both qualitative and quantitative approaches. Hence, it helps
address any shortcomings in either approach.

Cresswell and Plano Clark (2011) considered the combined modes of qualitative
and quantitative research and divided mixed methods into four major designs, the first
being a convergent parallel design in which qualitative and quantitative research are
weighed simultaneously and equally. The second method comprises an exploratory
sequential design in which qualitative data is gathered and assessed prior to quantitative
research. In the third method, there is an explanatory sequential design in which

quantitative data and then qualitative data is gathered, whilst the fourth method is the
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embedded design that is applied if the researcher finds either qualitative or quantitative
research to be insufficient and needs additional data to add value.

The current study adopted the exploratory sequential design approach, which starts
with a qualitative phase that includes data collection and analysis. Various qualitative
methods can be employed, such as interviews, case studies or thematic analysis in the
qualitative phase. Results generated from the qualitative phase are used to produce or
inform the subsequent quantitative phase, which can involve a survey or other forms of
quantitative data collection (Cresswell & Plano Clark, 2011).

Exploratory sequential mixed methods design was used to conduct a survey to
capture features of P2P energy trading consumption behaviours in multicultural
scenarios. The rationale for this selection is that the central issues with P2P ETRS is
the CCSR. An energy trader’s selection of their desired platform is significantly
affected by their trading preference. Offering recommendations from the outset is
challenging a clear understanding of the preferred platform of a trader is difficult to
determine after the trade has begun. Also, CCSR exists in P2P energy trading which
means the data has to be collected in the form of a survey as opposed to secondary data.

In addition, the dearth of data pertains to both items and users. Hence it is necessary
to examine considerable material to locate the principal determinants of energy trading,
after which the P2P ETRS is designed for the users. The mixed methodology examines
the factors shaping energy trading and offers precise, tailored trading recommendations.
The mix-method approach includes an expert interview, User-Generated Contents
analysis, survey, and machine learning, in addition to the entire approach flow, as

indicated in Figure 4.2.
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Figure 4.2 The research process flow of proposed P2P ETRS framework

A mixed method was applied in the first phase of the study. An essential qualitative
phase was designed to construct the P2P energy trading dataset and the data collected
by the survey. However, to capture extra energy users’ trading motivations, this study
applied expert interviews and user-generated content analysis. Six interviewees from
different components of the p2p energy trading platforms were involved in the expert
interview. They were contacted by mobile phone after getting their permission. All the
transcripts are recorded and transferred into both Chinese and English. While the data
from user-generated contents are extracted from Twitter and VVandebron to cope with
different customer channels. Thematic analysis is applied to analyse the interviews,
while a machine learning topic modelling is used to analyse the user-generated content.
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The findings were integrated into the design of the survey to measure the trading
intention features in different cultural groups. This provides the original evidence for
the establishment of the P2P ETRS dataset.

The second phase is the quantitative phase including the machine learning
approach. Two experiments were employed, the objectives being to examine the
performance of the decision tree-based classifier and to determine how the ensemble-
based classifier can render the P2P ETRS classification more accurate. The two
experiments located appropriate features and optimal models from the different
algorithms, as well as dealing with feature selections and the imbalance of data
classification. Furthermore, the ensemble-based classifier compares the selected

classifier results to determine whether elevated classification accuracy is achievable.

4.3 Data Acquisition

Using user profile construction strategy to solve the CCSR requires a dynamic
dataset to meet the long term and short-term requirements. Previous studies mostly use
psychology models, such as the Five factor model (Devaraj et al., 2008; Kosinski et al.,
2014; Souri et al., 2018) or the ten item personality inventory (T. T. Nguyen et al., 2018;
Oshio et al., 2013) to measure personalities and further construct user profiles. This
study used TCV model to construct the user profile dataset and further mitigate the
CCSR in the P2P ETRS. Also, there are some significant areas of information around
the trading intention to use P2P energy trading systems that would be better retrieved
through tools such as interviews and the use of social media. Previous studies carried
out using purely quantitative or qualitative approaches do not paint the most accurate,
rounded picture of public opinion and intention towards P2P platforms.

Figure 4.3 demonstrates the data acquisition structure. There are three steps in the
dataset construction. The researchers extracted factors from the expert interviews, and
user-generated content analysis, after which they combined the factors with the
literature review and summarised all of the factors pertinent to the questionnaire items.
As Fowler Jr and Fowler (1995) mentioned, prior to developing the questionnaire, the
objectives and answers required to satisfy them must be defined. The objectives are to
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analyse different users’ consumption behaviours and identifying the motivations behind
P2P energy trading. Consequently, the researcher designed the survey questions so they
would provide supporting evidence for the factors impacting trading and final purchase

choices.
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Figure 4.3 The Structure of Data Acquisition

4.4 Ethical Consideration

Since this study includes human participants there are certain ethical considerations
that must be addressed. It is crucial for researchers to obtain formal ethical approval
from the relevant ethical committee prior to obtaining participants for their study. As
noted by Collis and Hussey (2013), a study concerning human participants must address
several ethical issues prior to gathering data. As this study aims to assess consumer
perceptions and behavioural intention regarding P2P energy trading, the interviews
were conducted first, followed by a survey questionnaire. This process facilitated the
gathering of data from a large sample. The Computer and Information Science
Department’s Ethics Committee granted ethical approval for this study with approval
number 14207.

Principal ethical concerns in this study included the need for anonymity and
confidentiality. Enabling participants to be anonymous leads to higher response rates,
ensures accuracy, and increases honesty (Collis & Hussey, 2013). Thus, in the expert
interview, respondents were allocated coded numbers as substitutes for their names,

with M indicating male and F indicating female, which ensured anonymity.
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Furthermore, the gathered data was utilised only for academic purposes, thereby
ensuring that participant information could not be traced back to them. All collected
data was saved on a password-protected laptop to which only the researcher has access.
Hard copy versions of the questionnaire data were also locked in the researcher’s
personal cabinet. After completing the study, the hard copy records can be sent to the
offsite storage facility of the university and the electronic materials can be archived on
the information science department computer.

Participants were requested to sign an information and consent form prior to the
interview and questionnaire. The consent form outlined the research goals, the
procedure involved, and the methods utilised to safeguard personal data. Participants
were required to agree to participate in both studies after carefully reading the informed
consent form (Appendix D). They were informed of their right to withdraw from

participation at any stage without the need to offer any explanation.
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Chapter 5: Phase 1- Expert Interviews

This chapter covers the experts’ interviews regarding the five components of P2P
energy trading platform in section 3.1. The main task was to investigate if any new
themes emerged from the interviews after comparing the factors that TCV impact on
CCinthe literature review. Based on the knowledge developed and the topics addressed,
this study formulated an expert interview to ascertain if any new topics were generated.
The interview has two primary aims. Firstly, to know the experts’ perceptions of P2P
energy trading platforms and if there are challenges and opportunities in the trading
process. This is accomplished by having the interviewees respond to a series of pre-
formulated questions. Secondly, to sort the narrative information into different content
categories which disclose similarities and distinctive perspectives among the
interviewees, followed by the consideration of capsulised core themes and subthemes
regarding the acceptance of P2P energy trading. This procedure is critically important
as it not only offers detailed information regarding experts’ perceptions towards P2P
energy trading platforms, but it also provides some clues for developing a questionnaire
in the subsequent gquantitative study. Thus, this chapter is divided into three sections

including research methodology, data collection, and findings with discussion.

5.1 Interviews

Interviews are used to determine how respondents act, feel, and think and are
efficient data collection tools (Collis & Hussey, 2013; Crowther & Lancaster, 2012).
Expert interviews are widely used in the social and political sciences (Van den Bulck
et al., 2019). They are a qualitative empirical research approach that are used to
investigate expert knowledge (Meuser & Nagel, 2009). Experts who have the capability
for knowledge development, rather than the possession of a high hierarchy and social
status, were involved in the expert interview (Desmond, 2004). Expert interviews are a
good way to acquire data, especially when researchers are looking into a new, emergent,

or under-studied topic (Littig & Pdchhacker, 2014; Y. Wang et al., 2019).
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Expert interviews were chosen to learn more about how P2P energy trading
practitioners navigate and make sense of the new P2P ETRS landscape. Experts in a
given problem area may have knowledge of a system's causal structures and are likely
to have reasonably well-grounded assessments of the current state of affairs in the areas
of concern (Scapolo & Miles, 2006).

The expert interview takes a semi-structured style focusing on understanding the
perspectives of participants concerning P2P energy trading and enabling them to
express opinions in their own words. As stated by Crowther and Lancaster (2012), semi-
structured interviews tend to be flexible. Moreover, they enable researchers to guide
respondents towards certain subjects. Researchers can also ask probing questions and
request additional information or clarification. In semi-structured interviews, the
interviewer starts with a laddering question to stimulate a pertinent narration. After the
interviewee had finished the narrative episode, the interviewer progresses to general,
specific, and ad hoc questions. Through general explorations, researchers secure data
pertaining to areas of potential research interest that have not been mentioned by the
interviewee. Specific explorations refer directly to the interviewee's accounts to gain
further insights and opinions. The questions and statements are based on knowledge

that was gained beforehand or that emerges during the narrative.

5.2 Data Collection

In qualitative research, sampling is conducted to obtain detailed knowledge of a
phenomenon by assuming that the individual is a typical representation of the group/
This can offer insights into the group therefore sample size or sampling strategies are
not crucial for sample selection (Kumar, 2018). In qualitative research, the sample size
is determined in a subjective manner. Thus, no predetermined sample size is utilised in
qualitative research, as noted by Kumar (2018). After the data reaches the point of
saturation, it is not possible to collect any new information from other respondents.
Hence, for the expert interviews, a qualitative method is used where in-depth interviews

are conducted to gather information about consumer perceptions and their intention to
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utilise P2P energy trading. A judgement based sampling method was also utilised to
select “information-rich” respondents with relevant professional experience, instead of
random sampling (Hoepfl, 1997). The research sample comprised six participants of
different nationalities, social statuses, age groups, educational backgrounds, and
incomes. From these interviews, significant information concerning P2P energy trading
motivations was collected to help identify key abstract themes or constructs relevant to
the subsequent study.

Six interviews were conducted with four male and two female participants from 7t
July to 18" September in 2019, with the interview duration varying from 30 to 50
minutes. To ensure the anonymity of the participants, the capital letters M and F were
used to represent gender (e.g., M1 is the first male participant and F2 is the second
female participant). All interviewees are from different backgrounds and interviews
were conducted virtually using online Zoom meetings. Table 5.1 presents the six
interviewees who participated in this study. The interviewees were selected because
they construct the major components of the trading process. They are confident
answering questions in relation to the trading procedure and regulations. Two
interviewees were line managers from the Shanghai energy conservation and reduction
centre (NGO), one was a researcher from Neimenggu’s Electric Power Research
Institute, one was a manager from China’s state grid corporation, and the remaining

two were operations managers from a renewable trading platform in the UK.

Table 5.1: Statistical Table Presenting Interview Respondents

Interview Sector Energy NGO P2P  Energy Trading | Government Researcher Total
Platform Staff Officer
Respondents 2 2 1 1 6

Combining an open narrative with a more structured interview section enables the
researcher to remain receptive towards the information, since this approach encourages
interviewees to describe individual perspectives, clarify previous statements, and revise
misguided assumptions of the interviewer. Furthermore, these interviews were guided

by researcher questions and expressed the theoretical propositions developed in the
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analytical framework. Interview questions are designed based on the most discussed
components of P2P energy trading platform (section 1.1.2) including set up, market
mechanism, information system, price mechanism, and regulation. This ensures that the
participants were focused on these subjects (see Appendix A (The Interview Schedule
Chinese/English), including the Chinese section and European section.

Centring on the above five categories, laddering allows the researcher to explore
the participants’ understanding of a particular issue regarding P2P energy trading
platforms. A laddering interview is frequently considered to be part of the Repertory
Grid method in IS (Tan & Hunter, 2002). The objective of laddering interviews is to
capture both the content and the structure of these personal constructs, as these are both
the antecedents and outcomes of people's attempts to order their lived experiences
(Schultze & Avital, 2011). In its structurally predefined form, this interview technique
can be effectively employed by researchers (Bannister & Fransella, 2019). Therefore,
the researcher arranged laddered questions in an order that starts with the least invasive
questions and proceeds to the most invasive questions (Price, 2002). The laddering
question for every process is as follows and, taking energy set up as an example:

I. Can you describe how the current P2P energy set up works?
ii. What do you think are the main challenges in the current energy setup?

iii. Are there any challenges and opportunities for the future of P2P energy trading?

Onwuegbuzie and Leech (2007) stated that, when an interview is conducted, it is
not merely a neutral exchange of questions and answers, but it involves conscious and
unconscious motives, feelings, and desires that cannot be avoided. Thus, awareness of
interview bias was necessary before conducting the interviews. In this study, the
interviewees were deemed to be experienced in constructing in-depth observations.
Despite the interviews being loosely based on a thematic framework for examination,
they were conducted in an open-ended manner, as per the semi-structured interview
method, to secure a detailed understanding of interviewee experiences. In addition, the
interviews were performed in an interactive-relational way, so the researcher was aware
of their position in this study and conveyed the interview aims to the respondents. The
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features identified in Chapter 3 were also added to the interviews and the researcher’s
personal views were avoided as much as possible.

Interviews are often recorded by taking notes because this enables researchers to
begin assessing and interpreting earlier in the research process (Motowidlo et al., 1992).
Note-taking enables the researcher to conduct partial analysis and focus on the
interviewee's responses. However, this method is limited to non-verbal contact because
the researcher may focus more on taking notes than having natural interactions
(Motowidlo et al., 1992). Therefore, in the present study, the researcher took notes to
record the interviews by focusing on sentences and keywords related to P2P energy

trading and observing these throughout the conversation.

5.3 Data Analysis

Template analysis is one way of conducting thematic analysis which allows
researchers to use hierarchical coding to analyse textual data, and is flexible enough to
adapt to specific studies (King, 1998). Template analysis means that researchers can
examine the data and list topics while grouping them. Thereafter, thematic analysis can
be conducted to explore the content of the transcription of interviews, thereby defining
themes within the data and organising those themes into some type of structure for
better interpretation (Brooks et al., 2015). Repeated words, phrases, or narratives can
be imposed by the researcher, as derived from the initial narrative data. In other words,
the purpose of template analysis is to create a coding template based on a subset of the
data, which is then applied to further data, revised, and refined in a flexible style and
format (King, 1998).

The researcher followed (Brooks et al., 2015) in their template analysis to
understand expert thoughts regarding the P2P energy trading project. Firstly, an initial
narrative was generated to describe the participants’ main thoughts regarding different
operation process of P2P energy trading. Each of the original interviews lasted for a
period of 25 minutes. The necessary transcripts were extracted and translated using both

English and Chinese. The initial transcription of interviews was pre-identified by
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coding via the highlighting of the repeated words, phrases, or narratives which reflected
their perceptions of different values (functional value, social value, emotional value,
conditional value, and epistemic value).

For the second step, the target was to organise the new emerging themes into
different clusters with an initial version of the coding template to be developed
afterward. The emerging themes were organised into different clusters based on the
frequency described by the interviewees (e.g., supply issue, transfer cost, product
quality, and environment issues). This was then applied to additional data to ascertain
whether new themes were generated. Then, the pre-designed themes were modified to
ensure that themes could cover information within the new data. For example, whether
the feeling of security could be categorised as an emotional value or whether the
transfer cost could be categorised into functional value. Finally, the core themes and

sub-themes were finalised to ensure no extra information needed to be coded.

5.4 Findings and Discussion

The interviewees were aged between 32 and 55 years, and four out of six
participants were within the age range of 36 to 45 years. To ensure a sufficient level of
diversity, all six participants came from different departments related to the P2P energy
trading platforms, including two Energy NGO (33.3%), two P2P platform staff (33.3%),
one government officer (16.7%), and one researcher (16.7%).

The hierarchical coding structure was formed with 10 core themes, and the
frequency of the sub-themes are demonstrated in Table 5.2. These 10 core themes are
summarized from the previous literature review under different theory of consumption
value framework, as per see in chapter 3. By doing so, the key categories are expanded

to 10 key core themes and the following section will feature a detailed analysis.
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Table 5.2 Generating Initial Codes

Sub-themes Mentioned times Core Themes Categories
Policy 16 ®  Political ideology A: Conditional Value
government 13 ®  Culture differences
order 6

Individual 7

Culture 4

China 5

UK 15

us 4

Different 6

decentralized 6

Agriculture 4

Organization 5

Control 6

Centralized 8

EPC 5

Ideology 3

Trading object 25 ®  Social influence B: Social Value
Neighbour 7 ®  Subjective norms
Friends 15 ®  Community
Internecion 15

Network 6

Community 5

Household 4

Family 2

Safe 4

Achievement 5 ®  Felling of security C: Emotional Value
Worried 6

Satisfied 15

Enough 10

data 9

Cryptocurrencies 17

Trust 5

Privacy 4

Bitcoin 5

e-coin 10

Ethereum 4

Supplement 7

Allowance 14

Integrated 15 ®  Net system benefits D: Functional Value
Stable 6 ®  Economic benefit
System 18 ®  Sustainability
Efficiency 5

Transaction 20

Control 5

Batteries 16

Storage 8

Weather 19

Cost 9

Install 9

Promotion 4

Cheaper 11

Allowance 18

Supplement 12

Renew 35

photovoltaic 28

Environment 12

Solar 6

Source 7

Natural 7

Recycle 3

System transfer 4

Experience 11 ®  Novelty seeking E: Epistemic Value
Try 5

Want 8

Technology 12

5.4.1 Functional Value
I. Net system benefits

The three dimensions of net system benefits (including information quality, product
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quality, and system quality) are reflected within Table 52. All of the interviewees
mentioned the usefulness of the platform, although it was discussed in different aspects.
For the system quality, users are more concerned about the status of the platform and

how well it works. As M4 explained:

‘Many users respond that they are not sure how to exit the system in the future and

if it is easy to exit, or to switch to the original system’.

The stability of energy supply is critical in energy trading systems. The stable
energy supply can impact the energy price (Wang & Sun, 2017) and battery storage is
acknowledged as critical to increasing customer flexibility, maximising trading revenue,

and maintaining market balance (Liith et al., 2018).

‘Many customers are very afraid that if energy is not connected to the mains

network, they will have no electricity for themselves if the weather is bad’.

Also, it is important to provide the stable supply so energy storage impacts product

selection. For example, as M1 mentioned,

‘Customers consider the storage of electrical energy when installing solar light

panels, and high-capacity batteries are a better seller’.

As well as M1 considering electricity storage and weather impact, he states that

customers choose the P2P energy trading platform as:

‘Low energy storage can cause the increase of the energy price, and so, they do not

like to trade energy when batteries are low and bad weather’.

When the state of charge was low, there was a significant drop in desire to sell self-
generated electricity, indicating that state of charge has a significant impact on trading
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decisions (Ecker et al., 2018; Hahnel et al., 2020).

For information quality, Kuan et al. (2008) address that on a high-quality platform
users are given timely and accurate information, as well as a consistent and easy-to-
navigate interface, that enables an interactive and responsive experience during

transactions.

‘Because energy trading has not been widely adopted, clear instructions and easy-
to-understand energy usage reports are the key for new users to adopt the energy

trading product’.

The service quality of an energy trading platform, according to the interviewees, is

essential for users to adopt a certain product.

‘Users’ concerns about service since energy trading is a new concept. When their
energy supply is influenced by system failure, they hope to have someone from the

platform solve the issues as soon as possible’.

In addition, for the service quality, feedback is most concerned factors. As M4
explained:

‘Special offers, loyalty programmes and similar activities are offered through

social media platforms, and these channels can also be used to gather consumer

feedback and understand their needs and expectations to gauge consumer

sentiment and identify issues related to media and customer service’.

This finding aligns with the study by Cronin Jr and Taylor (1992), illustrating that
consumer studies indicate that users’ perceptions of quality are critical to their intention
to re-use the service. Thus, the questionnaire includes questions about how participants
evaluate the information quality, system quality, and service quality of an energy trading

product.
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ii. Economic benefits

Cost, cheapness, and savings are widely discussed in relation to the core themes.
Previous studies discussed that the cost can impact decision making on smart meters,
as customers may be less willing to support smart-meter adoption if they are aware that
enabling technologies would cost them more money up front (Krishnamurti et al., 2012).
In China, farmers are highly willing to use the energy trading because they are
subsidised by the government for complementary farming and light (M4 and M2). For

example, M2 mentioned:

‘Farmers now feel good about it because they are subsidised and can save money.

What you cannot use can be sold back to the grid and charged in both directions.

However, it is controversial whether the benefits of using clean energy will cover

the initial investment. F1 explains:

‘The initial installation cost is an important challenge for the implication of P2P
energy trading, and the customer will consider how many years it will take to

recover their investment .

Thus, P2P energy trading can reduce the energy cost, but there is an initial installation
cost which customers need to be aware of before implication. It was identified during
the interviews that there are upfront investments which customers are not comfortable
with, such as the cost of solar panel installation, as they are unsure of the time needed

for it to pay for itself.

‘Time differs in the UK and the Netherlands. In the Netherlands, several customers
no longer require an upfront investment for participation in the energy trade.
Customers in the UK are not as enthusiastic about using them, and although energy
companies offer discounts and promotions, there are concerns about whether the
cost of installation will pay for itself .
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Secondly, there is the element of financial loss which can influence product
selection but is a relatively new issue in comparison to previous literature. The main
concerns about energy coins are how they will be used, whether they will be safe, and

whether they will retain their value as well as traditional currencies. As M3 explained:

‘E- coins built on Ethereum are subject to price adjustments as the price of
Ethereum goes up and down. However, the price of energy does not fluctuate as
much as that of Ether, which creates a price differential. Much of this price

difference is unacceptable to consumers.

The volatility of e-coins is a serious challenge to the adoption of energy trading
products, though cryptocurrencies may improve the security in transactions and data
exchange (Bunjaku et al., 2017; Feng et al., 2019; Ivashchenko, 2016; Kowalski et al.,
2021).

iii. Sustainability

As a motivated factor, environmental benefits are different for organisations and
individuals in different culture backgrounds. M2 explains that in China it is mainly
faced with the agriculture and the government can provide certain allowances. For the
individual trader, it is quite difficult. While, in the Western countries, the trading object
can be both, such as the organisations in the UK and individuals in the Netherlands. It
is noteworthy that the government has been encouraging P2P energy trading with
technical support. Various joint ventures exist which involve universities, energy
enterprises, and governments. These are designed to attain flexibility in relation to
energy supply whilst ensuring that environmental cleanliness is maintained.

In addition, organisations and individuals have different motivations for energy
trading. For example, companies tend to be intrinsically propelled by the use of new

energy sources. As F2 explained:

‘Many of our clients are not looking for cost savings, they are looking for a cultural
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fit for their company. For example, some companies have a green culture, so they

prefer to use clean energy when choosing a power company’.

Aside from price, a major reason for them to begin trading is energy conservation
and the desire to ensure corporate value. From an utilitarian perspective, collaborative
consumption creates sustainable means to consume and benefit many people rather than
a few individuals (Binninger et al., 2015). The utilitarian theory shows collaborative
consumption to be a form of CSR because it allows society to benefit from what they

do not have.

iv. Stable supply

Customers in the UK lack the necessary amount of electricity generated from their
roofs. This suggests that there is an unstable supply of electricity due to weather
conditions. F2 stated ‘This must be merged with the energy carried by the main grids.
Regarding the grid’s setup, electricity supply in the UK is dominated by the state grid,
the Northern grid, and the Southern grid. In China, the distribution of generated power
is based on agricultural solar projects. Any surplus generated power is then merged into

the main grid. Thus, F1 explained:

‘Some customers will ask if there is a battery storage guarantee for this two-way
deal, because when they do not have enough storage of their own, they won't sell
anymore. They need to know exactly how much they have left. A stable storage and

supply are what makes them dare to use it’.

In European countries, however, the main power grid remains separate. Each
provider can make their own decisions concerning the flow direction regarding where

the energy is generated and its destination.

