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Abstract 
Eric Buah 
Artificial Intelligence Technology Acceptance Framework for Energy Systems 
Analysis  
Lappeenranta 2022 
92 pages 
Acta Universitatis Lappeenrantaensis 1014 
Diss. Lappeenranta-Lahti University of Technology LUT 
ISBN 978-952-335-787-7, ISBN 978-952-335-788-4 (PDF), ISSN-L 1456-4491, ISSN 
1456-4491 

This article-based PhD dissertation contributes to the state-of-the-art knowledge 
development of applications of Artificial Intelligence (AI) in Energy Systems, with a 
focus on the phenomenon of social acceptance. It proposes an AI technology acceptance 
framework for energy system analysis. This is intended to complement the conventional 
energy technology acceptance framework so as to advance the science of prediction in 
social acceptance studies. In practice, this framework can be applied to social data on 
energy projects and innovation to develop AI-driven decision-making algorithms. These 
algorithms can augment human experts’ capability to gain insight into the social context 
in which an energy project will be implemented, or is ongoing. In the decision-making 
process, it can help human experts to make accurate predictions of the future to design 
intervention strategies to guide decision-making. 

The proposed AI framework was designed using the combination of mathematics of fuzzy 
logic and deep neural network (DNN), incorporated with a Likert scaling strategy. The 
novelty of the proposed method is that its application is not limited by the big-data 
requirement in mainstream DNN methods. The practical feasibility of the proposed 
method was tested and validated in the context of CO2 Capture and Storage (CCS) as a 
case study using emotional response to a hypothetical CO2 storage. To obtain data for the 
simulation experiment, a small sample of 198 datasets was collected from volunteers from 
more than 15 countries, both developed and developing. The framework helped to 
mathematically manipulate the 60% of the small raw data to augmented data of about 
72,000 datasets, to train an emotion detection algorithm on a hypothetical CO2 storage 
project. 

When the simulation experiment was run on about 40% of the raw data, the algorithm 
demonstrated an average performance of approximately 90% predictive accuracy. Out of 
the 84 test samples (unseen cases) used to challenged the algorithm, it predicted 76 
feelings correctly when the stakeholders took a definite position on how they felt. The 
performance was measured when the algorithm’s predictions were compared to the self-
reported emotional states of the volunteers, which, as test data, were not exposed to the 
algorithm in any form, so as to enhance objective evaluation.  

The results of the simulation experiment were used in this dissertation to address some 
research gaps in acceptance studies through a series of four articles. This was done to 



show the practical and theoretical implication of the proposed AI framework. Two of the 
articles were published in ‘basic’ journals, and two were published in a ‘leading’ journal 
and a ‘top’ journal, according to the standard of the Finnish Publication Forum (JUFO). 
An overview of these publications is presented in this dissertation.  

Keywords: artificial intelligence, CO2 capture and storage, deep neural network, CCS 
communication and engagement, fuzzy logic, fuzzy deep learning, technology 
acceptance.  
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Tämä artikkeliväitöskirja edistää uusimman tietämyksen kehittämistä 
energiajärjestelmiin liittyvissä tekoälyn (AI) sovelluksissa, keskittyen sosiaalisen 
hyväksynnän ilmiöön. Väitös tarjoaa tekoälyteknologian hyväksymiskehystä 
energiajärjestelmän analysointiin. Tämän on tarkoitus täydentää tavanomaista 
energiateknologian hyväksymiskehystä ennustettavuuden edistämiseksi sosiaalisen 
hyväksynnän tutkimuksissa. Käytännössä tätä viitekehystä voidaan hyödyntää 
sosiaalisiin tietoihin energiaprojekteissa ja innovaatioissa tekoälypohjaisten 
päätöksentekoalgoritmien kehittämiseksi. Nämä algoritmit voivat parantaa 
asiantuntijoiden kykyä saada käsitys sosiaalisesta kontekstista, jossa energiaprojekti 
toteutetaan tai on meneillään. Päätöksentekoprosessissa se voi auttaa asiantuntijoita 
tekemään tarkkoja ennusteita tulevaisuudesta ja suunnittelemaan interventiostrategioita 
päätöksenteon ohjaamiseksi.  

Ehdotettu tekoälykehys suunniteltiin käyttämällä sumean logiikan, syvän neuroverkon 
(DNN) ja Likert- skaalan matemaattista yhdistelmää. Ehdotetun menetelmän uutuus on 
se, että sen soveltamista ei rajoita valtavirran DNN-menetelmien suurdatan vaatimus. 
Ehdotetun menetelmän käytännön toteutettavuus testattiin ja validoitiin CO2 Capture and 
Storage (CCS) -menetelmän yhteydessä tapaustutkimuksena, jossa käytettiin vastaajien 
tunnereaktioita liittyen hypoteettiseen hiilidioksidin varastointiin. Tietojen saamiseksi 
simulaatiokokeilua varten kerättiin 198 tietojoukon näyte vapaaehtosilta vastaajilta yli 
15:stä sekä kehittyneestä että kehitysmaasta. Kehys auttoi manipuloimaan 
matemaattisesti 60 %  saduista 198:sta  raakatiedosta ja saimme noin 72 000 tietojoukon, 
jotta tunteiden havaitsemisalgoritmi pystyttiin kouluttamaan tunnistamaan tunteita 
hypoteettisessa hiilidioksidin varastointiprojektissa.  

Kun simulaatiokoe suoritettiin jäljellä olevilla noin 40 %:lla raakatiedoista (raw data), 
algoritmi osoitti keskimäärin noin 90 %:n ennustustarkkuuden. Algoritmin haastamiseen 
käytetyistä 84 testinäytteestä (näkemättömästä tapauksesta), algoritmi ennusti 76 tunnetta 
oikein, kun sidosryhmillä oli selkeä mielipide tunteistaan. Suorituskykyä mitattiin, kun 
algoritmin ennusteita verrattiin vapaaehtoisten itsensä ilmoittamiin tunnetiloihin, jotka 
eivät olleet testitietona alttiina algoritmille missään muodossa, objektiivisen arvioinnin 
tehostamiseksi.  



Simulaatiokokeen tuloksia käytettiin tässä väitöskirjassa neljän artikkelin sarjassa, joissa 
kohdistettiin huomio hyväksymistutkimuksen tutkimusaukkoihin. Tarkoituksena oli 
esittää ehdotetun tekoälykehyksen käytännön- ja teoreettiset vaikutukset. Artikkeleista 
kaksi julkaistiin Julkaisufoorumin, JUFO:n (suomalainen tieteellisten julkaisukanavien 
julkaisujärjestelmä) standardin mukaisissa perustason julkaisuissa, kaksi JUFO:n 
standardin mukaisessa johtavan tason julkaisussa ja korkeimman tason julkaisussa. 
Yleiskatsaus näistä julkaisuista on esitetty tässä väitöskirjassa. 

Avainsanat: tekoäly, CO2 talteenotto ja varastointi,  syvä neuroverkko, CCS viestintä ja 
sitoutuminen, sumea logiikka,  sumea syväoppiminen, tekniikan hyväksyminen.  
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Nomenclature 
In the present work, variables and constants are denoted using slanted style, vectors are 
denoted using bold regular style, and abbreviations are denoted using regular style. 
 

Latin alphabet 

A area m2 
a constant – 
CD drag coefficient – 
cp specific heat capacity at constant pressure J/(kgK) 
cv specific heat capacity at constant volume J/(kgK) 
d diameter m 
F force vector N 
f frequency Hz 
g acceleration due to gravity m/s2 

h heat transfer coefficient W/(m2K) 
h enthalpy J/kg 
j flux vector m/s 
L characteristic length m 
l length m 
M torque Nm 
m mass kg 
N number of particles – 
n unit normal vector – 
p pressure Pa 
q heat flux W/m2 
r radius m 
T temperature K 
t time s 
qm mass flow kg/s 
V volume m3 
v velocity magnitude m/s 
v velocity vector m/s 
x x-coordinate (width) m 
y y-coordinate (depth) m 
z z-coordinate (height) m 

 

Greek alphabet 
(Note: This is listing usable Greek symbols in alphabetical order including names of 
symbols. The first line shows the correct formatting of the entries.) 
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α thermal expansion coefficient 1/K 
α (alfa) 
β (beta) 
Γ (capital gamma) 
γ (gamma) 
Δ (capital delta)     usually used for change without slanting: Δ 
δ (delta)     notice the difference to ! (partial differential) symbol in equations 
ε (epsilon) 
ϵ (epsilon variant, Unicode 03F5, compare with equation symbol #)  
ζ (zeta) 
η (eta) 
Θ (capital theta) 
θ (theta) 
ϑ (theta variant, Unicode 03D1, compare with equation symbol %) 
ι (iota) 
κ (kappa) 
Λ (capital lambda) 
λ (lambda) 
µ (mu) 
ν (nu)     this is similar as Latin v (vee), avoid using 
Ξ (capital xi) 
ξ (xi) 
ο (omikron)     this is similar as Latin o (oh), avoid using 
Π (capital pi) 
π (pi)     usually reserved for mathematical value π = 3.14159... 
ρ (rho) 
ϱ (rho variant, Unicode 03F1, compare with equation symbol ' 
Σ (capital sigma)     often used for sum without slanting: Σ 
σ (sigma) 
ς (final sigma) 
τ (tau) 
υ (upsilon) 
Φ (capital phi) 
ϕ  (phi variant, Unicode 03D5, compare with equation symbol )) 
Ø (oh with stroke, Unicode 00D8, comp. with "empty set" in eq. symbols: ∅) 
φ (phi) 
χ (chi) 
Ψ (capital psi) 
ψ (psi) 
Ω (capital omega) 
ω (omega) 
(Note: The Greek symbols in text can be given by Insert – Symbol, but variant symbols 
are only available as Unicode or using equation editor. The Unicode symbols can be 
inserted by first writing the Unicode number in hex (e.g. 03B5 or 03F5) and then after 
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the code pressing ALT-x, which will convert between the code and symbol (e.g. ε or ϵ). 
Another method is to use equation editor (e.g. + or #).) 

Dimensionless numbers 

Ar Archimedes number 
Bi Biot number 
Fo Fourier number 
Gr Grashof number 
Nu Nusselt number 
Pr Prandtl number 
Re Reynolds number 
Sh Sherwood number 
St Stanton number 
Ste Stefan number 
Stk Stokes number 

Superscripts 

p partial layer 
* dimensionless 

Subscripts 

p particle 
eff effective 
g gas 
s solid 
l liquid 
max maximum 
min minimum 
tot total 

Special representations used in the dissertation  

 
, A subjective response to a stimuli (raw response) 
,-.    Fuzzy Likert features 
,/012/ Psychological response of trust in actors (raw response) 
34526 Psychological response of a subject’s risk perception (raw response) 
7	 3  Degree of membership (membership function) 
79	:;<=/6<;> 3  Membership function of indecisive feelings of a subject 
7?@A 3  Membership function of a subject unpleasant feelings (low dearth negative 

emotional response such as sad). 
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7BCDD9EA 3  Membership function of a subject unpleasant feelings (high dearth negative 
emotional response such as Worried, I am afraid etc.) 

7F@GGH	 3  Membership function of a subject pleasant feelings (high dearth positive 
emotional response such as excited, I am very happy etc.) 

Abbreviations 

 
CCS Carbon dioxide capture and storage/CO2 Capture and Storage  
DNN Deep neural network 
Fuzzy-DNN Combination of fuzzy logic and deep neural network 
MF Membership function. The same as degree of membership (7	 3 ) 
MOD Expression of Indecisive feelings 
NA Expression of unpleasant feelings 
PA Expression of pleasant feelings 
TSK Takagi–Sugeno–Kang (TSK) fuzzy system 
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1 Introduction 

1.1 Research problem and objective 

Climate change and sustainable development are among the most pressing issues facing 
human society today. While the science of climate change is complex, there is general 
recognition that the burning of fossil fuel is a major contributor to climate change. To 
address these global challenges, in 2016, at the 21st Conference of the Parties of the 
United Nations Framework Convention on Climate Change (UNFCCC), world leaders 
meeting in Paris put forward the historic climate agreement popularly known as the Paris 
Agreement. This international policy challenges us to pursue a path that drives our society 
into a sustainable direction. The agreement stipulates a target of keeping the increase in 
global average temperature to well below 2°C above pre-industrial levels, and to pursue 
efforts to limit the rise to 1.5°C. It was hoped that this would substantially reduce the risks 
and impacts of climate change.  

To achieve this goal, the International Energy Agency (IEA) scenario shows that energy 
technologies, including nuclear energy, wind energy, and carbon capture and storage 
(CCS), all play a crucial role in this societal transformation. In the IEA scenario, it is 
stressed that no single solution is a “silver bullet”. Therefore, integrated use of these 
energy technologies is encouraged to contribute to achieving the 2°C and 1.5°C targets 
(IEA, 2010; IEA, 2013; 2016.). In stringent emission scenarios, CCS, for example, is seen 
as one of the radical solutions that could contribute to achieving the 1.5°C target, because 
CCS, when combined with bioenergy (known as bio-CCS), creates negative emissions. 
Despite this potential, these energy technologies have evolved without social acceptance. 
For example, in the Netherlands and Germany, lack of social acceptance has brought CCS 
demonstration plants to a halt (Ashworth et al., 2011). Social acceptance of energy 
projects manifests in the form of social license. This social license is not legally binding, 
and it is granted to energy projects by stakeholders at the market, community and socio-
political (general) level (Wüstenhagen et al., 2007; Upham et al., 2015; Gallois et al., 
2017; Lehtonen et al, 2020). 

At the community level, social acceptance manifests in the form of the support of local 
citizens and their networks for local implementation of an energy project. At the political 
level, it is influenced by political actors, and can facilitate policy decisions that create an 
enabling environment for implementing the technology (Huijts et al, 2007; Midden & 
Huijts, 2009; Wüstenhagen et al., 2007; Hampl & Wüstenhagen, 2012; Upham et al., 
2015; Aklin, Cheng & Urpelainen, 2018). In contrast, if the community that faces the 
direct risks of a project opposes it and policymakers create unfavorable policy 
environments and market mechanisms that do not attract investors, investors’ confidence 
in leveraging their resources to support project implementation will be reduced, since they 
see such investment as risky.  
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The situation can become more complex, because social acceptance does not consist of a 
one-time approval of the energy project, but amounts to ongoing informal agreement. 
Even if the project is initially approved, the social license granted by the stakeholders can 
be withdrawn (Dowd &James, 2014; Moffat, Kieren & Zhang, 2014; Hall et al, 2015; 
Moffat et al., 2016; Gallois et al, 2017; Gough et al., 2018; Kamenopoulos & Tsoutsos, 
2019). The withdrawal can manifest in different forms, including protest action and 
vandalism, as in the case of the Niger Delta oil and gas pipelines (Umar et al, 2017). This 
makes the future uncertain and raises the question of the long-term acceptability of an 
energy project throughout its lifecycle stages. To manage such challenges, securing a 
long-term social license for an energy project is a necessary part of the communication 
and engagement practice. Over the past years, the recommended practices have 
exclusively relied on mainstream consultation techniques and large-scale deliberative 
engagement. These traditional approaches engage people through face-to-face 
interactions, and survey analysis of the social context, including workshops and other 
outreach programmes (e.g. see Ashworth et al, 2011; Coyle et al, 2016). Other studies 
have also recommended the use of conventional technology acceptance frameworks and 
behavioral models for the stakeholders’ analysis (Mollin, 2005; Midden & Huijts, 2009; 
Terwel et al., 2009; Huijts, Molin & Steg, 2010; Visschers et al., 2011; Huijts et al., 2012; 
Huijts et al., 2014; Wang & Li, 2016; Perlaviciute et al., 2018; Huijts et al., 2019; 
Sugiawan & Managi, 2019; Xia et al., 2019). These behavioral frameworks have a 
historical root from the field of socio-psychology and have stood the test of time (over 50 
years or so). They include the theory of reasoned action (ToRA or TRA) (Fishbein, 1967), 
the Ajzen theory of planned behavior (Ajzen, 1985), the Norm Activation Model (NAM; 
Schwartz, 1977) and Davis’s technology acceptance model (Davis, 1989).  These 
technology acceptance frameworks and behavioral frameworks  are applied in  the 
construction of regression and causal models that are applied to new behavior, to explain 
and predict the future.  

All these conventional approaches have merit. They have contributed to the development 
of theories and models that are still used to gain insights into the social context of energy 
projects. They help human experts to understand stakeholders’ perceptions, emotions and 
sentiments, and how these influence acceptability of a project, and assist them also in 
making recommendations for practice. The strength of these conventional methods is that 
they are good at explaining the cause of the social behavior, its influential mechanisms 
and how it influences acceptance. However, these conventional approaches are limited 
when it comes to proceeding beyond causal explanation to predict future actions so as to 
devise interventions to manage key challenges of the future (Breiman, 2001; Shmueli, 
2010; Yarkoni & Westfall, 2017). To overcome these limitations, artificial intelligence 
using machine learning and deep machine learning has emerged as an alternative solution 
(Yarkoni & Westfall, 2017). It has gained attention lately in the field of energy. However, 
the current state of the art of AI applications in energy systems has been technocratic-
driven in relation to developing the technical infrastructures. And to date little is known 
about how this AI approach could contribute to overcoming the challenges on the human 
side of the energy system, in the field of acceptance studies (Xu et al, 2019; Buah et al., 
2020). This study, therefore, aims to add to current knowledge about application of AI in 
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energy systems, with a focus on the phenomenon of acceptance. Its overall objective is to 
propose an AI technology acceptance framework for energy system analysis. In practice, 
this framework can be applied to social data on energy systems to develop energy decision 
algorithms for stakeholder analysis and predictions to guide decision-making. The overall 
objective of the study was achieved through four scientific supporting articles. The 
relationship between them and how they contribute to accomplishing the objective is 
presented in Section 1.2.  

1.2 Scope of the work, limitations and relationship between articles 

This research is interdisciplinary in nature. It builds conceptual bridges between the field 
of machine learning and artificial intelligence, AI and sociological research in the field 
of energy called social acceptance studies.  

As highlighted in section 1.1, social acceptance studies in the field of energy strive to 
observe the human-energy technology interactions. Due to the advent of climate change 
and sustainable development, the observation of this human-energy technology 
interaction has been observed within the broader context of sustainability within the 
framework of people, planet and profit, the so-called Triple Bottom Line and beyond. 

 It could be deduced from the literature that this observation is usually aimed at 
understanding how stakeholders in the market, socio-political and community levels react 
to an energy technology and project that is ongoing or yet to be implemented 
(Wüstenhagen et al., 2007). This understanding is then used to provide predictive insights 
that enable decision-makers to gain insights into the future. The prediction helps them to   
devise interventions that address key concerns to develop economically viable, 
environmentally sound and socially responsible energy technologies and projects. Earlier 
studies have employed many approaches and methods over the years to observe this social 
and natural phenomena, but late Breiman (2001) loosely grouped these approaches and 
methods into two cultures or schools of thoughts. 

As indicated in the scoping framework of the dissertation in Figure 1, these schools of 
thoughts are called data modelling and algorithmic modelling cultures. Shmueli (2010) 
prefers to call the data modelling culture as explanatory modelling and algorithmic 
modelling culture as predictive modelling. For the purpose of this work, explanatory 
modelling and predictive modelling will mostly be used. 

According to Breiman (2001) and Shmueli (2010), explanatory modelling aims at causal 
explanation and predictive modelling aims at prediction. Explanatory modelling assumes 
that the data are generated by a given stochastic data model. So it is assumed that how the 
people will, for example, behave towards the energy stimuli are known; thus, J(LMNOM), 
prior to building the data model. It is validated on how best a model fit a data (goodness-
for-fit). Predictive modelling using algorithms  on the other hand, treats the data 
mechanism as unknown, thus, J	(QMLMNOM). So, using neural network for example, 
modellers using this tradition, learn from example behavior of the stimuli to build the 
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model. It is validated using predictive accuracy to determine how a predictive behavior 
is close to the reality as indicated in Figure 1. 

 

Figure 1: The scope of the dissertation and its relation to sociological and machine 
learning-based research approaches and traditions.   

 

Each school of thought has its strengths and limitations. Explanatory models are better 
at model interpretation, but poor at prediction. On the other hand, predictive models using 
algorithms are good at prediction but poor at interpretation.  This strength and weakness 
of each school of thought suggest; that one is not better than the other. As shown with the 
arrow labelled “A” in Figure 1, they are complementary school of thoughts and both 
serves a different purpose in science in observing our social and natural world. Therefore, 
when their unique roles are recognized in a field as complementary to each other, it helps 
to push the boundary of knowledge in a field, to test and develop new theories with 
implications in practice (Breiman, 2001;  Shmueli, 2010; Yarkoni & Westfall, 2017). 

As highlighted in section 1.1 and indicated with the black oval shape in Figure 1, the 
state-of-the-art of sociological research in the field of energy has over the years 
committed to the use of the explanatory school of thought. That   is why in the literature, 
causal models are not only used for causal explanation to understand what causes, for 
example, a stakeholder at the market, community or socio-political level to accept or 
reject an energy project or but also been used to predict future actions including how some 
constructs influence the future (e.g. see Huijts et al. (2019) (see more discussion in section 
3.1.1). On the other hand, the science of prediction using computer-based algorithms has 
usually been done by computer scientists or machine learning engineers and data 
scientists to make predictions using for example neural networks. These scientists'   treat 
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explanation as a secondary goal. But decision-makers are now questioning the black box 
nature of these algorithms. The main argument and criticism is, without understanding 
how an algorithm reaches a decision, it will be challenging to design intervention 
strategies to manage the behavior or observe the environment, and address key concerns 
to build socially acceptable technologies. 

 In the research field of computer science and machine learning, this has led to a new 
stream of AI tradition called Explainable Artificial Intelligence (also known as 
eXplanable Artificial Intelligence), shortened as XAI. This field of research combines the 
sociological preference to understand our social and natural world with the computer-
science based preference of creating accurate predictive models. It deals with causal 
inference instead of causal explanation (Rudin, 2019). So, for example, using fuzzy deep 
neural network (fuzzy deep learning), an algorithm decision can be explained using 
simple fuzzy mathematics rule inference (e.g. see Fig 7 in section 3.1.8). It uses fuzzy 
weights to quantity a stakeholders’ reaction. It expresses an inference such that if we 
know a fact (premise, hypothesis, antecedent), then we can infer or derive another fact, 
called a conclusion (Ross, 2010). 

From this perspective, XAI school of thought is all about managing the 
interpretability and accuracy nexus in prediction to facilitate decision-making in a 
transparent manner by opening the blackbox of the algorithms to an extent.  

As indicated in Figure 1, this dissertation focuses within the scope of the Explainable 
Artificial Intelligence (XAI) tradition. Drawing inspiration from this XAI school of 
thought, the dissertation brings together sociological tools (Likert, traditional acceptance 
frameworks, emotional theories) and machine learning tools (fuzzy logic, neural network, 
deep learning) to create a new XAI tool for studying acceptance of energy systems. 
Therefore, the main outcome of this dissertation is an AI framework for energy system 
analysis. The main difference between the proposed AI acceptance framework and the 
traditional acceptance framework in the field of social acceptance (such as the one 
proposed by Huijts et al, 2012) is as follows. The conventional technology acceptance 
framework for energy system analysis is a static framework. It has been built with already 
defined inputs and outcome constructs. The one proposed in this dissertation is a dynamic 
framework. In practice, it means, models constructed from it when applied to data, are 
learnable and adaptable to new changing behavior, in the life cycle of an energy 
technology and project. It can be used to study any given inputs within and beyond the 
traditional ones including new behavior to observe a desired output. In practice, it also 
means; if one has a data, the same data can be used to observe the influence of different 
parameters within the datasets without necessarily going back to the field, to collect new 
data, to observe an output included in the data. But this practice is usually done in the 
sociological tradition with the conventional frameworks. The XAI approach taken in this 
dissertation provide a framework to implement the traditional ones and beyond, to 
obviates the human labor and reduces the resources needed to implement the conventional 
frameworks (see discussion and conclusion for more details).  
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Within this scope of the dissertation, acceptance studies focus on different kinds of energy 
technologies and projects. To limit the scope of the work, the proposed AI technology 
acceptance framework for energy system analysis was developed, validated and tested 
through simulation experiments in the context of CO2 capture and storage (CCS) as a case 
study. CCS is a climate mitigation solution. It consists of three parts: CO2 capture 
technology, CO2 transportation and CO2 storage. The CO2 capture technology captures 
CO2 from carbon-intensive stationary sources such as fossil-fuel-fired power plants. The 
captured CO2 is then compressed into a supercritical fluid and transported via ship, rail 
or pipeline. The CO2 is then sequestered into different geological locations such as deep 
saline aquifers, depleted oil and gas reservoirs and unmineable coal beds (Haszeldine, 
Flude, Johnson & Scott, 2018; Gough et al., 2019).  

CCS was an interesting case for the study because it is among the portfolio of low-carbon 
energy technologies that has provoked some public opposition (Wallquist et al., 2010; 
Terwel et al., 2011; Xuan, & Wang, 2012; Seigo et al., 2014; Lenzi et al., 2018; 
Whitmarsh et al., 2019). In some countries, such as the Netherlands and Germany, some 
CCS demonstration pipelines have been cancelled because of lack of public support 
despite political will to support their implementation (Ashworth et al, 2011; Braun, 2017; 
Tcvetkov et al., 2019)).  

Using this CCS case, the overall objective of the work was achieved through an article-
based dissertation with four supporting articles. Figure 2 presents the relationship 
between the supporting articles and how they combine to accomplish the overall research 
objective. 
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Figure 2: Objectives of the work and relationships to the articles included in the dissertation 
summary. 

 
As Figure 2 illustrates, Article 1 initiated the framework development using a shallow 
algorithm based on fuzzy logic capability. The goal of this work was to explore the 
feasibility of the proposed AI framework; at the time of writing, no studies could be 
identified that tackled the problem under investigation from a machine learning 
perspective. Assurance about the feasibility of the method proposed led to Article 2, 
which explored the problem using an advanced AI technique based on fuzzy deep 
learning. The model development and testing was accomplished using emotional 
responses to community acceptance of CO2 storage facilities as a case study. The CO2 
storage facility was situated  in places to which the participants were emotionally 
attached, such as their homes, in line with standard practice and measurement in the 
literature (e.g. see Huijts et al, 2007; Midden & Huijts, 2009). The results from Article 2 
then provided a framework for Article 3 and 4 where the adaptability and practical and 
theoretical implications of the proposed method were explored. As depicted in Figure 1, 
the experiment of Article 3 and 4 was explored in the context of CCS communication and 
engagement and its impacts on securing a long-term social license for CCS projects. The 
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detailed discussion of these articles can be found in Section 3, which gives an overview 
of the articles. 

1.3 Scientific and societal contribution of the work 

The energy sector is a complex socio-technical system in which humans and machines, 
such as energy technologies and infrastructure, interact at a complex system level to effect 
a societal transformation towards a low-carbon future. In the literature, socio-technical 
scientists have increased our understanding that, while these energy technologies and 
infrastructure have an important role to play in this societal transformation, the 
technologies do nothing unless they come into association with human agencies (Kemp,  
2010; Geels, 2011; Wangel, 2011;  Geels, 2012; Savaget et al., 2019). This explains why, 
for example (as explained in the introduction) some energy technologies such as CCS 
have emerged as a radical solution among the portfolio of low-carbon options to mitigate 
climate change, but have been struggling to move from talk to action in some countries 
due to citizens’ opposition and lack of political will to support their development and 
implementation. It is therefore crucial to understand how human agency influences the 
successful or unsuccessful deployment of the energy system by stakeholders at the 
market, community and socio-political level. This understanding can then be used to gain 
predictive insights and make recommendations for practice. However, in this research 
stream over the years, social acceptance studies on the energy system have been 
influenced by social science theories. Practice and theoretical viewpoints in the field have 
therefore mostly relied on a socio-psychological viewpoint for problem-solving, 
including communication studies. This is why, for example, conventional technology 
acceptance models and theories used in construction of structural equation and causal 
models have become a gold standard of practice in understanding and predicting complex 
human decision-making behavior in the energy system. They are widely used in studies 
investigating the phenomenon of social acceptance in, for example, nuclear energy, CO2 
Capture and Storage (CCS), hydrogen technology and wind energy acceptance (e.g. see 
Huijts et al., 2012; Yang, Zhang & McAlinden, 2016; Janhunen, 2018a &b). 

As underlined in Section 1.1, these models are good at explaining what causes an event 
that leads to, for example, cancellation of an energy project and the key influential 
mechanisms for making recommendations for practice. However, these mainstream 
approaches fall short when it comes to going beyond causal explanation to predict what 
happens when behavior and events change in the lifecycle of an energy project, and 
facilitating early interventions. In the literature, Yarkoni and Westfall (2017) and Shmueli 
(2010) observed that most social scientists studying this social phenomenon, where 
prediction is required, are aware of the weakness of these traditional approaches. But, 
because traditionally they have been central to studying social phenomenon, causal 
models are still seen as the gold-standard method of practice in human observation and 
prediction in our societal systems. For example, Berk (2008) noted: “In the social 
sciences, for example, one either did causal modelling econometric style or largely gave 
up quantitative work” (p.xv). The studies of these authors, however, concluded that these 
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causal models constructed from the conventional technology acceptance framework are 
not models and theories for prediction, regardless of what has been assumed in the social 
science fields. For example, Yarkoni and Westfall (2017) stated that the dominant trends 
in the study of social phenomena by social scientists have led to endless debate in the 
literature about moderating and mediating factors and how they explain and predict a 
behavior. Their studies further explain that this trend has led to much of the social science-
influenced fields being “populated by research programs that provide intricate theories of 
psychological mechanism but that have little (or unknown) ability to predict future 
behaviors with any appreciable accuracy” (p.1).  

Breiman (2001), Shmueli (2010) and Yarkoni and Westfall (2017) recommended, in 
relation to the social science-influenced fields, that, where prediction is part of the 
decision-making process in practice, these socio-psychology models and theories cannot 
be relied upon. However, as far as can be ascertained, the literature on social acceptance 
has remained silent regarding this recommendation. The proposed AI technology 
acceptance framework for energy system analysis is therefore intended to overcome the 
weakness in the mainstream approach. It offers scientist and practitioners in the field a 
framework to model and develop decision-making algorithms that are good at prediction, 
in contrast to the traditional approaches.  

In real-life application, the modelling leads to the development of a deep learning model. 
The novelty of the proposed system in relation to traditional deep learning algorithms is 
as follows. In traditional deep learning using DNN, one needs to gather a big amount of 
data on the problem under observation to ensure good performance of the algorithm. This 
is due to the problem of overfitting, which makes models sensitive to their data 
environment. This sensitivity leads to poor generalization of the model, and therefore 
affects its accuracy. Good performance of the model is important in acceptance studies 
since the model is aimed at supporting human-level decision-making where bad decisions 
can lead to unsustainable actions that may also affect our planet. In the field of acceptance, 
obtaining this big social data to train the conventional DNN algorithms is labor- and 
resource-intensive. This is why, in the literature, one finds that limited amounts of data 
from survey research are usually used by the scientists who study this human side of the 
energy systems to gain insight into the energy project environment. If this small data used 
in the traditional social science approach were used to train the AI algorithms produced 
by the proposed method, it would lead to overfitting and therefore affect the model’s 
performance. The proposed method is novel in that it is flexible with data; in practice, 
where big data on the problem at hand is lacking, the system still provides a mathematical 
framework, using the technique of data argumentation, to hack into the small data to 
obtain augmented big data to train the deep learning algorithm without overfitting (see 
the butterfly illustration in Figure 6 for detailed explanation). The supporting articles, 
using the CCS case study, give evidence of how the system can manipulate the small 
social data to build a deep model using the proposed framework.   
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1.4 Structure of the dissertation 

The dissertation is structured into five chapters. In this chapter, the research problem 
motivating the work, the overall objective and the relationships between the supporting 
articles that contribute to achieving the objective of the dissertation have been presented. 
The scientific and societal contribution of the work and the novelty of the proposed 
method in relation to traditional deep learning is also described. In Chapter 2, the 
proposed AI framework is introduced in the methodology section and the basic 
mathematics behind it are explained. In Chapter 3, the evaluation of the framework – 
using the simulation experiment to demonstrate the practical feasibility of the proposed 
AI framework – is presented. The evaluation uses emotional response to a hypothetical 
CO2 storage as a case study. This chapter explains the data collection strategy that was 
applied, and how the data collected was pre-processed before being used in the modelling. 
The neural networks modelling architecture used in the simulation experiment is also 
presented. The results of the experiment were used in addressing some research gaps in 
the literature. This is explained in the supporting articles of this dissertation. An overview 
of these articles is presented in Chapter 4. The discussion and concluding part of the 
dissertation is presented in Chapter 5, where the general implications of the work are 
briefly discussed, along with the limitations and scope for future studies. 
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2 Methodology and Method  
The overall objective of this dissertation is to propose an AI technology acceptance 
framework for energy system analysis, with a focus on social acceptance. In line with this 
objective, in this methodological section, the goal is to present the general framework, its 
underlying theory and basic mathematics. This will then be followed by a case study using 
a simulation experiment to demonstrate the practical feasibility of the proposed AI 
framework. In this case experiment, emotional response to a hypothetical CO2 storage 
technology is considered, as highlighted in the introduction. The results of the experiment 
were used to address theoretical gaps in the literature. These results were published in 
academic journals. An overview of these articles is presented in Chapter 3.   

2.1 Theoretical framework of proposed AI technology acceptance 
framework  

Building on the work of Wüstenhagen et al. (2007), Upham et al. (2016), Buah, Linnanen, 
Wu (2020) and Barrett (2017), Figure 3 presents the proposed AI technology acceptance 
framework for energy system analysis.  

 Theoretically, the framework was built on the theoretical assumption of the Barrett 
theory of constructed emotion. This theory assumes that our brain is not prewired with 
emotion circuits from birth. Our behavior, perceptions and emotionally influenced 
decisions are predictable because the action is a perceiver-dependent phenomenon. This 
means that we construct our emotionally influenced decisions based on social realities. In 
constructing these decisions, the current situation is taken into our brain as sensory 
information. We then attempt to fit the current situation into past concepts stored in our 
brain relating to the same or similar situations. The end goal is not necessarily to react to 
the situation at hand, but anticipate what is coming next. Based on our coping capability, 
we either embrace it, avoid or take a neural stand. Therefore, the action can be predicted 
if the cognitive elements that the individual used to make their decisions and their 
relationship to the action can be uncovered (see Lazarus, 1991; Barrett, 2016; 2017). The 
appraisal of this sensory information that the brain takes as input information is 
mathematically labelled as ,. The final decision (i.e. the prediction) is labelled as Y. In 
machine learning, the , information is termed “features” and the S	information “labels”.  
In mainstream social science practice on energy systems, “features” are what are usually 
referred to as independent variables and “labels” are the dependent variables. As indicated 
in the framework, the dependent and independent variables depend on the context of the 
social acceptance. The question is, are the project developers and decision-makers 
interested in observing the market, community or socio-political mechanisms that 
influence the project, or each of these? This is an area that has been well studied in the 
literature on social acceptance. For example, suppose that the project practitioners would 
like to learn more about market acceptance to gain insights into investors’ behavior so as 
to predict the decision to invest in a wind power megaproject. Hampl and Wüstenhagen 
(2012) and Chassot et al. (2014) reported that, under high levels of uncertainty, investors 
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used both objective and subjective criteria to decide on investing in a wind energy 
megaproject.  

 

Figure 3: The proposed AI technology acceptance framework for energy system analysis 
 

 
The objective factors are easily quantifiable, while the subjective criteria are those that 
rely on the qualitative experience of the investors and their peers (psychological drivers). 
The objective and subjective criteria are a combination of macro and micro-level risk 
factors, including behavioral effects, social effects, risk perception, and perceived return, 
which all affect the decision. Chassot et al. (2014) add that the emotional feeling and 
worldview of the investors and their networks (e.g. “Who am I?” and “How should I 
behave?”) also influence the decision. These psychological factors are well supported by 
other studies in the wind energy, hydrogen fuel station, CCS and nuclear energy context. 
Other studies have found that these subjective factors also include self-serving interests, 
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moral values, altruism and trust in actors responsible for implementing and managing a 
project (He et al., 2019; Midden & Huijts, 2009; Terwel et al., 2009; Huijts et al., 2012; 
Huijts et al., 2014; Huijts, 2018; Perlaviciute et al., 2018, Roeser, 2011; He et al., 2019). 
In this context, as indicated in the framework, after defining the problem and identifying 
potential predictors that could shed light on the problem, the process where we select the 
independent variables (features) to put into the model, so as to learn how to predict the 
dependent variables (labels), is called “feature selection”. In the problem-solving process, 
in mainstream practice in the social sciences – for example, in choosing market, socio-
political and community-level features and their labels to observe the social context of 
the energy system – scientists in the field usually focus on the constructs of the features 
(e.g. constructs of trust in actors responsible for managing the energy system). To 
measure this construct of trust, one can observe in the literature that it is operationalized 
using, for example, competence-based trust and integrity-based trust as units of the 
construct of trust (Terwel et al., 2009).  

To apply the framework in practice, the focus should be on the measurable variables of 
the constructs and not the constructs themselves (see Shmueli, 2010). In the framework, 
these measurable variables of the constructs , as a predictor is what is denoted as X1…Xn. 
In standard social science practice in the field of acceptance, the features and labels of  X 
can be observed using traditional Likert scaling. Likert scaling is a psychometric measure 
of behavior. The proposed framework mainstreamed this standard measurement but used 
it in combination with other advanced AI techniques, including neural networks and fuzzy 
logic. In this regard, methodologically, the relationship between the measurable features 
of  , and S and how S decision can be inferred from the  X1…Xn.  features are modelled 
in the framework using three subsystems based on fuzzy deep learning, incorporated with 
the Likert scaling strategy.  

Fuzzy deep learning brings together the human-like capability of fuzzy logic and the 
learning capability of DNN to solve complex problems where the decision of the 
algorithm needs to be explained. In this architecture, fuzzy logic is an approach to 
computing based on “degrees of truth” rather than the usual “true/1 or false/0” Boolean 
logic on which the modern computer is based (see the pioneering work of Zadeh, 1965; 
1975). In fuzzy deep learning, the explanation of the algorithm’s decision is done using 
fuzzy logic-based rule (Ross, 2010).  

Deep learning, on the other hand, is a machine learning technique that simulates human 
intelligence using multiple neural networks called deep neural networks, as illustrated in 
Figure 4. The DNN uses these multiple neural networks to learn to do what comes 
naturally to humans: learn from experience. Experience in this context is data, which can 
consist of sound, image or numbers. The choice and nature of data depend on the problem 
under consideration.  For example, in this study, the data under consideration consists of 
social data on energy systems collected through the observation of the social participants 
who influence the energy project at the market, socio-political and community level, as 
indicated in the framework in Figure 3.   
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Figure 4: Example of a deep learning model 
 

 

As indicated in Figure 4, in the decision-making process, the network learns to solve the 
problem by mimicking the behavior of neurons in the human brain’s function. It uses this 
neuron to learn complex structures and relationships directly from data, with less human 
influence. In contrast, in the traditional causal models, human experts influence the 
relationship mappings using underlying theory and their experience with the problem in 
a similar or same situation. In using the proposed model, theory can guide the selection 
of features and labels but not necessarily the relationship. This means that, even if the 
relationship is manually defined for the algorithm by the human experts, one cannot 
guarantee that the algorithm will use that information during learning and optimization.  
This is because, in the learning process, the algorithm constructs its own hypothesis using 
a technique called supervised learning. In supervised machine learning, you train the 
machine using sample data on , and S	features after the problem definition. This sample 
data, called training data, is well “labelled”; that is, some data is already tagged with the 
correct answer. This can be related to learning that takes place in the presence of a 
supervisor or a teacher. Unlike the causal modelling econometric style, in this technique 
we do not fit a pre-defined hypothesis to the real data but instead the hypothesis is 
constructed from the natural structure of the raw data. The goal is not model fit but 
appropriate fit, since to fit is to overfit and overfitting occurs if there is high variance in 
the machine learning. As highlighted in the introduction, overfitting makes models 
sensitive to the data environment and leads to poor generalization. When this happens, 
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the fitted model can perform excellently on the real-life data used for the model fitting, 
only to be tested with out-of-sample data (test data) and perform poorly (Breiman, 2001; 
Shmueli, 2010; Yarkoni &Westfall, 2017).  

In the learning process, the algorithm builds the general hypothesis out of simpler ones 
to form a graph of hierarchies, as indicated in Figure 4. A graph of these hierarchies 
consists of many artificial neurons, connected by layers. In this connection, an output of 
one artificial neuron automatically becomes input information to another (LeCun,  Bengio 
& Hinton, 2015; Deng &Yu, 2014; Goodfellow, Bengio & Courville, 2016; Deng et al., 
2016; Deng et al., 2017). However, the supervised training requires lots of data; 
otherwise, the algorithm will overfit. Since social science practice on energy systems 
usually deals with small survey data, it is challenging for practitioners to obtain big data. 
Even then, there might be a problem whereby the project experts have limited knowledge 
and may rely on their own expertise with a similar system. In this context, data might just 
be expressed in “If… then” scenarios. These forms of expert opinion using if..then rules 
are usually expressed in a few sentences. The proposed framework helps the practitioners 
and researchers to manage this problem. It giving them a tool, called a receptor algorithm, 
to mathematically manipulate the X1…Xn incoming features into a new representation 
called Fuzzy Likert features, denoted ,-.in the framework. Mathematically, the receptor 
algorithm mimics the biological receptors in the human body. Its role is to transform the 
sensory information represented as , in the framework into the  ,-.  using the  
combination of fuzzy mathematics and Likert scaling. The data manipulation mimics the 
technique of image data augmentation, as indicated in Figure 5. 
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Figure 5: Image data augmentation technique for increasing the size of image data to train a 
DNN algorithm (from Buah, Linnanen, Wu & Kesse, 2020). 

 

The drawing has been modified for the purpose of this study. The variables ,	and XFL are 
mathematical representations used in this study to mimic the image data augmentation strategy, 
using fuzzy mathematics to design the proposed system. 
 

Data augmentation is a mature method in the field of artificial intelligence. As defined by 
Shorten and Khoshgoftaar (2019), “Data Augmentation is a data-space solution to the 
problem of limited data. Data Augmentation encompasses a suite of techniques that 
enhance the size and quality of training datasets such that better Deep Learning models 
can be built using them” (p.1). Using this technique, theoretically, as indicated in Figure 
5, the , features used to observe the social context of the energy system could be thought 
of as an image; for example, an original butterfly image. As indicated in Figure 5,  after 
data augmentation, we obtained augmented forms of the images such as de-texturized, 
de-colorized, flipped, etc). The ,-. features labelled ,T-. …… . ,<-. after the data 
manipulation in the AI framework can be thought of as the augmented images. These 
,T
-. …… . ,<

-. are the data representations needed to train the DNN algorithm in the 
proposed AI framework in Figure 3. In the framework, it has been named “Fuzzy-driven 
ensemble deep neural network (DNN)” because it consists of a group of DNN models 
that are trained separately, and their decisions are computed as V-decisions. A final 
algorithm, called the “effector algorithm”, then takes these V decisions and computes the 
final decisions as S-prediction. It is called an effector algorithm because it mimics the 
biological effectors in the human neural system. It is responsible for interpreting the 
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incoming decision from the DNN algorithms to language understood by a human user, 
using the mathematics of fuzzy logic similar to the receptor algorithm. 

In summary, the proposed framework is a fuzzy deep learning system and the  architecture 
is a Fuzzy Likert (receptor algorithm) +DNN+TSK fuzzy logic (effector algorithm) 
system. It processes information using these three subsystems to arrive at a final decision 
when the system is queried. Using these three subsystems, the system receives a response 
as ,. The response is transformed into new data representations called ,-.  using an 
inference engine, the Fuzzy Likert engine, that mimics the behavior of biological 
receptors. The ,-.  features are then handed over to a new algorithm, the fuzzy driven 
DNN, to make the higher-level decision and compute the decision as y. Since humans do 
not understand the V decision, a final algorithm, the effector algorithm, takes the y 
decision as input. Using the technique of fuzzy logic, it transforms the y decision into a 
language understood by humans, and computed as a S-prediction. The final decision can 
be explained using fuzzy logical rules. The fuzzy rule expresses an inference such that if 
we know a fact (premise, hypothesis, antecedent), then we can infer or derive another 
fact, called a conclusion (Ross, 2010). Because the algorithm is capable of learning, as 
indicated in the framework, the system performance can be improved over time as it 
learns more about the problem. In the next section, the basic  mathematics behind the 
system are explained.   