5.4.2 Epistemic Value

Novelty seeking can impact the selection of energy products with the premise of
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lower cost. This is a new finding supplementary to previous literature. Customer
acceptance of blockchain products depends on the customer's ability to innovate, but
this innovation receives an influence from the price of energy. The personal
innovativeness refers to a person's proclivity to accept new items, such as technologies,
products, or services, before others (Lu et al., 2005; Rogers, 2002). For example, M3

mentioned:

‘Some customers want to try something new that they don't know about but, after

giving them the knowledge, they continue to consult the price issue’.

This finding aligns with the theoretical and empirical studies exploring the influence of
consumers’ perceived epistemic value on their intention and behaviour (Assaker et al.,

2011; Hirschman, 1980; Jang & Feng, 2007).

5.4.3 Social Value

Social influence and community belonging were found to motivate the P2P energy
trading under the social motivations from the interview. Firstly, social influence can
affect the selection of energy trading products via Bandwagon Effect (Schmitt-Beck,
2015). M3 explains that ‘with the availability of financial assistance, your installation
of this solar panel will cause your relatives and friends to want to install it as well .

In reflection of the literature review, social influence can be introduced through
culture, nationalities, family, friends, and relatives (Moutinho, 1987; Sedera et al.,
2017). If there is a neighbour or relative who used a P2P platform it might influence
your decision on P2P energy trading.

Secondly, community belonging can motivate P2P energy trading, but community
concern is also an important code in the set-up categories. What traders consider is
whether their neighbours used the platform or whether the trading gives them a sense
of belonging in the community. Both M1 and M3 support this argument, with M1
illustrating that ‘Consumers are more concerned about popularity, if my neighbours

have them, do I have to install them, is it better to be integrated in a community’. As

74



mentioned in the previous literature, it is believed that community membership or
seeking to be included in a community or group is a factor that leads to the practice of

sharing or CC activities (Galbreth et al., 2012; Neilson, 2010).

5.4.4 Emotional Value
The feeling of uncertainty can impact product selection. Perceived risk means the

risk of losing money when using an e-service to achieve a desired result (Featherman
& Pavlou, 2003). In terms of product selection, consumers are mainly concerned
about financial and privacy risk.
‘Customers do not understand how smart contracts protect their privacy and they
are concerned that their privacy will be compromised. Because certain products
require payment using energy, they believe that cryptocurrencies are insecure
and may make their payment prices too volatile for them to use blockchain

products .

‘Cryptocurrencies pose financial risks due to excessive waveforms. Customers
therefore do not want to choose some products that use cryptocurrencies for

payment’.

Previous studies illustrate that consumers identify uncertainty and risks, such as
financial losses, when evaluating a product or service purchase which may cause them
anxiety and discomfort. This perceived risk therefore further influences their next

decision (Im et al., 2008; Martins et al., 2014; Pavlou, 2003).

5.4.5 Conditional Value
i. Political ideology

The results indicate that political ideology can influence how people perceive
energy trading platforms, so that different countries with different ideology adopt
different approaches. This process may be split into two steps. Firstly, the government-

controlled economy decides energy planning is centralised and participation in energy
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planning is limited, which may slow the P2P energy trading progress:

‘Currently, P2P energy trading is mostly applied on the agriculture and large
organizations, as Chinese ideology is different with western. the government

believes the order is important, thus, the individual trading market is difficult’.

In contrast, in the west, there is a clearer understanding of energy planning and

energy legislation due to the free market:

‘In the UK market, consumers may have to wait a while to get in touch with their
energy suppliers because energy is a biproduct of a different purchase such as an

electric vehicle’.

As Sovacool and Valentine (2010) explain, China and India have more centralised
governments who decide the power planning than other decentralised governments. In
other words, the limited power planning decided the development of P2P energy trading

progress is slower than western countries.

Political ideology also determines the way in which energy settlements are made.
For example, the energy trading products in China may not use cryptocurrencies which

are commonly used in other trading grids (Chaudhary et al., 2019; N. Wang et al., 2019).

‘Cryptocurrencies are not allowed in China because of the damage they do to the

financial market’.

Secondly, those different practices by governments with different ideologies may
shape the expectations of the local consumers and further influence those consumers’

product selection (Vroom, 1964).

‘Consumers in China may tend to choose the government-backed trading products
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to lower the uncertainty of the market’.

These findings align with previous literature (Crockett & Wallendorf, 2004;
Duhachek et al., 2014; Jung et al., 2017; Madani et al., 2021) and justify the inclusion
of the question of political ideology in the questionnaire bon the adoption of energy

trading.

5.5 Summary

This chapter presents the findings of six qualitative interviews and compares the
different motivations to P2P energy trading with previous literature. Most of the
findings align with literature but three new insights have been identified. Firstly,
interviewees mentioned the concern of financial loss because of the depreciation of
cryptocurrencies which is unique comparing with other contexts. Secondly, the feeling
of uncertainty caused users to worry about normal energy supply in daily life. Finally,
political ideology plays a key role in the energy policy of a government which may

further form the expectation of local consumers.
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Chapter 6: Phase 1 - User-Generated Contents Analysis

This chapter is based on feedback from social media, encompassing the public channel
(Twitter) as well as the customer channel (customer reviews of VVandebron). The topic
modelling analysis on Twitter uncovers the most common topics discussed in relation
to P2P energy trading due to the extensive development of online technology and its
growing public acceptance. A similar analysis on Vandebron can also reflect customers’

feedback and arguments regarding P2P energy trading.

6.1 User-Generated Contents (UGC)

User-Generated Content refers to the content created by users without commercial
interest and published on publicly accessible websites or social media platforms
(Daugherty et al., 2008; Smith et al., 2012). Generally, UGC data includes online text
data and online photo data. These UGCs appear in social media platforms such as
YouTube, Twitter, Myspace, and Facebook. Also, UGC is transforming the world in
terms of entertainment, communication, and information, owing to its self-sustaining
nature and ever-increasing audience size (Shao, 2009). The UGC has been applied in
different research, such as customer service (Chatterjee, 2019; Mastrogiacomo et al.,
2021); education evaluation (Halees, 2011; Ray et al., 2021); and tourism behaviour
analysis (K. Zhang et al., 2019; Zhang et al., 2020).

Analysing UGC data are very important for understanding the user preference
(Stone & Choi, 2013; Susarla et al., 2012; Timoshenko & Hauser, 2019). The reason
that this study selects the UGC analysis as it is the alternative way of analysing the
motivations of P2P energy trading and can provide deeper insights than the other quality
analysis, such as interviews in the collaborative consumption motivation analysis. It is
easier to create a connection with others who have similar interests, which means it is
easier to find the common interests among different persons by analysing the text data
(Bowman & Willis, 2003); it can understand the consumer perception about the

products or a service (Chatterjee, 2019), such as P2P energy trading.
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6.2 UGC Data Analysis: Topic modelling

Topic modelling refers to computer algorithms in which latent patterns concerning
word frequency are detected via word distribution in a set of documents (Deerwester et
al., 1990). It is an NLP-based application for text mining and it aims to explore
underlying structures or themes in textual documents collections (Eickhoff & Neuss,
2017). Berry and Castellanos (2004) define “text mining” as a process of discovering
previously unknown information by automatically analysing unstructured written
resources. The extracted information can be further used to generate new facts or
hypotheses (Gupta & Lehal, 2009)

UGC analysis is to extract factors influencing P2P energy trading from the social
media data with the topic modelling. The selected region only includes UK and United
states of America, as the handling the English at a time will make the analysis more
accurate using topic modelling. This is an additional supplement to the interview and
the literature review. Topic modelling is important for this research is because it helps
to discover what users are talking about, uncover underlying thematic trends and track
them over time, and determine the most relevant publications for a given topic
(Nikolenko et al., 2017). Using topic modelling can detect the topics generated from
the social media what users discussed about the P2P energy trading during a period.
This also provides additional evidence for designing the survey.

Figure 6.1 demonstrates the process of dealing with UGC. After the data collection,
this research used multiple techniques to pre-process the textual data. In specific, non-
English words and words that have no semantic information, including URLS, stop-
words and other meaningless words (Tirunillai & Tellis, 2014). The pre-processed texts
were then used to generate corpus which is required by Latent Dirichlet Allocation.
During the corpus preparation step, the Phrases module in Genism (Rehiifek & Sojka,
2011) was used to make bigrams. Bigrams are word pairs that are used in a document
representation to improve text categorisation results, and are able to provide more
information than unigrams (Bekkerman & Allan, 2003; Bhakkad et al., 2013; Wang &

Manning, 2012). Lemmatisation is another technique used to normalise the texts.
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Specifically, this research applied part-of-speech tagging of NLTK (Loper & Bird, 2002)
to retain only words that are nouns (Martin & Johnson, 2015). Then, the corpus was
generated by the Corpora module of Gensim (Rehiifek & Sojka, 2011) using the

lemmatised words.

Remove non-
English words

Make bigrams

Latent Dirichlet :
Interpretation

Allocation (LDA)

»

Lemmatisation

Remove
stop-words

Remove
meaning-less words

Figure 6.1 Data Process of UGC

6.2.1 Topic Modelling Process
Latent Dirichlet Allocation (LDA) is one of the most common and well-studied

topic models (Blei et al., 2003). The output creates a set of topics related to word
clusters that occur simultaneously in these documents based on specific configurations.
Hence, to demonstrate these topics and interpret the P2P energy trading challenges,
topic modelling was implemented to extract topics. LDA follows the Bayesian
approach by assuming that the words included in the text are independently derived
from a combination of baskets in which every basket includes a set of words in addition

to the generative process concerning every tweet (Blei et al., 2003). In Figure 6.2, o
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denotes the per-document topic distributions, 6 comprises the topic distribution related
to document m, B indicates the per-topic word distribution, ¢ represents the word
distribution for topic k, z signifies the topic for the n-th word in document m, and w
stands for the specific word. The grey shading of W suggests that the only observable
variables are words w;;, whereas the other variables are latent. (Blei et al., 2003)
recommend using a sparse Dirichlet prior to model the topic-word distribution, which
is predicated upon the assumption that there is a skewed probability distribution related
to words in a topic because there is high probability of there being only a small set of
words. The acquired model is the LDA variant that is most implemented. The model’s
plate notation is illustrated on the right wherein K signifies the number of topics while
©1,...@; Stand for V-dimensional vectors that contain the Dirichlet-distributed topic-
word distributions’ parameters (V indicates the number of words in the vocabulary).
The variables indicated by 0 and ¢ should be regarded as matrices derived by
decomposing the original document-word matrix which denotes the corpus of the
modelled documents. Therefore, 6 includes document-defined rows and topic-defined
columns, whereas ¢ encompasses topic-defined rows and word-defined columns.
Hence, @4,...¢, indicate a set of rows, or vectors, that are distributed across words,

whereas 0,,...0; indicate a set of rows that are distributed across topics.

On O
(OTEO10—@

Figure 6.2. A plate diagram of an LDA model

I. Identifying Keywords
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Google Trends provide new trends services that display the emerging issues based
on their data. For example, Google displays the “top 10 most searched topics” every
hour and those emerging issues reflect public interest trends (Han et al., 2012). In the
current research, the researchers explored energy trading via Google Trends to identify
keywords because Google Trends provides weekly information on keyword search
frequency on the Google search engine. Using Google Trends permits a researcher to
search volume patterns for keywords that can be analysed according to category and by
the location of those making the search. Moreover, when we search the keywords
“energy trading”, relevant words such as “p2p energy trading” and “peer-to-peer energy
trading” were additionally recommended. Hence, these three keywords also became the

Twitter keyword searches.
ii. Determining Topic Numbers

After approximating the LDA posterior distribution, the K topics are represented
as multinomial distributions over V. Each topic distribution contains every word but
assigns a different probability to each of the words; the words within topics with high
probability are words that tend to co-occur more frequently. These high-probability
words, usually the top 10 or top 15, are used to interpret and semantically label the
topics. However, many topics are defined by K, wherein a low K results in too few
topics or very broad topics, whereas a high K results in uninterpretable topics or topics
that ideally should have been merged. Choosing the correct value of K is, therefore, an
important task in topic modelling algorithms (Syed & Spruit, 2017). Automated
coherence score measures (Equation 6.1) were used for determining topic number K in
this research, where ¥~ (%) comprises a list of the M most probable words in
topic t. A smoothing count of 1 is included to avoid adopting the logarithm of zero
Topic Coherence measures score a single topic by measuring the degree of semantic

similarity between high scoring words in the topic (Mimno et al., 2011).

ORNG
m—1 D('(J,[,,J.vf ]) +1

o(5v0) = E‘r: ;mg o) (6.1)

m=2

82



6.2.2 Data Extraction Process

In this research, social media was selected as a channel for evaluating the factors
influencing P2P energy trading because social media has drastically altered the ways in
which people obtain and transform information since Web 2.0’s launch. Oh et al. (2020)
state that social media is a form of communication that allows information to be
obtained quickly and effectively. Tweets and VVandebron reviews are selected to be the
data source of the topic modelling. This research focused on two channels, one of which
considered public opinions from Twitter, whilst the other examined feedback from real
Vandebron customers. Vandebron is a long-established P2P energy trading company.
And in contrast to other companies, Vandebron has significant more user reviews online.

Two different channels were chosen because of the different nature of the two
sources. Tweets are more about public opinions and the topics generated from tweets
may not represent the opinions of the real users. While online comments from
Vandebron were selected which is the real reflection of the users. By selecting topics
from these two different channels, it is possible to understand the topics from social
networks comprehensively.

In order to collect the data, ScrapeStorm utilised a command prompt for searching
through the desired tweets by specifying the keywords, the start date, end date, language,
number of tweets, as well as the output format (Taspinar & Schuirmann, 2017). It was
also ensured that only actual tweet texts were collected and variables not relevant to
assess sentiments including likes, retweets, and replies were excluded. Certain tweets
also included website URLSs that do not help with assessing feelings. Therefore, all of
the URL links featured in the gathered tweets were deleted (Pak & Paroubek, 2010).
Finally, 4464 tweets were crawled of which 4132 tweets were finally selected following
the pre-processing of the data. Also, Vandebron reviews present the actual P2P energy
trading experience of customers. For this, 2018 reviews on Vandebron were obtained
from the Klantenvertellen.nl website through ScrapeStorm along with reviewer profiles
on 1%, March 2020. And then, this research use python 3 to do the topic analysis.

The number of topics intended to be detected, K, is the only parameter required.

Furthermore, the coherence score was implemented for establishing the most suitable
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K value. The two social media channels include diverse topics. In this section, the
results of the LDA topic model analysis of the tweet corpora for P2P energy trading are

presented.

6.3 Results

6.3.1 Determining Topic Number
The Coherence Value of the topics was calculated. When the number of topics is 2,

the Coherence Value is 0.3562. When the topic number is 8, the Coherence Value is
0.3788. When the topic number is 38, the Coherence Value is 0.3758, and when the
topic number is 44, the Coherence Value changes to 0.3586. Also, as Figure 6.3 (left)
illustrates, the highest Coherence Value is achieved when the topic number is 8. Thus,
8 topics were selected to be interpreted. For the data from Vandebron, the same
procedures on the 1609 comments were conducted and finally chose K equals to 8 as
well. This is demonstrated in Figure 6.3 (right), when K is equal to 8, the coherence

reaches highest.
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Figure 6. 3 Coherence value of topics of twitter(left) and Vandebron (right)

6.3.2 Topics Generated from UGC
It is worth noting that, even if the topic generation is automatic, the visualised

results still require human power to interpret. Comparing with generating topics and
subtopics, interpreting those topics can be the most challenging aspect of a study.
Interpreting hierarchical topics is even more difficult compared with the analysis of
general topics. The results for the generation of models, such as LDA, incorporate

several dimensions including keywords and weight.
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As the weight topics are demonstrated in the following Tables 6. 1, the top 15 most
relevant terms under different topics were selected by adjusting relevance metrics (A
= 0.7). Twitter includes topics concerning the business mode such as the blockchain,

payment, sustainability, economic benefit, system quality, service quality, and financial

loss.

Table 6.1. Topics generated from twitter related with P2P energy trading

Topic number Weight of tokens Topic key words Topics
1 16.3% blockchain, power, platform, renew Blockchain
decentral, ledger, transact, technology, exchange,
communion, smart, network
2 12.3% wallet, digit, user, trust, kwhcoin, token, tokensale, | Payment
spend
3 9.9% solar energy, safe, green, interact, lend, transparent Sustainability
4 9% convert, connect, distribution, internet, passion, | System Quality
share, virtual, smart, storage, transfer, user, privacy
5 6.7% support, public, like, trust Service Quality
6 5.4% Price, sale, liker, lower, future use, increase Economic Benefit
7 5.3% digit, enron, currency, transfer, Financial loss
8 4.8% efficiency, solar, invest, wind, reliable Sustainability

Topics extracted from Vandebron are different with the topics from Twitter.
However, topic keywords from Twitter are more refined than topic keywords from
Vandebron due to two reasons. Firstly, there are 4132 tweets on the Twitter topic
modelling compare with 1609 customer comments from Vandebron. Secondly, tweets
are broad opinions about P2P energy trading. While customer comments are more about
the users’ feedback after the trading. Thus, topics extracted from Vandebron as showed
in Table 6.2 may have some degree of overlap and are more related to service quality.

These topics are service quality, reputation, system quality, and emotion.

Table 6.2 Topics generated from Vandebron related to P2P energy trading

Topic Number Weight of Tokens Topic Key Words Topics
1 28.8% Zeker/definitely Service Quality
Bevelen/recommend
Snel/quick
Contract
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Prijs/price

Prestatie/performance

16.2%

Klantenservice/customer
Goede/ good
Prijs/price
Betrouwbaarheid/ trustworthiness
Verwacht/expect
Eerlijk/fair
Bereikbaar/reachable

Vriendelijke/friendly

Service Quality

15.4%

Onaanvaardbaar/unacceptable
Ster/star

Leverancier/supplier

Reputation

9.3%

Communicatie/communication
Altijd/always
Betrouwbaar/reliable
Geholpen/helped
Energiebedrijf/energy company
Tegen/against
Misleidend/misleading
Klantgericht/customer-
oriented/switch

overstap

System Quality

8.3%

Waardeloos/worthless
Bezig/busy
Helder/clear
Antwoord/answer

Snel/quick

Service Quality

7.6%

Zeker/definatetly
Bevelen/recommended

Overzichtelijk/clear

Informatie/information
Tevreden/satisfied
Positief/positive
Duurt/takes

Lang/long

System Quality

7.3%

Redelijke/reasonable
Prettig/pleasant
Tevreden/satisfied
Kwaliteit/quality
Transparent

contract

Service Quality

7%

Prettig/pleasant

Persoonlijk/personal

Enjoyment
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Duurzame/sustainable

Perfecte/perfect

6.4 Discussion

Topics generated from twitter and VVandebron are different. Topics extracted from
twitter are related with function values. Topic related with VVandebron are about the
functional values as well as the social values and emotion value. The following section

will explain these in detail.

6.4.1 Function Value
I. Net system benefit

Information quality, system quality, and service quality are the components of net
system benefit which are the major topics related to P2P energy trading. Topic
keywords under service quality can be negative, such as worthless, busy, or positive,
such as quick, pleasant, and transparent. For example, some users note their positive

interactions based on service feedback and information quality:

‘The Vandebron employee was very friendly to me and explained everything very
clearly”
“I have been a customer of 'Vandebron' almost since the very beginning and | have
noticed the personal customer experience. | know where my electricity comes from.

There's no big, bulky company between the supplier and the customer”.
Thus, information quality is emphasised given its influence on decisions to use P2P
energy trading. However, others note their disappointment at the service as evident

through comments on the overall system quality:

‘When I get the statement, I don't see the welcome bonus. And then I don't react

anymore. Worthless service.’
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‘Via a vague link, | am stuck with a 3-year contract...ridiculous!’ and ‘it is

ridiculous... I can’t transfer my contract!’

These comments indicate the difficulties of system transmission and the system quality

which impacts the use of P2P energy trading.

ii. Economic benefit

Economic benefit is the most discussed topic under the economical motivations on

Twitter than VVandebron. For example,

“Our producers and consumers can directly agree on the price, which allows the
consumers to lower their energy prices, and the producers to increase their

earning potential.”

“Co-ops in NC to offer efficient solutions to minimize energy cost for

consumers.”’

Initial payment is a challenge even if energy companies claim their products can
reduce energy costs. For example, ‘reducing cost is good, what about the initial
installation?’ This quotation confirms the impact of economic benefit in literature and
the results from the interviews regarding the economic benefit (Bunjaku et al., 2017,
Feng et al., 2019; lvashchenko, 2016; Kowalski et al., 2021; Krishnamurti et al., 2012).

The benefit of using cryptocurrency is also discussed:
‘Smart metres could quantify the amount of energy produced and consumed using
solar energy, while energy trade and cryptocurrency payments would be governed by

smart contracts and implemented on the blockchain.’.

‘| felt great about the SaitamaToken. it is a different kind of energy and style.’
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This indicates the benefits of digital currencies, and some members of the public

are happy to test it despite the risk of currency depreciation.

iii. Sustainability
Green is an important topic under environmental motivations, which decide the

intention of the P2P energy trading:

‘Opt out, his company is not really green, it’s an e energy trading company with little
energy generation pretending to be green’.
Evidently, whether or not a product is green appeared to influence some users’

decisions to use the product. In addition, consumers tend to use green energy:

‘I’'m in U.K. but afaik - Europe has a large proportion of nuclear power and a
network of interconnectors to allow energy trading and to balance the grid. Not sure

about the states, | think they went gung-ho for green energy’.

P2P energy trading is unique as one of its motivations is to increase trading
efficiency and reduce environmental impacts. Therefore, the results of topical analysis
align with previous literature on consumers’ expectations and their environmental

concerns (Th@gersen, 1995; Thagersen & Olander, 2003).

6.4.2 Social Value

I. Reputation
Reputation is a popular discussed topic in P2P energy trading. However, the

reputation was only extracted from the Vandebron feedback. For example:

‘A few weeks later, the news came that Vandebron had been taken over by Essent.
Essent is a large energy giant with a poor ranking (see Greenpeace) and
reputation. I now want to leave Vandebron and so | called at the beginning of

December to cancel.’
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Thus, the reputation of the platform is significantly important to continuous use of
P2P energy trading. As previous studies note, in P2P platforms the functional factor of
service levels and the symbolic factor of the service provider’s reputation influence the
customer behaviour process (Ert et al., 2016; Priporas et al., 2017). In other words, a
solid reputation provides a basis of trust for the next exchange.

In addition, Puschmann and Alt (2016) emphasise that reputation complements
ecological and economic benefits in the sharing economy, which contributes to
consumers’ social ambitions. As a capital asset, a positive reputation can take years to
build yet can be destroyed almost overnight (McDonald, 2016). Hollowell et al. (2019)
advise that customers become loyal to brands that they consider will have the most
benefit to them in the sharing economy. The level of trust that people have about a
product, person, company, or brand is influenced by both corporate and personal

reputation, which enables people to work collaboratively.

6.4.3 Emotion Value

Enjoyment was apparent in feedback from Vandebron. For example, two

participants claimed:

‘It is a pleasant experience in the communication with them, everything they do is

about sustainability, or at least as sustainable as possible.’

‘They appear transparent to me. I am very happy with what they did.’

Consumers' acceptance of a new product or innovation is determined by their
enjoyment (Ha & Stoel, 2009). Tussyadiah and Pesonen (2018) explain choosing

Airbnb may be from consumers’ sense of enjoyment.

6.5 Summary

Topics extracted from UGC are consistent with most previous studies. However,

compared with the results from the interview, reputation was also extracted. A good
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reputation influences continuous trading intention. All of the topics that emerged in the
UGC analysis are elaborated due to the topic keywords.

Furthermore, topics extracted from Twitter and VVandebron are slightly different.
The topics for twitter lean more towards payment and blockchain because tweets are
made by members of the public who are interested in this topic. However, the
participants may not have experience in P2P energy trading, meaning tweets about P2P
energy trading focus on technology popularity rather than actual experience.

In contrast, topics extracted from Vandebron are from real customers’ feedback;
the extracted topics are about the system quality, services quality, and the quality of
information on the platform. Additionally, the reputation of the platform is extracted
which reflects consumers’ consideration when they choose a particular platform before
trading. Thus, phase 2 integrates motivational factors from the interviews and UGC

analysis with the literature review to conduct the survey.

91



Chapter 7: Phase 1 - Survey

Chapter 7 aims to build the dataset for solving the CCSR of ETRS. The dataset applied
in the survey was collected internationally from China, America, Australia, the United
Kingdom, Germany, and the Netherlands. This data provides different optimal

solutions to Chinese customers and western customers on solving CCSR on P2P ETRS.

7.1 Survey Data Collection

The survey technique enables a large amount of primary quantitative data to be
collected (Collis & Hussey, 2013); moreover, correlations between variables (two or
more) may be examined, allowing hypotheses to be tested and findings to be
generalised (Bryman, 2016). Surveys are used to provide a large amount of data in a
short period of time, which in turn, provides further P2P energy trading data. Also,
questions in the survey allow participants to express their attitudes and opinions (Hague,
2002). Crowther and Lancaster (2012) propose that research findings can also generate
customer profiles, thereby improving the targeting of products and services and the
evaluation of customer opinions, which enable researchers to assess the relations
between products and users’ preference on P2P energy trading to solve the CCSR on
P2P energy trading.

In addition, this research collected two different datasets as different cultural
predispositions to collectivism and individualism can impact the collaborative
consumption that occurs during the exchange. To test whether there is a difference on
the P2P ERTRS among different cultural backgrounds two international datasets are
constructed. The datasets were named according to their geographical locations; one
dataset is collected from China and the other datasets were collected from the United
Kingdom, Germany, America, Australia, and the Netherlands; thus, this dataset was

named the western dataset for the purposes of the study.
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7.1.1 Sample Selection
This research considers the energy traders’ preferences and attitudes to P2P energy

trading; thus, the research participants are real customers with an experience of using
P2P energy trading. As portrayed in Figure 7.1, P2P energy trading is discussed more
in the United States of America, Canada, Australia, and European countries. In addition,
a diverse population generally leads to precise statistical analysis because it enables
more variables to be assessed simultaneously (Kumar, 2018).

However, Figure 7.1 also shows that China is not on the popular list because of
China’ access control to Google. In fact, P2P energy trading is already well developed
in agriculture and fisheries in China, and it is now being piloted in some large cities
between residential areas and commercial buildings, such as the recent pilot trading in
Guangzhou (Ma & Shen, 2021). Thus, samples were collected from six different

countries, including China.

Figure 7.1 The distribution of the interest of Peer-to-Peer energy trading topic over
time (Google Trends, 2021)

7.1.2 Data Collection
The criteria indicated in the methodological literature were used to assure data

quality in the investigation (Z. Lee et al., 2021; Steelman et al., 2014). The ‘limitation
of 1 attempt per HIT” function is enabled to identify duplicate responses, which flags
an answer as a duplicate if respondents attempt to complete the survey using the same
cookie. Moreover, responses that took less than five minutes to complete were
eliminated. In addition, three attention check questions were designed throughout the
questionnaire to catch any careless, random, or haphazard responses. The three

statements required participants to select "yellow" for one statement, “strongly disagree”
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for another statement, "agree", and nothing else if they have been answering honestly
so far’.

In addition, Web-based tools were utilised in this research including Amazon
Mechanical Turk (M-Turk) and Wenjuanxing to distribute questionnaires and gather
data. Web-based surveys represent an inexpensive, easy to conduct, and time-saving
option. Nevertheless, the extent of the population is limited in a web-based survey
because it invariably excludes those who are unable to access the Internet, which may
lead to biased results (Collis & Hussey, 2013).

For the Chinese dataset, 980 responses were collected through Wenjuanxing, and
112 responses were removed due to being incomplete; thus, a sample of 868 responses
was used for statistical analysis. For this platform, the age of participants was
determined to be above 18 years who were given a reward of one pound upon answering
all questions. The age group was established because of this age group’s relevance to
the P2P energy trading in the household as well as considering the energy trading
problem. For the western data collection, 800 responses were collected through M-Turk,
and 208 incomplete responses were removed. As such, 592 responses were used for
statistical analysis. Participants were asked to answer all questions within 20 minutes,

after which they were given 1.75 pounds as a reward.

7.2 Questionnaire Design

Perceptual scales were used to measure the responses based on a 7-point Likert
scale, as shown in table 7.1. The Likert scale is a prominent representative of summated
rating scale that is widely used in survey research to give participants the ability to
indicate whether they agree or disagree with a statement (Neuman, 2014). It provides
an advantage in that it counters problems involving the development of pairs of
dichotomous adjectives. Furthermore, it is treated as an effective method to measure
and reflect participants’ attitudes toward an issue from different aspects and express

opinions through one overall indicator (Kumar, 2018).
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This survey comprises six components (as illustrated in the figure 4.1), namely
functional value, conditional value, social value, emotional value, epistemic value, and
selection of products.

To measure the functional value, system quality, service quality and information
quality are adapted from the study (DeLone & McLean, 2004; Seddon, 1997) and stable
supply is adapted from the study (Hahnel et al., 2020; Wang & Sun, 2017). Economic
benefit is adapted from (Bock et al., 2005) , financial loss is adopted from (Abramova
& BOhme, 2016), and sustainability is adapted from (Hamari et al., 2016).

To measure the social value, | used social benefit (Lin & Bhattacherjee, 2008),
social influence (Bearden et al., 1989), community belonging (Mdéhlmann, 2015),
subjective norms (Bock et al., 2005), and reputation (Doney & Cannon, 1997) as the
key constructs. Moreover, participants’ feeling of uncertainty (Kankanhalli et al., 2005)
and enjoyment (Hamari et al., 2016), were the key concepts to measure the emotional
value. Epistemic value was assessed using novelty seeking which is adapted from
(Hirschman, 1980) study and variety seeking from research by (Kim & Jin, 2020).

Furthermore, questions related to demographic information were asked to assess
the conditional value. These questions include gender, age, education, marriage status,
family income, family size, and the number of children. Demographic information is a
common approach in solving CCSR (Avila et al., 2015; Safoury & Salah, 2013) and
can impact perception to renewable energy trading (Ecker et al., 2017; Hahnel et al.,
2020). In addition, questions related to building information were asked. These
questions include the living area, bedroom numbers, house status, the age of the
building, and the condition of the window glaze. | adopted the measurement items from
previous studies such as (Belaid, 2017; Rinaldi et al., 2018; Yu et al., 2011).

In addition, questions related to energy consumption information were asked.
These questions include daily transport, ‘Would you turn off the
lights/computer/heating when going out?’; ‘Would you wash the clothes at 40 degrees
or less?’; “Would you leave the mobile phone charger switched on at the socket when
not in use?’; ‘Would you boil the kettle with more water than you are going to use?’

‘Who would you like to trade your energy with?’; and ‘What kind of payment method
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would you like to use for energy trading?’ These questions were adopted from
measurement items in previous studies such as (Delzendeh et al., 2017; Paco &
Lavrador, 2017; Zhao et al., 2019).

Cultural differences are measured by individualism/collectivism adopted from
(lanole-Cilin et al., 2020) study. Political ideologies are measured by liberalism and

conservatism which are adopted from (Caldwell et al., 2020) study.
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Table 7.1: Measures

Construct

ltems

INDIVILISM

I am a unique person/What others say cannot influence my decision /I can afford the decision made myself

COLLECTIVISM

| feel that participating in P2P energy trading soon is a personal obligation/I feel that | have a moral obligation to
participate in P2P energy trading soon/I feel P2P energy trading will benefit the future generation and the world

we live in.

LIBERALISM

I think the energy system changes are welcome/I think uncertainty in energy trading is acceptable/ | think fair
distribution of energy is important

CONSTRUCTIVISM

I want the process of energy trading to be orderly and stable/I think it is necessary for the government to strengthen
regulation of the transaction process/I think it is necessary for the government to strengthen regulation of the
platform

INFORMATION QUALITY

I think the information provided by the energy trading website/app is reliable. /1 think the information provided
by the energy trading website/app is closed to the real situation. /I trust the information generated by P2P energy
trading platform.

SERVICE QUALITY

I am aware of my welfare /When | confide my problem to my service provider, | know they will respond
accordingly/l can count on my services provider and consider how their actions affect me

SYSTEM QUALITY

An easy to switch system is important to me /An easy to close account is important to me / | must be able to get
the balance back

STABLE SUPPLY

Increased battery storage can encourage me to participate in P2P energy trading /Stable supply can encourage me
to participate in P2P energy trading / Integrated within the main grids can help me during P2P energy trading

ECONOMICAL BENEFIT

It saves me money/Helps lower my electricity bill /Benefits me financially.

FINANCIAL LOSSES

I can accept losses due to inability to convert energy coins to conventional currencies, or not at a reasonable price
/I can accept losses due to counterparties failing to meet contractual payments or settlement obligations /I can
accept losses due to market volatility
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SUSTAINABLITY

It helps to reduce the negative impact on the environment/Helps to reduce the consumption of energy and other
resources/Allows me to be a more socially responsible civilian.

FEELING OF UNCERTAINTY

Using energy tokens increases my feeling of security /Using cryptocurrency will not worry me/Energy tokens
based on bitcoin have no risk

ENJOYMENT Buying energy from others sounds exciting/ The idea of purchasing neighbours’ energy is enjoyable/P2P energy
trading is fun
REPUTATION This supplier has a reputation for being honest/This supplier is known to be concerned about customers/This

supplier has a bad reputation in the market

NOVELTY SEEKING

How willing are you to seek information? / Do you search for the new and different trading objects? / How
willing are you to try new types of trading?

VARIETY SEEKING

P2P energy trading allows me access different sources/ Wide ranges of suppliers are available if | choose to
trade things with others

SOCIAL BENEFIT

Helps me connect with others/Allows me to get to know people from different neighbourhoods/Allows me to
develop social relationships.

SOCIAL INFLUENCE

Will you use P2P energy trading when most people in your office/classroom use P2P energy trading/Will you use
P2P energy trading when most people in your community use P2P energy/The more my friends around me start
using P2P energy trading services, the more | am willing to use P2P energy trading services.

COMMUNITY BELONGING

The use of P2P energy trading allows me to be part of a group of like-minded people /The use of P2P energy
trading allows me to be part of a group of people with similar interests

SUBJECTIVE NORMS

Most people who are important to me would think that using the P2P energy trading is a wise idea/Most people
who are important to me would think I should use P2P energy trading/My family who are important to me
would think that using P2P energy trading is a wise idea
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Finally, products selection is included in the last section of the questionnaire, which
is the rest component of the relation matrix of mitigating CCSR except users’ trading
preference. Thus, the type of products of the predicants finally selects or intention to
use in the future trading was asked.

According to five components of energy trading, different products can be
categorised in the market including hybrid platform, retailing platforms, community
platforms, blockchain platforms, and vendor platforms (Morstyn, Farrell, et al., 2018;
Sousa et al., 2019). In terms of the retail platforms, such as Piclo, lower prices provide
a competitive edge. Electricity users, for instance, can make direct and cheap purchases
in the wholesale market. Because of this, retail consumers gain the advantage of a
competitive production market regarding commodity price and do not have to deal with
promotion, customer service, and advertising expenses (Joskow, 2000).

Vendor platforms, such as Power Ledger, aim to help DER vendors improve their
products’ value. On the one hand, vendor systems reputation often causes significant
challenges. For example, Alirhayim et al. (2017) suggest the reputation of products
increases the likelihood of being selected. It is possible to reduce the functional loss
related to high-voltage electricity by providing the specific battery system and PV panel
vendors through battery storage and PV panels innovations (Guerrero et al., 2017;
Morstyn, Farrell, et al., 2018).

The Community platforms such as Brooklyn microgrids, largely focus on
identifying the benefits of separating microgrids from the main grid. At the community
level, energy projects can focus on a common resource or goals such as improving
supply—demand coordination for ensuring greater energy efficiency of renewable
energy (Seyfang et al., 2014; Smith et al., 2016). DERs coordination is also
considerably important for ensuring that supply is not hindered when separating
microgrid from the main grid. Common goals such as improving pollution at a local
level can encourage prosumers to organise community energy schemes (Walker &
Devine-Wright, 2008).

The blockchain platform was designed based on the block chain technology such

as SunContract. Studies have focused on different forms of blockchain implementation
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concerning energy trading, and there has been increased attention to subjects
concerning security and privacy related to decentralised energy trading (Aitzhan et al.,
2018; Li et al., 2018). Blockchain is an innovative technology involving transparency
and ease of use that can effortlessly generate and consume energy (Alam, Li, & Patidar,
2015). Trading speed and efficiency can also be improved by using credit-based
payment systems that will eliminate the need of blockchain using a reliable
intermediary in P2P energy trading (Li et al., 2018).

The hybrid platform is the P2P market that has been integrated by community
platform, the storage batteries, and national grids, such as SonnenCommunity. This
type of platform provides greater system compatibility for a stable energy supply and

affords greater predictability for grid operators (Sousa et al., 2019).

7.3 Descriptive result

7.3.1 Demographic Information Descriptive

From the Chinese dataset, as illustrated in Table 7.2, it can be found that most of
the participants are in the 25 to 34 years age range. 81.8% of the participants have a
bachelor’s degree. 37.56% of the participants’ annual income is between $20000 to
$29999. 58.29 % of the participants are married and the most common family size is 1
to 3. While, from the Western dataset, 20.9 were from Australia, 10.1% were from
Germany, 9.1% were from the Netherlands, 26.4% were from UK and 33.4% of the
participants are from the USA. 52.87% of participants are male and 48% of them have
a bachelor’s degree. 18% of the participants’ annual income is above $60,000. 59.8 %
of the participants are married and the most common family size is 1 to 3.

The basic demographic information of the Chinese and Western user samples was
found to be broadly similar based on the questionnaire information. Large salaries
characterised most of the users, thus reflecting energy trading’s character, which
necessitates substantial preliminary funds. Following a level of education, energy

trading was more tolerated by the audience.
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Table 7.2. Demographic information profile of the respondents

Frequency (Chinese/western) Percentage (%)

(Chinese/western)

Age

18-24 203 11 23.39 1.86
25-34 436 38 50.23 6.41
35-44 181 206 20.85 34.79
45-54 38 294 4.38 52.31
55-64 9 40 1.04 6.76
64+ 1 3 0.12 0.51
Gender

Female 416 268 47.93 45.27
Male 444 313 51.15 52.87
Prefer not to say 8 11 0.92 1.86
Education

High school/collage 56 159 6.45 26.9
Bachelor’s Degree 710 284 81.8 48
Master’s Degree 93 135 10.71 22.8
Doctoral Degree 9 14 1.04 2.4

Annual Income (USD)

Less than $20000 207 83 23.85 14

$200000-299999 326 97 37.56 16.4
$300000-399999 200 97 23.04 16.4
$400000-499999 76 96 8.76 16.2
$500000-599999 27 157 3.11 18.5
$600000+ 32 109 3.69 18.4

Marriage Status

Married 506 305 58.29 515
Divorced 6 19 0.69 3.2
Single 356 259 41.01 43.8
Family Size

1-3 509 354 58.64 59.8
4-6 350 231 40.32 39
7+ 9 7 1.04 1.2
Kids Number

0 385 271 452 458
1 389 154 455 26
2-4 81 162 9.3 274
4+ 0 5 0 0.84

7.3.2 Building Information Presentation

In the Chinese dataset, 91.36% of participants live in urban areas and 47.7% live

in a three-bedroom house. 38.36% of the participants’ house age is 5 to 9 years and
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53.69% of the windows are single glazed. While in the Western dataset, 79.6% of
participants live in urban areas and 34.6% live in a two-bedroom house. 23.8% of the
participants’ house ages are 10 to 19 years and 79% of the windows are double glazed.

Concerning the different description, a marginal distinction was apparent, with the
Chinese sample residing in dwellings built between five and nine years ago, whereas in
the Western developed nations, houses built 10-19 years ago were resided in by 23.8%
of the sample.

Moreover, compared with the Chinese sample the energy saving activities of
Western users were far superior, for example with double-glazing being used by 79%
of the latter. Regarding electricity consumption behaviour, self-driving was far higher
among the Western database, thus contributing to the marked distinction between the

Chinese and Western users.

Table 7.2 Building information presentation

Frequency Percentage (%)
(Chinese/Western) (Chinese/Western)
Living Area
Urban 793 471 91.36 79.6
Rural 75 121 8.64 20.4
Bedroom
1 bedroom 66 76 7.6 12.8
2 bedrooms 306 205 35.25 34.6
3 bedrooms 414 201 47.7 34
4 bedrooms 51 75 5.88 12.7
4+ bedrooms 31 35 3.58 5.9
Building Age
Under 5 years 234 97 26.96 16.4
5 to 9 years 333 135 38.36 22.8
10 to 19 years 209 141 24.08 23.8
20 to 29 years 62 87 7.14 14.7
30 years above 30 132 3.46 22.3
Window glazing
Double 466 468 46.31 79
Single 402 124 53.69 21
House Status
Owned outright 386 208 44.4 35.1
Owned with a mortgage or loan 288 177 33.2 29.9
Rented from the council 8 121 0.92 204
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Rented from a housing association 122 48 14 20.6
Rented from someone else 48 32 5.53 8.11
Other 16 6 1.84 1.01

7.3.3 Energy Consumption Information Presentation

In the Chinese dataset, 49.31% of the participants choose public transport. 96.66
of them remember to turn off the light when they go outside. However, the distribution
of answers to the question ‘boil the kettle with more water than you are going to use ’is
relatively even. In the Western dataset, 60.1% of the participants choose self-driving
and 76% respondents remember to turn off the light when going outside. However, 56%
of participants said they “sometimes” ‘boil the kettle with more water than is used’.
59.8% of the Chinese respondents would like to trade with the people they know, but
only 38% of the western respondents would like to trade with family members.

Comeparatively, public transport has a greater likelihood of being used by Chinese
consumers, although greater cognisance of environmental sustainability is not
necessarily the reason. Both databases had a comparable distribution of replies to the
additional question concerning heating and switching lights off. Therefore, self-
driving’s difficulty due to heavy traffic and associated delays is the main reason for
public transport use. A further reason is that compared with developed nations, per
capita transport ownership remains limited because of China’s nascent economic

growth (Ma et al., 2019).

Table 7.3. Energy consumption information profile of the respondents

Frequency Percentage (%)
(Chinese/Western) (Chinese/Western)
Daily transport
Public transport 428 117 49.31 19.7
Self-driving 388 356 44.7 60.1
Recycling 33 72 3.8 12.2
taxi 11 11 1.27 19
Coachftrain 1 10 0.12 1.7
Sharing car 7 26 0.81 44
Would you turn off the lights when
going out?
Every time 839 450 96.66 76
Sometimes 26 140 3 23.6
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Never 3 2 0.35 0.3
Would you shut down your computer 97 16.4

when going out?

Every time 735 335 84.68 56.6
Sometimes 116 219 13.36 37
Never 17 38 1.96 6.4

Would you leave the heating on when

going out?

Every time 164 155 18.89 26.2
Sometimes 127 265 14.63 44.8
Never 577 172 66.47 29.1

Would you wash the clothes at 40

degrees or less?

Every time 82 193 9.45 32.6
Sometimes 201 347 23.16 58.6
Never 585 52 67.4 8.8

Would you leave the mobile phone

charger switched on at the socket when

not in use?

Every time 398 219 45.85 37
Sometimes 293 242 33.76 40.9
Never 177 131 20.39 22.1

Would you boil the kettle with more

water than you are going to use?

Every time 213 115 2454 194
Sometimes 301 334 34.68 56.4
Never 354 143 40.78 24.2

Trading objects

People you know 519 225 59.8 38
People you don’t know 51 294 5.88 49.7
I don’t care 298 73 34.3 12.3

Payment method
Local currency 811 472 934 79.7
Cryptocurrency 57 120 6.6 20.3

7.4 Summary

The main task of this chapter was to identify the preferred platform for an energy
trader using multiple human behaviour factors through a questionnaire. In other words,
the survey creates the original database for the P2P ETRS. Because of the existence of

the CCSR in the current ETRS, the dataset must create the relations between new users
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and new items.

The survey described the results and differences on the building information and
energy consumption between the two datasets. All the noted differences have a
considerable impact on the final energy trading. For example, the different house ages
and daily transport habits which decide the recommendation models in the following
chapter may also be different. Thus, Chapter 8 examines different viewpoints and uses

a mechanical learning approach to investigate different optimal trading models.
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Chapter 8: Phase 2 - Tree-Based Energy Trading System

The aim of this chapter is to prove the effectiveness of the proposed user profile strategy
by proposing and evaluating the recommendation model, reducing the amount of user
input, and understanding a consumer’s decision-making behaviour when they select
their preferred product within TCV.

Thus, this chapter consists of two parts. First, the Decision tree based P2P ETRS
is discussed, including data pre-processing, construction of the classification model,
and system evaluation. Then, the ensemble model is used in the section to investigate
the improvement of the performance for the classification. Thus, this chapter comprises
two experiments. Experiment one comprised a decision tree, the intention being to
determine consumer decision-making strategies during product selection and identify
the factors traders must consider in relation to energy product preferences. Experiment
two sought to enhance the classification of the P2P ETRS-based decision tree by
examining the ensemble model, including traditional classification algorithms such as

CatBoost.

8.1 User Profile Dataset Preparation

8.1.1 Data Pre-processing
Data pre-processing is employed for data mining, which is an acknowledged data

discovery procedure (Garcia et al., 2016). Whilst improved predictive power is
correlated with additional data quantities, the raw data must experience the pro-
processing phase. This phase enables data duplication issues to be managed and the
data to be cleansed and filtered. It also facilitates format conversion and compression
(Taleb et al., 2015). Pre-processing modifies data in accordance with data mining
algorithm needs, thereby assisting in the processing of data which is otherwise
unamenable to treatment. Data pre-processing incorporates multiple techniques, such
as:

I. Data cleansing

Specifically, data cleansing comprises error identification, detection, and correction.
According to Rahm and Do (2000), data cleansing also locates, corrects, deletes, and
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updates data which is incomplete, inaccurate, or irrational. Redman (1998) reported that,
unless extreme preventative measures are taken, sizeable datasets frequently
incorporate entry issues. Specifically, field entry errors are in the region of 5%. In the
current study, all questions are compulsory, and no missing values were observed in
the dataset.
ii. Outlier Detection

Chandola et al. (2009) state that the terms outlier and anomaly are frequently used
interchangeably, however they are detected in different ways. In addition, different
approaches are applied to high dimensional data and low dimensional data. This study
employed isolation forest to explicitly isolated outliers, rather than evaluating normal
points and regions through the allocation of scores to data points. Hence, the minority
status of outliers and their distinct properties were harnessed (Liu et al., 2008).
iii. Normalisation

Z-score normalisation and max-min normalisation are typically employed for data
normalisation to address the features of different scales. The researchers employed the
Min-Max normalisation to change the data to specific values in a linear fashion. The
minimum value for each feature is changed to 0, with the maximum value being altered
to 1 with all other values being transformed into decimals between 0 and 1. Equation

8.1 indicates the min-max normalisation:

Normalised(f) = m

fmax - fm'm (81)

iv. Sampling

Essential class distribution is potentially critical to effective classifier sourcing.
The distribution frequently approximate equality for all classes, however this is not true
for all applications. When the majority class markedly outnumber the remaining
minority classes this created imbalanced classification, which is problematic (He &
Garcia, 2009). Predictive accuracy evaluates classification algorithm identification of
samples from majority classes.