2.2 Mathematics behind the framework and assumptions 

2.2.1 Data acquisition  

Assuming that the problem has been defined and the features and labels used to observe 
the social context of the energy problem have been collected, in the decision-making 
process, the system takes the input information as , .The , as input information can be a 
response from a stakeholder at either the market, socio-political or community level. As 
highlighted in the theoretical framework, in real life ,	can be measured on a Likert scale 
within a scale range. Since the goal of this chapter is to explain the broader framework 
and how it can be applied to predict social acceptance-related behavior, for the purpose 
of explanation we can posit a particular case. In the introduction, social acceptance was 
defined from three perspectives: market acceptance, community acceptance, and socio-
political acceptance. In the context of market acceptance of an energy technology, 
assuming we are interested in predicting a decision to invest in a wind power project, the 
investor’s appraisal of the predictors via the Likert scale is taken as input information. In 
the decision-making process, the system uses three subsystems as an inference engine to 
process the incoming information and arrive at a final decision. These three subsystems 
mimic the receptors, the neural network and effectors in  the human neural system. How 
the three subsystems reason and share information to arrive at a decision is based on the 
principles of stacked generalization.  
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Stacked generalization is an ensemble method that combines the predictions  of different 
learning algorithms into one, using a meta algorithm (Wolpert, 1992; Naimi & Balzer, 
2018). In the biological system, the receptors receive the stimuli either internally or from 
the external world, then pass the information to the neurons in the form of electrical 
impulses. The neural network, with its biological neurons, processes the inputs and 
decides on the appropriate outputs. Finally, the effectors translate the electrical impulses 
from the neural network into responses to the outside environment (Arbib, 1987). 
Mimicking this biological technique, as indicated in the framework in Figure 3, when the 
incoming , information enters the system, the first algorithm to respond is the receptor 
algorithm. When the receptor algorithm receives the input ,, it reconstructs this 
information into Fuzzy Likert (FL) features , ,-., using the mathematics of fuzzy logic. 
Mathematically, it uses human experts’ fuzzy linguistic rules to perform this , to ,-. 
transformation (see Article 1 for an example).  

Let W2 be a linguistic fuzzy rule. In fuzzy logic, a linguistic fuzzy rule W2 is represented 
as in equation 1: 
 
W2 : If ,T  is XT2   and …,< is X<2   then Y is XY     (1) 

 
In fuzzy logic, there is basically a two-rule algorithm: the Mamdani rule algorithm 
(Mamdani & Assilian, 1975) and Takagi-Sugeno-Kang (TSK) rule algorithm (Takagi & 
Sugeno, 1985). In this present study, the First-Order  TSK rule algorithm is recommended 
for the , to ,-. transformation, for two reasons: first, because human language and 
expression behave like a continuous function; thus a transition from inexact to exact; 
secondly, because of the flexibility to optimize the human linguistic rule with neural 
network capability when the behavior under consideration is complex, with non-linearity. 
Building on the premise of this recommendation, in reference to equation 1, in the TSK 
rule algorithm, the consequent of the rule is a polynomial function of the input variables 
Z2	(,T,…,< ). The order of the TSK fuzzy system is determined by the degree of the 
polynomials used in their consequents, which can be either linear or constant. Since the 
receptor algorithm uses the first-order (linear) TSK rule inference, the rule is expressed 
as in equation 2: 
 
W2 : If ,T  is XT2   and …,< is X<2   then Y=  [2T  ,T +⋯+ [2<  ,< + ^2 (2) 

 
The defuzzification of the final output calculates the weighted consequent value of a 

given rule as 
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W2; q is a T-Norm; and t2n = Z2	 3T
n 	, … . . 3<	

o = 	 [2T3T
n + ⋯ .+[2<3<	

o + ^2) is output of 
W2 and take their values from mT (Cozar et al., 2017).  

 
 
Using this first -order TSK rule algorithm, the receptor algorithm can be constructed using 
any number of rules. However, because it uses the TSK rule algorithm, it is limited by 
the rule constraint when the system is optimized with neural network capability. Since 
the receptor system measured a response on a Fuzzy Likert instead of a fuzzy scale, the 
number of rules is defined in terms of the chosen Likert scale point of measurement. In 
practice, what this means is that, assuming a Researcher A observed the social participants 
in the energy systems using a 5-point Likert scale and Researcher B used a 7-point Likert 
scale, the number of human linguistic rules for the , to ,-.  transformation  of 
Researcher A will be 5 rules and that of Researcher B will be 7 rules (see practical 
example of 5-point scale rules in Article 2).  
 
As highlighted in the theoretical framework, the , to ,-. transformation comes with an 
added advantage to solve the big-data problem. Augmented data can be extracted from 
the high-dimensional data space of  ,-.  to train a fuzzy-driven deep neural network. It 
is responsible for making the higher-level decision.  
 

2.2.2 Inferencing and higher-level decisions 

As indicated in the theoretical framework, after the data acquisition, the next stage in the 
algorithmic thinking is inferencing where the fuzzy-driven DNN makes the higher-level 
decision. Mathematically, as indicated in Figure 6,  the fuzzy-driven DNN takes the ,-.  
features from the receptor algorithm as input. It  uses the supervised learning to learn the 
non-linear relationship between the Fuzzy Likert features ,-. and the outcome 
behaviour. Mathematically, it uses equation 4, as indicated in the framework: 
 
V	 = 	J	(,-.) 	+ m     (4) 

 
In equation 4, V	is the degree to which the investor will invest in the wind-power 
megaproject, given new ,-.observations. The symbol, m,	is the error. The error defines 
the predictive accuracy of the predictions. The predictive accuracy quantifies the model 
generalization. It determines how far the prediction is close to reality.  
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Figure 6: How the DNN handles  the incoming Fuzzy Likert representation to deduce emotional 
state and behavior. 

 

Unlike in the traditional approach, where the function  J	(,-.)	would be defined as a 
theoretical hypothesis, the second subsystem reasons otherwise. The  J	(,-.) 
hypothetical functions are built out of simpler ones to form a graph of hierarchies, as 
explained in the theoretical framework. As indicated in Figure 6, in this connection, the 
network receives the  ,-. =[ ,T-., ,u-. …… . ,<-.]		predictors’ information  input,  which 
is then multiplied by an appropriate weight function, wT and summed up. The result is 
recalculated by an activation function, J, plus a bias (+1). The output decision of a neuron 
on the decision to invest in the wind project is expressed as in equation 5:  

 
xmyz{zNM	|N	}Mtm{|	zM	wzM~	ZNOm�	ÄmÅ[Ç�NÉmy|, V = J( 3T

-.wT + ^z[{)
c
5ÑT     (5) 

 
 
As indicated in the inference engine of the framework in Figure 3, the high-level decision 
from the fuzzy-driven ensemble DNN is received by the final subsystem (effector 
algorithm) as input information, V. As an ensemble system,  the decision V	represents the 
individual’s decisions from the  group of fuzzy-driven ensemble DNN algorithms; 
therefore, V → VÜááT, VÜááT…,VÜáá<.  
 
As explained in the theoretical framework, because the system uses the principles of 
stacked generalization, the effector algorithm acts as a meta classifier that combines the 
decisions of different algorithms into one. In doing this, it also uses fuzzy “If… then” 
rules, based on TSK rule algorithms similar to the receptor algorithm, to estimate the 
weighted average of V decisions. The effector algorithm then computes the final decision 
(i.e. investment decision on the wind-power megaproject) as S (see Article 2, Buah et al., 
2020; for more details about this computation).   

Decision to Invest in 
Wind Power 
Megaproject 
Decision, y
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In the next section, the evaluation of the model is presented to demonstrate its technical 
feasibility, using social acceptance of CCS technology as a case study to limit the scope 
of the work. 
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3 Case study: simulation experiment using emotion 
response of CO2 storage  

In Chapter 2, the general framework of the proposed AI technology acceptance 
framework and its underlying mathematical logic were introduced. The goal of this 
chapter is to evaluate the framework using a simulation experiment. The objective of this 
simulation experiment is to demonstrate the practical feasibility of the proposed AI 
framework, using emotional response to a hypothetical CO2 storage in a CO2 capture and 
storage (CCS) process. Emotional reaction to energy technology was interesting for the 
case study as it is an area in acceptance studies that has received little attention, not only 
in the CCS context, but also in that of other energy technologies, including wind energy 
acceptance (see e.g. Janhunen, 2018b).  

In Section 1.3 in the introduction, it was highlighted that one of the weaknesses of 
traditional deep learning algorithms is the inability to model small datasets. In this regard, 
one of the strength of the proposed AI framework is its ability to provide a framework to 
model small data to develop a predictive model using deep learning techniques. To 
demonstrate this strength in the simulation experiment, small human-level data on social 
acceptance of CO2 storage was explored in the case study.  

Using this case, in the sub-sections that follow, the data collection strategy in the 
simulation case study is presented. In this section, how the data was collected, pre-
processed and used in the work to achieve the broader objective of the dissertation is 
presented. The considerations that led to the exclusion of some predictors are also 
reported.  

3.1 Data collection and handling strategies: inclusion and exclusion 
criteria 

3.1.1 Understanding learning from data for prediction versus explanation 

Modelling data for causal explanation, or causal “prediction” as  Shmueli (2010) prefers 
to put it, is a completely different science from modelling data for prediction (Breiman 
(2001) and Shmueli (2010). Learning from data for prediction is usually about what will 
happen? It means that the primary goal is not causal explanation. It could be related to a 
navigator; the end goal is to bring you to the destination but how it got you to the right 
destination is not usually the main priority as long as the route that the navigator stipulated 
to the driver does not go against traffic rules and safety.  

In the literature, it is reported that some scientists downplay such an approach. For 
example, Shmueli (2010) reports that some scientists even nicknamed data modelling for 
prediction as management that seeks profit and causal model-based prediction as science 
that seeks the truth. They believe that the science of prediction, using for example 
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machine learning, just throws out an answer without explaining, and to them this is not 
science. However, it is interesting to note that, in the literature, they attempt to apply with 
causal models the very art that they criticize as not being scientific.  

According to Yarkoni and Westfall (2017), this argument has been pursued (especially in 
the social science influence fields) because, in the not-so-distant past, the science of 
prediction was not all that well understood. The authors add that earlier science lacked 
the tools to predict. This is why causal models using traditional statistics such as structural 
equation modelling and other statistical methods have become a gold standard method 
for inferring predictions from causal explanations. Despite this dominant trend, as 
highlighted in the conclusion and introduction causal models are not predictive models. 
Their primary goals are different, so the way that data is collected and handled is also 
different. In terms of data collection, for example, collecting data for predictive modelling 
is more flexible than in the case of causal modelling. In causal modelling, for example, if 
data is not complete it could be discarded. This is not always the case in predictive 
modelling, using for example machine learning, since missing information can be easily 
handled.  

Shmueli (2010) explains that collecting data and modelling it for causal explanation or 
causal “prediction” is also usually about what causes the event to happen? According to 
Breiman (2001) and Shmueli (2010), if one can first predict an event accurately, then the 
question of why that event happened can be answered through causal inference (Rudin, 
2019). This is what has led to a new trend in machine learning and artificial intelligence, 
called explainable AI (XAI), which is the proposed AI framework. The goal of this 
tradition is to develop an interpretable deep learning algorithm where the algorithm’ 
decision can be explained to influence the environment it observes to facilitate decision-
making.  

One may argue that the opposite is also true for causal modelling. This dissertation does 
not dispute that fact, but some observations in the modelling process raise the question of 
whether the opposite is always true. This issue arises in the area of how noisy predictors 
and datapoints, including overfitting, are  handled in the modelling processes to achieve 
good predictive accuracy. According to Breiman (2001) and Shmueli (2010), some of 
these issues are overlooked in causal modelling data handling and modelling processes. 
This is because the end goal is ‘goodness-for- fit’, but a well-fitted model does not always 
mean it can predict accurately due to the problem of overfitting. This suggest that a 
predictor can be a best predictor in causal modelling but noisy in predictive modelling. 
Being aware of this limitation in the current state-of-the-art acceptance models, two 
considerations were made in the data collection process in this dissertation to control and 
exclude some predictors in the system modelling.  

3.1.2 Data handling and criteria for inclusion and exclusion 

In the context of the foregoing discussion in Section 3.1.1, to explain the data collection 
strategy used in this study and the considerations for inclusion and exclusion, let us first 
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look at how the traditional acceptance models have been applied. The explanation will 
then be used as a point of departure to provide a detailed explanation of the exclusion and 
inclusion criteria in the data collection and handling process.  

In reference to the literature, to implement the traditional acceptance models and 
frameworks, human experts are required to predetermine the behaviour of the energy 
system under consideration: in other words, how the social participants will behave 
toward the energy system is assumed to be known. To validate this assumption, 
researchers collect data on the constructs in the pre-developed model and fit it to the data 
using the constructs, and not the predictors or parameters of the constructs. As an 
example, from the work of Huijts et al. (2012; 2014; 2019); Terwel et al. (2009) and Yan 
et al. (2016) it could be observed that, in predetermining the behaviour, they used human-
driven hypothesis and/or underlying theories. They then collected data on the variables in 
the model and fit the model to the data, to accept a relationship or reject it.  

In data handling, these traditional models may discard missing information on certain 
variables where insufficient information is available. As highlighted in section 3.1.1, this 
problem on how to handle missing information is not a big issue in machine learning data 
collection strategy. This is because of the ability of the algorithm to learn more about the 
missing features with the few available ones, and predict the missing ones that can be 
introduced to the modelling if needed. This approach in data collection and handling 
suggest that; machine learning algorithms use a data collection strategy similar to the 
traditional ones, but the researcher has greater flexibility.  In addition, the behaviour under 
observation is not predetermined using theoretical hypotheses and theories. This does not 
suggest that theory cannot guide the model construction in machine learning. Theory can 
guide the selection of features. In machine learning, feature selection is a process of 
finding the best set of features or predictors on the constructs that allows one to build 
useful models of studied phenomena.  

After data has been collected on these features, the outcome model is constructed from 
the data, through learning and optimization with little or no human supervision depending 
on the system architecture. For example, as highlighted in the methodology, the model 
architecture of the proposed AI framework is fuzzy deep learning incorporated with a 
Likert scaling strategy. It takes advantage of both neural networks (deep neural network) 
and the mathematics of fuzzy logic based on fuzzy set theory. As indicated in the 
experimental setting shown in Table 4, the learning method is supervised learning. This 
means that the data collected should be labelled for the fuzzy-deep neural network 
algorithm to learn from a few cases to develop its knowledge and machine-driven 
hypothesis; that can be generalized to unseen cases. This is validated with new data, called 
testing data.  

In the data collection process, theory can play a role in the feature selection; however, the 
fuzzy thinking incorporated in the modelling also allows human experts to contribute their 
expertise. For example, they can help in feature/variable selection or fuzzy logical rules, 
combined with the raw data to facilitate the learning. Also, in problems like the case in 
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this dissertation, the phenomenon of acceptance is a well-studied area. Hence, many 
features or predictors have been explored by previous research using the traditional 
method. Predictive science and explanatory science do not replace each other but are 
complementary (Shmueli, 2010; Yarkoni and Westfall, 2017) in better understanding the 
world around us. This is therefore one area in the modelling and data collection process 
where human experts can take advantage of explanatory science and select the best 
predictors for the predictive modelling. Finding the best predictors can be done through 
experience or through sensitivity analysis of predictors in the learning and optimization 
process. Through this process, the researcher could identify noisy variables to find the 
best predictors and add these to the modelling. For example, in the simulation experiment, 
the study relied on selection of features in prior work that studied the phenomenon under 
study. These earlier works include the work of Huijts et al. (2007); Midden and Huijts 
(2009); Xuan and Wang (2012) and Terwel et al. (2009). In these earlier work, some 
predictors are considered as influential variables but were excluded in this dissertation 
case experiment. It is not because they were not good predictors but, as mentioned in 
section 3.1.1, the science of prediction is different from the science of causal explanation. 
Therefore these predictors were considered as noisy predictors, considering the end goal 
of the case study –prediction, and not causal explanation. 

For example, in developing the emotional recognition algorithm reported in the 
supporting articles, the participants’ demographic and other background information was 
observed in the data collection process. It was, however, not included as best predictors 
in the simulation experiment after sensitivity analysis. One reason is that the case study 
aimed at developing an emotional algorithm that is a universal approximator. Since the 
outcome depends on the input variables, any noisy variable will affect the predictive 
accuracy of the model. Thus, for example, gender, social status, income or country of 
residence, and even how various information on CCS and climate-related issues affected 
a participant’s emotional decision-making process were not included in the model 
construction.  

In mainstream acceptance studies, the predictors mentioned above are considered as good 
information or variables. Many scholars have studied similar cases and their merit is well 
respected in this study. Such understanding could give decision-makers or project 
developers an idea of how knowledge of, for example, CCS influences people’s emotional 
decision toward embracing or rejecting CCS technology. It would also have been 
interesting to see how a person’s gender or social status affected his or her emotional 
decision. If these were the main goals of the simulation experiment, then the structure of 
survey for the data collection would have changed. For example, to observe how pre-
information on CCS or pre-knowledge of CCS influenced their affective decisions, a way 
of controlling social desirability bias in the survey response would have been strictly 
applied. One could have ensured that every participant watched a video of or read CCS-
related material before responding to the survey. But for example, let assumed that a 
survey is shared on a social media. In the survey, the  participants could be asked to 
indicate if they had read or watched a video of CCS-related material. It is undeniable fact 
that , some people might not watch or read the video or material, respectively, but due to 
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social desirability bias, some  might lie to ‘save face’. Thus, inferring from that general 
survey data how information on CCS had influence the emotional outcome could lead to 
inaccuracies. 

Given awareness of such limitations in the human-level data collection process and its 
influence on research outcomes, two main considerations were taken into account in the 
data collection process so as to minimize the basic human errors that might affect the 
research outcome. The first consideration was ensuring good representation of features 
in the data collection process. The second consideration was managing noisy predictors 
and datapoints in the datasets. Each of the considerations is explained in detail in Sections 
3.1.3 and 3.1.4.  

3.1.3 Representation of features in the data collection 

Ensuring good representation of features in machine learning tasks means that the 
perspectives in the data should not consist of one-sided information. In practice, if an 
algorithm learns one-sided information, it will lead to bias in decision-making. This 
happens because machine learning models using neural networks are data-driven. The 
model is constructed from the data, unlike the traditional ones where humans build the 
model and fit the data. This is where the role of the researcher become important in the 
data collection and handling process. They bring in their human-level wisdom in data 
collection and data pre-processing to help the algorithm.  

Constant practice and experience have taught AI engineers and scientists that paying 
attention to such representative features in the training datasets is crucial in developing 
good algorithms. A real-world example of the importance of these considerations is the 
first international beauty competition judged by artificial intelligence, in 2016. The 
Beauty.AI algorithm was labelled by some people as racist as, in  the decision-making 
process, it favoured lighter-skinned people over darker ones. This was due to a lack of 
representative features of black skin in the training dataset. The Beauty.AI’s chief science 
officer, Alex Zhavoronkov said, “If you have not that many people of colour within the 
dataset, then you might actually have biased results”.   

To minimize some of these problems, data was collected from subjects in both developing 
and developed countries, with different demographic features. Otherwise, this dissertation 
might have claimed that it had developed an algorithm that could predict general 
emotional behaviour towards CO2 storage even though the data used to train the algorithm 
gave the perspective only of people in either developed or developing countries. This 
would have raised the question of whether the model was reliable and could generalize 
well to the thoughts and actions of subjects in both developed and developing countries. 
It is clear that the attitudes to energy and sustainability-related issues of people in 
developed countries might well differ from those of people in developing countries. 
Including different attitudes in datasets is a good consideration in terms of representative 
features in the datasets. As it would be read in consideration 2, in the modelling, the 
predictor itself (country of origin) was considered as a noisy predictor but its 
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characteristic of producing a thought in the form of a datapoint was not considered as 
noise but useful information. This means that two people from, for example, Asia and 
Africa can express the same opinion but, if the predictor (country of origin) is considered 
as a predictor in the modelling, the algorithm can become confused. 

Another variable that was also controlled in the data collection process was the influence 
of CCS knowledge. Even though the predictor itself was considered as noisy, like country 
of origin, controlling its behaviour was found to be important to minimize noisy 
datapoints on the predictor (see consideration 2 for more details on why the predictor was 
excluded).  

The question may arise as to why controlling this predictor in the data collection process 
was important in ensuring good representative features. In real-life decision-making, 
influence of CCS knowledge as a predictor can help to understand how pre-or post-
knowledge of CCS influences peoples’ decisions about CO2 storage. However, if a 
general survey asks people to indicate if they have read or watched CCS-related material, 
there may be noise in the response. This noise may be visible or invisible to the researcher; 
a subject may indicate “I read or watched the CCS materials and video/video before 
answering the survey”, but this does not mean that s/he has in fact done so. Due to social 
desirability bias, some may be dishonest so as to ‘save face’. This suggests that this 
variable is a noisy predictor and, if care is not taken in inferring how previous information 
has influenced the emotional outcome, inaccuracies, as mentioned earlier, may result.   

To minimize noisy datapoints associated with the predictor, “influence of CCS 
knowledge”, in the data collection process, three data collection strategies were adopted, 
using two surveys: Survey 1 and Survey 2. The predictors in Survey 1 and 2 measure the 
same behaviour but the wording of the questions is different according to the target 
audience. Survey 1 is termed a general survey. It was aimed at everyone. It was made 
clear that the phenomenon under investigation was CCS technology. The subjects were 
shown CCS videos from both proponent and opponent experts. The same questions were 
used in Survey 2 but the audience were my international degree students at Savonia 
University of Applied Sciences, from Africa, Europe, Asia and USA. Some of these 
students specifically come from Finland, Gabon, Nigeria, Russia, Germany, the 
Netherlands, France, Bangladesh, Nepal, China and India. Prior to answering the survey, 
they were not aware that the phenomenon under investigation was CCS. The only material 
they were given was a narrative essay written by me using proponents’ and opponents’ 
materials. It was crafted in a smart way using the arguments of both proponents and 
opponents of CCS.  CCS technology was not mentioned in the narrative essay; instead, 
the term “innovation to clean the fossil fuel” was used. This was done on purpose so that 
the participants would not search the internet to read more on the subject. In this way, 
their initial perception was not influenced by the views of proponents and opponents that 
were widely available on the internet. After they had finished answering the questions, 
they were told that the debate among the scientific characters in the narrative essay related 
to CCS. They were then shown videos about CCS to enable post-test data collection.  
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Similar to Survey 1, the proponent and opponent materials used included the YouTube 
video of Scottish Power Professor of Carbon Capture & Storage, Professor Stuart 
Haszeldine, titled “Fuelling the Future: Electricity with Carbon Capture and Geological 
Storage”; the YouTube video of the Zero Emissions Platform (ZEP) titled “The Hard 
Facts behind Carbon Capture and Storage”, and the video content on YouTube video of 
Science TV presenter and climate-change communications specialist Yasmin Bushby, 
titled “Carbon Capture & Storage’. Yasmin Bushby’s material takes a neutral viewpoint 
in explaining CCS and its advantages and challenges in plain language to a lay audience.  
Greenpeace material titled “Carbon Capture Scam” was also provided to the volunteers. 
The YouTube video content of the carbon-capture demonstration plant, Technology 
Center Mongstad (TCM) in Norway, was added to give the participants a feel of how the 
plant might look like in real life in their local area.  