According to Lopez et al. (2013), there are three principal approaches: data
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resampling, algorithmic modification, and cost-sensitive learning. Resampling
incorporates oversampling and under-sampling approaches to the management of
dataset imbalance. Both over-sampling and under-sampling algorithms can equalise the
samples. However, the resultant sampling data may not be valid for the tree based
classifier generation (Peng et al., 2019). The principal issue with imbalanced datasets
is that machine learning techniques tend to overlook the minority class, thereby
impeding performance in a vital area.

SMOTE resolves dataset imbalance by oversampling the minority class, typically
by duplicating examples. However, duplications fail to add new information. In
preference, new examples can be artificially created from existing examples. Hence
SMOTE is not useful to the dataset because the anticipated neighbours are less than the
n sample. SMOTE is appliable where minority classes comprise minor disjunct and the
training model demonstrates overfit (Fernandez et al., 2018). Conversely, under-
sampling tends to generate minority sample loss (Lopez et al., 2013).

This study adapted the use of a hybrid sampling algorithm known as ALLKNN-
SMOTE (ALL-SMO), which is founded on the ALLKNN technique wherein majority
class samples are omitted and minority class samples are selected on a manual basis
using novel, randomly generated samples between the two minority class lines. This
expands the minority class samples rendering them proximate to the number of majority

class samples.

8.1.2 Feature Selection

Reduced computation time can be reduced, augmented prediction performance,
and enhanced comprehension of machine learning data or configuration recognition
applications is achieved via feature selection techniques (Chandrashekar & Sahin, 2014;
Guyon & Elisseeff, 2003). The current research selected relevant features to create
classification models through the eradication of features that are either redundant or
irrelevant, as when one of two correlated features can suitably illustrate the data.

The three major approaches to feature selection comprise the filter method, the

embedded method, and the wrapper method. Specifically, the filter method involves

108



different ranking methods using ordering to create variable selection. Appropriate
ranking criteria score the variables, whereby a threshold eliminates variables which fail
to demonstrate threshold correlation criteria and Mutual Information (MI). This ranking
system furthers appreciation of feature pertinence. This limitation is overcome by
developing a non-linear fit for targets with single variables, permitting ranking in
accordance with goodness of fit. The overfitting risk means that the use of non-linear
pre-processing, including squaring and taking the square root, can be alternated with a
simple correlation coefficient (Guyon & Elisseeff, 2003). M1 considers the dependency
measure of two variables. According to Shannon (2001), MI evaluate one random
variable’s dependence on data pertaining to another variable. Moreover, MI helps gauge
the similarities between defined independent and dependent variables. The M1 value is
zero when two variables are mutually independent. More significant dependent
variables correlate with greater Ml value.

The current research used a two-step MI-based method of filtering, applying a
Max- Relevance feature selection algorithm (Peng et al., 2005). Hence, the researchers
selected MI as the metric to eliminate extraneous features, calculating the MI between
the dependent and independent variables. These were ranked in descending order, using
a manually selected threshold value to eradicate features that added less or were
irrelevant to predictive power.

The researchers adopted the Minimum Redundancy Maximum Relevance
algorithm (mMRMR) for the second stage to compute both redundancy for each feature
pair and relevance between class and features as per Equation 8.2 (Peng et al., 2005):

) 1 o
MRMR = max| 1(i,h) - Il ;MI(Z,J) ©2)

8.1.3 Model Selection
Estimation performance is critical since it predicts unseen data performance. The

prediction of future data is problematic because it requires machine learning
applications or the creation of new algorithms. It is challenging to decide upon the most

appropriate model for all datasets. Therefore, it is preferable to avoid seeking a non-
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existent perfect model. Rather, it is more useful to opt for an insightful model that
approximates reality. P2P ETRS as a new system has a lack of multimedia data. Under
this circumstance, the researchers collected structured data (in the survey) in the form
of shallow learning models rather than deep learning models. Besides, which features
impact the P2P ETRS and how they operate needs to be considered. Hence, the most
probable prediction label must be sought. As such, the question of which label
correlates with unseen data is resolved. Most approaches do not explain why the model
predicts a given label or which features are more influential, bar the tree algorithms
(Baehrens et al., 2010). In addition, tree models are one of the easiest models to
interpret (Hara & Hayashi, 2016; Molnar, 2020).

The first experiment has two objectives: to appreciate the significance of different
features according to product choice, and to employ the tree-based model to recommend
optimal energy product-choice models. The decision tree model offers superior
interpretive qualities enabling diverse feature impacts on the recommendations.

The second experiment addresses how the recommendation accuracy rate can be
improved using CatBoost. According to Polikar (2006), ensemble approaches
frequently elevate predictive performance including overfit aversion. Given the limited
data, the learning algorithm locates multiple diverse hypotheses that accurately predict
the training data yet fail to make useful predictions regarding unseen occurrences. The
likelihood of an incorrect hypothesis being chosen is reduced by averaging different
hypotheses, thereby elevating general predictive power.

CatBoost was selected on the basis of its feature combinations and its unbiased
boosting in relation to categorical features, since the latter were amenable to the
combination as new features. CatBoost employ a greedy approach to new combinations
during the creation of new tree splits. For the first split, no combination is considered.
However, subsequent splits find CatBoost combining all present combinations using
the categorical features in the dataset. All splits are regarded as categories with two
values to be employed in combination. In terms of unbiased boosting with categorical
features, the target statistics methods can transform categorical features into numerical

values, causing the distribution to deviate from the initial distribution, evading to a

110



deviation in the solution. This issue is unavoidable with conventional GBDT
approaches. Hence, the researchers made comparisons with alternative algorithms,
including the decision tree employed in experiment one and XGBoost, AdaBoost, and
RF.

Nevertheless, there is no guarantee that the selection of the model founded a fit
index value and the addition of penalty related to the number of parameters will
constitute a reasonable model; identifying a reasonable model is only possible when
parsimonious models are considered. Human judgement alone cannot achieve this and
must be overruled by mechanical data analytic procedure that evaluates the model’s fit

(Browne, 2000).

8.1.4 Model Evaluation

8.1.4.1 K-fold Cross Validation (CV)
During the model selection process, the training set creates the model. Meanwhile,

the classifier hyperparameters are altered to confirm model stability and avert model
overfitting to the training data. By applying K-fold CV, it is possible to augment the
accuracy of predictions and retain bias (Kim, 2009; Molinaro et al., 2005). This
approach was used at both the model regularisation and evaluation stages. VC is
otherwise known as rotation estimate and comprises an adjunct to the hold-out approach.
Moreover, it augments training data. The simplest cross-validation technique
commences with two folds, within which the dataset is separated into a training
component and a testing component. Subsequently, the test dataset is exchanged for the
training dataset.

The complete dataset for the K-fold cross-validation is divided equally into K
partitions. To process the valuation, diverse K-1 partitions were employed as training
data, the rest of the partitions being used as validation data. Equation 8.3 illustrates the
error as follows:

B = (3 — plx:) ©3)
ik .
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where p() denotes the model prediction, k signifies the k" part of evaluation
data. Once the errors are taken into account, it is possible to develop the cross-validate

error as per Equation 8.4:

K

1
cv=-—YE
K ; (8.4)

In each iteration, the dataset was evaluated via the section of one-fold/partition.
The remaining partitions were used in the training dataset. This procedure was
reiterated k times. The k-fold cross-validation with a 5-fold and 10-fold cross-validation
is the most popularly applied. When the choice of fold numbers is made, a larger k
produces reduced bias and increased model variance. Leave-one-out is the most
comprehensive computation method. When employed with k-fold cross-validation, it
increases enhancement through the establishment of k = N, wherein N denotes the
number of samples within the dataset (Hastie et al., 2009). The precision of the model
is evaluated as the accuracy average of the k model. It was deemed desirable to use 5-
fold cross-validation for the hyperparameter optimisation in the current study. However,

with smaller samples, the leave-one-out cross-validation would be suitable.

8.1.4.2 Classification Accuracy
A P2P energy trading environment must first be built or simulated that has public

data gathered from the online survey. A new system framework was then recommended
to resolve the existing energy trading systems’ weakness as well as enhance the trading
experience. For determining the model best suited to the new system, various criteria
had to be applied for assessing the model performance such as the precision, multiclass
classification accuracy, F score, ROC curve, and recall. Typically, a model that has the
highest accuracy rate or the lowest error rate is preferred. Accuracy or error rates by
themselves do not confirm that the test model will perform efficiently, and other
measurements can also help compare the different models’ performances. There are

various measures, but no perfect measure has been identified that can be regarded as
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ideal in all situations (Stehman, 1997). It is necessary to construct or simulate a P2P
energy trading environment in accordance with public data extracted from the online
survey.
a. Confusion matrix
The confusion matrix comprises the raw output produced by the classification
model; the output indicates correct and incorrect classification. Table 8.1 presents
the confusion matrix for multi class classifiers, wherein the first row in column one
(Class A) comprises the True Positive (TP) value for Class A. The confusion matrix

diagonal values indicate the TPs for columns two, three, and four.

Table 8.1 Examples of confusion matrix

Class A Class B Class C Class D
Class A TPAA(LL) €AB(1,2) EAC(1,3) €AD(1,4)
Class B eBA(2,1) TPBB(2,2) €BC(2,3) €BD(2,4)
Class C €CA(3,1) €CB(3,2) TPcC(3,3) €CD(3.4)
Class D eDA(4,1) eDB(4,2) eDC(4,3) TPDD(4,4)

The ratio of the sum of the main diagonal values to the total confusion matrix
values denotes the multi class classifier accuracy. Where cm represents the
confusion matrix, classification accuracy Acc is presented in the following Equation

(8.5):

N
i— C’az
ACCCT,‘I _ ( Z i=1 )

PIAND DAY oY (8.5)

where N comprises the number of classes, i signifies the row index, and j indicates the
column index for the confusion matrix cm. The classifier Error Rate (ER) comprises

the complement of the Acc, which is 1- Acc.

b. ROC Curve
Different measurements of scalar values, such as accuracy, sensitivity, and

specificity, denote the classification performance. Whilst straightforward in application,
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classifier comparisons are problematic in that they are sensitive to imbalances in data
and overlook performance in some classes. Receiver operating characteristics (ROC),
Precision-Recall curves, and other graphical evaluation methods interpret classification
performance differently (Tharwat, 2020). The curve denotes a plot which indicates
classifier performance wherein TP is plotted in opposition to FP at different thresholds.
Hence, diagnostic rule or classification performance can be shown (Swets, 1988). ROC
can evaluation skew sensitivity and provide geometric information regarding the

composition of metrics and the skew sensitivity (Powers, 2020).
c. Precision and F-score

In instances where TP is true positive, then TN is true negative, FP is false positive,
and FN is false negative FN. Nevertheless, precision is indicative of how many
predicted positive cases are real positives, as per the following equation (Equation 8.6):

|TP|

|FP|+|TP| (8.6)

Precision =

The F-measure indicates the harmonic mean of TP rate (TPR) and possesses
positive predictive value since it demonstrated a combination of precision and recall
(Buckland & Gey, 1994). The F-score represents improved accuracy in that it
accommodates class discrimination. The maximum value of F-score comprises 1 and
the minimum value of F-score is 0. The F-Score formula is presented in Equation 8.7,

as follows:

Fscore — 2 x ( precision x recall )

precision + recall

(8.7)
8.1.5 Model Interpretation
Feature importance reveals which features impact the P2P ETRS and how they

interact to influence P2P ETRS. This allows the researchers not only to introduce
greater confidence to their model prediction but also to identify problematic behaviour
(Hooker et al., 2018). Post-modelling interpretability illuminates the impact of features

on prediction results and reveal how sensitive the model is to certain features. The
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methods available in this respect include partial dependence plots (Friedman, 2001),
individual conditional expectation plots (Goldstein et al., 2015), and SHAP values
(Lundberg et al., 2018). Previous studies have incorporated different classification
algorithms to determine feature importance, including Gromping (2007) use of the
linear regression framework to distinguish between different variance decomposition-
based indicators, including dispersion importance and level or theoretical importance,
in order to quantify reported variance or response changes for each regressor. Moreover,
as noted by Pampel (2000), Logistic Regression provides a robust evaluation of how
groups of independent impact a binary outcome. This is achieved by quantifying the
unique contribution made by each variable.

Using these approaches allows the correlation between each feature and the
modelled prediction to be quantified or envisioned in the absence of information about
the target variable’s true value. The researchers employed the SHAP value to interpret
the models in the current study in order to gauge feature impacts in accordance with
Shapley (1953) coalition game theory, as refined with generalisations and visualisations
by (Lundberg et al., 2018). Datta et al. (2016) also conducted similar research, not only
postulating a generalised concept of interest quantity for the characteristic functions of
the Shapley value, but also emphasising the joint and marginal influence of feature sets.
Most algorithms, bar plot visualisations, fail to explain outcomes. However, it is
preferable to acquire an appreciation of the input features the obliged to nonlinear
machine to produce its results for each separate data point, as observed by (Baehrens et

al., 2010).

8.2 Decision Tree-Based P2P ETRS

DT can generate a pattern that can effectively clarify the options and provide
information about their potential outcomes. Moreover, as highlighted by Waheed et al.
(2006), they are helpful in deriving an objective overview of the risks and benefits of

each option.
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This study firstly puts forward a DT based P2P ETRS, which entails a two-step
filtering process for method of selection. This eradicates redundant and irrelevant
aspects and utilizes a DT classifier for consumer decision-making that brings
interpretability, transparency, and efficiency to the process. In order to support high
scalability, a massive collection of real-world data from two diverse case study regions
is employed for system evaluation. This research has two primary aims: firstly, to
examine the various features in the P2P ETRS; and secondly, to construct superior
decision choice models. The suggested machine learning techniques were used in this
study to determine energy platform choice processes that are not yet understood. SHAP
values were produced from the models to illustrate the output classes to facilitate

interpretation for the decision-maker.

8.2.1 Representation of the Datasets

As mentioned in Chapter 7, there are six components including functional value,
conditional value, social value, emotional value, epistemic value, and selection of
products. Except the demographic information, building information and energy
consumption information under the conditional value, all the other features’ groups are
categorical features. The 7 scale (ranking from 1 to 7) questions are used to mark the
trading behaviour, which decides its numeric character. The target column is the choice
of the trading platform which includes 5 types and the distribution of the 5 class are
illustrated in Figure 8.1. In this figure, numbers 1 to 5 represent hybrid platforms,

retailing platforms, vendor platforms, blockchain platforms, and community platforms.

Chinese Dataset Western Dataset
300 200

200 150
o | 11 .11
‘A n © i
1 2 3 4 5 1 2 3 4 5

Figure 8.1 Distribution of the platform choice
8.2.2 Data Pre-Processing
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Following the application of the initial regroup, the min-max normalisation was
employed to normalise the variables. Outliers and extremes are usually found in the
data set; they need to be identified and removed to reduce the variance of the model.
For the Chinese dataset, they were obtained during the data entry process by combining
an automatic script to detect 123 outliers. For the Western dataset, on the other hand,
208 outliers were found by manual inspection. They were replaced manually by using
the original values from the corresponding questionnaires.

Additionally, in the two datasets, the ALL-SMO approach was employed. Hence,
equilibrium is established between the positive and negative class samples, as seen in
Table 8.2. This technique tackles the issue of under-sampling, wherein excessive data
is lost, and over-sampling problems are addressed, wherein excessive noisy data is
produced. ALLKNN-SMOTE (ALL-SMO) both eliminates noise and duplication in
majority class samples and results in balanced sampling through the addition of a
limited number of effective minority class samples, thereby keeping valuable sample

information pertaining to the majority class.

Table 8.2 Sample change from ALL-SMOTE

Original imbalanced data

New balanced data

Number of minorities

128

385

Number of majorities

740

385

Percentage of minorities

14.74%

50%

Percentage of majorities

85.26%

50%

Total number

868

770

Also, as Figure 8.2 depicts, following the imbalanced process, the accuracy of the

data classification is improved (Figure 8.2a) in comparison to its unprocessed state

(Figure 8.2b). Hence, the resampling dataset with ALL-SMOTE is used.
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Figure 8.2 Accuracy on ALL-SMOTE imbalanced classification sampling

8.2.3 Feature Selection

To examine whether specific features aid in enhancing recommendation accuracy
and reduce the user input in the user profile construction. Hence, feature selection was
employed to assess if adjusting features can affect the classification accuracy.
Following the cleaning and transforming of the dataset, the two-step MI-based filtering
approach was applied (as detailed in 8.1.2), filtering out irrelevant features from the
dataset. As Genuer et al. (2010) emphasise, the quantification of the variable
significance is key for both ranking the variables prior to the application of a stepwise
estimation model, and for interpreting the data and comprehending the underlying
elements of many applied issues. Thus, in step one, a Max-Relevance feature selection

algorithm was applied (as shown in algorithm 8.1) to filter out irrelevant features.

The MI score between each independent and dependent variable was calculated,
and subsequently they were ranked in descending order and a threshold value of 0.1
was implemented to remove the features that made less significant contributions or
were unconnected to predictive power. 0.1 is used as the threshold value rather than 0.2
because too many features cannot be removed at once. Figure 8.3 below shows that the
same threshold was used on the two different datasets. The data sets removed features
with an M1 value lower than the threshold line, meaning that the remaining content of

the two datasets were diverse.
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Algorithm 8.1 Max-Relevance

Input: Discretized data d, class ¢
Output: feature set F

1: s = size(d);

2:fori=1sdo

3: relevance(i) = mutual_info(d(:, i), ¢);
4: end for

5: return sort (relevance, ‘descend’);

MI value of the product-Chinese dataset MI value of the product-Western dataset
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—— Ml value 035 { — Mivalue
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015 015
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2 LN R

0.00

MI values
MI values

35 0 5 10 15 20 5 0 35
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Figure 8.3 The MI values for each feature in each dataset

In accordance with Peng et al. (2005), in step 2 the minimum redundancy
maximum relevance (MRMR) algorithm was applied based on minimal redundancy and
maximal relevant criteria to filter out redundant features from the dataset. mMRMR
determines the redundancy for every pair of features and the relevance between features
and class. In this study, MI was only considered for discrete variables and in mMRMR

form, as shown in algorithm 8.2.

Algorithm 8.2 Minimum Redundancy Maximum Relevance (MRMR)

Input: Discretized data d, class ¢, max number of features
QOutput: Selected feature set F.

1: s = size(d)

2: fori=1:sdo

3: relevance(i) = MI(d(:, i), ¢);

4: end for

5:idx = sort(relevance, ‘descend’);

6: F(1) = idx(1);

119



7: idx_left = idx(2: max number of feature)
8: for p=2:sdo

9: n = length(idx_left);

10: last_fea = length(F);

11:  for k=1:n do

12: mi(p) = mutual_info(F, c)

13: redun(idx_left(p), least_fea) = mutual_info(F, c);
14: redun_mi(i) = sum(redun(idxleft(i), :)) / last_fea;
15: end for

16: [G, F(p)] = max( mi(L: n) - redun_mi(1: n));
17: ¢_mi(p) = G;

18: tmp_idx = F(p);

19: F(p) = idx_left(tmpidx);

20: idx_left(tmp_idx) = [];

21: end for

8.2.4 Classification and Model Construction with a DT
As the redundant and irrelevant features were filtered out, DT was selected as the

classifier to build pertinent models. The justification for selecting DT models is that
they facilitate superior interpretability; under the research objectives of this study, the
goal is to comprehend how various features build the model. As discussed in the
literature review, there are clear differences between decision tree algorithms. CART
was deemed the most suitable classifier for this study, as one highly beneficial aspect
of this algorithm is its cross-validation feature, as highlighted by Breiman et al. (1984),
which can be used to identify overfitting. This is important, as not doing so is
detrimental to future prediction.

Generally, there are two steps to build decision trees from examples. The first step
involves training data being utilised to grow a decision tree, and the second step, as
noted by Kim and Koehler (1995), entails pruning, which is the process of reducing the
tree to prevent overfitting. Pruning is comprised of pre- and post-pruning processes.
Pre-pruning involves methods of early stopping; for instance, the construction of the
tree is stopped before it is fully grown. Mehta et al. (1995) describe post-pruning as
growing the tree in full and subsequently trimming its nodes in a bottom-up manner.

The pre-pruning approach is applied in this model based P2P ETRS. Cost-complexity
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pruning (CCP) was implemented by sequentially collapsing the node that generates the
smallest per node rise in the error/cost, while simultaneously assessing the overall
complexity (i.e., size) of the tree to ascertain the optimum pruned tree that minimises
the cost-complexity function. CCP produces a series of trees TO...Tm, where TO is the
initial tree and Tm is the root itself. At step i, the tree is produced by taking a subtree
from tree i-1 and inserting a leaf node in its place with value selected as per the tree
construction algorithm. The pruning progresses by completing the creation of an
ordered sequence and establishing the leaf node classes. When a tree T is pruned at
node t, there is an apparent rise in the error rate E(t) —R(T.), and a reduction in the
number of leaves Nz -1,

Subsequently, as illustrated below in equation 8.8, the apparent error rate of each
pruned leaf is calculated to increase. Conversely, the error estimate allocated to a
subtree is the re-substitution error plus a factor a times the subtree size. The distinct a
value that alter the tree size can be calculated using an efficient search algorithm.
Additionally, the parameter is selected for the purpose of minimising the error on a
holdout sample or utilising cross-validation. Following the identification of the optimal
a value, the whole training set is used to grow the tree and it is then pruned with this
value. In this study, the holdout method is used in the experiments, holding back 20%

of the training set to estimate the optimum a parameter.
_ R(t) — R(T})
INg,| 1 (8.8)

8.2.5 Dataset Setting
In this study’s experiment, the Chinese and Western datasets are tested. These

datasets encompass four diverse feature groups and 41 different features. To facilitate
comparison, when the datasets were collected, the features were set in each one. Table

8.3 below gives a general overview of the features in question.
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Table 8.3 Feature allocation for training

Feature group Functional Conditional Social Value Emotion Value Epistemic Value
Value Value
Number of Features 7 25 5 2 2

Scikit-learn 0.24.2 was used in this experiment to store and process
recommendation models. The experiment was run ten times for each platform selection
category, with an identical setup for each platform choice category. Randomised
permutation and a stratified sampling method were applied to the dataset for each
repetition to ensure homogeneity and heterogeneity within and between the strata,
respectively.

Furthermore, a holdout sampling method was employed to divide the data into two
partitions: 70% to be used as a training set and 30% to be used to test the models’ actual
performance. To ascertain the optimal parameters and evaluate the performance of the
model, a stratified ten-fold cross-validation approached was used for the training set,
which involved 5-fold CV. The minimum number of instances per leaf was set at 2.
The classification accuracies of the training and validating sets of the various repetitions
were averaged. The model with the highest mean validation classification accuracy and
the smallest tree size, and that was not overtrained (meaning that the mean accuracy of
the validation set was less than or equal to the mean accuracy of the training set) was
deemed to be the optimum model.

Equation 8.9 below defines the decision trees’ loss function. The decision tree
grows recursively, and the recursive process finishes when it achieves maximum depth

or when the purity of the data can no longer be decreased by splitting nodes.

Mright

J(ka tk) =

Gright

b Gheft/right measures the impurity of the left /right subset,
where
Miett/right 1S the number of instances in the left /right subset. (8.9)

However, initially, for the hyperparameter searching, the pre pruned maximum
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depth is 3 to best avoid overfitting. Figure 8.4 depicts the change in decision tree
platform with the maximum depth. When the maximum depth is 5, the testing score
(represented by the blue line) rises with the increase in training points. It grows to a
relatively high score of 0.85, thereby demonstrating the generalisability of the model.
The training score (represented by the red line) reaches and remains constant at almost
0.92; thus, it 1s a good fit for the model and reaches a relatively high score. The testing
score has two important stages where the rates of change differ.