The experiment in Survey 1 was implemented as part of the Savonia University of 
Applied Science international week called Carousel Week. This week was part of a course 
module named Sustainability Engineering and Business, of which I was the teacher in 
charge. Therefore, there was enough time for me to observe the participants’ behaviour 
in the research setting. Experts from leading energy companies in the Savo region, who 
were also experts in CCS and various energy technologies, including bioenergy, were 
invited as guest speakers. This helped the student respondents to gain information about 
various energy technologies including CCS so that they were not exposed to a one-sided 
view. After they had had the opportunity to learn about CCS and other energy 
technologies within the broader context of sustainability, they were asked to answer the 
same survey questions again.  

In summary, through consideration 1, the research managed to capture three data 
perspectives which are seen as good representative features in the training datatsets. First, 
Survey 1 brings in the perspective where the participants self-reported that they had 
watched the CCS videos before answering the survey questions. Whether they watched 
them nor not could not be controlled for. Therefore, it was assumed that there might be 
some noise in the data on the influence of CCS knowledge. However, I could be certain 
in Survey 2 that the respondents had watched the videos because I showed them the videos 
and materials in the classroom. The expert guests did not know that research was being 
carried out, so they behaved naturally in the research setting; from my observation, their 
behaviour had minimal, if any, influence on the students because they exposed the good 
sides and downsides of all the energy technologies they presented to the students. They 
also showed the students the videos in their company premises when we visited their 
companies.  

The third data perspective in the datasets was the students’ first reaction before their 
introduction to CCS material.  

These three datapoints convinced me that the thoughts in the datasets are diverse and not 
one-sided. As in most or all research dealing with human data, there might still be noise; 
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real-life, human-related data are messy and full of fuzziness. But the fuzzy mathematical 
approach taken in the modelling helped to manage this fuzziness in human thinking.  

This discussion leads to the second consideration in the data collection process – 
managing noisy predictors. 

3.1.4 Predictors excluded in the modelling  

In machine learning, noise in datasets can affect the predictive accuracy of the model. As 
stated in the consideration 1, while noise can not be completely eliminated from real-
world data, it can be managed in machine learning. This is why data pre-processing is one 
of the most time-consuming tasks in machine learning data preparation. Methods such as 
regularization, using for example dropout (Srivastava et al., 2014), helps in managing 
noisy datapoints during the training and optimization process. This is why dropout was 
used in the training to manage overfitting, as shown in the experimental setting illustrated 
in Table 4. However, noisy predictors can be risky because, in predictive modelling, 
output is highly dependent on the input predictors. Hence, as long as noisy predictors 
exist in the model parameters, they can negatively affect predictive accuracy. Poor 
predictive accuracy leads to poor prediction. In this regard, identifying noisy predictors 
in the learning and optimization process and discarding them may help to improve the 
model’s performance.  

The effect of noisy predictors on model performance suggests that, in machine learning, 
it’s not a question of quantity of predictors but quality of predictors, and how best they 
can provide useful information for the algorithm to learn better. In practice, what this 
means a causal model using structural equation modelling could  identified many 
predictors as having causal effect on outcome behaviour with underlying predictive 
power. As Breiman (2001); Shmueli (2010) and (Yarkoni & Westfall, 2017) found, there 
is a dominantly held assumption that a causal model can also predict because of its 
underlying predictive power.  

Due to this dominant trend, if you look into the literature in acceptance studies, almost all 
models that claimed to predict acceptance-related behaviour are causal models. But, as 
highlighted in Section 3.2.1, the science of prediction and causal explanation are two 
different sciences (Breiman, 2001; Shmueli, 2010; Yarkoni & Westfall, 2017). In 
practice, this means that assuming a structural equation modelling has identified some 
predictors as significant in explaining an outcome, with underlying predictive power, may 
be scientifically valid, but it does not mean those predictors are also significant or the best 
predictors in predicting the outcome when the end goal is prediction. Some of the 
predictors can be noisy when used in predictive modelling. This can negatively affect the 
predictive accuracy when some of the predictors are considered.  

This was the case in this dissertation. In acceptance studies, a large body of work using 
causal models or explanatory science has identified many predictors as significant in 
explaining and predicting acceptance-related behaviour in relation to energy systems, 
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including CCS, wind energy, hydrogen technology and nuclear energy. These predictors 
include knowledge/information about the technology and some demographic variables 
such as gender influence, social status (expert vs layperson), etc. For example, some 
studies found that the way women evaluate risky technology differs from their male 
counterparts. Others have found that experts’ evaluation of potentially risky energy 
technologies, including CCS, nuclear and wind energy, differs from that of the lay public 
(e.g., see Wallquist  et al., 2010; Oltra et al., 2010; Xenias and Whitmarsh, 2018). 

Prior studies have also found something that is common to both experts and the lay public. 
For example, Roeser (2011) reported that some experts often labeled the lay public as too 
emotional and irrational in their decision-making, and claimed that this made them biased 
in their judgements. Interestingly, the author further stated that the lay public and experts 
were not different in that they all had human emotions and biases, and that some experts, 
including policymakers, were also emotional and irrational in their decision-making. This 
would make them biased in their judgements even if they were aware of the inherent risks 
associated with the technology they had developed or were promoting. However, due to 
their affiliation and social status, some overlooked these risks and still promoted it.  

These earlier findings suggest, that irrespective of people’s knowledge or experience of 
the technology, or their gender and social status, we are all humans and have our own 
cognitive biases. A body of literature has also found that even our environmental values 
can bias our judgements. Our views on environment-related issues can also influence how 
we frame a narrative about the technology in order to influence others to support our 
values and perceptions of the technology in question (see e.g. Whitmarsh, 2019). For 
example, a professor or expert in solar energy is unlikely to promote CCS. Such experts 
tend to support 100% use of renewables. Hence, they will argue against CCS, for 
example, because it enables continuous use of fossil fuel even if they are aware of the 
limitations of solar energy and other renewables.  

In real life, similar cases can be found in, for example, the technical materials of 
Greenpeace, a non-governmental environmental organisation, and global CCS institutes 
that have strong opinions about CCS. The Greenpeace report titled “Carbon Capture 
Scam (CCS)” for example, sought to “trash” CCS or devalue it as a way to achieve 
sustainable development. In global CCS reports on the other hand, the orgnization  
portrayed CCS as the best option if we are serious in achieving the 1.5 degrees Celsius 
ambitious target of the Paris Agreement.  

Taking into consideration the cognitive biases of these experts due to their affiliations, 
considering social status in predictive modelling as a predictor can affect the predictive 
accuracy. Regardless of their knowledge and gender, their cognitive biases make these 
demographic predictors sensitive and noisy predictors in the modelling. They are good 
predictors in causal modelling but can be risky in predictive modelling when developing 
an algorithm to be a universal approximator of acceptance-related behaviour.  



 50 

Nahrin (2015) supports some of the Roeser (2011) findings. For example, irrespective of 
demographic variables (e.g. whether the expert or subject is a woman or man), the author 
wrote, “contemporary research has moved away from a ‘research-led model’ to 
‘customer-contracted model’ where the research is conducted through projects 
commissioned by the funders. In the customer-contracted model, the 
customer/client/funder reserves the right about what to investigate, reducing the control 
of the researcher over choosing the research agenda. It means that sometimes, institutions 
with economic power have control over the production of knowledge (p. 3).”  

These finding suggest that such limitations in the research process can even force an 
objective researcher and honest experts to promote a funder’s or institutional agendas at 
the expense of human welfare and environmental quality. Considering all these findings, 
the demographic variables and knowledge of CCS variables were considered as noisy 
predictors and were excluded in the simulation experiment. In these way, the algorithm 
will not become sensitive to these predictors. This consideration in the data collection and 
preparation process led to the development of an algorithm that treats everyone as human 
and with cognitive bias. This is why, in the concluding section, it was stated that the 
model tested in this dissertation does not need experts or men and women to be observed 
separately because those predictors were excluded.  

Taking into account considerations 1 and 2, the predictors that were found to be best in 
modelling the problem in the case study are shown in Table 1. In the next section, the 
datasets and measurement of these predictors are presented.   

3.1.5 Description of datasets  

As highlighted in Section 3.1.1, machine learning is a data-driven task unlike traditional 
causal modelling where humans lead the development of the model using human-driven 
hypotheses. As a result of being a data-driven task, the algorithm learns from example 
data, called training datasets. In line with this procedure, Surveys 1 and 2 were used to 
collect example datasets with representative features that enable the algorithm to learn 
from. Using Surveys 1 and 2, a small sample of 198 volunteers (both male and female) 
from 15 both developed and developing countries were engaged in a hypothetical CCS 
project. As highlighted in the data collection strategy, the respondents of Survey 1 were 
not students alone, as in Survey 2, but people from all walks of life; their professions 
ranged from unemployed to medical doctors, lawyers, university lecturers, environmental 
experts, teachers, PhD students, secondary school graduates and health professionals. The 
youngest respondent was 18 years and the oldest was 70 years old. 

They were observed through five psychological constructs using a standard questionnaire 
adapted from the work of Huijts et al. (2007); Midden and Huijts (2009); Xuan and Wang 
(2012) and Terwel et al. (2009).  
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3.1.6 Questionnaire and measurement 

As highlighted in the data collection strategy, in Survey 2 the research was implemented 
as part of a course module in collaboration with the Savonia University of Applied 
Sciences International Week in Finland. The respondents were, therefore, communicated 
with in the classroom. Since Survey 1 was targeted at the general population, I was distant 
from the respondents; the media used to reach these respondents were LinkedIn, 
Facebook, WhatsApp. Friends also forwarded the survey to some people in their network 
in these social media platforms.  

The respondents in both Survey 1 and 2 were observed using five psychological 
constructs (Trust in actors, Risk perception, Benefit perception, Reaction to Proximity, 
and Affective feelings toward CO2 storage).  These five constructs are associated with 25 
input predictors that, according to the literature, predict citizen responses to CO2 storage 
(Midden & Huijts, 2009; Xuan & Wang, 2012; Terwel et al., 2009; Huijts et al., 2007; 
Huijts et al., 2012; Krause et al., 2014; Seigo et al., 2014). The entire list of the 25 
predictors and what they measure can be found in publication 11, as shown in Table 1. 

Table 1 

Predictors used in the modelling (from Publication II) (Buah et al, 2020). 

Competence-based trust in government of 
subject country 

Competence-based trust: Scientists and 
engineers in subject country 

Competence-based trust: industry Integrity-based trust in government of 
subject country 

Competence-based trust: Environmental 
non-governmental organization (NGO) 

Integrity-based trust: industry 

Competence-based trust: Environmental 
Protection Agency (EPA) of my country 

Integrity-based trust: Environmental 
non-governmental organization (NGO) 

Integrity-based trust: Scientists and 
engineers in my country 

Integrity-based trust: Environmental 
Protection Agency (EPA) of my country 

Trust in actors as a team to store the CO2 
in a safe and responsible way 

Overall risk perception towards CCS 

Risk perception: Sudden release of large 
amount of stored CO2 

Risk perception: Bad effects on trees 
and plants by sudden leaking of CO2 
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Risk perception: Bad effects on human 
health by leaked CO2 

Risk perception: Pipeline destroyed by 
earthquake 

Risk perception: Bad effects on soil by 
leaked CO2  

Risk perception: Acidification of sea 
water by leaked CO2 

Risk perception: Pipeline destroyed by 
corrosion 

Risk perception: The reservoir 
containing the CO2 destroyed by 
earthquake 

Benefit perception: Oneself Benefit perception: My family 

Benefit perception: Future generation Benefit perception: Environment 

Reaction to proximity of the CO2 storage  Expected output: Emotional reaction to 
CO2 storage proposed for subject’s 
place of emotional attachment; emotion 
measured as affective reaction aroused 
by the CO2 storage 

 

Similar to standard practice in line with prior studies, including the work of Huijts et al. 
(2007); Midden and Huijts (2009); Xuan and Wang (2012) and Terwel et al. (2009), the 
respondents’ appraisal of these predictors was captured using a five-point Likert scale. 
For example, in line with the work of Xuan and Wang (2012), the predictors observing 
the participants’ risks perception are shown in Table 2. 

Table 2  
 
Predictors observing the participants’ risks perception  
 
Predictors of risks 
perception  

Scale of measurement (5-point scale where 1/No worry at all 
and 5/Seriously worried about this risk case 

Sudden release of 
large amount of 
stored CO2 

1/No worry at all and 5/Seriously worried about this risk case 

Bad effects on trees 
and plants by 
sudden leakage of 
CO2 

1/No worry at all and 5/Seriously worried about this risk case 
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As indicated in Table 1, emotions and sentiments were captured as an affective reaction 
using emotion words and sentences in line with Posner et al. (2005); Huijts et al. (2007); 
Midden & Huijts (2009), and Huijts et al. (2012). More information about the emotion 
measurement is presented in Section 3.1.9 

Having obtained the raw data, the simulation experiment continued with data pre-
processing.  

3.1.7  Data pre-processing  

In machine learning, data pre-processing is a way of transforming the raw data into a 
useful and efficient format so that the data can now be easily interpreted by the algorithm. 
Since machine learning using deep learning techniques is a data-driven task, it requires 
training data and testing data. To obtain these training and testing datasets, the 198 raw 
datasets denoted as , were divided into a training dataset and testing dataset. In machine 
learning, the training dataset is used for constructing the inference model. During training 
and validation, the data can leak to the model. The testing data is therefore used to offer 
objective evaluation. It is hold-on (out-of-sample) data that the algorithm has never seen 

Bad effects on 
human health by 
leaked CO2 

1/No worry at all and 5/Seriously worried about this risk case 

Pipeline destroyed 
by earthquake 

1/No worry at all and 5/Seriously worried about this risk case 

Bad effects on soil 
by leaked CO2 

1/No worry at all and 5/Seriously worried about this risk case 

Acidification of sea 
water by leaked 
CO2 

1/No worry at all and 5/Seriously worried about this risk case 

Pipeline destroyed 
by corrosion 

1/No worry at all and 5/Seriously worried about this risk case 

The reservoir 
containing the CO2 
destroyed by 
earthquake 

1/No worry at all and 5/Seriously worried about this risk case 

Overall risk 
perception 

1/Not very risky (very small problem) and 5/It’s very risky 
(there will be very large problem) 
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before. Since algorithms are not humans, they see out-of-sample data (test data) as a 
future behaviour, unlike in the social sciences where separate post-test behaviour is 
usually required to infer the future. 

The test data helps in quantifying the predictive accuracy of the model to estimate its 
ability to generalize to unseen cases. In practice, this goes beyond model fit, which is 
usually used in the mainstream causal modelling economic style. In machine learning, it 
is about appropriate fit and predictive accuracy (Breiman, 2001; Shmueli, 2010). It is 
about appropriate fit because overfitting is a high variance that leads to poor 
generalization of the algorithm. The predictive accuracy reveals the smartness of the 
agent. The higher the predictive accuracy, the better the performance that the model can 
predict beyond its data environment (Breiman, 2001; Shmueli, 2010; Yarkoni & Westfall, 
2017). To achieve this goal, the 198 raw data was randomly divided into training data and 
testing dataset, using the 60/40 rule. This split should have led to a 118.8 dataset for 
training and 79.2 dataset for testing, but a subjective decision was made to round up the 
decimal split, giving a 114 (raw training data) and 84 (raw testing data) split. This decision 
was made to ensure that the training dataset was not dominated by, for example, responses 
from the participants from the developed or developing world. If this was not managed 
in the data pre-processing, it would increase the chance of the model becoming biased 
since it might learn one-sided information, as explained with the beauty pageant 
algorithm. 

The data was then pre-processed. All missing information was filled with the global 
constant, “I don’t know.” Having acquired these values after pre-processing, the receptor 
algorithm (Takagi-Sugeno-Kang, TSK Fuzzy Likert Inference System) was applied to the 
raw dataset. Five Fuzzy IF…THEN rules were defined as human-level rules to initiate 
the learning of the receptor algorithm, as shown in Table 3. 
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In the fuzzy modelling, Gaussian membership was used for the experiment. The Gaussian 
membership function helped to obtain the corresponding Fuzzy-Likert features, Xâä. The 
114 would have led to overfitting when used to train the second subsystem (DNN) 
because it is a complex algorithm. As mentioned, if the model overfits, it can perform 
excellently on the validation dataset as part of the training, but when it is tested with the 
test data it can lead to poor generalization. To prevent this, data augmentation was 
performed on the high-dimensional data space of the Xâä labels of the 114 training data 
(see Section 2.1, Figure 4 for detailed explanation of data augmentation). Through this 
data augmentation, a large experimental dataset of 72,105 training samples was   
collected. As illustrated in the framework (Fig. 2), this augmented dataset was then used 
to train three deep neural networks. The DNN architecture is presented in Table 4.  

Table 3 

Sample Fuzzy rules used in the experiment to transform the original data ã on a 
Likert scale to its corresponding Fuzzy Likert features, ãåç  

Rules IF … 

, 

THEN… 

,-. 

Fuzzy scale 
range of ,-. on 
a 5-level 
membership 
function, r(d) 

Rule 1 LOW LOW 0 to 0.134 

Rule 2 SOMEHOW LOW SOMEHOW LOW 0.134 to 0.44 

Rule 3 MEDIUM MEDIUM 0.44 to 0.644 

Rule 4 SOMEHOW HIGH SOMEHOW HIGH 0.644 to 0.9444 

Rule 5 HIGH HIGH 0.944 to 1 



 56 

3.1.8 Training, Validation and Results  

The training was implemented using Fuzzy logic tools in MATLAB and the Keras 
machine-learning library with Google TensorFlow back-end. Table 4 shows  the 
architecture of the deep neural network algorithms.  

Table 4 

Experimental setting and system architecture  

Learner type Neural networks 

Learning method  Supervised learning 

Number of output nodes 3 classes  (PA, NA and MOD) 

Loss function Categorical cross-entropy 

Hidden layer Model 1 is 12-layer network (including 
input and output layer, Model 1); Model 
2 is 11-layer network and Model 3 had 
10 hidden layers. 

Training iterations 200 epochs 

Learning rate 0.003 

Regularization Dropout 

Activation function Rectified linear unit (ReLU) 

Optimization Algorithm Stochastic gradient descent 

 

As indicated in the experimental setting, the three ensemble DNN algorithm models were 
built with different hidden layers. To prevent overfitting, dropout was introduced in the 
architecture, as indicated in Table 4 (for review of dropout, see Srivastava et al., 2014). 
Using this experimental setting, three deep models were built to predict an affective 
reaction to CO2 storage. To objectively evaluate the model, the 84 out-of-sample data 
(test data) were presented to the ensemble trained models. The models’ decisions 
were then used as input to the final sub-system (effector algorithm). The predictions of 
the final algorithm were then compared to the self-reported affective feelings of the 84 
volunteers (test data) to obtain an idea of the model performance. Each algorithm’s 
performance will be found in the supporting articles, since the results were used for 
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different purposes in those supporting articles. A summary of the results is presented in 
Table 5.  

Table 5   

Summary of Result (extract from Publication III and IV) 

Decisive cases 
(PA and NA 

reactions) 

Indecisive cases (MOD) 

Number of cases: 
76 

Number of cases: 8 

Correct Wrong Correct Wrong 

70 
cases 

6 cases 6 cases 2 cases 

Overall 
performance on 
the 84 unseen 

cases 

The algorithm predicted 76 correctly with 8 mistakes, amounting 
to 9.523% error with approximately 90.476% predictive accuracy. 

 

 In reference to Table 5, the simulation result showing the comparison between the 
predicted values and the expected (target) are shown in Table 6. 

Table 6. 
Experimental result  showing the comparison between the predicted value and the 
expected value (target) (extract from Publication II)  

Target Predicted Target Predicted Target Predicted 
NA NA PA PA NA NA 

MOD NA NA PA NA NA 
NA MOD PA NA NA NA 
NA NA NA NA NA NA 
NA PA NA NA PA NA 
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NA NA NA NA PA PA 
MOD PA PA NA NA NA 
NA NA NA NA NA NA 
MOD MOD NA NA PA PA 
NA NA NA NA PA PA 
NA NA PA PA NA NA 

PA PA NA NA NA NA 
NA NA PA PA NA NA 
NA NA MOD MOD NA NA 
NA NA PA PA PA PA 
NA NA NA NA PA PA 
NA NA NA NA NA NA 
NA NA MOD MOD NA NA 
NA NA NA NA NA NA 
PA PA NA NA NA NA 
NA NA NA NA NA NA 
NA NA NA NA NA NA 
PA PA NA NA NA NA 
PA PA NA NA NA NA 
PA PA NA NA NA NA 

NA NA PA PA NA NA 
NA NA NA NA PA PA 
MOD MOD MOD MOD MOD MOD 

 

As shown in Table 5 and 6, out of the 84 test samples (unseen cases), it predicted 70 
feelings correctly when the stakeholders took a definite position on how they felt. For 
indecisiveness, the algorithm predicted 6 correct out of 8 expressed in the test data. 
Assuming the subjects in the test data represent a community where the CO2 storage 
facility has been proposed near to them, then Figure. 7 presents the overall affective 
responses of the community to having the CO2 Storage facility near their homes. 
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Figure. 7 Visualization of the overall affective reaction of the experimental sample and key 
influential variables (Buah,  Linnanen  & Wu, 2021).   

 

As indicated in Figure. 7, the algorithm is suggesting that in the observed test sample, the 
trust variable is one of the influential factors to the overall reaction of the imaginary 
community.  The people have little trust in the integrity and competence of the actors 
proposing the project. In the algorithm’s decision, the industrial actors and the 
government of their countries were the least trusted. This lack of trust heightened their 
perceived risk of the effect of the project on the environment, their own safety, and the 
safety of those they care for, such as family members and their offspring. For example, it 
can be observed in Figure. 6 that the overall risk perception of the community towards 
the project of having bad effect on human health by leaked CO2, contributed the highest 
magnitude of 0.7719 within a fuzzy scale of 0 to 1. This fuzzy scale is approximately 
77.19% on a percentage scale. This observation is consistent with prior studies (e.g see 
Terwel et al, 2019; Yang et al, 2016). For example, in their Chinese sample, Yang et al 
(2016) `s observation is consistent with the algorithm’ observation that, perceived risk is 
among the most important indicators to acceptance of CCS project. 

In line with Terwel et al (2009), the authors also observed that trust enhances expected 
benefits and eases concerns about the risks of CCS. According to Roeser (2011), given 
the situation revealed by the algorithm in the social context, if an intervention is to be 
given, the project actors should endeavour to engage the stakeholders in an emotional 
debate to understand their emotional concerns. This proactiveness may foster 
collaboration that allows the project developers and the community to influence each 
other with their worldviews to co-develop solutions that ensure that the project does not 
compromise their safety and those they care for. This reaction towards the industrial 
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actors and the government is also in line with what Ashworth et al. (2011) observed in 
the Dutch case (Ashworth et al., 2011). For example, in the Dutch case, lack of trust in 
the local government contributed to the disapproval of the storage in Barendrech.   
According to Ashworth and colleagues, the people felt that the decision of the government 
and the project developers to store the CO2 in Barendrecht was not because it is a safe 
place. Instead, they felt that it was the cheapest place to store the CO2 which amount to 
lack of integrity-based trust in line with earlier findings by Terwel et al (2009).  

As indicated in Table 5 ad 6, in the modelling, the expected output of the algorithm was 
structured within three clusters (Positive affect, PA, Negative affect, NA and Moderate 
affect, MOD). How the emotions expressed were mathematically modelled and grouped 
within these clusters is explained in Section 3.1.9. 

3.1.9 Output nodes: how the emotions were grouped 

As indicated in Table 4, the output of the emotional experience was classified into three 
clusters: Positive affect (PA), Negative affect (NA) and Moderate affect-like feelings 
(MOD). The work grouped the emotion words and sentences within these clusters based 
on their valence component. 

As Wilson and Gilbert (2003) said, in emotion prediction if one is focusing on valence, 
the interest is on predicting the positive<---->negative. In the research, the participants in 
the survey were given a sample of emotion words and sentences: satisfied, joyful, calm, 
sad, happy, worried, stressed, afraid, angry, depressed, relaxed and I don’t know how I 
feel. Barrett said that if one does not have enough information in the brain to take a 
position on a stimulus he or she will take a neutral position (e.g. I don’t know), which I 
have termed moderate-like feelings. My responsibility was to group these emotion words 
and sentences into their respective clusters/classes using fuzzy set theory. In a fuzzy set, 
it’s all about the degree of membership; to what extent an object belongs to its class even 
if it is the same or has similar characteristics to others. Basically, we have three sets:  

(a) a set of positive emotions (satisfied, happy, joyful, calm, relaxed) 

(b) a set of those who did not take any position (e.g. I don’t have an opinion, I don’t know 
etc)  

(c) a set of negative emotions (sad, afraid, worried, stressed, angry, depressed) 

But how do we assign numerical weights to these emotions? According to the circumplex 
theory, some emotions are similar but have different weight. For example, worried and 
sad are both negative emotions but worried is a high-activation unpleasant feeling while 
sad is a low-activation unpleasant feeling. In the context of this dissertation, the emotion 
words and sentences with high-activation unpleasant feelings (worried, afraid, angry and 
stressed) are  called “worried-like feelings”. Those emotion words and sentences with 
low-activation unpleasant feelings (sad and depressed) are called “sad-like feelings”.  
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On the positive side, those emotion words and sentences with high-activation pleasant 
affect (happy, joy, satisfied, excited) are called “happy-like feelings”. Lastly, those with 
low-activation pleasant feelings (calm, relaxed) are called “calm-like feelings” (see Fig. 
8).  

 

Figure 8: A graphical representation of intensities of emotional feelings on the circumplex 
model of affect. The horizontal axis represents the emotional valence dimension and the 
vertical axis represents the activation dimension (based on Posner, Russell and Peterson, 

2005)  
 

 

With this clustering, with the help of fuzzy logic, we can assign different numerical 
weights to each emotion cluster based on their valence, as shown in Figure. 9 below. 
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Figure 9: The membership function of the emotion clusters where the emotions words and 
sentences are assigned a numerical weight  

 
 

Within the [0,1] fuzzy interval scale, the numerical weights and boundaries are shown in 
Figure. 10. 
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Figure 10: Illustration of how, mathematically, the algorithm uses the knowledge from the 
Russell affect circumplex model to capture the lack of and intensity of emotions and 

sentiments as a degree of truth where “1” and “0” represent full membership at the extreme 
ends of the emotions on the positive to negative pole 

 
 

It is clear that worried and sad both belong to the negative emotions clusters, but worried 
is more intense per the circumplex model, so it is at the extreme end of the negative pole 
compared to sad. Thus, in fuzzy mathematics, we say that worried and sad are both 
negative emotions but within the cluster worried has a higher degree of membership 
than sad. That is why in the diagram in Figure 10, sad-like emotion weights = [0.1345, 
0.44] and worried-like feelings = [0, 0.1345]. So in Figure 9,  worried is at the extreme 
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end and sad further from the extreme end. These fuzzy numerical weights are what was 
used to trained the algorithm on to classify each emotion that an individual expressed in 
the survey.  

The results emerging from the case study in the simulation experiment presented above 
were used to solve different problems in the literature and were published in scientific 
journals. This was done to show the theoretical and practical implications of the proposed 
method and how it could advance the state-of-the-art of acceptance studies, especially in 
overcoming the limitations in the traditional approaches in the area of prediction. An 
overview of these works is presented in Chapter 4.  
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4 Overview of the original research papers 
 
The overall objective of this research is to propose an AI technology acceptance 
framework for energy system analysis with a focus on social acceptance of energy 
projects. As highlighted in Chapter 3, to validate the practical feasibility of the proposed 
model, community acceptance of energy projects using emotional responses to CO2 
storage was used as a test case. The feasibility and adaptability of the framework was 
achieved through four supporting articles. The goal of this section is to present an 
overview of the original papers and how they relate to each other in accomplishing the 
overall research objective. 

4.1 Contribution of Article 1  

Article 1: A Simulation Model of an Artificial Intelligent System to Predict Complex 
Human Behavior in Response to CO2 Capture and Storage (CCS) Technology 
Deployment Processes 

4.1.1 Rationale and  objective  of Article 1 

As far as can be ascertained, the AI and machine learning approach taken in this research 
to study the phenomenon of social acceptance of energy projects is first of its kind in the 
social acceptance literature. Due to this embryo stage of the knowledge development, 
most of the ideas used in developing the proposed framework were gained through 
understanding the disciplinary boundary of AI and acceptance studies, and constructing 
my own view on how to proceed with the knowledge gained. Therefore, Article 1 was a 
pilot case study. The rationale behind Article 1 was to pre-test the feasibility of the 
problem using a shallow algorithm, and to transfer this knowledge to develop a more 
complicated system that can handle difficult problems in acceptance studies. This would 
then give an indication of whether the proposed technique was feasible in the acceptance 
context.  

To achieve this goal, the purpose of Article 1 was to apply the computational intelligence 
of fuzzy logic to explore the problem in the context of CCS technology using not-in-my 
backyard (NIMBY) sentiment as a case study. According to Devine-Wright (2009), the 
NIMBY concept is commonly used to explain public opposition to new developments 
near homes and communities, and particularly those arising from energy technologies. It 
is associated with local opposition, because local opposition to an energy project is a form 
of place-protective action. It arises when new developments disrupt pre-existing 
emotional attachments and threaten place-related identity processes.  Using this 
phenomenon, Article 1 contributed to the field of acceptance by showing the research 
community how a simple fuzzy logic-rule-based algorithm can help to obviate the need 
for the mathematical basis required to implement a conventional technology acceptance 
model. This was an important contribution because, to implement the traditional 
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technology acceptance model for stakeholder analysis in the energy system, researchers 
need to go through a laborious process. The article showed that the process can be 
automated, and can also help to predict the future, which usually requires domain experts 
to rely on their experience. While domain experts have mastered this art and science, 
human behavior is complex. Expert guesses can not always be relied on; they can over- 
or under-estimate. The contribution showed the accuracy of the experts guesses can be 
enhanced using a fuzzy rule algorithm to develop a new capability to make accurate 
estimations. The fuzzy model can model non-linear behaviors that may escape the 
observation of the human eye. Once it was found that the proposed idea was feasible, 
using the machine learning technique, the broader idea was explored, which offered a 
foundation for Articles 2, 3 and 4.  

4.2 Contribution of Article 2  

Article 2: Emotional Responses to Energy Projects: A New Method for Modelling and 
Prediction Beyond Self-Reported Emotion Measure 

4.2.1 Rationale and objective of Article 2 

Article 2 advanced Article 1’s contribution, and contributed to the achievement of the 
overall objective of the dissertation by testing the practical feasibility of the proposed AI 
technology acceptance framework. The evaluation was accomplished in the context of 
emotional responses to community acceptance of CO2 storage in the CO2 CCS process. 
Emotional response to community acceptance of CO2 storage was interesting as a case 
study because it is a matter of growing interest not only in the field of CCS but also in 
other energy technologies, including hydrogen technology acceptance, nuclear energy 
and wind energy (Buah et al., 2020; Huijts, 2018; Perlaviciute et al., 2018; Janhunen, 
2018a;  Janhunen, 2018b). It is gaining attention lately in the acceptance literature because 
a vast amount of evidence shows that emotions aroused by energy projects can bring an 
energy project to a stop or delay policy decisions for implementation if they are 
overlooked in the decision-making process (Ashworth et al., 2011; Huijts, 2013). In the 
recent past, this emotional dimension in relation to energy technologies was taken for 
granted because project developers and decision-makers considered it as a non-technical 
issue. But, as highlighted in Article 2,  Perlaviciute et al. (2018) report that project 
developers and decision-makers are now  recognizing that they can no longer take for 
granted the perceptions of and emotional dimensions of a project. The challenge, 
however, is how to recognize such emotions early on and address them, given that human 
behavior is complex.  

4.2.2 Proposed solution and results  

This section outlines how Article 2 contributed to creating a tool for practitioners to 
recognize the emotions aroused by energy projects. 
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In the literature, when the conventional technology acceptance model is applied to the 
problem briefly described above, the emotion is measured using a self-reported emotion 
measurement. With this measurement, project developers have to rely on the stakeholders 
to tell them how they feel about their project and how they will feel in future. This 
approach is effective in so far as it is the person who feels the emotion who reports how 
he or she feels. It is not, for example, an intelligent machine attempting to guess the 
emotional feelings. However, two main problems limit the effectiveness of this approach: 
social desirability bias, and the fact that humans are poor in predicting their future 
emotion. Starting from the latter, it was discovered in Article 2 that humans are good at 
predicting our present emotions but poor at predicting our future emotions, in line with 
Wilson and Gilbert (2003). For example, it is explained in the emotion literature that, 
when people go for their first, second and third dates and they feel connected with the 
partner, they see them as their soul mates. But later on, as time rolls by, some of them 
realize that it was a honeymoon phase and they had predicted wrongly. According to 
Wilson and Gilbert, this happens because of our knowledge deficit of the future, whereby 
we underestimate or overestimate the future. In the context of the emotional problem in 
CCS, this means that, when project developers rely on citizens themselves to tell them 
what will be their actions in future if, for example, A or B changes, this “sedates” them 
to wait for a change instead of being proactive. Being reactive might force them to be 
defensive, but proactiveness might help them to introduce interventions to properly 
engage with citizens and co-develop acceptable technology (Roeser; 2011; Huijts, 2013).  

With regard to social desirability bias, social desirability prevents people from been 
honest about their true feeling. This means that during, for example, public consultation, 
people on the high social desirability scale can pretend to the project developers in face-
to-face interactions that all is fine with them, but then go on to express their true feelings 
in a collective action where they need not show their faces. In this context, if the agenda 
for opposition for example, aligns with their values, they will leverage that power as a 
resource to challenge the system (Avelino, 2017). This makes the self-reported emotion 
measure not robust enough when it comes to prediction.  

One approach to overcoming this problem is affective forecasting using affective 
computing, also known as Emotion AI. Emotion AI involves the prediction of emotional 
states using AI algorithms; systems and devices are developed that can recognize, 
interpret, process and simulate human affects. In mainstream machine learning practice, 
the most popular approach is facial emotion, as used by big technology companies like 
Facebook, Microsoft, IBM and Google.  

As illustrated by the Microsoft facial recognition tool with the American media 
personality and model Kim Kardashian (Figure. 11), in facial emotion AI development, 
machine learning engineers treat the human emotion as a perceiver-independent 
phenomenon. This means that it is assumed in the data modelling process that how 
someone feels can easily be recognized from his or her movement of facial muscles (or 
others). This is why the facial algorithm judged that Kardashian West was “Sad” with 
about 68% confidence.  
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Figure 11: The Microsoft facial recognition tool: an example of how mainstream emotion  
AI treats human emotion. 

Source: Image  retrieved from https://thenextweb.com/microsoft/2015/11/11/take-that-inside-out/ 
on 8.04.2020.  

 

Neuroscientist and professor of psychology Lisa Feldman Barrett’s theory of constructed 
emotion underlies this work (as explained in the methodology section). In Article 2, 
through the work of Barrett (2016; 2017), it was found that there is no evidence to date 
that shows that there is part of the brain labelled anger, happiness, sadness, etc. Barrett 
found that, while the facial emotion recognition might be right in some cases (such as that 
of Kim in Fig. 10), it is not always the case that people smile when they are happy or cry 
when they are sad. According to her, it is dangerous to rely solely on someone’s facial 
movement to guess how they feel. She notes that culture also influences how people 
express themselves. She writes that “many businesses are investing millions of dollars 
and tremendous person hours developing ‘emotion-aware’ technology that they have been 
led to believe will be able to ‘read’ emotions from perceiver-independent measurements 
of the face, body, and behavior. […] The unfortunate consequence is that so much effort 
and investment will be wasted” (Barrett, 2016, p.35). Barrett found that human emotion 
is a perceiver-dependent phenomenon, as explained in detail in the methodological 
section.  

In Article 2, my co-authors and I built on the premise of the theory of constructed emotion 
and overcame the limitation in the traditional method by applying the AI technology 
acceptance framework to the CCS data. This led to the proposal to develop an Artificial 
Intelligence Emotion Recognition Algorithm for automatic recognition of citizens’ 
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emotional responses to CO2 storage, as illustrated in Figure 12. It was implemented in the 
Matlab and Keras machine learning library, with Google TensorFlow Backend.  

 

Figure 12: Outcome of Article 1: Artificial Emotional Intelligence Algorithm for predicting 
emotional response to CO2 storage (adapted from Buah, Linnanen &Wu, 2020). 
 

 
 

Using the numerical data augmentation technique (explained in Figure. 5 with the 
butterfly images), in a simulation experiment, my co-authors and I successfully validated 
the model with small data (198 responses). This experiment was conducted using 
volunteers from 15 developed and developing countries. Convinced that our AI 
technology acceptance framework could be implemented without being limited to big 
data, it was applied to the small data. Using the technique explained in Figure 5, we were 
able to mathematically manipulate the small data to obtain a big experimental dataset of 
about 72,105 training samples to train the CCS emotion AI. 
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To test the generalization potential of the CCS emotion AI, we applied it to the out-of-
sample responses of 84 volunteers that the algorithm had never seen or been exposed to 
in any way during training and optimization. Running the simulation, the algorithm was 
able to recognize the emotion of 76 feelings correctly, out of 84 responses, when the 
stakeholders took a definite position on how they felt. 

The results from Article 2 demonstrated the effectiveness of the proposed AI technology 
acceptance framework and its ability to hack into small data to support real-life decisions. 
The article contributed to overcoming the limitation in the mainstream self-reported 
emotion measurement. 

The success of Article 2 motivated Article 3 and 4. In this contribution, the adaptability 
of the proposed AI technology acceptance framework was explored in the context of CCS 
in the area of communication and engagement. To maintain the scope of the work, the 
CCS Emotion AI model (Article 2) became the framework for the contributions of Article 
3 and 4.  

4.3 Contribution of Article 3  

Article 3: Augmenting the Communication and Engagement Toolkit for CO2 Capture 
and Storage Projects 

4.3.1 Rationale and objective of Article 3 

In Article 2, it was explained that sentiments, emotions and perceptions aroused by a CCS 
project can bring the project to a halt or lead to delays in policy decisions for its 
implementation. These sentiments and emotional behavior can persist even after initial 
acceptance of the project and can lead to new events. As highlighted in the introduction, 
social acceptance of energy projects manifests as a form of social license granted to the 
energy project. It is not a one-time approval of the project but evolves over time (Dowd 
& James, 2014; Moffat, Kieren & Zhang, 2014; Hall et al., 2015; Moffat et al., 2016; 
Gough et al., 2018; Kamenopoulos & Tsoutsos, 2019). This suggest that the social license 
for an energy project continues even after implementation of the project. As Gallois et al. 
(2017) wrote, “Social license to operate (SLO) is an informal agreement that infers 
ongoing acceptance of an industrial or energy project by a local community and the 
stakeholders affected by it. Negotiation of SLOs centrally implicates language and 
communication, including scientific language and concepts” (p.45). To retain a long-term 
social license for a CCS project at the community level, maintaining a long-term 
relationship between the project developers and the community is a necessary part of the 
CCS communication and engagement practice. The relationship helps the project 
developers to better understand the social context of the project and matters arising, and 
how to retain the social license to operate.  

Given that it is a relatively new concept in the field of CCS, a practitioner-based tool, to 
guide practitioners to engage their stakeholders to maintain this long-term relationship, 
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has been lacking. However, an influential scholar in the field, Professor Peta Ashworth 
of the University of Queensland in Australia, led a project in collaboration with the Global 
CCS Institute (Ashworth et al., 2011). They studied five real-life CCS project cases that 
failed or survived: the Barendrecht, FutureGen, Carson, Otways and ZeroGen CCS 
projects. The lessons learnt from these projects were compiled and used to develop a 
Communication and Engagement Toolkit for CCS Projects, proposed as a universal guide 
for implementers and developers of CCS projects –a practical and informative tool to 
assist in the design and management of communication and engagement activities for 
individual CCS projects. In effect, the content of the toolkit is grouped into four sections: 
social data collection, a SWOT analysis, preparing a stakeholder analysis, and developing 
a high-level public engagement plan. To date, this is the only work in the literature that 
provides a comprehensive guide for the development of CCS projects. On appraising the 
content, however, in Article 3, it was discovered that the SWOT strategic tool Ashworth 
and colleagues recommended to harness social data on CCS to make strategic decisions, 
including prediction, is ill-suited for that purpose. To contribute to overcoming the 
limitation in the analytical part of the toolkit, the implication of the proposed AI 
technology acceptance framework was explored in this context to offer an alternative 
solution. 

4.3.2 Proposed solution and results 

In the light of the problem statement, to add to the development of the Communication 
and Engagement toolkit for CCS projects, the implication of the AI technology 
acceptance framework, tested in Article 2, was applied in Article 3 to suggest a solution. 
As an outcome, a new strategic framework for improving the toolkit to enhance the 
predictive power of the recommended SWOT strategic tool was proposed, as illustrated 
in Figure 13. 
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Figure 13: The proposed solution to enhance the predictive power of the SWOT strategic tool 
proposed in the Communication and Engagement toolkit for CCS projects. 
 

As Figure 13 illustrates, the proposed solution does not disregard the knowledge in the 
toolkit. It builds on its strengths to make it robust. To implement the proposed solution, 
the project experts need to go through four processes. The first is the same as proposed 
in the toolkit, and was recommended in Article 3. This process involves gathering and 
learning from the social data to construct the conventional SWOT matrix. The result is 
then used to gain insights into the project’s external environment. The second process is 
engaging the project experts to rank the importance of the SWOT factors and to prioritize 
them. At this stage, the project experts have the SWOT factors finalized, and can go ahead 
and propose alternative communication and engagement strategies. In real-life projects, 
this process can lead to several proposed strategies. Some of the key questions that may 
arise are: (a) What are the most effective strategies among the list of strategies? (b) What 
will be the response of the external stakeholders to the selected strategy, especially in the 
external environment? This process can be time-consuming and it is challenging for the 
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experts to make accurate guesses of the effectiveness of one strategy in relation to the 
other, due to their lack of understanding of the non-linear dependencies among the factors 
in the CCS SWOT. Since the reaction of the external stakeholders to a selected strategy 
in relation to a SWOT criterion is also beyond the influence of the project expert, they 
can just make a qualitative prediction of the likely responses.   

Article 3 added one more value to the toolkit to make this process less demanding and 
seamless. As indicated in the framework, the contribution added one more step to the 
second process (step 3). This step draws inspiration from the contribution of Article 2 and 
adapted the Emotion AI framework to the problem, as shown in Figure 14. In practice, 
this means that the experts can concentrate on the cognitive tasks in the communication 
and engagement process, and the probability tasks can be outsourced to the AI system.  

 

 

Figure 14: How the proposed AI technology acceptance framework provides a mathematical 
framework for the SWOT strategic tool recommended in the Ashworth et al. Communication 
and Engagement toolkit for CCS projects). 
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As indicated in Figure 14, the proposed solution takes the SWOT information from the 
experts to develop the capability to enable the practitioners to predict the best strategic 
alternatives of communication and engagement and the community response to the 
strategy. This prediction can then be used to support the development of a communication 
and engagement plan. As future work, it was recommended in Article 3 how the 
practitioners could still harness the framework to develop a future virtual communication 
and engagement tool to overcome the limitation in the mainstream consultation 
communication and engagement approach. For example, in this time of Covid-19, where 
many activities are carried out online because of social distancing, such a digital 
communication and engagement tool could help practitioners to maintain a relationship 
with their stakeholders. Given that our approach is a niche area in the field, Article 4 seeks 
to demonstrate the approach to our colleagues and adapt it to their own problems 

4.4 Contribution of Article 4  

Article 4: Can Artificial Intelligence Assist Project Developers in the Long-Term 
Management of CO2 Capture and Storage Projects?  

4.4.1 Rationale and objective of Article 4 

The contribution of Article 4 was a future study, as recommended in Article 3. The 
rationale that motivated the research and its relationship with Articles 2 and 3 is as 
follows.  

The International Energy Agency (IEA) report shows that carbon dioxide (CO2) CCS can 
play a critical role in the sustainable transformation of the global energy system (IEA, 
2013; 2016; 2017). It is also reported that it could contribute to achieving the climate 
commitment in the 2016 Paris Agreement (Haszeldine et al., 2018). In the Global CCS 
Institute report, “The Global Status of CCS (2017), it is reported that the 17 large-scale 
CCS facilities in operation globally are capturing more than 30 Mtpa (million tonnes per 
annum of CO2). This progress seems to justify the technical feasibility of CCS in global 
climate change mitigation and is in line with Nuortimo et al. (2018).  

Despite the technical feasibility of CCS technology, as indicated in Article 2 and Article 
3, CCS has been resisted in many local communities in which projects are proposed or 
ongoing. In Article 3, it was also highlighted that acceptance of a CCS project goes 
beyond one-time approval. The question of long-term acceptability of CCS technologies 
and projects is, therefore, a matter of concern in the long-term management of a CCS 
project. CCS communication and engagement practice is an important aspect of 
negotiating the social license to operate, and securing a long-term social license for CCS 
projects (Gallois, Ashworth, Leach & Moffat, 2017). 