Firstly, is the positive rate of change which endures until the maximum death is
approximately 3, and secondly the rate of increase of the training points is very high
until a maximum depth of five. Another is a maximum depth of between 5 to 10, where
the rate remains constant, indicating that further training is not meaningful. Therefore,
if the maximum depth is below 5, adding more training depth will certainly enhance
the score, whereas if it exceeds 5, the rate plateaus, thus it is not particularly beneficial.
In the Western dataset, the maximum depth is 4, and if it exceeds this, overfitting occurs.
However, to facilitate ease of interpretation, the maximum depth was selected at 3, as

when it is at 5 the tree becomes too big and complex for the decision-maker to

comprehend.
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Figure 8.4 Decision Tree complexity performance

8.2.6 Experiment Result and Evaluation

Figure 8.5 below illustrates the classification accuracy of the initial n-selected
features of each dataset. The classification accuracy of each dataset encompasses the

mean classification accuracy of the training set, the validating set, and the test set with
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the minimised apparent error. In the Chinese dataset, it was found that the classification
accuracy rate is significantly enhanced by amalgamating additional features.

In contrast to the Chinese dataset, when more features were added in the Western
dataset, the accuracy rate remains between 50% and 60%. This is the case even when
features continue to be added to the model, and these features do not offer any material
relevance to the predicted class and the model is vulnerable to overfitting. Hence, the
number of features selected is 5, while the training accuracy and test accuracy have the

shortest distance.
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Figure 8.5 Feature numbers with classification accuracy

In terms of the classification accuracy rate, the models’ performance is assessed
with the use of a confusion matrix, precision, recall, and F-measure. In addition, for the
purpose of enhanced visualisation and interpretation of the models’ performance, this
study employs ROC curves and calculates AUC values. This is illustrated in Tables 8.4
and 8.5, which are the confusion matrices of both datasets. The bold font signifies
correctly classified occurrences.

As shown in Table 8.6, it was found that the precision, recall, and F-measure is
higher in the Chinese dataset than in the Western dataset. Furthermore, as Table 8.4
demonstrates, platform four was seriously misclassified in the confusion matrix, which
resulted in the low classification accuracy. There are two primary reasons for this:

firstly, the sample size of the Western dataset is inadequate, and secondly, the
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categories have a high ratio in the imbalanced class. Moreover, these models do not

contain any associated significant features to classify the platform similarity.

Table 8.4 Confusion matrix for the test dataset - Chinese dataset

Platform 1 Platform 2 Platform 3 Platform 4 Platform 5
Platform 1 50 1 0 1 2
Platform 2 0 22 0 0 1
Platform 3 2 0 43 4 0
Platform 4 1 0 0 49 6
Platform 5 1 1 0 21 56

Table 8.5 Confusion matrix of the decision tree - Western dataset

Platform 1 Platform 2 Platform 3 Platform 4 Platform 5
Platform 1 10 1 9 0 0
Platform 2 2 32 1 1 4
Platform 3 2 2 43 2 6
Platform 4 0 5 0 10 2
Platform 5 0 2 4 3 37

Table 8.6 The precision, recall, and F-measure of each dataset

Dataset Precision Recall F-score
Chinese Dataset 0.861040 0.842912 0.845494
Western Dataset 0.644916 0.685393 0.660597

For each dataset, the plot of the ROC curve shows the TP rate (sensitivity) against
the FP rate (specificity). In addition, the plots show the area under the curve (AUC). In
Figure 8.6, the classifier is not capable of discerning platform 3 from other destinations.

Platform 3 shows an AUC of 0.48, which is an improvement of 0.28 on the random
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guessing. Platform 1 shows the highest AUC value in both the Chinese and Western

datasets, at 0.94 and 0.86, respectively.
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Figure 8.6 ROC curve summarizes the performance of the DT Algorithm

8.2.7 Model Interpretation

The SHAP value was used to investigate different features that contribute to the
target column. Each model is explained utilising SHAP values to ascertain feature
significance and the relevance of both the Chinese and Western datasets. SHAP values
are calculated for each classifier using the KernelSHAP method (detailed in 8.1.5),
which is available in the Lundburg-published SHAP Python package!. The same
models were applied in a multiclass classification framework to enable the evaluation
of the contribution of features for every class. In this case, each model is trained to
predict one of the five platform classes.

From the global interpretability, the SHAP value can identify the contribution of
each predictor. The vendor platform is represented by class 0, the retailing platform by
class 1, the hybrid platform by class 2, the community platform by class 3, and the
blockchain platform by class 4.

Figure 8.7 demonstrates that the feeling of uncertainty was most impactful to the
vendor platforms, whilst also being significant to the community and blockchain
platforms. House Status is shown to affect the Hybrid, community, and blockchain

platforms. In addition, the vendor and retailing platforms are impacted by income.

1 https://github.com/slundberg/shap
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Figure 8.7 SHAP values plot explaining the DT classifier prediction of all classes -
Chinese Dataset

Likewise, for the Western dataset, as shown in Figure 8.8 below, sustainability
made the greatest contribution to the blockchain platform, whereas it seldom affected
the community platforms. Additionally, income was significant to the retailing platform

and vender platform. Novelty seeking plays a role in the blockchain and hybrid

platforms.
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Figure 8.8 SHAP values plot explaining the DT classifier prediction of all classes -
Western Dataset

8.3 Ensemble-Based P2P ETRS

8.3.1 Model Constructions
The second experiment focused on ensemble learning. The aim is to address

whether ensemble learning can enhance the effectiveness of the classification
performance of the DT-based P2P ETRS. The ability of an ensemble to generalise is
usually substantially higher than that of base learners (Zhou, 2009). Ensemble learning,
on the one hand, bagging can decompose the bias-variance, such as RF, which can
considerably lower the variance, making it better suited to learners with high variance.
On the other hand, boosting may considerably reduce bias while also reducing variance,
therefore it is usually more effective on weak learners like decision trees. However, it

is necessary to be noticed that while ensemble learning can potentially improve
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prediction performance and robustness, it is not guaranteed (Dietterich, 2000). Also, as
discussed, overfitting is the most prevalent challenge that arises in the DT; therefore, in
line with the tree model, a random forest (RF) algorithm and three gradient boosting
variants, namely XGBoost, AdaBoost and CatBoost, were used to establish whether the
model is optimal in this study.

An RF is comprised of numerous DT classifiers and utilises Breiman (2001)
“bagging” concept to group many DTs into a single robust model. It employs the self-
help method, which is referred to as bootstrap resampling technology, to create new
training sample sets from the original training samples of N by selecting random k (k <
N) sets of samples repeatedly. In comparison with other classifiers, RF utilises an
amalgamation of classifiers which greatly decreases the rate of generalisation error and
enhances the prediction capability of the model. It is possible that some samples may
be collected more than once throughout the overall sampling process. In each round of
the random sampling of bagging, approximately 36.8% of the training data will not be
sampled, which Breiman (1996) calls out-of-bag (OOB) data. While this OOB data
does not contribute to the model fitting during training, it can later be used to ascertain
the models’ generalisation capability.

In this experiment, OOB was used to calculate the models’ generalisation. If the
OOB error rate rises with the tree trained on both datasets, both trees will be removed,
and new subsamples of the partially labelled dataset will be generated at random to train
new trees. This method enables a subset comprised of too much noisy data to be
disregarded and a new one produced; essentially, this means that noisy data can be
identified and ignored. For this algorithm, two hyperparameters are defined: firstly, the
maximum training times, and secondly, the bootstrap aggregating ratio. In this
experiment, k-fold evaluation is used to ascertain the optimum values for each
hyperparameter, and in most scenarios, the aggregation ratio was set at 0.6 and the
maximum training times at 50.

In the RF, each feature chosen is generated at random from all m features, which
itself has decreased the risk and propensity of overfitting. The model will not be

established by eigenvalues or combinations of features. The higher level of randomness
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will not indefinitely enhance the control of the fitting ability of the model. Furthermore,
in contrast to ordinary DTs, RF improves their foundation. According to G. Huang et
al. (2019), with an ordinary DT, it is necessary to select an optimal feature from all m
sample features on the node for the left and right subtree divisions of the DT. However,
in an RF, each tree is a component of selected features. The best feature is chosen from
these several features to separate the left and right subtrees of the DT, thereby
increasing the randomness impact and generalisation capability of the model. Assuming
that for each tree, m sub-features are selected, the smaller the m sub, the poorer the
fitting degree of the model to the training set. While this increases the bias, it means
that the generalisation capability will be stronger, and the discrepancy in the model will
be reduced.

The general idea of the boosting method is to build a strong learner from a set of
weak learners. Boosting functions by training a set of learners consecutively, and then
amalgamating them for prediction purposes. Later, learners become stronger and
concentrate on the errors of earlier learners to a greater degree. During the training stage,
the initial weight of each training sample is equally allocated. For each round of
boosting, the model is trained by the training set and error calculation is performed.

Next, the alpha value is used to update the weight. This process goes on until the
last classifier has been trained. The weighted sum of the M classifiers is used to
calculate the final model. Furthermore, the weight of the inaccurately classified sample
rises. In this study, CatBoost, which supports multiclass problems by selecting the class
that has the highest total vote, was applied. As per Ferov and Modry (2016), base
predictors are oblivious DTs in CatBoost. In this context, ‘oblivious’ refers to an
identical splitting criterion being employed across a whole level of the tree. In this case,
the trees are balanced, have a lower propensity for overfitting, and enable a much faster
performance at testing time. Constructing a tree in CatBoost is similar to a standard
GBDT process; however, Prokhorenkova et al. (2017) assert that categorical features
maintains s supporting models M, corresponding to TS based on ol , .. ., os.

Therefore, the last function of the CatBoost algorithm is expressed as follows:
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Where M is the number of training examples, K is the number of classes; yX is

the target label for training example m for class k; x,, is the input for training example

m; w,’;"wfn is the marginal cost of a false negative over a true positive; and “=es is the

marginal cost of a false positive of class k’ over a true negative, when the true positive
is k. As they signify true negatives rather than false positives, the false positive matrix
Wperp Nas vacant values along the main diagonal. In the context of probabilistic false
positives, this matrix and its related triple summation in the loss function is the core of

modelling additional loss.

8.3.2 Experiment Result and Evaluation

As depicted in Figure 8.9, the ROC curve plots show several aspects. Firstly, the
classifier can discern all the class classifications in the Chinese dataset. Secondly, it
cannot discern class 3 from other classes. Class 3 presents a lower accuracy of 48% in
CatBoost, AdaBoost, and XGBoost. Class 1 shows the highest level of accuracy across
all datasets. In this study, accuracy is prioritised over recall in the Chinese dataset, and
vice versa in the Western dataset. Hence, classes that achieve high true positive rates
while maintaining low false-positive rates, such as the destinations, are considered.
Thirdly, there are comparable performances between XGBoost and CatBoost, which
determined that the links between the number of trees and changes in the classification
accuracy should be examined.

In this experiment, it is assumed that the numbers of trees in the RF are 20, 40, 60,
80, 100, 120, and 140. Hou et al. (2019) assert that typically, when the number of DTs
in an RF increase, so too does the classification accuracy of the RF algorithm. The
Chinese dataset results for this experiment are presented in Figure 8.10. Per the

experimental results, with the exception of CatBoost, there is minimal fluctuation in the
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classification accuracy of the ensemble-based algorithm for both datasets as the number
of DTs changes. When the number of DTs is less than 10, the classification accuracy
of the CB and RF algorithms put forward in this study is lower for both datasets. For
the Chinese dataset, the classification accuracy of the CB and XGBoost algorithms rises
as the number of trees increases, and when the number of trees is 130, the classification
accuracy is at its maximum. For the Western dataset, the CB accuracy is highest when
the number of trees is 110, and the CB algorithms’ classification accuracy is superior

to the other three algorithms.
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Figure 8.9 ROC curve summarizes the performances of the ensemble-based models
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Figure 8.10 Impact of tree number on classification accuracy of the Chinese Dataset

CatBoost produced the best classification impact for the multiclass classification
of all the ensembled models; therefore, CatBoost was selected as the best model. Loss
errors were also tested with the increasing epochs. As depicted in Figure 8.11, when
the number of iterations reaches 400, the model stops converging. For the two data sets,
the loss function value decreases as the iterations increase. Evidently, the Western
curves fluctuate more than the Chinese curves. As presented in Table 8.7, the accuracy
of the Chinese dataset is 0.943 at 400 iterations, the depth is 8, and the learning rate is
0.1. In the Western dataset, the accuracy is 0.798 with CatBoost.
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Table 8.7 The precision, recall, and F-measure of each dataset
Ensemble models
Dataset Classification Accuracy
Precision Recall F-Score
RF XGB cB ADA RF XGB cB ADA RF XGB cB ADA
Chinese 0.882 0.939 0.943 0.932 0.881 0.938 0.943 0.931 0.881 0.938 0942 | 0.931
Western | 0.74 0.717 0.743 0.717 0.758 0.764 0.798 0.764 0.7227 0.737 0.766 | 0.735

8.4 Discussion

The purpose of this chapter is to show that the proposed user profile strategy is

effective. To do so, this section discussed how the amins was achieved one point by

pone point.

8.4.1 Propose and Evaluate the Recommendation Model

In this study, a DT-based P2P ETRS that proposes 5 platforms to trading users was

developed. It utilises a set of features and these five categories are categorised

according to relevant energy consumption and trading mediations knowledge, which

enhances the classification accuracy rate and decreases the DT’s complexity level. The

classification accuracies were recorded at 86% and 64% in the Chinese and Western

datasets, respectively. In the Chinese dataset, a classification accuracy rate of 94% was
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achieved for the retailing classification, and 72% for the blockchain classification.
Conversely, in the Western dataset, a classification accuracy rate of 86% was obtained
for the blockchain classification and 48% for the hybrid classification.

To test whether the ensemble learning tree models increase the accuracy, the
second experiment was conducted on the following four classifiers: (i) random forest,
(if) AdaBoost, (iii) XGBoost, and (iv) CatBoost. The primary finding is that bagging
performed significantly weaker than boosting and the base learner. The results indicated
that there were no statistically material differences between the boosting method and
the individual models. Boosting classifiers demonstrated a marked improvement over
the base learner, decision tree. The boosting methods’ superior performance to the DT
classifiers can be attributed to DTs sensitivity to perturbation on the training samples,
in addition to their status as unstable learners. Furthermore, the results found CatBoost
to be the most effective classifier for enhancing from the baseline classifier, DT,
whereas DT was the weakest classifier.

In general, the classification accuracy is improved by using ensemble models.
Based on the summary of the results, if the primary focus is the overall performance of
the models in predicting platforms, CatBoost achieved the highest results using
significant features. The performance of ensemble models is also compared using all
features and using important features as input. Tree-based ensembles showed better
performance to predict platform choice due to their ability to learn non-linear solutions
and these models can be scaled on large datasets; boosting the algorithm corrects
previous mistakes by the model and subsequently improves the performance by
rectifying previous results and enhancing the performance (Bauer & Kohavi, 1999;

Zhang & Haghani, 2015).

8.4.2 Reducing the Amount of User Input
Reducing the user input is important for the user profile construction strategy, as it

can mitigate the risk of user information exposure and user information exiting in the

primary entry. Thus, feature selection is the best solution to reduce user input.
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There was no significant meaning in improving recommendation accuracy to limit
the factors in the Chinese dataset shown in Figure 8.5. The experimental results from
8.5a indicate that combining consumption value factors improves the recommendation
accuracy on the Chinese dataset, however it does not matter as much in the Western
dataset (8.5b). This suggests that the Chinese database has a more evenly distributed
influence on final product choice across features on trading behaviour. Still, the
Western database, with features on consumption value, has a more dispersed influence.

Regarding the performance of the feature-selection algorithms, the mRMR
algorithm is useful for the western dataset but not for the Chinese dataset. Experiment
one identified only 5 features which are important to the western model within mMRMR.
Meanwhile, 20 significant features in the Chinese dataset were selected, almost half of
all of the available features, as the number of the features cannot influence the accuracy
of the model.

DT has its own advantages on interpretation, however there is a risk of overfitting
(Bramer, 2007). Significant features that are a subset of the original feature set are
identified by DT. DT, combined with significant features, not only improves prediction
performance but also reduces the cost of the data collection. There are 42 features
regarding the trading performance dataset to measure the predictive platform choice.
Considering 5 important variables identified by DT significantly improves the

prediction process of platform selection on the western dataset.

8.4.3 Analysing P2P Energy Trading Products Selection Behaviour with TCV

Figures 8.12 and 8.13 demonstrate the importance of features in the Chinese and
Western datasets. Feature importance decides features are finally selected for the RS;
in other words, extracted factors are important to the system. Figure 8.12 suggests the
five most influential factors for Chinese energy trading users are their feeling of
uncertainty towards energy trading products, house status, income level, service quality,

and economic benefits.

Feeling of uncertainty

135



As evident in Figure 8.12, feeling of security is the most important feature for
Chinese participants. This means Chinese participants are more influenced by emotion
values when they select the P2P energy product. The feeling of security can decide the
trust development of consumers; trust can further influence a consumer’s selection of
technological products or services (Kesharwani & Bisht, 2012). This finding aligns with
previous literature that emotion can influence consumer behaviour, such as product
selection (He & Mukherjee, 2007; Khan & Mohsin, 2017; Liu et al., 2021; Mazaheri et
al., 2011; Quintal et al., 2010).

House status

The results suggest that house status can influence Chinese consumers decision
when selecting energy trading products. House status decides to what extent consumers
can alter their house and the price of the installation and usage. This finding aligns with
previous literature that building information can affect the economic consideration of
the adoption of a renewable energy products and further influence consumers’

behaviour (Coffman et al., 2018; Sommerfeld et al., 2017)

Income level

As one of the most important demographic aspects in conditional value, income
level is a determinant for Chinese consumers to select an energy trading platform.
According to the study by Barbose et al. (2018), residents with a higher income level
are more likely to adopt green products than those with a lower income level. This
finding also aligns with previous literature on how income level influences the selection

of various products (Liu & Zhang, 2020; Maamor et al., 2016; Samukange et al., 2020).

Service quality

Figure 8.12 illustrates that Chinese consumers pay more attention to service quality
than other dimensions of system benefit, such as information quality and system quality,
which aligns with the findings of previous literature. As a service, energy trading
platforms must respond promptly when systems fail or customers have problems using
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those systems (Buchanan & McMenemy, 2012; DelLone & McLean, 1992). The
importance of service quality is also consistent with the finding that Chinese consumers’

feeling of uncertainty can influence their selection of products as discussed above.

Economic benefits

Economic benefits involve two aspects: the price of using a certain energy trading
product and how much money consumers can save using the platform. This finding
aligns with the ISS model and classic economic utility theory (DeLone & McLean,
1992; Stigler, 1950). The change in price and money saved leads to the change in net
utility. For example, when price increases and other dimensions stay the same, the net
utility of using the product decreases. Consumers’ behaviour may change according to
how they perceived the change in net utility (Buczynski, 2013; Gansky, 2010; Hennig-
Thurau et al., 2007; Lamberton & Rose, 2012).

Sustainability consideration

As showed in Figure 8.13, western consumers consider environment sustainability
as an important factor when selecting energy trading platforms. One of the most
important reasons why people prefer energy trading to traditional energy suppliers are
the beneficial impacts of energy trading on protecting the environment (Botsman &
Rogers, 2010). Previous study reveals that consumer purchase behaviour involved the
sustainably concern and that customers have become more cognizant of picking
environmentally friendly products (de Medeiros & Ribeiro, 2017; Panda et al., 2020).
This means the sustainability itself is included as part of the intrinsic value of the
product and thus, for the western respondents, the fundamental motivation to select the
products is sustainability. With more awareness of environment pressure, people tend
to choose environment friendly products (Gansky, 2010; Goyal, 2017; Shabbir et al.,
2020)

Cultural aspect: individualism-collectivism
The results indicate the individualism or collectivism level of Western consumers
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can influence their choice of energy trading platforms. This dimension of culture,
proposed by (Hofstede, 1980), measures how consumers feel regarding the relationship
between themselves and the societies around them. The results show that the
collectivism level of Western consumers have an essential impact on their energy
trading products selection. Aligning with the previous finding on the environment
sustainability, collectivistic consumers are more likely to consider the environment
around them and other members in the community (Hui & Triandis, 1986; Singelis et
al., 1995).

Source of experience and reasons for consumption between individualistic and
collectivist societies is informed differently when collaboratively consuming (Hamari
et al., 2016); when individualistic cultures have individual motivation to engage in
collaborative buying is personal, collectivist culture seeks to adhere to subjective norms.
For example, Ni (2021) reviews collaborative consumption in China and found Chinese
customers' decisions to be influenced by their need to associate in society.

Thus, when engaging in collaborative consumption, customers first evaluated if
consumption is for social good or individualistic benefits. Unlike such collective
purchasing that collectivist customers engage in, for individualistic customers, their
decision is not controlled by society, but individual motivation comes due to need to
save cost, be sustainable, and obtain what they need (Roy et al., 2018). Although one
common trend between individualistic and collectivist consumers regarding
collaborative buying is sustainability, uniqueness and novelty seeking, collectivist
decisions are influenced by how society perceives uniqueness, sustainability, and

uniqueness (Bar & Otterbring, 2021).

Novelty seeking

In Western countries, to what extent an individual seeks novelty is a strong
predictor of which energy trading platform they select. Whether it's blockchain or
cryptocurrency, the novelty seeking of the new stuff can attract curious customers to
participant and this aligns with the findings from the interview as discussed before.
Also, as M3 explained in the interview,
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‘Some customers are more willing to try energy trading precisely because it can be

done in cryptocurrencies’

As previous literature argues, consumers need a certain level of stimulation and
this novelty seeking tendency can lead them to try new energy trading platforms
(Berlyne, 1960; Howard & Sheth, 1969; Poon & Huang, 2017). This finding also aligns
with empirical studies on how novelty seeking affects consumers’ behaviour, in terms

of searching, trialling, and switching to new products or brands (Kim et al., 2020;

Sugandini et al., 2018; Zeba & Ganguli, 2019; Zhuang et al., 2017).

Reputation
Reputation is an important factor extracted from the topical analysis from online

big data and it plays an essential role when Western consumers select energy trading
platforms. The reputation of a product can lead to the trust of that product or brand, and
the trust can further lead to the change of consumers behaviour (Craciun & Moore,
2019; Fedorko et al., 2017; Reyes-Menendez et al., 2019; Ryan & Casidy, 2018). The
reputation of online product, such as energy trading platforms, is even more important.

For example, Wang et al. (2020) and Choi and Burnham (2020) confirm the impact of

product or service reputation on consumers’ sharing behaviour.
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The results suggest that income level plays an essential role when Chinese and
Western consumers select energy trading products. This means the important role of
income level on both regions do not differ because of the different environment of
China and Western countries. This finding aligns with previous literature that
consumers’ demographic information, such as income level, can affect their behaviour
on product selection (Barbose et al., 2018; Rai & Robinson, 2015; Sardianou &
Genoudi, 2013; Sovacool et al., 2012).

The results also paint the difference between Chinese and Western consumers, in
terms of the motivation behind adopting energy trading products. First, the conditional
values are mentioned for both groups, but the specific items are totally different. The
important conditional value that Chinese participants concern is house information and
income. For Western participants, on the other hand, individualism-collectivism is more
important. This finding confirms the argument by Sheth et al. (1991) that different

contexts or situations can lead to different consumer behaviour.

Second, other than different conditional values, Chinese participants focus more
on the feeling of uncertainty than Western participants who are more influenced by
epistemic and social values (Jun Li et al., 2019). This difference surprisingly contradicts
the findings of previous literature. According to the Hofstede scores, uncertainty is
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more acceptable in China than in Western countries because uncertainty avoidance
score of China (30) is less than the score of Western countries (e.g. Australia: 51;
Germany: 65; United Kingdom: 35; United States: 46) (Hofstede, 1980).

Thirdly, building information is important to the P2P products selection in the
Chinese Dataset, but the western dataset is not the same. This means that Chinese
respondents are more constrained by the condition of the house itself. As showed in
Figure 8.12, house status play an important role to the hybrid platform and community
platform. That is due to the following two reasons. First, Chinese cities are densely
populated, and community-based trading is more responsive to everyone's trading
needs. Second, China's residential cities are densely populated meaning there are
limited places to install photovoltaic panels. This dictates that the supply of energy is
not sufficient. Thus, most respondents still prefer a hybrid platform as the supply of

energy is guaranteed.