Over the past years, the recommended practices in the literature have exclusively relied 
on mainstream consultation techniques and large-scale deliberative engagement. In these 
standard methods, practitioners engage with community stakeholders and their networks 
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through focus-group interviews, consultations, workshops, seminars, surveys and other 
outreach programs (Coyle, 2016). These standard approaches have merit, but over time 
they could become tedious due to repetitive tasks, and to being resource-intensive and 
time-consuming, and may even contribute to logistic emissions (see Article 3 for more 
detail; Buah et al, 2020). Also, take for example the situation during the Corona virus 
pandemic case, which has led to social distancing, which means that project managers 
could not engage in public consultation. Another problem is that, with the standard 
method, after a public consultation workshop, project managers can lose contact with 
citizens, which makes the future uncertain in relation to what is going on in the minds of 
those citizens (e.g. see Janhunen et al., 2018a). One approach recommended in the work 
of Janhunen et al. (2018a) is for the energy practitioners to create a platform for 
continuous communication and engagement so that stakeholders can engage continually 
with the project developers and express their feelings about the project so that the project 
managers can address them. Such proactiveness could also be of benefit for the project 
developers to address key emotional concerns and perceptions to maintain the long-term 
social license for an energy project. This is where Article 4 contributed in the CCS context 
by proposing an alternative approach to overcome some of the limitations mentioned 
above, by building on the results in Article 2 and use them as a point of departure.  

4.4.2 Proposed solution and results 

Building on the AI Emotional Intelligence Algorithm for CCS projects in Article 2, in 
response to the recommendation in Article 3, the outcome of Article 4 is illustrated in 
Figure 15. 
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Figure 15: Schematic diagram of the  proposed virtual communication and engagement 
platform for CCS projects. 
 

 

As shown in Figure 15, the proposed solution is a virtual communication and engagement 
platform on which citizens can “chat” with the intelligent agent using their mobile phones 
24/7 via Messenger or other platforms such as WhatsApp. As indicated in the framework, 
the system uses two agents: the front-end agent and the back-end agent. The front-end is 
where the citizen can assess the system through the mobile-phone via Messenger. It uses 
a natural language processing algorithm provided by Google using Dialogflow software. 
It is not responsible for making the high-level decision on the CCS project. It just chats 
and collects the user sentiments and emotions and passes these on to the second agent. 
The second agent is the added-value (in Article 3) to the Google system that provides the 
front-end conversation. It has the CCS domain knowledge. The inference engine of the 
second agent is shown in Figure 16. 
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Figure 16: The inference engine of the CCS Communication and Engagement Virtual Agent 
(from Buah, Linnanen, Wu & Kesse, 2020). 
 

 

As shown in the inference engine in Figure 16, during an engagement, whenever Agent 
1 asks the user a question, and he or she answers, it takes that information as , response. 
Behind the scene, the chat of the virtual agent is structured around psychological 
predictors in Figure 16. Literature indicates, these predictors can predict emotional 
responses to CCS projects. As outlined in Article 2 and the methodology section, the 
appraisal of these psychological factors is what the emotion AI algorithm takes as input 
,. The same principles apply to the communication and management Agent 2. When the 
back-end agent receives this information from the front-end agent, the response is 
processed by three algorithms (receptor algorithm, ensemble fuzzy-DNN algorithm and 
effect algorithm). These algorithms mimic nature, as explained in the methodology 
section. The algorithm  is inspired by the principles of stacked generalization (Buah, 
Linnanen & Wu, 2020). In the inference engine, the effector algorithm acts as the meta 
algorithm. It combines the predictions of the receptor and the fuzzy-DNN algorithms and 
communicates the decision to the front-end agent to tell the user. The decision consists of 
information relating to the user sentiments and emotions concerning the CCS project.   

As Figure 16 illustrates, in this information exchange, the receptor algorithm 
communicates the user case collected from the front-end agent to the fuzzy-driven DNN 
algorithms for a high-level decision. After the fuzzy-driven DNN algorithms have figured 
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out the feelings of the user, the effector algorithm passes this information to the front-end 
agent. The front-end agent then engages the user in an emotional conversation, but, as 
mentioned, behind the scene it elicits intelligence on CCS-related issues from the back-
end agent. So, in practice, it is the back-end agent that tells the front-end agent what to 
say when the conversation is about CCS. For ordinary small talk, the Google system will 
respond. Through the conversation and information exchange, the back-end agent uses its 
emotional intelligence to get to know the user’s feelings towards the project. More about 
this can be found in Article 4. In a nutshell, assuming that the back-end agent (Agent 2) 
automatically recognizes through the conversation that the user is feeling negative about 
the project, it will use that emotional intelligence and communicate with the front-end 
agent (Agent 1) to say this to the user and give the feedback: “Oh, my intelligence tells 
me you seem to have a problem having the CO2  storage close to your house and want it 
far-away. Did I get your feelings right, and why this decision?” The qualitative feedback 
is then communicated to the project managers for a human cognitive task and appropriate 
communication strategy. In real life, this entire communication flow happens within 
seconds or minutes, depending on the speed of the cloud system in which the system is 
hosted.  

Theoretically, the back-end agent reasons on emotional issues using the combination of 
the Russell circumplex model of affect and the positive affect (PA) and negative affect 
(NA) school of thought (Russell, 1980; Posner, Russell & Peterson, 2005). Similar 
principles are used by the Emotion AI (Article 2). To make sense of this underlying theory 
of emotion in the context of the proposed solution, the qualitative emotional responses 
gained through human conversation with Agent 2 are quantified using mathematics of 
fuzzy logic. An example was shown in Article 2 of how we modelled these emotional 
responses, as illustrated in Figure 8, using the mathematics of fuzzy logic and fuzzy sets. 

The practical feasibility of the virtual communication and engagement system was 
implemented and evaluated using Keras with Google TensorFlow back-end and Agent 2. 
In the experiment, the first agent was replaced with a survey question from Article 2 
instead of using Dialogflow Software to collect the responses since the focus was on 
Agent 2. When the system was simulated, Agent 2 demonstrated 90.476% performance 
compared to the self-reported emotions. It took the algorithm approximately six seconds 
to make the decision when the test data was presented to it. Again, it was observed in this 
work that indecisive feelings contributed much to the error, even though there were 
differences in the role of predictors in the system modelling. As other studies have 
attested, it is challenging to predict indecisiveness, and it is something that an algorithm 
cannot fix. Due to this limitation, it was recommended in Article 4 that, when the 
proposed Virtual CCS Communication and Engagement Agent is deployed in real life, 
there should be a human expert in the decision-making loop to subject the decision of the 
algorithm to scrutiny, to help ensure that it is making the right predictions.  

In conclusion, since the system is a virtual agent, it saves the cost of organizing 
workshops. It reduces the extent of travel to public engagement workshops, which would 
contribute to emissions. In today’s carbon-constrained world, this is highly valued. As a 
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virtual agent, it can provide 24/7 services so that project developers can maintain 
continual contact with stakeholders. This is a particularly valuable advantage during the 
Covid-19 pandemic, but also in the future. The pandemic has affected many global 
workshops that have been planned for a year or so, and into which resources have long 
been committed. In many countries, people are being advised to avoid large public indoor 
gatherings. Assuming that certain countries plan public consultation workshops on CCS 
at this stage of Covid-19, the benefits of the proposed approach can be clearly seen. It can 
complement the standard face-to-face-technique by continuing the engagement process 
after cancelation of workshops, creating a virtual forum for citizens to still have the 
opportunity to influence the outcome of projects.   

It was stressed in Article 4 that, despite the capability of the virtual agent and how it 
overcomes the limitation in the mainstream method, it has its own limitation: that direct 
human interaction is missing. Even though it is a conversational agent that behaves like 
humans, it can never replace the human dimension in the standard engagement 
approaches. Therefore, it was recommended in Article 4 that the proposed system be seen 
as complementary to the standard face-to-face communication and engagement method 
and not a replacement. The contribution of Article 4 is not only beneficial in the CCS 
domain but also other in other energy fields, including wind energy, nuclear energy and 
hydrogen fuel. For example, in the wind energy field, Janhunen et al. (2018) calls such a 
platform a virtual engagement platform. Domain experts in other energy systems could 
benefit from this contribution.  
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5 Discussion and Conclusions  

5.1 Main findings and discussion   

In this doctoral dissertation, the phenomenon of social acceptance of energy systems and 
how to predict it, using artificial intelligence (AI), has been investigated. As highlighted 
in the introduction and the supporting articles, lack of social acceptance at the community, 
socio-political and market levels could bring an energy project to a halt or delay a policy 
decision for its implementation. If this happens and the project is, for example, cancelled, 
it could also reduce the overall energy resources needed to be harnessed to fight climate 
change (Ellis & Ferraro, 2016). This makes the future uncertain for long-term 
acceptability of the energy projects needed for the climate fight. However, if project 
managers and decision-makers could predict the future, they could devise interventions 
and address key concerns. This would give them the opportunity to properly engage their 
stakeholders, understand their concerns and needs, and co-develop economically viable, 
socially responsible and environmentally acceptable energy technologies and projects.  

However, the factors that determine social acceptance are complex and there is a non-
linear relationship among the parameters. Evidence in the literature suggests that accurate 
predictions can be inferred from the social context of the energy project, if these non-
linear parameters can be modelled (Shmueli, 2010; Buah, Linnanen & Wu, 2020). In this 
dissertation, this problem was studied through a sequence of articles. The main findings 
emerging from the research are as follows.  

First, it was observed that the state-of-the-art technology acceptance frameworks and 
models for energy technologies have become a gold standard of practice to model data 
on this problem. The application of such tools leads to the development of causal models 
and regression-based models that are applied to the social behavior to predict the future. 
Their main strength is that they are good at explaining the cause of a behavior leading to 
acceptance. However, they are limited in modelling the non-linearity among the 
parameters. This limits their capability to infer accurate predictions to guide decision-
making. Despite this limitation, this study found that no attention has been paid to this 
shortcoming to date. The conventional technology acceptance frameworks are still used 
to infer predictions (Yarkoni & Westfall, 2017). This exclusive reliance on the 
conventional methods for predictive tasks has led to numerous debates on the mediating 
and moderating role of factors that are claimed to predict acceptance. But these causal 
and regression models constructed from the conventional technology acceptance 
frameworks are still struggling to produce predictions with accuracy (Yarkoni & Westfall, 
2017). This present research found that the limitation is due to the inability of the 
conventional models to handle complex and non-linear patterns in the behavioral 
modelling, due to over-reliance on human experts’ assumptions, capabilities and theories.  

This observation is supported by the pioneering work of Zadeh (1965; 1975; 2002) and 
the work of Breiman (2001) and Shmueli (2010). The over-reliance on human experts’ 
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assumptions, capabilities and theories means that the experts using the conventional 
method miss essential information hidden in the data, which the underlying theory has 
overlooked. Moreover, this is well justified in some fields. This is why the AI machine 
sometimes outperformed, as for example in the case of doctors diagnosing diseases (e.g. 
see Steele et al., 2018). This usually happens because humans are better at cognitive than 
probability tasks in relation to algorithms. On the other hand, algorithms are better than 
humans in probability tasks. As found by Zadeh (1965; 1975; 2002), human behavior 
consists of high-dimensional data. Human-related data contains many attributes that 
shape action. Considering the socio-technical nature of the energy system, with 
uncertainties in the future, the language and expressions that social participants use in 
expressing their perceptions, emotions, rational decisions, etc, tend to be fuzzy, imprecise 
and ambiguous, with incomplete information. However, this data is what, as researchers, 
we rely on to construct present and future scenarios concerning energy systems, with our 
theories and models. As the data becomes big or the situation being observed becomes 
complex, complexity and non-linearity are added to the observed data. Human experts’ 
ability to look into the high-dimensional data and control the parameters to discern 
patterns and non-linearity in order to construct a theoretical hypothesis for a causal model 
can be challenging, even impossible. For example, in the introduction, it was mentioned 
that a vast amount of evidence shows that social acceptance does not consist of one-off 
approval of an energy project. It is an ongoing informal agreement that can be withdrawn 
at any time (see, e.g., Moffat & Zhang, 2014; Dowd & James, 2014; Hall et al., 2015; 
Gallois et al., 2017; Gough et al., 2018). Due to these characteristics, the social license 
for an energy project can be withdrawn even after implementation, which can bring the 
energy project to a stop.  

Despite this widely accepted view, including observations in the extractive industry 
where the term social license was borrowed into the energy field, some studies argued 
otherwise. It should be emphasized that this dissertation is not claiming that studies 
opposing this widely accepted view are wrong. However, some of the generalizations 
from these contributions are debatable, especially when looked at from different 
perspectives and cultural contexts. In as much as I support the view in the opposing 
studies, some of the conclusions do not come as a surprise to me. One of the reasons is 
that most of these works have interpreted data that mostly comes from developed 
countries. Also, the methods used in mining this data are limited when it comes to digging 
deeper into the data to uncover complex and non-linear relationships, which may have 
led to a causal effect of  an outcome behavior. For example, using hydrogen technology 
acceptance as a case study, Huijts et al.’s (2019) regression analysis found that time does 
not influence acceptance after energy project implementation. This suggests that, once a 
project is accepted, the chances of withdrawal of the social license are minimal. The 
authors therefore, made general conclusions from their data that time does not have any 
influence on how social participants in an energy system evaluate the risks and benefits 
of energy infrastructures and technology after implementation.  

Interestingly, the regression-based prediction contradicted the author’s hypothetical 
thinking; they pre-assumed on the relationship prior to validating their regression model 
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with their data. This presumption, guided by theory and their experience, was in line with 
the widely held assumption referred to above. As an African with a critical realism 
epistemological viewpoint, as taken in this work, I support the widely held view and some 
of the views in Huijts et al.’s work. However, I disagree with parts of Huijts et al.’s (2019) 
general conclusion, even though the relationship between the parameters might also be 
true. However, I know, irrespective of scientific evidence, how time influences 
acceptance in my cultural context. In the African context, people can take the law into 
their own hands, without fear of being incarcerated, unlike in the developed world. Thus 
an energy infrastructure can be pulled down or destroyed, no matter how much investment 
has gone into its implementation, if the people feel they have been deceived or threatened 
by the negative impacts of the infrastructure. This is where the critical realist viewpoint 
taken into account in this study allows the researcher to bring their experience into the 
investigation, albeit in a cautious manner. It helps to move beyond the empirical level. As 
critical realism argues, there is a reality independent of the observer because realities can 
invisible to an observer at the empirical level due to their epistemological worldviews. 
My cultural observation that supports the widely held assumption is also supported in the 
oil and gas industries, which have similar characteristics to, for example, the CO2 
transportation pipeline in a CCS project. For example, empirical evidence from the oil 
industry has shown that, if a project has already been implemented, the withdrawal of its 
social license could manifest in many forms, including vandalism as has been witnessed, 
for example, in the Niger Delta and gas pipelines in Nigeria (see, e.g., Umar et al., 2017). 

All this makes one question why the Huijts et al. (2019) regression model rejected the 
widely held assumption, which they also pre-assumed because the relationship was also 
valid. This is why the proposed AI framework in this study does not rely entirely on 
human assumptions or theories to pre-assume the relationship of the behavior under 
observation. Instead, it combines human knowledge and a data-driven approach to treat 
the relationship as unknown object ( nature’s black box) and learns the non-linear relation 
using deep machine learning techniques. This does not mean that the role of theory is 
disregarded when implementing the proposed framework. In a real-life implementation 
of the framework, theory and human experience mostly guide in the selection of features, 
as stressed in the methodological section. Even if the theory or human experts suggest a 
relationship, the algorithm will treat it as a possibility but not an entire solution. The 
algorithm will draw its hypothesis on the relationship concerning other features in the 
data used in training it, applying the inductive inference theory of reasoning.  

Earlier findings by Breiman (2001) and Shmueli (2010) support the assertion in this work 
with respect to the Huijts et al. (2019) propositions. This body of work observes that the 
case in Huijts et al.’s (2019) work might have happened not only due to context but also 
due to the following reasons. First, causal models and conventional technology 
acceptance models are not models for prediction as highlighted in the introduction.. 
Regression models are good predictive models. However, regression models produce a 
linear output, and are ill-suited for inferring accurate predictions, especially when the data 
at hand is complex and contains many non-linear behaviors. Second, it was found in this 
dissertation that AI and machine learning can contribute to overcoming the limitation in 
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the conventional methods to solve the problem in line with Yarkoni and Westfall (2017). 
This AI and machine learning approach is gaining currency in energy research, but the 
contributions to date have been technocratic-driven, which supports Xu et al.’s (2019) 
recent findings in the field of energy. At the time of writing, no study using AI can be 
identified that has attempted to tackle this problem, with a specific focus on social 
acceptance of energy systems. Even less is known about how this AI and machine 
learning technique could be applied to the social problem in the energy system, underlined 
above, to develop tools for scientists and practitioners to manage the socio-technical 
challenges. The main contribution of this dissertation is the proposed AI technology 
acceptance framework for energy system analysis, as described in the methodology 
section and tested in the context of CCS in the supporting articles, as outlined in Chapter 
4.  

5.2 Conclusion, limitation and future research   

In this dissertation, the phenomenon of social acceptance of energy systems was studied. 
How the phenomenon can be modelled and predicted to support practitioners to properly 
engage their stakeholders to secure a long-term social license for an energy project was 
explored from the perspective of machine learning. The approach taken deviates from the 
mainstream approach, which has over the years taken the socio-psychology viewpoint, 
because of  the limitations in that conventional approach. The overall objective of the 
dissertation was to propose an AI technology acceptance framework for modelling and 
predicting social acceptance-related behaviors to guide decision-making. The 
development of the framework and its practical feasibility was explored in the context of 
emotional responses to a hypothetical CO2 storage in a CCS process, through four 
supporting articles. In the discussion section, the implication of the framework for theory 
and practice was discussed. The discussion led to the understanding that the proposed 
framework has many advantages over the conventional technology acceptance 
framework.  

Despite the merits of the proposed AI technology acceptance framework, it is not without 
limitation. It is important to emphasize that AI energy decision models produced from the 
proposed framework are an explainable AI (XAI) system. In practice, this means that the 
outcome decision can be interpreted. The interpretation can then be use to influence the 
behavior or the environment the system observes. Here, the explanation is not causal, as 
in the conventional methods; it is a causal inference using fuzzy logical rules (for more 
about causal inference, see Rudin, 2019). The rules build on the fuzzy mathematical 
assumption that, if we know a fact (premise, hypothesis, antecedent), then we can infer 
or derive another fact. This limitation is overcome by the traditional methods. It is 
therefore recommended that the proposed AI technology acceptance framework be seen 
as a complementary model to the mainstream methods and not a replacement. Where 
prediction is the main goal in the social system analysis in the energy system, the 
proposed AI technology acceptance framework is recommended. On the other hand, 
where a causal explanation is needed, the old methods are recommended. 
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Last but not least, it is recommended that, where the system is deployed to support energy 
planning and management, the project managers should ensure that the ethics of the 
system are explained to the social participants, due to data privacy laws. This data 
transparency is important. In actual use, the more the system interacts with people – 
gathering data on their emotions, sentiments and perceptions about the energy project – 
the more intelligent it becomes.  

Overall, it can be concluded from the empirical investigation that human behavior and 
emotions relating to energy systems (specifically in the CCS context) are predictable, and 
that interventions can be devised to manage an energy project, especially if the 
community stakeholders either support or reject the project. It was found, in a sensitivity 
experiment, that it was challenging for the algorithm to predict indecisive feelings. This 
should be investigated further. However, if the proposed tool is deployed in real life to 
support high-level decision-making, there should be a human expert in the decision-
making loop to subject the decision of the algorithm to scrutiny, to ensure that it is making 
the right predictions.   
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a b s t r a c t

A considerable amount of studies report that negative emotions evoked by Wind Energy, Nuclear Energy
and CO2 Capture and Storage (CCS) can lead to cancellation of the energy project or a delay in policy
decisions for its implementation if not adequately addressed. Earlier studies have attempted to study this
problem using self-reported emotion measurements to identify the emotions the participants felt. As an
alternative, we propose the use of an emotional artificial intelligence (AI) algorithm for improved
modeling and prediction of the participants’ emotional behaviour to guide decision-making. We have
validated the system using emotional responses to a hypothetical CCS project as a case study. Running
our simulation on the experimental dataset (thus 40% of the 72,105), we obtained an average validation
accuracy of 98.81%. We challenged the algorithm further with 84 test samples (unseen cases), and it
predicted 75 feelings correctly when the stakeholders took a definite position on how they felt. Although
there are few limitations to this study, we did find, in a sensitivity experiment, that it was challenging for
the algorithm to predict indecisive feelings. The method is adaptable to study emotional responses to
other projects, including Wind Energy, Nuclear Energy and Hydrogen Technology.

© 2019 Published by Elsevier Ltd.

1. Introduction

The study of emotional responses to controversial energy pro-
jects is a growing area of interest in technology acceptance litera-
ture. Earlier studies reported that the negative emotions evoked by
these technologies could lead to the cancellation of energy projects
or a delay in policy decisions if the communities' emotional re-
sponses and the resulting behaviours were not adequately
addressed [1e3,35,37]. This phenomenon suggests that if the
project developers had the capability to predict sentiments and
emotions early in the development of the project, that in-
terventions could be introduced to manage the community's
emotions and behaviours, hopefully increase the likelihood of the
project's acceptance. In recent literature, Perlaviciute et al. [3]
wrote, “while practitioners are increasingly realizing that they
cannot simply ignore public emotions, they struggle with how to
deal with people's emotional responses and how to secure public
acceptability of sustainable energy projects” (p.1). Lazarus [4] and
Barrett [33] studies increased our understanding that emotions can

be addressed because they are self-constructed by the stakeholders
from their cognitive appraisal of the project and its facilities. The
cognitive appraisal is an immediate, unconscientious appraisal and
it mediates the stimulus events that evoked the emotion and the
corresponding responses. In the cognitive appraisal process, the
emotions are created using what Barrett [33] preferred to call
“cognitive ingredients.” Lazarus [4]; Breiman, [5]; Shmueli [6] and
Barrett [33] reported that if the linear and non-linear relationships
between the thought process and the outcome behaviours could be
explored and understood, then a protocol could be developed to
predict future behaviours, allowing the project managers to design
appropriate interventions.

Earlier studies have attempted to measure and model the rela-
tionship between emotions and behaviours using various social
science methods. The most frequently used method in the tech-
nology acceptance literature has been a self-reported emotion
measurement combined with other conventional statistical tech-
niques. Investigators relied on respondents to accurately and
honestly report their affective emotional responses to the energy
project [36]. It was implemented using positive and negative af-
fective words such as satisfaction, pride, joy, hope, calmness,
worries, annoyance, aversion, stress, powerlessness, and fear that
were relevant in the context of the technology in question.* Corresponding author.
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Depending on the researchers’ objective, the measure could either
be valence focused or arousal focused. In this way, the intensity of
the subjective emotional experience could be captured by asking
the respondents to report howmuch they felt the emotion reported
on a psychometric scale, such as a Likert scale [1,3,7,38].