8.5 Summary

This chapter shows the strength of ensemble learning in predicting preferential
trading platform selection to the traders. Most academics still consider this a unique
skill; hence it cannot be predicted to show a satisfactory result. Choosing the
appropriate classifier for P2P ETRS is a complex undertaking and relies on the data.
Thus, DT-based P2P ETRS was investigated, followed by ensemble-based P2P ETRS.
Moreover, the effectiveness of the following five classification algorithms were
examined and compared in terms of the disparities shown in the datasets: (i) DT, (ii)
RF, (iii) AdaBoost, (iv) XGBoost, and (v) CatBoost.

The classification algorithms were assessed with appropriate scientific strategies
including classification accuracy rate, confusion matrix, precision, recall, and F-
measure scores. Experiment 1 showed that the number of features has diverse impacts
in the two datasets. More specifically, in the Chinese dataset, the classification accuracy
increases with a higher number of features. Conversely, in the Western dataset, a greater

number of features does not enhance its accuracy; therefore, 5 features were ultimately
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selected for the optimum model. In addition, it was found that the most important
features of each dataset differ, meaning that the features that can affect the various
platform recommendations are diverse.

Experiment 2 entailed the application of four ensemble methods to build predictive
models, including bagging and boosting. Upon comparison of these four ensemble
algorithms, all were found to be superior to DT, with CatBoost being the best performer.
This confirmed that establishing those ensemble-based algorithms can enhance the
classification accuracy of both datasets. For future system improvements in relation to
recommendation accuracy and decreasing redundant features, this study recommends
utilising ensemble learning methods such as CatBoost.

The interpretation of the prediction models also explains the most influential
factors for both Chinese and Western consumers select energy trading products. The
results suggest that Chinese energy trading consumers tend to focus on emotional and
functional value, while Western consumers consider social and epistemic value more

than other dimensions.
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Chapter 9: Discussions, Conclusions, Implications, and

Limitations

This chapter firstly made a discussion and the plausible reasons that can be used to
explain the distinctive findings for this study with comparison with the results found in
previous studies (section 9.1). Secondly, this chapter aims to critically evaluate the
research questions and objectives outlined in Chapter 1 (section 9.2). Subsequently, a
description is provided of the main contributions (section 9.3) and the implications of
this research (9.4). Then, the overall limitations and future research direction are made

(section 9.5). Finally, the summary of the entire study is included (section 9.6).

9.1 Discussions

This study has adapted a user profile construction strategy to solve the CCSR in
the recommendation systems with the theory of consumption values. The following
section firstly discussed how this study used user profile construction strategy to solve
the CCSR in the P2P ETRS. Furthermore, the second section outlines how the TCV

helped to interpret the RS.

9.1.1 CCSR with User Profile Construction Strategy

Cold start problems have been solved with collaborative filtering, contentment-
based filtering, hybrid filtering, context awareness, and increasing the data source.
Nevertheless, these strategies are not suitable for the CCSR. However, user profile
construction is notably effective to solve CCSR.

Features were retrieved from the expert interviews and UGC analysis and then
compared to the features listed in earlier studies. Finally, as part of the P2P energy
trading user profile dataset, a survey was used to collect data from various countries.

Two experiments are used in this work to examine the efficacy of the suggested
user profile construction technique using machine learning. The goal is to assess the

decision tree-based classifier's performance and see how an ensemble-based classifier
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might improve ETRS classification accuracy. In terms of system performance, the
accuracy of DT model achieves an 86.1% for the Chinese dataset and a 68.5% for the
western data set. In addition, ensemble learning algorithms can improve the
classification on both datasets, as CatBoost performed best in the ensemble model, with

an accuracy rate of 94.3% on the Chinese dataset and 79.8% on the western dataset.

9.1.2 Recommendations with Theory of Consumption Value

Theoretical perspectives have rarely been taken into consideration when building
recommendation systems, especially the completely new system. With the theory
foundation, the RS easy to be understandable, which is simple in mathematics but
difficult to achieve in terms of human behaviour (Ricci et al., 2015). Thus, it is critical
for Information System research to explain human behaviour anticipated by RS.

This approach has demonstrated the theory of consumption values and found five
important findings compared with other CC actives. Firstly, in terms of the functional
values, P2P energy trading paid more attention on the stable supply and financial loss
caused by the fluctional of the cryptocracy. Secondly, for emotional values, P2P paid
more attention on the feeling of uncertainty rather than enjoyment. Thirdly, in terms of
epistemic values, P2P energy trading paid more attention on novelty seeking rather than
variety seeking. Finally, in terms of the conditional values, income of demographic
information and building status of the building information played a more important
role.

In addition, compared with the two datasets, the most important consumption
values are different. Firstly, income is important for both datasets. Secondly, the
contents of functional values are different in the two datasets. Chinese users paid more
attention on felling of uncertainty while western users paid more attention to
sustainability, stable supply, and financial loss. Thirdly, epistemic value is important

for the western dataset, but not in the Chinese dataset.
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9.2 Revisiting the Research Objectives

Firstly, to review the extant literature on RSs and CSR and identify research
challenges and gaps.

This study critical evaluated the different approaches to deal with the RSs and
summarised advantages and drawbacks between the approaches, the CB, CF, HR and
ML. CBF can easily find the similarities among different items, but it only provides
suggestions based on user's current interests (Casey et al., 2008; Liu et al., 2010). While
CF makes it difficult to form recommendations to the new items (Nagarnaik & Thomas,
2015; Ramakrishnan et al., 2020), if an item is not seen during training, the system
cannot create an embedding for it and cannot use the model to make predictions for this
item. ML approaches compass different algorithms and possess advantages and
disadvantages of each.

However, P2P energy trading system as a new system faces the CCSR problem.
Hybrid algorithms, context awareness, increasing the diversity of the data source, and
use profile construction are the major four strategies introduced to mitigate the CSR.
This study adapted the user profile construction strategy, because the lack of historical
user data deprives the RS of an essential input (Khribi et al., 2015); thus, the CBF, CF,

and HR cannot be applied in this new system.

Secondly, to design and develop a survey for user profile construction dataset from
different countries

Most of user profile construction strategy are based on the generation of
demographic information and personality information to push. As noted in Chapter 3,
due to energy consumption features, the selection behaviour for energy trading is likely
to be different from those of other P2P activities (e.g., using Airbnb or Uber).

A mix-method approach completed RS by building the trading datasets. An
exploratory sequential design approach (Maxwell, 2008) was used to collect sufficient

data. The mixed methodology examines the factors shaping energy trading and offers
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precise, tailored trading recommendations. The mix-method approach includes an
expert interview, user-generated content analysis, survey, which comprise the first
phase of the study. This is important for the construction of the ETRS user profile
dataset. Besides, | collected two different datasets, one Chinese dataset and one Western
dataset to investigate the different preferences in the trading.

| extracted the features from the result of the expert’s interview analysis and UGC
analysis and then compared with the features in previous studies. | finally used survey
to collect the data as the P2P energy trading user profile dataset. besides, as part of this
study, 1500 questionnaires on human behaviour were carried out by volunteers from

the 5 most favoured platform types in various countries.

Thirdly, to evaluate the proposed recommendation model for P2P ETRS by using a
variety of techniques.

This study employs machine learning via two experiments to test the effectiveness
of the proposed user profile construction strategy. The objective is to examine the
performance of the decision tree-based classifier and determine how the ensemble-
based classifier can render the ETRS classification more accurate. The two experiments
located appropriate features and optimal models from the different algorithm
classifications and evaluated the combination method classifications. The rationale for
the diverse classifier selection in the model construction appears in the model
subsection. Furthermore, the ensemble-based classifier compares the selected classifier

results to determine whether elevated classification accuracy is achievable.

Fourthly, to reduce the user input in the user profile construction

Feature selection is the best solution to reduce user profile inputs. In the first
experiment, the feature selection algorithm was employed to ascertain whether there
are any correlations between the limited features and classification accuracy. The test-
classification accuracy was assessed using various numbers of features, and the results

confirmed that utilising more features does enhance it in the Chinese dataset.
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Fifthly, to compare different consumption values of P2P energy trading by comparing
other collaborative consumption actives

The consumption values played on P2P energy trading are different with other CC
actives. Regarding to the functional value, P2P energy trading considered the stable
supply and the financial loss which is differ with previous motivations on CC. In terms
of the emotion value, P2P energy trading considered the feeling of uncertainty while
other P2P actives, such as Airbnb considered enjoyment. Besides, in terms of epistemic
value different with other CC, the variety seeking do not play a significant role on P2P
energy trading, but novelty seeking played an important role in the western dataset.
Finally, for the conditional value, house status is important for P2P energy trading rather

than any other CC else.

Sixthly, to understand consumers’ most important perceived value when selecting
energy trading platforms considering their cultural background.

This study uses the results of feature importance and finds that products selection
motivations from China and Western countries are different, though income level plays
a critical role in both cultures. The most important value for Chinese consumers is
emotional and functional value. For Western consumers, however, social, and epistemic
value is more important.

Also, the conditional values are mentioned for both groups, but the specific items
are totally different. The important conditional value that Chinese participants concern
is house information and income. while individualism-collectivism is more important
in the western dataset.

In the Chinese dataset, building information is significant for P2P product selection,
however this is not the case in the western dataset. This suggests that Chinese

respondents are more influenced by the house's condition.
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9.3 Contributions

This study is the first study that uses the user profile construction in solving CCSR
in the P2P energy trading ETRS. Energy trading products selections and
recommendation systems are significant topics in both consumer behaviour and
Computer Science. As such, it is impossible to solve the problem in all aspects within
one study. Thus, this study focuses on mitigating CCSR on P2P ETRS by adapting user
profile construction strategy within the theory of consumption value. Two contributions
have been made by addressing the research gaps.

Firstly, the researchers attempt to solve the complete cold start problem using the
user profile construction strategy. User profile construction is a common strategy in
dealing with the new system recommendation. However, this study used the theory of
consumption value to provide theoretical support to build the user profile dataset. After
collecting data from the survey, a decision tree-based recommendation model was first
proposed. The classification accuracies were recorded at 86% and 64% in the Chinese
and Western datasets, respectively in the decision model. However, in the second
experiment, | compared with the Random Forest, AdaBoost, XGBoost, CatBoost and
found the accuracy was improved to 94.3% under the CatBoost. That is to say, the
ensemble learning improved the accuracy.

Moreover, reducing user input contributed to adapting the user profile construction
strategy. In Machine Learning, the algorithms are mostly built on well-picked datasets
which are difficult to obtain in the energy trading environment. The importance of each
feature is ranked in line with the optimal model and the SHAP value to illustrate the
different decisions on the optimal model. Thus, the DT-based ETRS and ensemble-
based ETRS are compared to investigate the performance of different models.
Furthermore, feature selection was applied under the DT model to investigate whether
the limited features group, such as the trading behaviour, can help to improve the
overall accuracy. On the western dataset with the fewer features, increased accuracy

indicates that reducing the number of the features can improve the barrier of user’s
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privacy exposure as the users do not need to fill in so many questions in the following
particle stage.

Secondly, a bridge between ML and the traditional social science theory is created.
Findings of previous studies have suggested a link between the algorithm and
traditional theories. This study demonstrates that the complete cold start problem could
be built up with the traditional theories such as the theory of consumption values.

This study confirms the influence of conditional value on consumers’ product
selection (Sheth etal., 1991). As Sheth et al. (1991) propose, consumers behaviour may
change in different contexts and environments. Compared with other CC actives,
consumption values used in P2P energy trading differ. P2P energy trading considers a
stable supply and a financial loss in the functional value. In the emotion value, P2P
energy trading considered the feeling of uncertainty, whereas other CC activities
considered the sensation of enjoyment. Furthermore, in terms of epistemic value in
comparison to other CC, variety seeking does not play a significant role in P2P energy
trading, whereas novelty seeking does in the western dataset. In addition, house status
is vital for P2P energy trading.

By comparing the motivations under different cultural backgrounds, the
interpretation of the model identifies different essential factors for Chinese and Western
consumers when they select energy trading products. Specifically, the feeling of
uncertainty and the functional value of the system is critical for Chinese consumers. On
the other hand, the relationship between individuals, their community, the environment,
and the degree of novelty-seeking influences product selection for Western energy

trading platform users.

9.4 Implications of the Study

As a new study this recommendation approach can provide a benchmark for future
ETRSs studies. User profile construction strategy was adapted, and the study proves it
can effectively solve the CCSR in the P2P ETRS. This strategy can be used in any other

recommendation scenarios from scratch, particularly for charity P2P platforms. In other
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words, this strategy can be applied in the future to make further recommendations.
Future researchers could expand the study into other contexts of the new system, such
as the 1oT system, Smart Homes, and Smart City systems.

Secondly, more machine learning algorithms can be applied if the sample size is
large enough, such as deep learning. With the exponential growth of data and
information available via the internet, deep learning can play an important role in the
RSs (Da’u & Salim, 2020; Wen, 2021). Particularly when the P2P ETRS is running and
the system has a small amount of data, deep learning can be combined with traditional
methods, such as collaborative filtering and hybrid approach, which might be helpful
for the improvement of the recommendation performance.

Thirdly, more theories can be reviewed to fill the research gap. TCV is effective in
setting up the new systems. However, TCV only explain the selected behaviour in a
certain time; it cannot cover all the users’ consumption behaviour in a dynamic period.
It is believed that many other traditional theories could be borrowed and applied into
the different recommendation system context, such as marketing theories,
psychological theories.

Furthermore, practical implications exist in this study. Firstly, security issues
during the trading process must be closely monitored. The lack of transparency in this
new market creates issues with privacy and security for customers, since many DERs
have different owners and their characteristics vary accordingly. Concerning IoT nodes,
for example, it would not only be inappropriate for them to trade in unregulated energy
markets on a large scale, but this would also be considered unsafe. Moreover, when 10T
nodes have surplus energy, their privacy concerns may inhibit them from doing
business with energy suppliers.

However, with the help of understanding the decisions made under TCV, accurate
recommendations may be offered to new users through the system. It is necessary to
recommend the products integrated with the main grids and clearing with local currency.
For the western users, as novelty seeking is important, the blockchain products can be
recommended. But before recommendation, it is necessary to address the issues of

stable supply and brand reputation.
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Secondly, the question enquiring stage in the real scenario avoids asking users to
enter as much information as possible, reducing the risk of privacy exposure. On the
Chinese dataset, the proposed ETRS used relevant and non-redundant inputs of features
to achieve the best recommendation results. Nevertheless, features must be extracted
from all feature groups, not simply the influence of one group. At the same time, this
creates difficulties in practice in getting users to fill in personal information. This is
because the risk of information leakage increases along with the amount of personal
information available to traders. In practice, however, we can filter the characteristics
of new users by selecting only the options with high importance based on the

importance of each feature.

9.5 Limitations and Future Research Directions

As discussed above, this study mitigates the CCSR in P2P ETRS. However, several
limitations are inevitable.

Firstly, a critical obstacle in RS relates to the inability of the structures to show
innovative tendencies. According to Kim and Chen (2015), algorithms can obtain
information from product databases, and the use of human operators in website design
heightens the likelihood of bias. Nevertheless, in the case of energy consumption,
multiple challenges exist in identifying the dynamic preferences associated with energy
consumption. In other words, the user profile construction is based on the static input,
while the users’ preference always changes. Product perception and popularity are
constantly changing as new selection emerges. Thus, customer inclinations are evolving,
leading them to redefine their taste.

Future study may address this by considering more soft constraint aspects to
construct a dynamic dataset. The soft constraints include two aspects. First, dynamic
factors such as the time may be considered. Future studies should consider using
timeSVD++, which can simulate the temporal dynamics of user interests by changing
static biases and latent factors into time-dependent ones. Thus, modelling temporal

dynamics should be key when recommender systems or general customer preference
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models are designed.

Secondly, this study only considered tree-based algorithms, such as decision tree
and enshelling learning. Future studies may use more algorithms to explore the
classification algorithm. Other traditional classification algorithms, such as KNN,
RTree, and RBF could be used as base learners and could benefit from boosting and
bagging methods. In addition, ensemble learning methods, such as stacking, random
sub-spaces, or pasting could be employed.

Thirdly, the database used in this study is effective as outliers are removed, data
has been normalised, and imbalanced classification has been disposed of. However, it
is difficult to achieve a perfect database and the presence of noise is inevitable. In future
research, when considering scenarios for the use of energy trading recommender
systems, researchers need to consider how to detect anomalous data, for example, by

using a deep learning autoencoder.

9.6 Summary of the Study

As a result of the rapid growth in P2P energy trading platforms in the market, the
categories are becoming increasingly populated with different contents. When selecting
their preferred platforms before actual trade, traders can therefore easily be
overwhelmed. A user profile construction strategy is adopted in the study to mitigate
the CCSR in the P2P energy trading. Four targets were set and the first one is to
construct the dataset by using a mix method research approach. Expert interviews and
UGC analysis were used to identity the different factors which can impact the P2P
energy products selection. Then, data collected from surveys were collected to construct
the P2P energy trading user profile datasets.

The second target is to propose and evaluate the recommendation models for the
P2P energy trading recommendation platform. A decision tree model was firstly
proposed after data pre-processing, including data cleaning and imbalanced

classification. After comparing the ensemble learning classification, the ensemble
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based P2P ETRS, such as CatBoost, performed better than the decision tree based P2P
ETRS.

The third target is to select the useful features to reduce user input. To achieve this
target, during the pre-processing, unnecessary inputs that are either irrelevant or
redundant were eliminated using the proposed two-feature selection method. The
experimental results presented in Chapter 8 confirmed that the proposed ETRS used a
small number of relevant and non-redundant inputs of features to achieve the best
recommendation results on the western dataset. This means that the proposed system is
considered non-intrusive and more likely to be accepted by traders.

Finally, the interpretation of the forecasting model helps to explain the critical
factors which can influence consumers’ energy trading platforms. This finding
contributes to theory and practical implication by suggesting the important information
energy trading platforms should obtain from new users for a more accurate

recommendation.
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Appendix A: Interview Schedule
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English version

Thank you for coming here today. More and more energy consumers are now turning into prosumers.
Thanks to innovations in distributed energy resources including photovoltaic cells and wind turbines,
users are using energy and producing it at the same time. This is the most fundamental motivation for
creating peer-to-peer energy trading platforms. I am conducting a study to understand how customers
perform on products for P2P energy trading. I have a few questions for you and thank you for your

answers.

Can you introduce the P2P energy trading project based on own field please?

* Yes

* No

iv. Can you describe how does current p2p energy set up/ price mechanism/ market mechanism/
information system/regulation works?

V. What do you think are the main challenges in the current energy setting up/ price mechanism/
market mechanism/ information system/regulation?

Vi. Are there any challenges and opportunities for the future P2P energy trading?
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This is all the questions | would like to ask you. Thank you so much for your participation. If you have
any questions would like to ask me, please feel free to send me an e-email: shan.shan@northumbria.ac.uk.

Thanks again!

Translation of Interviews

PROFILEDATA

About the current construction of China's energy trading grid, it is mainly based on

agricultural use of electricity, with the main grid connected. Users can either be self-sufficient
or sell to the main grid in reverse.

As far as energy trading itself is concerned, the focus of different departments must be
different. For the power operation department, the concern is the local consumption of
electricity and how to reduce the power loss in the transportation process. Also, we need to
consider that new energy sources are inherently unstable; there is a big difference between
having the sun and not having the sun, and a big difference between having the wind and not
having the wind. The difference between the sun and no sun, wind, and no wind, is also huge,
so when they are integrated into the grid, they cause a lot of volatility to the grid itself.
Therefore, many customers ask us if they are connected to the grid when they first use them.
That is, are they related to the main grid? Because they are afraid that they will not be able to
generate enough electricity for themselves and that they will have to take the risk. Not being
connected to the mains network makes them feel that the electricity supply is unstable. Also,
the connection to the main grid is promoted and required by the state to earn additional
subsidies for electricity. Many farmers are very frugal with electricity and are basically self-
sufficient. As China is a vast country, there is a big gap between the complementary east and
M1 west photoelectricity, and in these parts of Ningxia, the electricity generated simply cannot
be used up. That's why there is west-east electricity transmission and west-east gas
transmission.

For the market, there are now three main types of energy trading in China. One is agriculture
and solar power. That is, the government has certain financial subsidies for farmers who use
solar power. Another is a blockchain distributed ledger technology and artificial intelligence
supported by solar energy and battery storage-based electricity trading platform. German
companies, for example, and a Dutch company, distro, are also doing research in this area.
You can look it up. In this case, consumers have a better idea of where the energy is going.
Buyers and sellers are thus informed about market preferences, supply and demand and energy
price dynamics, which in turn leads to more accessible and more efficient electricity sales and
purchases. These platforms are now mainly in transition to blockchain-based platforms. Each
market participant is equipped with an artificial intelligence instrument that acts as a "trading
agent”, essentially removing the middleman, saving time and costs, and facilitating
transactions.

In addition, blockchain can effectively reduce the cost of trust, improve the efficiency of
transactions, safe and reliable, and the decentralisation, open sharing, autonomy and security
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of distributed energy, in line with the development trend of energy. The application of
blockchain in the energy sector will effectively support the open interconnection of multiple
types of energy systems and the extensive and in-depth participation of multiple users. By
jointly maintaining a trusted distributed ledger, the effective connection of energy flow,
information flow and value chain in future energy transactions can be realised.

For users, their enthusiasm for using it is still high because of the state subsidies, friendly
policies, and the savings they make. Then there are the large power generation farms, such as
wind power plants, which are usually established in the suburbs with a large plot of land, and
after collecting the electricity, sell it to some companies to achieve two-way benefits.

In foreign countries, many companies are now joining blockchain platforms. Through
blockchain, they can trade with their neighbours and communities. Let's not analyse whether
blockchain is good or not, but nowadays all products are on the chain. It is said that it can
achieve anonymity and more security.

An Australian company, for example, has launched a blockchain-based system for trading
surplus household energy in urban areas. When an electricity producer enters and sells green
electricity to the distribution network, the distribution network operator confirms this, and
upon successful confirmation, a smart contract generates the corresponding virtual currency
and offers it to the green electricity producer as a reward. The whole transaction is simple,
and trust is increased using virtual currencies.

Some companies have also introduced energy coins, which are tokens based on Ethereum, or
bitcoin. Customers are not very receptive to this model of trading. Because energy coins
fluctuate so much? and with traditional dollar settlements, they don't seem to benefit. Today
bitcoin is $40,000, tomorrow it could be $1,000 longer. So, this type of trading is not
reciprocal for energy itself.

Further, cryptocurrencies are not regulated by governments or central banks. This is troubling.
Under the existing political ideology in China, there is certainly no way that the currency
could lose the regulation of the central government. The Chinese are smart enough to believe
that if regulation is deregulated, there will be an endless stream of illegal transactions by then.
Of course, | don't think Western societies will legalise such cryptocurrencies either. Although
the ideology of Western countries is different from that of China, the goal is the same. Western
countries may treat cryptocurrencies differently, and they may see it as a commaodity. It is
possible to look at this commodity with an open mind. But in China, this cryptocurrency poses
a threat to our monetary system, it threatens the functional position of the national bank. So,
it is not possible for cryptocurrencies to be legal tender in China. And it is not possible to
trade freely in energy coins. Unless the billion yuan is settled directly. Or direct settlement
with electronic money introduced by the central bank.

Some foreign platforms are now offering some special packages, such as installing solar
panels and getting a corresponding amount of energy coins for free or getting a discount on
your next purchase. In fact, these are not very tempting for consumers. The first thing
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consumers consider is who do | buy from and who do | sell to, and is it reliable? Can | get a
refund if I don't use it? Energy, unlike other products, is a hard requirement. Consumers don't
care what kind of electricity you have, at the end of the day it's all the same electricity anyway,
you can fry and cook and watch TV. And can this discount be compared to the installation
cost; can you get an effective return in a few years. There is an age limit on solar panel light
panels, which generally need to be replaced in 20 years. The subsequent problem then is that
you must invest in new costs to renew the light panels again. But the key is whether the
proposed investment has paid for itself in those 20 years. If you live in a place with enough
sunlight to have plenty of sunshine all year round, that could be considered. So, this project]
is going to be a bit longer lasting in Australia. If it was the UK where it rains 200 days a year,
it probably wouldn't be suitable.