Wilson and Gilbert [10] wrote that the strength of this method
was in its “proven track record of reliability and validity.” Its
strength was that the subjective emotional experience was self-
reported by the subjects who felt the emotions themselves in
relation to the energy projects. It was not an investigator or ma-
chine attempting to guess the participants’ emotional responses. It
was reliable and accurate, especially if social desirability bias was
minimized and well managed in the data collection process.

Social desirability is a limitation that occurred when people
expressed their thoughts and feelings in a way they deem to be

more socially acceptable, even if it was not their more accurate or
“true” thoughts and feelings. This phenomenon caused those on
the high social desirability scale to be dishonest about their own
feelings or hesitant to give completely honest answers if such an-
swers were perceived to be socially undesirable [8,9]. The desire to
answer with a socially acceptable responsewasmore likely to occur
in the direct engagement process where focus group or face to face
interviews occurred with the respondents seated near the
interviewers.

Another limitation of this methodwas that people had a difficult
time pinpointing specific reasons for their attitudes which made it
challenging to understand the respondents' thoughts and the ac-
tions [36]. This inability limited the decision-makers’ efforts to
develop the capability to predict future emotions and behaviours to
create targeted interventions. Some studies had attempted to ask
respondents to report their future cognition, including their emo-
tions, using different information to enable the researchers to
observe how behaviours changed. They hoped that the participants
could predict their own behaviours based on their anticipated
future emotions.

Wilson & Gilbert [10] found that humans are good at predicting
their present emotions, but less accurate at predicting their future
emotional responses, even if it involved a previously experienced
emotional trigger. One of the reasons was that the human
emotional experience is highly influenced by time. People were
unable to accurately predict future emotions and sentiments due to
a knowledge deficit of how future events might impact their feel-
ings. This limitation suggested that the self-reported measure-
ments used in collecting post-test behaviour was not robust
enough to help researchers accurately predict future emotions and
behaviours. An alternative method of data collectionwas necessary.
This study attempts to overcome these limitations and contribute
to the existing technology acceptance literature.

This study's goal is to overcome limitations by proposing an
emotional artificial intelligence (AI) algorithm for improved
modeling and prediction of the participants' emotional behaviour
to guide policy and company’ decision-making. It uses fuzzy deep
learning techniques. It uses this technique because of the pio-
neering work on human reasoning by Zadeh [11]; that stated that
human reasoning and behaviours are imprecise, ambiguous, vague
and fuzzy. Fuzzy deep learning tradition fosters cooperation be-
tween fuzzy logic and deep neural network to observe a behaviour
that is fuzzy, imprecise and vague and takes into consideration the
uncertainties in the data. This combination result in hybrid deep
learning models that are not only more accurate but better at
interpreting the influence of the environment on the behaviour it
observed. [12,31]. Our study is based on these, machine learning
theories.

Our paper is limited to a case study of the practical feasibility of
identifying the emotional responses to a hypothetical CO2 storage
of a CCS project. CCS technology involves three major steps;
capturing CO2 at the source, compressing it for transportation, and
then injecting it deep into a rock formation at a carefully selected
and safe site, where it is permanently stored. CCS is an interesting
case because it is controversial; however, it has gained attention
among practitioners and researchers in international climate
legislation discourse such as the Paris Agreement which became
effective on 4 November 2016. CCS will enable continuous use of
fossil fuel but on the other hand, when combined with bioenergy,
negative emissions are created. Expert proponents, such as Global
CCS Institutes, claimed that under stringent emission scenarios that
it is seen as a method for meeting the 1.5� Celsius ambitious target
in the Paris agreement. On the other hand, opponent experts, such
as Greenpeace, see CCS as an environmental scamwhere industries
are trying to buy time to enable continued fossil fuel use instead of

Nomenclature

XFL Fuzzy Likert representations (Likert responses
incorporatewith fuzziness so that it degree among
other thoughts can remeasured and well
represented on the psychometric scale without
limitation)

m ðxÞ Degree of membership (membership function)
MF Membership function. The same as degree of

membership
CCS Carbon dioxide capture and storage
DNN Deep neural network
Hybrid Fuzzy-DNN Combination of fuzzy logic and deep

neural network
Xtrust Psychological response of trust in actors
xRisk Psychological response of a subject's risk

perception on the energy project measured on a
Fuzzy Likert scale

y Crisp value of the emotional state fired by the
algorithm after multiplying weight factor by a
psychological response of a subject to determine it
affective state, whether pleasant or unpleasant or
indecisive feelings

X A subjective response to a stimuli (raw response)
PA Expression of pleasant feelings
NA Expression of unpleasant feelings
MOD Expression of Indecisive feelings
mi don0 tknowðxÞ Membership function of indecisive feelings of a

subject
msadðxÞ Membership function of a subject unpleasant

feelings (low dearth negative emotional response
such as sad,.)

mworriedðxÞ Membership function of a subject unpleasant
feelings (high dearth negative emotional response
such as Worried, I am afraid etc.)

mHappy ðxÞ Membership function of a subject pleasant
feelings (high dearth positive emotional response
such as excited, I am very happy etc.)

mcalm ðxÞ Membership function of a subject pleasant
feelings (low dearth positive emotional response
such calme.)

TSK TakagieSugenoeKang (TSK) fuzzy system
TSK meta algorithm responsible for reasoning and

combining decisions of fuzzy inspired DNN
algorithms using TakagieSugenoeKang (TSK)
fuzzy if-then rules
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exploring new and more radical energy approaches.
Citizens who will be faced with having CCS energy projects in

their local communities are influential stakeholders in the
decision-making process [13]. In some countries, such as the
Netherlands and Germany, the storage facilities have triggered
emotions and sentiments that brought demonstrations that caused
CCS plants to a stop operations [14]. Huijts et al. [15] found people's
responses to CCS and the cognitive elements they used to make
those responses are like those of Hydrogen technology, Wind En-
ergy, and others controversial energy technologies, including Nu-
clear Energy projects. Our proposed study's adaptability to other
energy technologies makes it interesting and relevant. We propose
that using our AI algorithmwill make it easier for our colleagues to
observe our step-by-step process and adapt this method to their
own studies, replicating our findings with other alternative energy
technologies.

Our paper is divided into 4 sections. This section introduced the
problem and our proposed solution. In Section 2, the AI model is
presented with a brief explanation of its working principles and
mathematical logic. In Section 3, a simulation experiment
demonstrating the capability of the system is presented. In Section
4, a discussion of the results and a concluding remark is presented.

2. Materials and method

2.1. Architecture of the proposed algorithm: CCS as a case

Fig. 1 represents the architecture of the proposed artificial
emotional intelligence algorithm for modeling and predicting
emotional responses to energy projects using CO2 Storage tech-
nology as a case. Theoretically, the proposed algorithm establishes
its human-level knowledge from psychological and technology
acceptance theories. It is based on the theory of constructed emo-
tions [33], Lazarus cognitive-appraisal theory [4] dimensional
theory of emotion based on the circumplex model [16,17] and
Huijts et al. [15] technology acceptance framework. Building con-
ceptual bridges between these psychological theories, the algo-
rithm is built on the theoretical assumption that the emotions and
sentiments (outcome behaviours) evoked by the energy projects
and it facilities (stimulus event) are self-made by the citizens and
their network of stakeholders. In constructing the emotion, when
the people encounter the energy project (such as CO2 Storage), the
concerns that are raised by the people and how they cognitively
appraised those concerns are what they use as predictors in their
brain to make their emotions and form an overall perception to-
wards the system. This cognitive appraisal is an immediate, un-
conscious appraisals and it mediate between the stimulus event
and the emotional responses (for more review refer to Refs. [4,33].
In the work of Huijts et al. [15] many of these predictors that play
role in the thought process of people when appraising sustainable
energy projects are highlighted. Our algorithm learns and model
the non-linear dependencies in this reasoning to predict emotional
behaviours from the cognitive thinking process of the people using
a hybrid fuzzy deep neural network (Fuzzy-DNN) algorithm.

Our Fuzzy-DNN algorithm is a hybridization of fuzzy logic and
deep neural network algorithm. In this architecture, the fuzzy logic
brings its human-like thinking into the decision process and the
neural networks bring its biologically learning capability to capture
complex patterns in the stakeholders thinking process when
appraising the energy projects.

As illustrated in Fig. 1, using this hybrid Fuzzy-DNN, the system
carry out this cognitive reasoning task using three subsystems
(Fuzzy Likert-TSK þ DNN þ TSK). It is combination of Fuzzy Likert
Inference system based on First-Order TakagieSugenoeKang (TSK)
fuzzy system, an ensemble of deep neural networks (DNN)

algorithms with fuzzy-based rules and a first-order TSK meta
classifier.). During the emotional reasoning each subsystem play a
different role. How the three sub-systems are computationally
connected to guess emotionally driven behaviour on CO2 Storage in
the CCS value chain or the behaviour been observed by the
researcher is inspired by the principles of stack generalization [18].
Stacked generalization is an ensemble method that combines pre-
diction of different learning algorithms into one using a meta al-
gorithm [18,19] In the next section, we will present the working
principles of the system and how each subsystem play role in the
behavioural mapping to arrive at the outcome.

2.2. How the system acquires data and preprocessed the data

As indicated in Fig. 1, the system takes X as input where X is the
appraisal of the CCS project or the energy project and it facilities in
question via psychological predictors. The advantage of the system
is that it can accommodate many inputs and therefore the number
of predictors depend on the project researchers own decision based
on the problem at hand. In this data acquisition X is measured on a
Fuzzy Likert scale (see discussion for more details and also thework
of [20,21]). As shown in Fig. 1, when the algorithm receives the
input X, it reconstructs this information into the Fuzzy Likert rep-
resentations, XFL using the TSK Fuzzy Likert Inference System (TSK
FLIS). The TSK FLIS in our model is a rule-based system. It uses
human experts linguistic rules to perform this X to XFL trans-
formation. In fuzzy logic, a linguistic fuzzy rule Rs is represented as
in equation (1):

Rs : If X1 is As
1 and …Xn is As

n then Y is Ay (1)

In reference to equation (1), in TSK-type fuzzy system, the
consequent of the rule is a polynomial function of the input vari-
ables Ps(X1;…Xn). The order of the TSK fuzzy system is determined
by the degree of the polynomials used in their consequents, which
can be either linear or constant. Since our algorithms uses the first
order (linear) TSK systems, the rule is expressed as in equation (2):

Rs : If X1 is As
1 and …Xn is As

n then
Y ¼ as1 X1 þ/þ asn Xn þ bs

(2)

From equation (2), given a set of rule base denoted as RB , TSK
inference system obtains the output as the weighted average (by
matching degree) of the individual outputs generated by each rule.

Rs2 RB . Thus, given an input instance e1 ¼ ðxl1 ;…xIn ; yLÞ; the
output is expressed as:

yL ¼
P

Rs2 RB hIsPs
�
xl1;…xIn

�

P
Rs2 RB hIs

¼
P

Rs2 RB hIs v
l
sP

Rs2 RB hIs
(3)

where hIs ¼ TðmAs
1ðxl1 Þ;…:mAs

nðxIn ÞÞ is the compatibility degree of
the instance e1 with the rule Rs; T is a T-Norm; and
vls ¼ Ps ðxl1;…xIn Þ¼ as1xl1 þ…:þasnxIn þbsÞ is the value of the poly-
nomial in the consequent of Rs if the indeterminates take their
values from e1 [30].

Using this first order TSK rule base system in Fig. 1, the Fuzzy
Likert Inference engine uses five linguistic rules Rs ¼ ðR1…R5 Þ to
converts the X � variables to XFL. The rules are;

R1 If a Likert response is VERY LOW¼ 1, then, its corresponding
Fuzzy Liker is VERY LOW/[0]
R2 If a Likert response is VERY HIGH¼ 5, then its corresponding
Fuzzy Likert is VERY HIGH/[1]
R3 If a Likert response is MEDIUM¼ 3, then, its corresponding
fuzzy Likert is MEDUIM/[0.5]
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R4 If a Likert Response is LOW¼ 2, then, its corresponding fuzzy
liker is LOW/[0.25]
R5 If a Likert response is HIGH¼ 4, then, its corresponding
Fuzzy Likert is HIGH/[0.75]

The X variables to XFL transformation also comes with benefits
that partly contributes in solving the small data problem in tradi-
tional deep neural network. First, since the interval details between
the ordinal points on the Fuzzy Likert scale is known, it provides a
high dimensional behavioural space on the Fuzzy Likert Scale to
accommodate future values that are not represented on the scale.
Secondly, this high dimensional behavioural space also allows data
augmentation to be performed to extract datasets to augment
original small training dataset to train a deep neural network. Ev-
idence of this is demonstrated experimentally in section 3. This
leads to the question of what will happen after the Fuzzy Likert
Inference System has converted X variables to XFL. This leads us to
the next section on the theme, inferencing and high-level decision
making using the ensemble fuzzy inspired deep neural networks.

2.3. Inferencing and high-level decision-making

The inferencing in our system is where the higher level

decision-making takes place using an ensemble fuzzy inspired DNN
algorithms. The algorithms are trained using the XFL representa-
tions. Hence, it takes an unknown XFL as an input andmakes a guess
of the likely emotional feelings using the inference engine of the
ensemble fuzzy inspired DNN algorithms. Let's use trust in actors
(xtrustÞ and risk perception (xRisk) on the CCS facilities as case
example. As illustrated in Fig. 3, mathematically, when these fuzzy
inspired DNN algorithms receives the XFL information, they are
multiplied by an appropriate weight function, w and then summed
up and the result is recalculated by an activation function.

f plus a bias (þ1). Mathematically, the output decision of a
neuron is expressed in equation (4);

Emotional state; y¼ f
�XP

i¼1

XtrustW1 þ bias
�

(4)

During this process, as shown in Figs. 2 and 4; unlike traditional
explanatory modeling (Fig. 2), where the hypothetical assumptions
are made between predictors using theoretical constructs, the
fuzzy DNN algorithms takes a different approach. As shown in
Fig. 4, it constructs its hypothesis by learning directly from the
measurable variables of the constructs. The relationship between
features (independents variables) and labels (dependent variables)

Fig. 1. Architecture of the proposed algorithm for modeling human data on CCS to predict how a stakeholder will emotionally receive the CO2 Storage. It takes the User 1 in-
formation as X, pre-processed to XFL using a low-level decision-maker (TSK Fuzzy Likert system). It then handover the low-level decision to a group of AI experts (ensemble DNN
algorithms) for a higher level decision. After the DNN algorithms make the decision, a consensus is found using the TSK meta classifier using fuzzy reasoning, and inform human
decision-makers on how User 1 feels about the proposed or the energy project underway.
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are built out of simpler ones to form a graph. A graph of these hi-
erarchies are many artificial neurons which are connected layers as
illustrated in Fig. 4. In this connection, an output of one artificial
neuron automatically becomes an input information to another
[12,22e24]. As shown in Fig. 1, the output, y¼ (y1;y2…yn) from this
ensemble fuzzy inspired DNN system is a numerical decision that
may be difficult for non-experts to interpret. To changed it to hu-
man language, the y information is taken as an input to the next
sub-system (called TSK meta classifier). The TSK meta classifier
then reason about these information using uses the human expert
knowledge from the work of [34] and Russell affect circumplex
model of emotion to act and output the final emotional behaviour,
ypredicted The next section presents the working principles of the

TSK meta classifier and how the final output in human language is
obtained. It classifies the outcome emotional behaviour into
different emotional clusters as indicated in Fig. 5. Within these
clusters, it normalizes individual affective reactions into 3 classes.
We called these classes, positive affective-like feelings (PA),
moderate-like feelings (MODERATE/MOD) and negative
affectiveelike feelings (NA) (see nomenclature). These responses
are normalized into a fuzzy scale between 0 and 1, thuus 0� m � 1.
The membership degree of each emotional responses that re-
sembles, worried-like feelings, sad-like feelings, happy-like feel-
ings and calm-like feelings are shown in Fig. 5. Within these
clusters, when a respondent response with “I don't know how I
feel”, it has a membership degree of m

i don
0
tknow

ðxÞ ¼ 0.35� m �

Fig. 2. An example of an explanatory model to study and capture relationship between predictors to explain and predict inclination to accept energy projects including CCS project
[15].

Fig. 3. How the deep neural network handles the incoming Fuzzy Likert representation to guess one's emotional state and behaviour.
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0.65.
To evaluate the algorithm and demonstrate how it works in

practice, in the next section, we will present a simulation experi-
ment with a case example.

3. Simulation experiment and algorithm evaluation

3.1. Dataset

We evaluated our algorithmwith small dataset of 198 responses.
The dataset was collected from volunteers from 15 different
countries (both developed and developing countries) using the
various social media platforms such as Facebook, LinkedIn
including students and referral). The data was collected in different
time frame.

They were observed on 25 predictors associated with 5 psy-
chological constructs (see Table 1). These key influential predictors
were elicited from the Sustainable energy technology acceptance
framework of Terwel et al. [39] and Huijts et al. [15]. These pre-
dictors are expected to help us to predict the subjects' emotional
reaction to a hypothetical CO2 storage in geological media proposed
to the subjects’ place of emotional attachment (near their homes).

Standard questionnaire from earlier studies, especially the work
of Huijts et al. [25]; Midden and Huijts [7], Terwel et al. [39] and
Xuan and Wang [26] were adapted to this studies to observed the
participants. We contextualized the questions to their countries of
origin and asked them to put themselves in a situation where the

facility will be proposed near their place of emotional attachment
(homes).

For more details about the definition and the role of these
psychological constructs in the cognitive appraisal process when
people are forming attitude towards controversial energy projects,
see Refs. [7,25]; [26,27,39]. All responses were measured on a 5
point Likert scale.

3.2. Data-preprocessing and data argumentation using the Fuzzy
Likert Inference System

In line with the algorithm in Fig. 1, as a first step, we applied our
rule-based Fuzzy Likert inference system to the 198 dataset to
obtain its Fuzzy Likert representations, XFL within a normalized
closed intervals of [0,1]. This was done manually, so, it was a time
consuming effort. However, in real life, it will be programmed so
that the process will be done automatically immediately a subject
report his or her behaviour. After the pre-processing of the Likert
data, we applied a 60/40 rule and randomly divided these original
datasets into training dataset and testing dataset. As mentioned in
the preceding section, the merit associated with the conversion is
that it provides a high dimensional behavioural space where one
can perform data argumentation using the training dataset. In this
way, one can collect big experimental dataset to augment the
original training dataset. Using this technique, 72,105 experimental
datasets were collected to augment the original dataset to build
three fuzzy inspired deep neural networks which is the goal of the

Fig. 4. General Deep Neural Networks (DNN) approach to modeling relationship between predictors to predict future behaviours. Retrieved from https://developingideas.me/
deepneuralnetworkoverview.
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next section.

3.3. Building the ensemble fuzzy rule-based deep neural networks
system

We implemented the fuzzy inspired deep network algorithm in
Keras with Google TensorFlow backend. In line with Bengio [40]
recommendation, we experimented different hyper-parameters
associated with the model and the optimization. Table 2 therefore
presents the architecture that best models the structure of our
datasets in relation to the problem under investigation.

In terms of depth of the network, as one of the fathers of deep
learning, Bengio recommended that there are not a one-size fits all
solution. For example, in a Quora forum discussion on this issue on
May 8, 2013, when someone asked the question about the depth of
the network this was his response, “Very simple. Just keep adding
layers until the test error does not improve anymore.” In line with
Bengio recommendation, we experimented with different neurons
and depth and as indicated in the experimental setting, we arrived

at 11 hidden layers for Model 1 and 10 hidden layers for Model 2
and 3. To prevent overfitting, we introduced dropout in the archi-
tecture as indicated in Table 2. Using this experimental setting, we
built three deep models to predict an emotional reaction to CO2
storage. Table 3 shows their validation accuracies.

In line with the algorithm as indicated in Fig. 1, the predicted
values of model 1, 2 and 3 were then used as inputs argument to
build a TSKmeta classifier. The goal is to obtain the average of fuzzy
interpretation of the decision from the ensemble deep models. This
meta classifier was then applied to the 84 testing dataset hidden
from the three models to offer an objective evaluation of the al-
gorithm to gain insight into its generalizability capability irre-
spective of their validation accuracies. This testing dataset is not
processed data (augmented data). It is raw from the respondents.
Running the simulation, Table 4 presents the prediction and the
expected target.

In the next section, we will present the interpretation of the
result. The concluding remark of the paper is also given to highlight
the ethical dimension of the algorithm and limitation of the pro-
posed system.

4. Discussion and conclusions

4.1. Interpretation of the results

In this paper we have proposed the use of an emotional artificial
intelligence (AI) algorithm an alternative for improved modeling
and prediction of the participants' emotional behaviour towards
controversial energy projects to guide policy and company's
decision-making. Our method harnesses the power of artificial in-
telligence to infer the future subjective emotional behaviour from
the stakeholder’ cognitive thinking process based on their cognitive
appraisal of the energy project. To validate this method, we
investigated it in the context of emotional responses to a hypo-
thetical CO2 storage technology. As illustrated in Table 3, we vali-
dated the algorithm with 40% of the 72,105 experimental datasets
and obtained an average validation accuracy of 98.81%. We then
challenged the algorithm further and proceeded to evaluate it
generalizability to unseen cases. Using 84 raw dataset from a pri-
mary research, we applied the algorithm to these unseen self-
reported cases. As indicated in the experimental results, out of 84
unseen cases, the algorithm successfully predicted 75 correctly
with 9mistakes as indicated in Table 4. In the experimental result in
Table 4, NA indicates respondents whowereworried and expressed
unpleasant feelings of having the CO2 Storage close them. Those
who expressed pleasant feelings and were not worried about
having the CO2 Storage close to them are indicated with PA. Those
who expressed mix feelings are also indicated with MOD.

The result obtained above adds to the existing knowledge that

Fig. 5. Illustration of how mathematically, the meta algorithm uses the knowledge
from Russel affect circumplex model to capture the dearth and intensity of the emo-
tions and sentiments as a degree of truth where “1” represents full membership and
“0” represents no membership.

Table 1
Psychological predictors used in modeling the proposed system.