Then again, when customers buy something, they will consider the reputation of the brand,
its image, and all sorts of other things before they slowly develop loyalty. Energy is one thing.
Many companies are doing this selling of sustainable energy. Then there are customers who
pay particular attention to the reputation of the company, to see if it is a big company and if
it is trustworthy.

There is also the fact that consumers are more concerned about the level of penetration, if my
neighbours have installed it, do | want to install it, so that it is better integrated in a community.
In other words, if the household penetration rate in a community is high, consumers are more
likely to find a sense of belonging. Then again, you say your best friend tells you that they
have installed the product in their home and can trade with others. Would you want to install
it too? Would you be even more motivated if he then told you what a great deal it was?

What are the challenges now, mainly in terms of setting up this platform for peer-to-peer
trading, this end-to-end energy trading involves a lot of communication and information at all
stages of negotiation, execution and clearing? For both centralised and distributed end-to-end
energy trading markets, a large amount of bilateral communication is required between the
market coordinator and individual users; for decentralised markets, a large amount of
communication is also required between individual users. For future research, communication
load and investment requirements could be an important dimension in evaluating end-to-end
energy trading market mechanisms and trading platforms. The impact of non-ideal
communication conditions, such as communication delays, distortions and failures, on end-
to-end energy trading needs to be further assessed. In addition, the optimal configuration and
operation of communication networks for end-to-end energy trading needs to be further
investigated.

Also, in fact many end-to-end prices are even higher than market prices. Some studies suggest
that people's preference for self-sufficiency will reduce the likelihood of end-to-end energy
trading, as they believe that this makes people inclined to give a higher price than their real
value when pricing their own local generation. In other words, one's own electricity
consumption is met, and one realises one's control over the electricity and the user's
expectations of the actual value of the product are not as high. So, what we call the economic
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benefits that the user values most may not be valid. Also, if you are in a community where
none of your neighbours use it, | believe it is unlikely that you will use it yourself. Because
you also must take the risk, the risk of unstable electricity.

For energy policy, this is something that I believe China is doing very well. Our country is
very supportive. From the 13th Five-Year Plan to now, the country has done a good job with
agriculture and fisheries, and with complementary light energy generation. Specifically in
foreign countries, we are not the same as foreign countries. In foreign countries, electricity is
privatised, but we are nationalised. We are nationalised. We are nationalised. So, in the future,
if the electricity is traded between neighbours, there should be a long way to go. And if you
look at all the tall buildings in China now, there's no room for solar panels. Putting up a few
small solar panels wouldn't be enough for the whole building's inhabitants.

As for the future development, I would like to mention blockchain. Blockchain is very hot in
China now, and everyone is talking about blockchain, and about being on the chain. How|
exactly does blockchain work? Generally, in the information dissemination and aggregation
stage, qualified electricity users and distributed energy generators register and make requests
to purchase and sell electricity through a website or application, and the users reach a
transaction intention at the application layer, i.e., the matching of buyers and sellers is
completed at this stage without matching in the blockchain. Information is then transmitted
to the blockchain. The blockchain client, developed based on the application framework and
blockchain standards, writes the data information obtained in the previous phase to the
blockchain, including initial information, such as offers and aggregation and matching
information. The combination of on-chain code and off-chain processing at this stage also
allows the blockchain to be supervised and the rights of those involved to be protected.
Finally, in the settlement phase, the blockchain settles the transaction after receiving the
matching information from the buyer and seller. The transfer of assets is achieved. These
transaction processes are stored automatically throughout, ensuring that all transaction records
can be accessed at any time and are not tampered with.

For energy trading in particular, a trading model such as energy coins has emerged. So, can
energy coins replace traditional currencies or not? Is he safe? Do consumers trust him? It says
your privacy can be protected, but on the chain, how does anyone else know to buy your
electricity if they don't even know who you are. And it says that electricity transactions can
be traced, specifically how to label the electricity, these are the questions. In China, traditional
consumers in China are still in the electricity card transaction system, which is to charge
money to the card. It's pay as much as you use. For this kind of cryptocurrency now, ordinary
people don't know that much yet, so it greatly limits his development. Of course, the mass use
of cryptocurrencies is not ruled out in the future, but the policy, environment and trust are all
big challenges.

M2

I work in an industry that focuses on the agricultural and solar complementary aspect of
energy trading. It is more on the price mechanism side. | think the Chinese government has
done a very good job in this area. In particular, the subsidies for farmers to use this new energy
source are very good. In China, transmission and distribution prices are set by the government
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alone. The price of electricity is called the "sales tariff" when you pay for it. It is made up of
four parts: the feed-in tariff, the transmission and distribution tariff, the line loss discount, and
government funds and surcharges.

Based on not changing the nature of the original land and topography, the PV power station
can combine PV power generation with agricultural planting and animal husbandry to achieve
"PV power generation on the board and modern agriculture under the board"”. In terms of
ecology, it has significant energy saving and emission reduction benefits; in terms of
agriculture, it innovates a new model of agricultural development; at the same time, it
promotes the optimisation of the local energy structure and creates good social and economic
benefits.

But two uses for one land, some say yes, others say no. On the one hand, it allows crops to
get enough light while protecting them from hail, heavy rain, and fierce light, but on the other
hand, what about this kind of photovoltaic panels when they are old? How can they be
recycled? Will they pollute the environment? The recycling and destruction of such panels is
still a waste of resources and causes waste.

Farmers now think it is good because they have subsidies and can save money. Those that
can't be used can also be sold back to the grid and charged in both directions. But whether a
change in national policy in the future will cause farmers to stop using them, we don't know.
There is also the fact that some people say that when they see that they don't have enough
storage in their homes, they are not thinking about trading, they are afraid that the price of
electricity will rise in response.

Also, for consumers, we often get questions like, "How much money can | save by using
this?" Of course, it is the financial benefits that are most important to consumers. There are
farmers who spend less than $10 a month on electricity. They are thinking about how they
can save money.

Some customers ask "Does this product work? "Can | operate itas an elderly person? It is true
that the goodness of a system directly affects whether consumers want to continue using it or
not. But at this stage, we are still a joint project with the National Grid, so there are no major
barriers to operation. It is manageable for the average person.

There are few people who ask, "Is it really natural?" What do you think? We are using natural
light. It must be natural. The only thing that is not natural is the photovoltaic panels and how
we should dispose of them in the future. Nowadays it takes 20 to 30 years to explain the
common light panels, so this puts a lot of pressure on the future development of the
environment.

So, in the future, | think the biggest problem in this issue of energy trading is the policy issue.
\We now advocate more energy conservation, advocate the use of clean energy, reduce the
burning, and use of coal, reduce co2 emissions, so as to protect the environment. This peer-
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to-peer trading is a very new thing for the country. Only a change in policy and legislation on
energy conservation and saving will make it possible for trading to happen.

M3

First of all, the energy architecture involves a question of whether energy is connected to the
main network or not. China is to be connected. The electricity generated by companies, the
electricity generated by farmers' plastic sheds, must be connected to the main grid. Then the
main grid is used to deliver electricity to customers.

The platforms that are on now are basically new platforms based on blockchain technology.
Traditionally, transactions between market players have been conducted in a centralised
manner: generators and customers upload data to a centralised processing system and the two
parties are matched through centralised aggregation or optimisation. However, with the
emergence of multiple types and volumes of distributed energy sources, the number, size and
information data of transactions are increasing, and the centralised approach to decision-
making is leading to higher operating costs and longer time consumption for trading centres.
Blockchain technology, as a decentralised distributed bookkeeping system, can solve the
ownership problem in the transaction process with the help of cryptographic principles and
effectively address the information asymmetry in the transaction process.

For the market. At this stage, bilateral transactions between power generation sites and
industrial users are becoming more and more widespread. Transactions between individuals
are still rare. Of course, this is not possible in China any time soon because of government
control. In the US, these are possible. A few years ago, a community-based energy trading
service was launched in the US, something like the Brooklyn Project, which is a scheme that
you can join in this community if you have this solar panel installed. You can then sell the
electricity you don't use on your solar panels to your neighbours. But there doesn't seem to be
any waterworks.

In China, of course, it's not possible. First you must think about the installation. Where to
install it. We have tall buildings everywhere. Install it in the countryside. But this is also
available in China. One is agricultural light, which goes directly to the grid. The state
subsidises 20 cents per kwWh. The other kind is photovoltaic power plants set up by companies
themselves, which are then sold to large institutions, such as schools and hospitals.

There is also the fact that the mutual sale between enterprises is different from the mutual sale
between individual customers. To be precise, there is a big difference. In the case of business-
to-business sales, the business is more interested in whether it is cheap enough. Whether it
will help them to save money. The second thing they look for is whether they can really protect
the environment. They are under a lot of pressure to reduce emissions because of our national
policy. Of course, for the seller, the preference is to sell to large enterprises, because they can
sell more at a time, the electricity cannot be stored, and the public does not have that much
purchasing power.

For the user, | believe that such a transaction is not realistic in the short term. Or rather, it is
not realistic in China. First, because energy is a scarce commodity, at least compared to
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pencils, it is a scarce product, so people need to fight for it. That's why in China, electricity
trading is controlled by the state. It is not allowed to be bought and sold between individuals.

At the same time, because of the liberalisation of the electricity market, the line between
consumer and producer has become blurred. This has led to a change in the type of electricity
trading and the mode of management. So, if the government were to open the electricity
market on a large scale in the future, even if it were to do so in the same way as in Europe and
the US, it would probably still be different. A completely open market, for a start, would still
not work in China. The government still must have some control over it. First, China's national
conditions and ideology are different from the West. The government is very worried about
the disorder in the market. The Chinese really need a moderate amount of regulation. If
electricity is sold and sold casually in the market, really the market will be chaotic. Therefore,
even if China opens its electricity market in the future, it will do so selectively. Electricity as
a product will be traded between many large companies as well. Individuals will be able to
choose between the many companies according to their needs. Of course, these companies
must be large companies with a guaranteed reputation. The government will not allow you to
let you trade personally. The electricity you generate on your own roof can only be sold to
these large companies or to the state. These are recorded and the prices are fixed. It is
impossible to just set prices and alter the market order.

At the same time, you mention that there is a wide range of products on the market in Western
countries. I'm not sure about that. What do you mean by a wide range of products? The final
form of electricity is the same. Whether it's solar light, wind energy, you end up using it in
the form of electricity. | should say that in the Western market you have a much wider choice
of companies. A lot of companies have this product. It really comes down to which company's
product you end up choosing. It's just that these companies, now, have repackaged their
products. The ones from wind farms, they claim are natural and environmentally friendly and
non-polluting. The ones from their own company photovoltaic plants are probably the most
affordable at low prices. There are now personal or intra-community deals, and it's possible
that the TV you buy today from the roof of your son's school could be a charity aid.

At the same time, consumer desire is infinite, people always want better. So, what problem
can you solve with what you call bespoke energy. Will it meet the growing demands of the
people? The nature of energy dictates that it is difficult to change in a short period of time. So
how does it go about meeting the ever-increasing demand. And this kind of electricity trading
greatly depends on weather conditions, for example when the weather is good the storage is
high and when the weather is bad the storage is low. Then the weather affects the price of the
transaction.

But we can't rule out a problem either. If the penetration is high in a small community. Then
most likely, more and more people will use it. Because people have found a sense of
belonging, and everyone around them is using it, should they not use it too?

In many rural areas, where there is a policy of support, there is also a high rate of use. Because
if one person uses it, his relatives and friends will also use it. If a relative from a rural area
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comes to visit you and sees that you have a photovoltaic panel installed in your home and that
the government is subsidising the generation of electricity, then your relative will want to
install one too. The same goes for friends, neighbours and so on. And since rural areas are
relatively densely populated, it's usually common for people in a village to install one. Of
course, the prerequisite is that it is cost effective, but if it costs a fortune to install it, this is a
different matter.

We also need think about energy, do we use it every day, so often that people have to think
about which energy source to use today? Which energy source will be used tomorrow? Is
there a difference in their final properties? Ultimately, they will all come to you in the form
of electricity. So, would one still choose which one is better for him? Energy is not a garment,
the consumer does not consider whether she looks good in it or not, all he considers is whether
it is cheap or not? To put it more nobly, will it protect the environment?

It is also important to mention that Energy Coin is a payment method built on the blockchain,
whether this new payment can be accepted by the public. In fact, many people don't accept it,
and now the country keeps mentioning blockchain as an issue. Soon energy is going to be on
the chain too. Then, the next step is the use of energy coins. How will this energy coin be
used? Is it the same as traditional currency? How do users trade with the energy coins after
using them? Will they use an e-wallet for transactions? Or is it pre-funded and withdrawn? Is
it safe to do so? Is there any inflation of electronic virtual coins in the meantime? The fact is
that e-virtual coins based on Ethereum are subject to price adjustments as the price of
Ethereum goes up and down. However, the price of energy does not fluctuate as much as
Ether, which creates a price differential. Much of this price difference is not acceptable to
consumers. But if we use a fiat currency, say the US dollar, then what is the point of using a
virtual currency again? From a tendency to avoid harm, virtual currencies should not go far
in energy trading, or there are significant obstacles. In other words, while the biggest
advantage of blockchain is the creation of smart contracts to protect the privacy of both
parties, it is debatable whether the benefits of protecting privacy can be compensated for
relative to the loss of price difference.

A client once asked me if the blockchain would break. We can't laugh at them, and it's not a
sign of ignorance that not everyone knows about blockchain and digital currencies. A
blockchain is a chained structure in which blocks of transaction data are linked in
chronological order. It is essentially a decentralised distributed database that secures data
through technologies such as asymmetric encryption Merkle trees, ensuring that information
cannot be tampered with by external attacks. But although they didn't know what blockchain
was, when | popularised it for them, they were willing to try it. Because they feel more secure.
This kind of customer is in the minority. Most of the customers, even if | popularise it, they
don't want to use it. So, it takes a while for this new thing to be accepted and understood.
There is a need to develop a level of trust in it. But these issues are being raised, and in the
future, these will have to be considered. We are still, at this stage, in a rush to blockchain and

have no idea what the most important thing about blockchain in energy trading is.
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F1

At this stage, new energy trading is developing rapidly in China, especially new energy
trading based on blockchain development. Of course, for me personally, 1 would not use it
easily, using it is not suitable for China's national conditions, you can look at it, now energy
trading is still in the cooperation between the company and large wind power plants. It's a
B2B model. It is not advocated between individual users. Why? Because there is no room to
install solar panels in Chinese cities where tall buildings are lined up everywhere, and even if
they were, they would not be able to supply power to hundreds of households in the whole
building at the same time.

As for the construction of the electricity platform, the market, then, is currently China's new
energy to guarantee the acquisition of the main. At the same time, to promote new energy
consumption, many provinces, and regions to carry out new energy market-based trading
exploration, including both to carry out direct transactions with large users, power generation
rights trading and other medium and long-term market-based transactions, but also to establish
a short-term market such as peak-adjustment auxiliary services. Compared to the medium and
long-term market, the short-term market is more compatible with the volatility and
randomness of new energy output and plays an important role in promoting the consumption
of new energy.

For the existing market, it may not be optimistic to popularise inter-individual trading on a
large scale. This is because in rural areas, the use of this, the state is subsidised. If a farmer
wants to install it, the state supports it with policies and financial incentives. But in the city,
first, not to mention the availability of space to install the solar panels, just the initial
installation fee will make many people discouraged. Many people consider that although new
energy can save costs, how many years will it take to pay back the installation costs?

For the future, new energy and captive power plant replacement, new energy participation in
direct supply to large users and other new energy priority trading is often annual power
trading, considering the uncertainty of new energy output, power balancing difficulties and
other issues, need to further establish a new energy priority trading mechanism such as day-
ahead, intra-day. Annual priority trading contracts are often implemented through monthly,
day-ahead and other power generation plan arrangements, which can to a certain extent give
room for new energy to generate power, but wind power and photovoltaic power generation
output is random and intermittent, and it is difficult to predict power generation and real-time
power generation output, so annual and monthly power generation plans must rely on frequent
and deep participation and cooperation of all parts of the power system when implemented in
day-ahead and real-time. collaboration. Due to factors such as insufficient compensation for
peaking and the lack of demand-side response mechanisms, all types of resources are not
highly motivated to participate in system regulation frequently, and the system is not flexible
enough, which affects the priority dispatch of new energy. It is difficult to effectively mobilise
generating units and loads to maximise their regulation potential by relying on policy-based
regulation, and there is a need to further increase short-term trading of new energy resources
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on a day-to-day and real-time basis, and to tap into system flexibility through market-based
means.

As for the energy interconnection technology you mentioned, in China many experts, are now
discussing it, and there are pilot projects in Guangzhou and Shanghai. The energy internet is
a way of connecting a large number of decentralised distributed energy sources through
electronic, electrical and information technology, not only to achieve energy harvesting and
access to the internet for distributed energy sources, as well as power transmission and
deployment within a local area, but also to establish interconnection between each distributed
energy source and between distributed energy sources and the centralised grid, and to achieve
the interconnection of various energy sources throughout the network through big data
technology and information-based intelligent regulation and control. It also establishes the
interconnection between distributed energy sources and between distributed energy sources
and the centralised grid and realises the interconnection of various energy sources across the
network through big data technology and information-based intelligent regulation. It also
establishes the interconnection between distributed energy sources and between distributed
energy sources and the centralised grid.

Let me start by answering your question about cryptocurrencies. | can only use blockchain
technology for cryptocurrencies now, and there is a big question mark over whether they will
become a mainstream currency in the future. Cryptocurrencies and commaodities using
blockchain transactions are not yet the same. Blockchain transactions have made transactions
more secure. But cryptocurrencies are different. Cryptocurrencies are very risky.
Cryptocurrency is high-risk. It's too volatile. So, before you trade, you need to be prepared
for whether this high-risk investment is acceptable to you. Let's say, for example, that 1
bitcoin could buy 1 pizza in 2011. But in 2020, it's worth $50,000. What is the return on
investment in that period? Don't ever think it's a sure thing. First, even if you buy bitcoin, it
probably won't sit in your hands for that long. You'd have sold it by now if you saw the
appreciation. When you see it depreciate, you'll be even more desperate to get rid of it right
away. If you replace bitcoin with energy coins, one thing applies. Most of the energy coins
now are built on Ethereum. You need to exchange USD for Ether coins, which are further
converted into the energy coins you buy. So, the huge volatility could result in your energy
coin being exchanged for 100 Ether coins today at a market price of $200, but after only one
day it will only be worth $50. This is because the value of the Ether coin has shrunk. So, once
you know this exchange mechanism, most will not buy because of this huge volatility. At
least not in large quantities. Unless this energy coin can become legal tender.

In the future, with the rapid development of large-scale renewable energy, electric vehicles,
energy storage devices and flexible loads, distributed energy meets the development needs
and direction of China's electricity market, and gradually becomes the main source of power
generation, with broad application prospects in China. Blockchain technology, as an emerging
decentralised data management technology, is receiving increasing attention from various
industries, but blockchain is not yet mature for power applications in China. Therefore, in the
future, we should pay attention to distributed power optimization for efficient and economical
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use of high proportion distributed power, and realise the operation, management, and
transaction of regional distributed power by means of virtual power plants or demand
response. On this basis, blockchain technology should be applied to improve the efficiency of
power trading and management, enhance the autonomy of regional distributed power supply
operation and management, and improve the economic efficiency of operation.

M4

China's distributed power generation has still achieved great results over the years. From
distributed power generation, to agricultural photovoltaic, to fishery photovoltaic, and now
also household photovoltaic. The development is still very rapid.

Household power station system is a new type of power generation built on the family
residence or nearby buildings, using photovoltaic modules and systems to directly transform
the sun's energy into electricity. The household power station consists of photovoltaic
modules, inverters, meter boxes, monitoring modules, cables, and brackets. The modules
convert solar energy into electricity, the grid-connected inverter converts direct current into
alternating current, the meter box measures the electricity in the power generation system and
the monitoring system facilitates the owner to keep an eye on the power generation situation
of the power station system. But specifically, electricity trading between users is not yet
possible, and the policy does not allow it.

In addition, the release of No. 9 restarted the reform of China's electricity market; the cost of
photovoltaic, microgrid and energy storage technologies is decreasing year by year, and the
application of distributed power generation is growing rapidly. The widespread use of the
internet and the advent of the digital age of energy have led to the intrusion of non-traditional
energy companies into the energy industry, changing the content and competition of energy
services. As the economy slows, the growth in demand for electricity slows while the market|
for electric vehicles and energy management systems grows significantly, changing the
relationship between electricity demand and economic development. Haze, pollution and air
indices have become a concern in people's lives and one of the key livelihood issues that social
media and governments are focusing on.

There is a large market for personalised services in the future and people need to tailor them
to themselves. Consumers' expectations of personalised services are growing, but at the same
time, the security of the relevant data has become a key concern for consumers. At the same
time, users are also considering the security and stability of the transaction system. Let's say
that a consumer has now installed this transaction system. Now, with subsidies, farmers are
willing to continue using it. But when the subsidy becomes less, or disappears, it is a matter
of consideration whether the consumer will continue to use it. And many users respond that
they are not sure about withdrawing from the system in the future, and whether it would be
easy to do so, or to switch to the original system.

Secondly, the construction of green values. The planet we live on now is ours, and not all of
us, it is the future generations. We need to go green and protect our planet.

In 2016, in China's 13th Five-Year Plan, blockchain was added to the national information
plan. In future, China will mainly follow the path of coordinated development and integrated
and complementary energy interconnection. Now, China's energy structure is changing from
coal-based to diversified, the momentum of energy development is changing from traditional
energy growth to new energy growth, and the process of cleanliness and low carbonization is
accelerating. In recent years, renewable energy sources such as wind power, photovoltaic and
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biomass have developed rapidly, the use of natural gas is increasing, and nuclear power is
also accelerating the transformation of the energy mix.

The traditional single mode of operation of large power sources and power grids can no longer
meet the needs of the current energy transition to a certain extent. As a result, distributed
energy sources with high utilisation efficiency, low negative impact on the environment,
improved reliability of energy supply, reduced losses, flexible operation, and good economic
efficiency are developing rapidly. The development of technologies such as distributed
cooling, heating and power supply for natural gas, distributed photovoltaics, decentralised
wind power, distributed energy storage, demand-side response and distributed renewable
energy for heating has led to an acceleration of the energy transition.

Again, information sharing and resource sharing. This is what has been referred to as inter-
user energy trading. Globally, information sharing and resource sharing by consumers allows
for greater bargaining power and access to services without the need to purchase assets, and
although this trend has not yet been highlighted in the energy consumption process,
consumers are also aware that through information sharing and resource sharing, in a fully
competitive market, individual bargaining power can be increased to " collective bargaining
power" in a fully competitive market, thereby increasing revenues or reducing costs. At the
same time, the "sharing" trend of users has made social networking platforms a powerful tool
for energy suppliers. Companies using social platforms to launch special offers, loyalty
programmes and similar activities can also use these channels to gather consumer feedback,
understand their needs and expectations, gauge consumer sentiment and identify issues related
to media and customer service.

F2

Firstly, I work for an electricity price comparison company in the UK. Like go compare, our
main job is to select the right energy company for our customers based on their main needs.
Today I'll talk about the deeper motivations behind peer-to-peer energy consumption. The
first thing 1 want to emphasise is that we don't serve individual customers. We serve
companies. As to why we choose companies, the main reason is that individual consumers
are not yet comfortable with the idea of trading in this new energy source. They are more
inclined to use cheaper packages. For individuals, who have no one at home during the day,
they prefer to get a lower price during the peak and valley hours of use. Many people will
choose to do their laundry at night, for example, if the electricity bill is low enough. Large
companies such as British gas, for example, are now very willing to offer such packages.
There is also the fact that British people like to try new products. The main thing is that the
price of your product is low enough. So, there are often customers who switch their home
electricity company. They will often compare to see which one is cheaper.

The motivation for companies to spend money is very complex compared to companies.
Companies are more than simply trying to save money. Many of our customers are not
thinking about cost savings, they are thinking about whether they can bring a company culture
to the table. For example, some companies have a green culture, so they prefer to use clean
energy in their choice of power company. They are also more willing to experiment with new
clean energy deals. Because that's what their culture says. For individuals, I don't know if
there's a difference in culture, individuals generally do it to save money, | guess. Of course,
environmentalists are still environmentalists, and | believe that many of them will be willing
to try these products once they become popular.
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I understand that the UK is now piloting a personal peer-to-peer trading model. There are
challenges, and we all know that the UK has a very uneven distribution of light. It rains 200
days of the year, and the wind pours. There is also a big difference between the hours of
sunlight in the south and the north. So, for the south, the project is probably more promising.
For places with short sunshine hours, it's not clear that customers can maintain their supply
with the electricity they generate themselves, let alone trade it. But what can be said, the UK
is still very well developed in terms of communities and there should be a market for trading
between neighbours in all communities if the penetration rate is high. And the UK does a
good job of protecting the privacy of its residents.

Many companies in the UK are now experimenting with peer-to-peer energy trading, but
mainly for commercial use. UCL and eon have a joint project for new housing estates, but
mainly for commercial use. The advantage of this is that it is also based on new communities.
On the one hand this will increase the sales and on the other hand test the user transactions in
the small communities.

In the future, therefore, if many companies enter this market. Then this will soon be like the
current market. Retail or channel, both will be there, mainly targeting different consumer
groups. When sustainable energy can be traded on the market as well as conventional energy,
then new energy could not be a simpler product. It is also the process by which you make a
choice between different energy companies. Ultimately the choice is related to the information
presented by the company. What is the reputation of this company? Is the quality of service
from this company good? Do we call the customer service number, and do we get effective
solutions to our problems? So, you browse the information about this company online and see
what people say about him. If people consistently think that this company is good, then it
offers a trustworthy product. Then many customers will make a choice about it. And if you've
been using British gas, and you think the company's products are good, you'll continue to
choose to use them when the company comes out with new energy deals one after another.

I don't know much about the energy model in China. As far as | know, energy in China is
state-owned, right? So, is it feasible to trade energy? Is there a law that allows it? In the UK,
all the electricity comes out of the national grid early on and is sold by different companies,
S0 the peer-to-peer trading model works.

For the UK, the market is still promising. The UK has done a good job of regulating this piece
of legislation. The UK has an Energy Performance Assessment Certificate (EPC), which is an
assessment of the electricity used in your home, whether it is a personal home or a company
home, based on the energy you use. This EPC is directly linked to land tax and the higher the
EPC, the higher the land tax. In fact, it is also a reflection of your electricity consumption
habits and your contribution to CO2 reduction. Whether you turn off your lights, turn off your
computer or use led energy saving light bulbs, this is reflected in your EPC. In the UK, EPCs
are very strict, and it is very difficult to rent a house if it exceeds band D. The government
must force you to carry out electrical renovations. So, the UK has very strong regulations on
energy conservation and environmental protection, so there is a future for energy trading in
the UK. But at the same time, there is another way to look at this issue. Some people are
conserving energy from the inside, whether it is from an economic or environmental point of
view. Some people don't care about energy use, they use as much as they need. Therefore, in
the future, the energy trade will offer different options to these two groups. Those with low
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EPC standards, for example, may be more inclined to environmentally friendly products. And
the group that doesn't care may be more concerned about the stability of the supply of
electricity.

For the future, there are two issues to consider. One is the issue of initial installation costs.
This initial installation cost is not low. In the UK, the average solar company will come to
your home first to take physical measurements. Even if you have filled in the information
online. That is only the initial assessment. Once they have your address information, they will
contact you to take a physical measurement. This includes how many bedrooms in your home
and how many panels to be installed. Then calculate the cost of the installation. This cost
includes the cost of the solar panels and the installation fee. With today's technology, solar
light panels have improved dramatically, but energy storage and range are still big issues. As
a result, many people give up when they get an initial quote for solar light panels. Even if the
solar companies give you some discounts accordingly, there are still many people who give
up. Another interesting thing is that many of the people who come to ask about this are middle-
aged people whose spending power can support them in trying it out. But then again, if this
project had been helped by the government, the result could have been much different.
Secondly, people are more concerned about whose electricity they are actually buying. You
said earlier that blockchain can be tagged, but blockchain is not a physical object, so how to
tag the flow of electricity, we don't know. But | believe that if it really could be tagged, that
might inspire people to use it. Because a fan might want to buy electricity from the solar or
wind power plant next to the home stadium of the team it supports.

Thirdly, whether this product is green or not. How to mark the source of that green. The
energy is ultimately generated in the same form. Blockchain is, of course, a good way to tag
it. But it may take a long time to spread knowledge to customers about how to mark it. Because
most people are still unfamiliar with blockchain.
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English version

Thank you very much for agreeing to participant in this survey. The purpose of this research work is to
understand customers’ attitude intention to use P2P energy trading. The whole questionnaire contains

five sections and will takes you approximately 20 minutes to complete.

The information provided by you in this questionnaire will be used for research purpose only and not for
commercial purpose. The results generated by this study will contribute to the literature in the human-
technology interactions studies. You will also get some knowledge about p2p energy trading through this
survey.

You participated in this survey voluntarily without coercion or under any pressure.

You can withdraw your permission at any time and are encouraged to be honest as possible with your
answers.

Your right to anonymity and confidentiality will be protected during the whole process of data collection.
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You can access the information and are able to contact with the researcher at any time.
If you are understanding the above statements, please click the right box shown in the follows:

o | am totally understand above statements and agree to join in this survey
o | do not want to join in this survey Thank you so much!
Background

Peer to Peer energy trading (P2P energy trading) is the buying and selling of energy between two or more
grid-connected parties. Often in the form of solar energy, any excess energy can be transferred and sold
to other users via a secure platform. Peer-to-peer energy trading allows consumers to decide to purchase
electricity from whom, and who they sell it to.

With the rapid development of new energy distributed power generation projects (Peer to Peer
energy trading), such as solar energy trading, wind energy trading with B2B, B2Cand C2C. Also, recently,
different countries took different policies towards to the distributed power generation, for example, the
joint research between innovation centre and traditional energy corporate. As we know, distributed
generation is located at or adjacent to the place of power consumption, which elevated voltage
transmission. Compared to centralized power generation, it has the advantage of reducing power losses,
saving transmission costs, and reducing the use of land resources. Besides of this, the goal of distributed
generation is to achieve the energy flexibility.

Currently, most of the trading projects are based on the blockchain technology. The P2P trading
platform can work efficiently with the help of distributed ledger technologies, of which the most
prominent type is blockchain. Blockchain technology can help reduce the transaction costs for electricity
trading among prosumers in a P2P trading scheme. All the prosumers and consumers information can be
protected by smart contract with blockchain. And all the transaction can be deal with either energy coin
or currency (energy coin can be exchanged to bitcoin).

However, before you formally start the survey, we still need to let you clearly understand the
advantages and disadvantages of the projects.to help you make the decisions.

The advantages of the project include,

1. Energy independent means you can buy and sell energy as you want

2. Environment protection
3. Saving cost
4

Innovation as blockchain is a new technology

The disadvantages of the project include
1. Instability of the energy supply. It is significantly impacted by the weather.
2. The volage stability will be impacted when the energy integrated into the main grids,
3. The installation cost can be returned at least in 10 years by using renewable energy trading.
4. How to deal with the wasted panel and wind turbs is a problem, as they are difficult to be

degraded. But the situation became better and better with the technology development.

Section 1: Demographic Information

Nationalities
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1. Gender:
oMale
oFemale
oNot to answer
2. Age
018-24

025-34
035-44
045-54
055-64

064+
3. Education

oHigh school/GED
oCollege
oBachelor's degree
oMaster's degree

oDoctoral degree
4. Household Income per year (if not married, family include parents)

oUnder £9999
0£10000-£19999
0£20000-£29999

0£30000-£39999

0£40000-£49999
0£50000-£59999

o Above £60000
5. Marital status

oSingle
oMarried
oDivorcee

oPrefer not to say
6. Family member

ol1-3
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04-6
o7+

7. How many children do you have?

o None
ol
o2-4

o More than 4

Section 2: Building information

8. Living area

oUrban

oRural
9. Bedrooms

o1 bedroom
02 bedrooms
o3 bedrooms

o4 bedrooms

o4+ bedrooms
10. Is the house or flat in which you live (single code)

a) Owned outright
b) Owned with a mortgage or loan
c) Rented from the council
d) Rented from a housing association
e) Rented from someone else (e.g. a private landlord)
f) Other

11. Building age

o under 5years

o 510 9 years

o 10 to 19 years

o 20 to 30 years

030 years above
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12. What is your window glazing
o single glazing

o double glazing

Section 3: Energy consumption information

13. Daily Travel (Choose one mostly used)

o Public transport
o Self-driving

o Recycling

o Walk

o car sharing

o Taxi

14. Would you turn off the lights when going out?

o every time

o sometimes

O never

15. Would you shut down your computer when going out

o every time

o sometimes

O never

16. Would you leave the heating on when you go out

o every time

o sometimes

O never

17. Would you wash the clothes at 40 degrees or less
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o every time

o sometimes

O never

18. Would you leave the mobile phone charger switched on at the socket when not in use

o every time

o sometimes

O never

19. Would you boil the kettle with more water than you are going to use

o every time

o sometimes

O never

20. Who would like to trade your energy with? *

oPeople you know

oPeople you don't know

ol don't care

21. What kind of payment method would you like to use for energy trading? [ONE CHOICE] *
oLocal Currency

oCryptocurrency

22. Please select ‘yellow’ in the statement.

o yellow ored oblack o pink obrown

Section 4: Please use the following scale in your rating to indicate how you agree/disagree (1-7;
1=strongly disagree, 7=strongly agree)

INDIVILISM

23. 1 am unique person

24. What the other said cannot influence my decision
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25. | can afford the decision made my self

COLLECTIVISM

26.1 feel that participating inP2P energy trading soon is a personal obligation

27. 1 feel that | have a moral obligation to participate in P2P energy trading soon

28.1 feel P2P energy trading is benefit for the future generation and the world we live.

LIBERALISM

29. | think the energy system changes are welcome

30. I think uncertainty in energy trading is acceptable

31. I think fair distribution of energy is important

CONSTRUCTIVISM

32. | want the process of energy trading to be orderly and stable

33. I think it is necessary for the government to strengthen regulation of the transaction process

34. 1 think it is necessary for the government to strengthen regulation of the platform

INFORMATION QUALITY

35. | think the information provided by the energy trading website/app is reliable.

36. | think the information provided by the energy trading website/app is closed to the real situation.

37. | trust the information generated by P2P energy trading platform.

SERVICE QUALITY

38. | am aware of my welfare is concerned

39. When | confide my problem to my service provider, | know they will respond with understanding

40. | can count on my services provider considering how their actions affect me

SYSTEM QUALITY

41. Easy to switch the system is important to me
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42. Easy to close my account is important to me

43. Easy to get the balance back is important

STABLE SUPPLY

44. More battery stored can encourage me make P2P energy trading

45, Stable supply can encourage me make P2P energy trading.

46. Integrated within the min grids can help me help me make P2P energy trading

ECONOMICAL BENEFIT

47. Saves me money

48. Helps lower my electricity bill

49. Benefits me financially.

FINANCIAL LOSSES

50. | can accept losses due to inability to convert energy coins to conventional currencies, or not at a
reasonable price

51. | can accept losses due to counterparties failing to meet contractual payments or settlement
obligations is important

52. 1 can accept losses due to market volatility

SUSTAINABLITY

53. Helps reduce the negative impacts on the environment

54. Helps reduce the consumption of energy and other resources

55. Allows me to a more socially responsible civilization.

FEELING OF UNCERTAINTY

56. Using energy token make me feel security

57. Using cryptocurrency will not make worried

58. Energy token based on bitcoin has no risk

225




ENJOYMENT

59. Buying energy from others sounds exciting

60. The idea pf purchasing neighbours’ energy is enjoyable

61. P2P energy trading is fun

REPUTATION

62. This supplier has a reputation for being honest

63. This supplier is known to be concern about customer

64. This supplier had a bad reputation on the market

NOVELTY SEEKING

65. How willing are you to seek out novel information?

66. Do you search for the new and different?

67. How willing are you to try new type of trading?

VARIETY SEEKING

68. P2P energy trading allows me to get access to different sources

69. Wide ranges of supplier are available if I choose to trade things with others

SOCIAL BENEFIT

70. Helps me connect with others

71. Allows me to get to know people from the neighbourhoods

72. Allows me to develop social relationships.

SOCIAL INFLUENCE

73. Will you use P2P energy trading when most people in your office/classroom use P2P energy
trading

74. Will you use P2P energy trading when most people in your community use p2p energy
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75. The more my friends around me start using P2P energy trading services, the more | am willing
to use P2P energy trading service.

COMMUNITY BELONGING

76. The use of P2P energy trading allows me to be part of a group of like-minded people

77. The use of P2P energy trading allows me to be part of a group of people with similar interests

SUBJECTIVE NORMS

78. Most people who are important to me would think that using the P2 P energy trading is a wise
idea

79. Most people who are important to me would think | should use P2 P energy trading

80. My family who are important to me would think that using P2 P energy trading is a wise idea

Section 5: Selection of Products

81. Please select the platform you need from the following energy trading platforms
[ ] Hybrid platform (renewable energy trading schedules integrated with the main grid and
community based).
[ ] Retail platform
[ 1Big brand vending platform
[ ] Blockchain platform

[ ] Community platform

Appendix C: Factor Measurement

Construct Reference Measures

1 INDIVILISM (lanole-Cilin et al., 2020) 23. | am unique person

24. What the other said cannot
influence my decision

25. | can afford the decision made
my self

2 COLLECTIVISMS (lanole-Cilin et al., 2020) 26.1 feel that participating inP2P
energy trading soon is a personal
obligation

27. | feel that | have a moral
obligation to participate in P2P

energy trading soon
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28. | feel P2P energy trading is
benefit for the future generation
and the world we live.

3 LIBERALISMS

(Caldwell et al., 2020)

29. | think the energy system
changes are welcome

30. I think uncertainty in energy
trading is acceptable

31. I think fair distribution of
energy is important

4 CONSTRUCTIVISM

(Caldwell et al., 2020)

32. I want the process of energy
trading to be orderly and stable
33. I think it is necessary for the
government to strengthen
regulation of the transaction
process

34. | think it is necessary for the
government to strengthen
regulation of the platform

5 INFORMATION QUALITY

(Seddon, 1997)

35. | think the information
provided by the energy trading
website/app is reliable.

36. | think the information
provided by the energy trading
website/app is closed to the real
situation.

37. I trust the information
generated by P2P energy trading
platform.

6. SERVICE QUALITY

(Wang & Tang, 2003)

38. | am aware of my welfare is
concerned

39. When I confide my problem to
my service provider, | know they
will respond with understanding
40. | can count on my services
provider considering how their
actions affect me

7. SYSTEM QUALITY

(Wang & Tang, 2003)

41. Easy to switch the system is
important to me

42. easy to close my account is
important to me

43. easy to get the balance back is
important
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8. STABLE SUPPLY

(Hahnel et al., 2020; Wang &
Sun, 2017)

44. More battery stored can
encourage me make P2P energy
trading

45, Stable supply can encourage me
make P2P energy trading.

46. Integrated within the min grids
can help me help me make P2P
energy trading

9. ECONOMICAL
BENEFITS

(Bock et al., 2005)

47. Saves me money
48. Helps lower my electricity bill
49. Benefits me financially.

10. FINANCIAL LOSSES

(Abramova & Béhme, 2016)

50. | can accept losses due to
inability to convert energy coins to
conventional currencies, or not at a
reasonable price

51. | can accept losses due to
counterparties
contractual payments or settlement
obligations is important

failing to meet

52. 1 can accept losses due to
market volatility

11. SUSTAINABLITY

(Hamari et al., 2016)

53. Helps reduce the negative
impacts on the environment

54. Helps reduce the consumption
of energy and other resources

55. Allows me to a more socially
responsible civilization.

12. FEELING
UNCERTAINTY

OF

(Kankanhalli et al., 2005)

56. Using energy token make me
feel security

57. Using cryptocurrency will not
make worried

58. Energy token based on bitcoin
has no risk

13. ENJOYMENTS

(Hamari et al., 2016)

59. Buying energy from others
sounds exciting
60. The

neighbours’ energy is enjoyable

idea pf purchasing

61. P2P energy trading is fun

14. REPUTATIONS

(Doney & Cannon, 1997)

62. This supplier has a reputation
for being honest

63. This supplier is known to be
concern about customer
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64. This supplier had a bad
reputation on the market

15. NOVELTY SEEKING

(Hirschman, 1980)

65. How willing are you to seek out
novel information?

66. Do you search for the new and
different?

67. How willing are you to try new
type of trading?

16. VARIETY SEEKING

(Kim & Jin, 2020)

68. P2P energy trading allows me to
get access to different sources

69. Wide ranges of supplier are
available if | choose to trade things
with others

17. SOCIAL BENEFIT

(Lin & Bhattacherjee, 2008)

70. Helps me connect with others
71. Allows me to get to know
people from the neighbourhoods
72. Allows me to develop social
relationships.

18. SOCIAL INFLUENCE

(Bearden et al., 1989)

73. Will you use P2P energy trading
when most people in your
office/classroom use P2P energy
trading

74. Will you use P2P energy trading
when most people in your
community use p2p energy

75. The more my friends around me
start using P2P energy trading
services, the more | am willing to
use P2P energy trading service.

19. COMMUNITY
BELONGING

(Méhlmann, 2015)

76. The use of P2P energy trading
allows me to be part of a group of
like-minded people

77. The use of P2P energy trading
allows me to be part of a group of
people with similar interests

20 SUBJECTIVE NORMS

(Bock et al., 2005)

78. Most people who are important
to me would think that using the P2
P energy trading is a wise idea

79. Most people who are important
to me would think | should use P2
P energy trading
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80. My family who are important to
me would think that using P2 P

energy trading is a wise idea

Appendix D: Informed Consent Form for Research Participants

Faculty of Environment and Engineering

Informed Consent Form for research participants

Northumbria
University
NEWCASTLE

Title of Study

A Machine Learning Approach to Solving the Complete Cold Start
Problem in Recommendation Systems: Building the P2P Energy Trading

Recommendation System with Theory of Consumption Values

Person(s) conducting the research:

Shan Shan

Programme of study:

Computer and Information PGR

Room 108, Ellison B

Address of the researcher  for

Newcastle Upon Tyne
correspondence:

United Kingdom, NE1 2JA
Telephone: 07588008746
E-mail: Shan.shan@northumbria.ac.uk

Description of the broad nature of the
research:

This research is part of my doctoral study. The research is for academic
purpose only and not for commercial purpose.

The purpose of this research work is to mitigate the cold start problem
toward p2p energy trading recommendation system. This research includes
2 phase studies. It begins with two qualitative studies for exploring critical
factors that may significantly influence trading behaviour and following
up with a quantitative study to collect a large sample so that the researcher
can generalize results to a population. And then, in the second phase, a
machine learning approach is applied by the comparison of different
algorithms.
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This research will contribute on creating a contribution to build the new
p2p energy trading recommendation datasets to fill the cold start gap in the
energy trading recommendations system and provide accurate personal
recommendations toward p2p energy trading. The findings generated from
this research also can help R&D managers in p2p energy trading market to
find the most effective products in the market.

Description of the involvement expected
of participants including the broad nature
of questions to be answered or events to be
observed or activities to be undertaken,
and the expected time commitment:

1.

Participation in this survey is voluntary without coercion or under
any pressure.

Participants can withdraw their permission at any time and are
encouraged to be honest as possible with their answers.
Participants can access the information and are able to contact
with the researcher at any time.

The expected interview time is an hour for each participant.

The questionnaire will be posted on a Chinese and western market
research survey website for 3 weeks.

Description of how the data you provide
will be securely stored and/or destroyed
upon completion of the project.

To protect participants’ right to anonymity and confidentiality, a
coding system will be adopted to identify the participants instead
of using their real name or personal ID.

The data will be password- protected and only can be assessed by
a researcher.

Hard copy of the questionnaire is not required. Electronic records
will be stored in logical files structures and indexed using logical
file.

The expected time of storing the data is approximate the length of
completion of project adds to 5 years.

Arrangements for the archiving of electronic materials will be made within

the Environment and Engineering Faculty.

Information obtained in this study, including this consent form, will be kept strictly confidential (i.e.,
will not be passed to others) and anonymous (i.e., individuals and organisations will not be identified

unless this is expressly excluded in the details given above).

Data obtained through this research may be reproduced and published in a variety of forms and for a

variety of audiences related to the broad nature of the research detailed above. It will not be used for

purposes other than those outlined above without your permission.

Participation is entirely voluntary, and participants may withdraw at any time.

By signing this consent form, you are indicating that you fully understand the above information and

agree to participate in this study based on the above information.

Participant’s signature:

Date: Date:
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Appendix E-Participant Debrief

Northumbria
University
NEWCASTLE

PARTICIPANT DEBRIEF

Name of Researcher: Shan Shan
Name of Supervisor (if relevant): Dr Honglei Li

Project Title: A Machine Learning Approach to Solving the Complete Cold Start Problem in
Recommendation Systems: Building the P2P Energy Trading Recommendation System with Theory of
Consumption Values

1. What was the purpose of the project?

The purpose of this research work is to mitigate the cold start problem toward p2p energy trading
recommendation system. This research includes 2 phase studies. It begins with two qualitative
studies for exploring critical factors that may significantly influence trading behaviour and following
up with a quantitative study to collect a large sample so that the researcher can generalize results to
a population. And then, in the second phase, a machine learning approach is applied by the
comparison of different algorithms.

This research will contribute on creating a contribution to build the new p2p energy trading
recommendation datasets to fill the cold start gap in the energy trading recommendations system and
provide accurate personal recommendations toward p2p energy trading. The findings generated from
this research also can help R&D managers in p2p energy trading market to find the most effective
products in the market.

2. How will | find out about the results?

The data will be analysed approximately 3 weeks after taking part of the interview. The final study will
be completed on 01/03/2021. The researcher will email you a general summary of the results if you
would like to know.

3. If I change my mind and wish to withdraw the information I have provided, how do | do this?

If you wish to withdraw your data, then please email the researcher named in the information sheet within
1 month of taking part and given me the code number that was allocated to you (this can be found on

your debrief sheet). After this time, it might not be possible to withdraw your data as it could already
have been analysed.
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The data collected in this study may also be published in scientific journals or presented at conferences.
Information and data gathered during this research study will only be available to the research team
identified in the information sheet. Should the research be presented or published in any form, all data
will be anonymous (i.e., your personal information or data will not be identifiable).

All information and data gathered during this research will be stored in line with the Data Protection Act
and will be destroyed 60 months (the length of completion of the research adds to 5 years) following the
conclusion of the study. If the research is published in a scientific journal, it may be kept for longer
before being destroyed. During that time the data may be used by members of the research team only for
purposes appropriate to the research questions, but at no point will your personal information or data be
revealed. Insurance companies and employers will not be given any individual’s personal information,
nor any data provided by them, and nor will we allow access to the police, security services, social
services, relatives, or lawyers, unless forced to do so by the courts.

If you wish to receive feedback about the findings of this research study, then please contact the
researcher at shan.shan@northumbria.ac.uk

This study and its protocol have received full ethical approval from Faculty of Environment and
engineering Ethics Committee. If you require confirmation of this, or if you have any concerns or worries
concerning this research, or if you wish to register a complaint, please contact the Chair of this Committee,

stating the title of the research project and the name of the researcher.

Thanks again for your participation.
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