Competence-based trust in Government of subject country Competence-based trust: Scientists and engineers in subject country
Competence-based trust: Industry Integrity-based trust in Government of subject country
Competence-based trust: Environmental nongovernmental organizations (NGO) Integrity-based trust: Industry
Competence-based trust: Environmental Protection Agency (EPA) of subject country Integrity-based trust: Industry
Integrity-based trust: Environmental nongovernmental organizations (NGO) Integrity-based trust: Scientists and engineers in subject country
Trust in actors as a team to store the CO2 in a safe and responsible way Subject overall risk perception
Risk perception: Sudden release of large amount of stored CO2 Risk perception: Bad effects on trees and plants by sudden leaked of CO2

Risk perception: Bad effects on human health by leaked CO2 Risk perception: Pipeline being destroyed by earthquake
Risk perception: Bad effects on soil by leaked CO2 Risk perception: Acidification of sea water by leaked CO2
Risk perception: Pipeline been destroyed by corrosion Risk perception: The reservoir containing the CO2 being destroyed by earthquake
Benefit perception: Oneself Benefit perception: My family
Benefit perception: Future generation Benefit perception: Environment
Reaction to Proximity of the CO2 Storage close to his place of emotional attachment
Expected output: Emotional reaction to CO2 storage proposed to subject's place of emotional attachment
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human's emotions on energy projects predictable in line with [4]
and Barett [33]. Beyond this evidence, a key question is, what is the
scientific and societal value of the method we have proposed? This
is the discussion in the next section. It starts by first taking the
reader through the challenges associated with the self-report
emotion measure and ends with how our proposed method can
add value to overcome.

4.2. Theoretical and practical implication of the model

Addressing emotion related behaviour to retain social licence for
an energy project requires long term stewardship. It is not a
commitment that ends after the project has been approved. It spans
throughout the project's life cycle. This is due to the dynamic nature
of social license and how behavioural changes and changes of
events over time may lead to different emotional responses
[10,33,28]. In ensuring this stewardship attitude in practice, the
self-reported emotionmeasurements approach used in this process
to understanding the feelings of the people can loosely be grouped
into one of two strategies, either direct communication and
engagement, or indirect communication and engagement
strategies.

In the direct engagement strategy, project managers may go to
the field and engage with citizens and other important stake-
holders such as the civil society organizations, local authorities, and
other concerned stakeholders. For example, in the case of CCS in
soliciting the public opinion, Ashworth et al. [14] organised a
workshop with practitioners. In this communication and engage-
ment task, project developers used paper and pencil or small group
discussion methods for the stakeholders to self report their feelings
and share the results with participants and project developers. As
we highlighted in the introductory section, this method of survey
was not free from social desirability bias. Participants may not have
answered truthfully if they perceived their response to be socially
undesirable. It is plausible that in cultures where the balance of
power or political pressure impacts the individual's decisions and
behaviour that some people may not be willing to share their true
feelings. This may happen if the project developers involved in the

project workshop are powerful individuals who can influence the
social life of local communities. Avelino [41] found that the social
agent(s) who failed to express their true feelings were likely to
anonymously leverage this true feeling in collective action. This
may occur if she/he had the opportunity to express his/her true
feelings to either support or stop a project if the agent of the col-
lective action (e.g advocacy group) value-set matched his/her own
value-set.

On other projects, the manager may employ indirect commu-
nication strategies. Since the project requires a long-term
commitment, the direct form of engagement may become boring
or resource intensive over time. When this happens, some project
developers may give up on it and continue with the project with
less or no engagement with the community. As energy practi-
tioners, we have witnessed this in a few countries with the
implementation of small-scale energy projects. This situation
occurred in some developing countries on the African continent
and in Asia. Through technology and knowledge transfer, after
implementation, the project was entrusted to the stewardship of
the local managers. As time passed, this stewardship attitude di-
minishes for several reasons, including a lack of motivation or re-
sources to manage the project well. This lack of stewardship risks
the project's sustainability due to the fragile nature of social licence
as new emotional behaviours are triggered over time. If this hap-
pens, the local citizens may become dissatisfied with the project
when its existence begins to negatively impact the community.
Dissatisfaction can potentially lead to protest actions against the
energy technology project.

As social licence is a critical component of a project's success
over time, we wondered how the traditional direct approaches
could be improved and managed without becoming tedious, time
consuming, and expensive for project developers. In addition, we
wanted to know how social desirability bias could be minimized,
while giving the citizens a voice to express their true feelings freely.
These became the driving questions of our study.

In the literature, practitioners and scientists usually use the
indirect approach using surveys that distant themselves from the
stakeholders. Even in the novel work of Ashworth et al. [14]; this

Table 2
Experiments settings.

Learner type Neural networks
Number of output nodes 5 classes / [0,1] on a fuzzy scale
Loss function Categorical cross-entropy
Hidden layer Model 1 is a 12 Layer network (including input and output layer) with 11 hidden layers each for 3 models. Model 2 and 3 is a 11 layer

network with 10 hidden layers
Maximum number of training

iterations
Model 1:200 epochs, Model 2: 200 epochs, Model 3:200 epochs,

Activation function Rectified linear unit (ReLU)
Optimization Algorithm Stochastic gradient descent
Learning rate 0.003
Early stopping rule Manual stopping by observation in loss in generality
Pre-training No pre-trained model. The models were trained from scratch
Regularization Dropout
Dataset for testing: objective

evaluation
84 random sample hidden from the 3 models

Learner type Neural networks
Regularization Dropout

Table 3
Results from Experiment 1: Validation accuracies of the three base models after training.

Model name Number of out-of sample for training Rule of data split during training Rule of data split: validation Validation accuracy

Model 1 72,105 60% 40% 99.9%
Model 2 72,105 60% 40% 97.03%
Model 3 72,105 60% 40% 99.5%
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approach was suggested to practitioners in addition to the direct
engagement. Sample questions to ask are provided. Using this
survey-based self report emotion measurement, [36] findings
showed that the strategy's strength was that it was relatively
inexpensive and efficient. It reduced social desirability bias because
the people could freely self-report their true feelings without being
intimidated, especially when anonymity was guaranteed in the
survey. Unlike the face-to-face self report measurement that relied
on small groups and a few workshop participants, large audiences
could be reached in few days, especially when the project de-
velopers took advantage of social media and the participants' vast
access to mobile phones links. For example, this indirect self-report
engagement strategy was the method used in the 2011 European
Union (EU) Special Eurobarometer on public awareness and
acceptance of CO2 capture and storage.

Despite this method's merit, the challenge for investigators is
how tomanaged the huge amount of information (thus process and
analyse) received and figure out the feelings of the people who
were surveyed. For example, if one observed the Eurobarometer
reports, the researchers and practitioners (TNS Opinion & Social
network) reported that they interviewed 13,091 EU citizens in 12
Member States of the European Union from February to March
2011. The report was ready in May 2011. On average, it took
approximately four months to knowwhat their stakeholders in the
12 member states countries thought about the energy innovation
under investigation.

Earlier studies found that data collection and analysis needed to
be done quickly to accurately be used to predict behaviour related
to events that evokes emotions [10]. Human emotion changed
quickly and was often based on how it processed new information
from the surrounding environment [33].

One can infer from the findings of Wilson & Gilbert [10] and
Barrett [33] that the information people have spent resources to
collect can become obsolete based on the events and behaviours
they are currently observing. This issue of obsolescence is a critical

factorwhen considering how project managers can prevent the loss
of social licence in the community. The faster the data can be
collected and analysed, the better the project manager can respond
to negative emotional factors before emergent events can change
people's minds. In the Eurobarometer CCS case, the practitioners
and the researchers themselves conceded to the findings of [10,33].
They wrote, “It is worth noting that the fieldwork for the data
collected for this survey was undertaken before the earthquake in
Japan on 11 March 2011. The resultant radioactive emissions from
the Fukushima nuclear power plant could have influenced re-
spondents' attitudes towards nuclear energy as an energy source
had the fieldwork taken place after the earthquake.” [42].

Roeser [29] conducted a study the same year after the Fukush-
ima nuclear power plant incident. It supported the 2011 Euro-
barometer observations. For example, Roeser reported that after
the incident, many peoplewerewonderingwhether nuclear energy
was really a wise option. She wrote, “Germany immediately shut
down several nuclear reactors, and the German Green Party ach-
ieved unprecedented results in the local elections due to its anti-
nuclear position.” (p.197). This action showed that the observa-
tion of the Eurobarometer CCS reviewersmay have been accurate in
concluding that the incident influenced the stakeholders’ view. If
the survey had been taken at a different time, their attitude towards
Nuclear Energy might have been different.

Gough et al. [28] noted similar observations. Observing their
participants' trust level in establishing social licence, our colleagues
wrote that “results show that perceptions of trust and confidence in
key institutions to safely manage projects are highly dependent not
just on the track record of the organizations, but are strongly
influenced by past experiences with different technologies” (p.16).
Agreeing with Barrett [33], this study suggests that if the fieldwork
had taken place after the earthquake, some of the stakeholders
might have compared the characteristics of Nuclear Energy and
waste disposal to CCS and disposal of CO2. This may have influ-
enced their emotional view and perceptions. Last but not least,
challenges associated with traditional data analysis in both ap-
proaches are its potential lack of objectivity and transparency due
to satisfying their sponsors' agenda in the project research. Ac-
cording to Nahrin [43], this usually happens because “contempo-
rary research has moved away from a ‘research-led model’ to
‘customer-contracted model’ where the research is conducted
through projects commissioned by the funders. In the customer-
contracted model, the customer/client/funder reserves the right
about what to investigate, reducing the control of the researcher
over choosing the research agenda. It means that sometimes, in-
stitutions with economic power have control over the production
of knowledge (p. 3).”

All the challenges associated with the self-report measurements
approach are what makes the emotional intelligence algorithm we
are proposing novel in the field and in practice. We believe this
method to be a superior model for several reasons.

First, in data handling, unlike proponents and opponents' ex-
perts' subjective decisions that aligned to their missions, our al-
gorithm operate differently. It favours no one (neither proponent
nor opponent actors), assuming that the creators of the system
were not bias in their design. The model is automated and can
manage the stakeholders' behaviours throughout the project life
cycle without becoming burdensome for the project developers. In
the management of stakeholders, it limits the human actors’ in-
fluence since it extracts the information directly from the stake-
holders. Using this information, it communicates what it reported
in the data, not what the expert proponents and opponents expect
to see. The researchers cannot subjectively manipulate the infor-
mation to lobby for policy mechanisms that follow their own
agendas to reject or facilitate the CCS projects.

Table 4
Experimental result showing the comparison between the predicted value and the
expected target.

Target Predicted Target Predicted Target Predicted

NA NA PA PA NA NA
MOD NA NA PA NA NA
NA MOD PA NA NA NA
NA NA NA NA NA NA
NA PA NA NA PA NA
NA NA NA NA PA PA
MOD PA PA NA NA NA
NA NA NA NA NA NA
MOD MOD NA NA PA PA
NA NA NA NA PA PA
NA NA PA PA NA NA
PA PA NA NA NA NA
NA NA PA PA NA NA
NA NA MOD MOD NA NA
NA NA PA PA PA PA
NA NA NA NA PA PA
NA NA NA NA NA NA
NA NA MOD MOD NA NA
NA NA NA NA NA NA
PA PA NA NA NA NA
NA NA NA NA NA NA
NA NA NA NA NA NA
PA PA NA NA NA NA
PA PA NA NA NA NA
PA PA NA NA NA NA
NA NA PA PA NA NA
NA NA NA NA PA PA
MOD MOD MOD MOD MOD MOD
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Second, our algorithm has speed and knowledge despite its lack
of human wisdom. This lack of human wisdom is why we will not
recommend it as a replacement for the human experts' tasks. It can
be implemented as an integral part of the communication and
engagement process. In terms of time between data acquisition and
analysis results, the algorithm can collect data and analyse it
simultaneously. It accomplishes this task in real time within a few
seconds as each bit of data information comes into the system. This
save human experts time and effort compared to previous surveys’
analysis that took days or months to accomplish. For example, in
our simulation experiment, it took the algorithm approximately 6 s
to detect the emotions of the 84 test participants.

As illustrated in Fig. 1 in terms of information acquisition,
measurement, and processing, project developers can take advan-
tage of digitalization and the astounding availability of mobile
phones in the world today. The model can be implemented in the
form of an intelligent app. This app can be launched in the cloud
and can be accessed onmobiles phones and other devices as shown
in the picture with the girl (User 1). In this case, the project re-
searchers can reach out to large audiences in a short time in the
comfort and privacy of the participants’ homes, unlike the direct
self-report measurement. The developer can even make it more
engaging for people to use by converting the X input variable in
Fig. 1 into an interactive voice system, similar to Apple Siri,
engaging the people in a two-way conversation.

The project managers will need to be certain that the ethics of
the app is well explained due to data privacy laws. This trans-
parency in data ethics is important because in actual use, the more
it interacts with people, gathering data on their emotions and
perceptions about the energy project, the more intelligent it be-
comes. In terms of time, it does not matter how much information
is received at any one moment. Even if only one response comes
into the system, the programwill still analyse and change trends in
the prediction as more information is gathered. This is communi-
cated by the system to decision-makers in real time, as indicated
with User 2 in Fig. 1. If the project developers want to be even more
transparent, they can give policymakers a guest access to see the
views of the people on their project already collected in the system.
They can also see the trends in emotions and sentiments in real
time as visualizations, depending on how they want to share the
information with interested decision-makers.

Another interesting thing about the algorithm is that, while the
passing of time means potential data obsolescence in the conven-
tional methods of data collection, time means intelligence in our
system. In practice, it means that themore the algorithm is exposed
to new information and compared to old information, the more it
retrains itself on its existing knowledge and re-adjusts it decision
using Equation (4). This retraining and optimization makes it to
become more accurate in its predictions. The theoretical implica-
tion of this improved intelligence is that, over time, this project
manager will be attuned to the stakeholder's emotional related
beliefs and behaviours related to the energy project and be pre-
pared to handle them proactively. The implication is that scientists
can collaborate with the practitioners to harness this machine in-
telligence to predict new behaviours that has not yet been observed
in the field. The new insights may contribute to developing and
testing new theories that refine existing theories and assumptions,
progressing the field with implications for practice as recom-
mended by Shmueli [6].

4.3. 4.3 concluding remarks

In conclusion, despite the strengths of our method in over-
coming the limitations of the self-report emotion measurements, it
is not without its own limitations. We did find, in a sensitivity

experiment, that it was challenging for the algorithm to predict
indecisive feelings. In our subjective opinion, it seems natural to us
that people that are indecisive are more unpredictable and some-
thing that a model cannot fix. Wewill not draw that conclusion yet,
and will leave for future studies. The method we tested is adaptable
to study emotional responses to other projects, including Wind
Energy, Nuclear Energy and Hydrogen Technology since Huijts et al.
[15], found that it share similarities in cognitive variables people
use in appraising the technology. We recommend future studies
replicating our findings in these alternative energy technologies.
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A B S T R A C T

This paper revisits the Communication and Engagement Toolkit for CO2 Capture and Storage (CCS) projects 
proposed by Ashworth and colleagues in collaboration with the Global CCS Institute. The paper proposes a new 
method for understanding the social context where CCS will be deployed based on the toolkit. In practice, the 
proposed method can be used to harness social data collected on the CCS project. The outcome of this application 
is a development of a predictive tool for gaining insight into the future, to guide strategic decisions that may 
enhance deployment. Methodologically, the proposed predictive tool is an artificial intelligence (AI) tool. It uses 
fuzzy deep neural network to develop computational ability to reason about the social behavior. The hybridi-
zation of fuzzy logic and deep neural network algorithms make the predictive tool an explainable AI system. It 
means that the prediction of the algorithm is interpretable using fuzzy logical rules. The practical feasibility of 
the proposed system has been demonstrated using an experimental sample of 198 volunteers. Their perceptions, 
emotions and sentiments were tested using a standard questionnaire from the literature, on a hypothetical CCS 
project based on 26 predictors. The generalizability of the algorithm to predict future reactions was tested on, 84 
out-of-sample respondents. In the simulation experiment, we observed an approximately 90 % performance. This 
performance was measured when the algorithm’s predictions were compared to the self- reported reactions of the 
out of sample subjects. The implication of the proposed tool to enhance the predictive power of the conventional 
CCS Communication and Engagement tool is discussed © 2020 xx. Hosting by Elsevier B.V. All rights reserved.   

1. Introduction 

Carbon capture and storage (CCS) has emerged as a potential solu-
tion in the global efforts toward achieving the ambitious target in the 
Paris agreement to fight climate change. However, social acceptance of 
the technology has emerged as a problem. To secure a long-term social 
license for CCS projects, the need to understand the social context in 
which the technology will be deployed is a necessary part of the CCS 
Communication and Engagement process. To provide practitioners with 
practice-based tools, Ashworth and colleagues, in collaboration with the 
Global CCS Institute, proposed the Communication and Engagement 
Toolkit for CCS projects (Ashworth et al., 2011: https://www.globalcc 
sinstitute.com/resources/publications-reports-research/communicati 
on-engagement-toolkit-for-ccs-projects/). This practitioner-based tool-
kit was developed using insights from the literature and focusing on five 
cases: the Barendrecht, FutureGen, Carson, Otways, and ZeroGen pro-
jects. It also underwent peer review and feedback from a series of global 
workshops, which shaped its current content. According to the authors, 

this theoretically driven but practice-oriented tool “has been designed as 
a universal guide for implementers and developers of CCS projects. It is 
intended to be a practical and informative tool to assist in the design and 
management of communication and engagement activities for individ-
ual CCS projects.” (Ashworth et al., 2011, p.2). This work was published 
a few years ago, but to the best of our knowledge it is the only work in 
the literature that provides a comprehensive guide for developing CCS 
projects, making it worthwhile to revisit. 

The content of the toolkit is grouped into four sections: social data 
collection, a SWOT (Strengths, Weaknesses, Opportunities, and Threats) 
analysis, preparing a stakeholder analysis, and developing a high-level 
public engagement plan. In this present work, our focus is on the 
SWOT strategic tool and the purpose it is recommended for. Its purpose 
is to exploit the social data on CCS to make predictions to guide decision- 
making. For example, in the toolkit, it is stated that the SWOT “could be 
performed after the qualitative and quantitative data has been collected, 
giving the developers a better ability to make recommendations and 
predictions based on un-biased, factual evidence” (Ashworth et al., 
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2011, p.34). In the present study, we have appraised this novel work 
within the broader context of the science of prediction (Breiman, 2001; 
Shmueli, 2010) and the role of SWOT and discovered a few limitations. 
We find that the environment in which the project developers will 
operate is volatile and full of uncertainties. The SWOT strategic tool 
recommended in the toolkit for project managers in accomplishing the 
task of predictions is ill-suited for such purposes (see discussion section 
for more). 

To overcome the limitation, the goal of this present study is to add 
value to the toolkit by proposing an alternative solution based on Arti-
ficial Intelligence (AI) technique. Taking this AI approach, in this paper, 
an AI powered predictive tool based on the toolkit is proposed. Meth-
odologically, this artificial intelligence based approach uses fuzzy deep 
learning incorporated with a Likert scaling strategy, for capturing 
opinions and reasons without information distortion (Symeonaki and 
Kazani, 2011; Li, 2013). Deep learning algorithms use neural networks, 
popularly known as deep neural networks (DNN) to mimic the human 
brain function at an abstract level (LeCun et al., 2015; Deng and Yu, 
2014; Goodfellow et al., 2016; Deng et al., 2016; Deng et al., 2017). 
Deep learning helps human experts to work with advance based com-
puter algorithms to train computers to do what comes naturally to 
humans; learn by examples where examples is data and data can be 
sound, image and language. In the context of this study, data is social 
data on the CCS project. This social data is the qualitative and quanti-
tative information obtained from the social participants who have direct 
and indirect stake on the CCS project (e.g. citizens and local authorities). 
Depending on the social behavior under observation, the social data can 
either be categorical or numerical or both. In page 3 of the toolkit, 
Ashworth and colleagues state that “the aim of the gathering social data 
is to learn and understand about the consequences of the proposed CCS 
project on the population and community.” This social data is a high 
dimensional data with many attributes, and the deep neural network can 
model complex structure in this type of data and produces accurate 
predictions. The limitation however is that: the algorithm’s decision is 
challenging to interpret due to its blackbox nature. One approach to 
overcome this limitation in traditional deep learning using neural 
network is to incorporate fuzzy logical thinking into the computational 
process. The combination leads to a deep learning architecture called 

fuzzy deep learning (also known as fuzzy deep neural network). The 
fuzzy deep learning architecture makes it possible to model with natural 
languages so that it becomes easy to interpret the computational process 
using fuzzy mathematics (Bonanno et al., 2017). This fuzzy logic 
mathematics expresses an if..then rule inference such that if we know a 
fact (premise, hypothesis, antecedent), then we can infer or derive 
another fact, called a conclusion (Ross, 2010). In the field of machine 
learning, this interpretable approach to machine learning is called 
explainable AI system (for more review see Rudin, 2019). This 
explainable AI technique is the approach adopted in the system 
modeling of the proposed AI tool for CCS projects, to augment the SWOT 
approach in the toolkit to infer accurate predictions 

The work is organized as follows. In Section 2, the theoretical 
framework of the proposed AI tool based on the toolkit is presented. The 
framework will be explained in the context of a modified SWOT 
framework adapted from the toolkit. It is to help the reader to under-
stand the strengths and limitations of the toolkit, and where the pro-
posed AI system adds value. In Section 3, a demonstration of how the 
system can be applied to social data is presented using a hypothetical 
CCS project. The results of the simulation experiment are also presented 
in this section. Following the result is the implication of the work on the 
toolkit. The implication of the work on theory and practice is discussed 
in Section 4 with a concluding remark, limitations and future studies. 

2. Theoretical framework of the proposed AI tool based on the 
toolkit 

Fig. 1 presents the framework of the proposed AI algorithm for 
enhancing the SWOT capability in the toolkit for quantitative 
predictions. 

As Fig. 1 illustrates, the proposed method does not disregard the 
knowledge in the toolkit. It builds on its strengths to make it robust. As 
indicated in the framework, to use the proposed method, the project 
experts need to go through four (4) processes. The first process is the 
same as proposed in the toolkit: gathering and learning from the social 
data to construct the conventional SWOT matrix, and further use it to 
gain insights into the project’s external environment. In the toolkit, 
Ashworth and colleagues provide an in-depth guide-sheet on how to do 

Fig. 1. The framework of the proposed solution for enhancing the SWOT strategic component proposed in the toolkit.  
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carry out this task. They also suggest some of the questions to ask in 
order to gather the social data, which we recommend be used. 

The second process is engaging the project experts to rank the 
importance of the SWOT factors so as to prioritize them. As indicated in 
the toolkit, at this stage we have the SWOT factors finalized, and the 
project expert can propose alternative communication and engagement 
strategies. For example, on page 34 of the toolkit, there is an example of 
how a CCS SWOT of a stakeholder “media group” might look, as shown 
in the modified version in Fig. 2. 

In this example SWOT, consider an external criterion whereby 
“disgruntled environmentalists contact print and broadcast sources in regard 

to the project.” According to Ashworth et al. (2011), “a strategy to 
minimize this threat would be to not only identify those potential 
disgruntled groups, but once identified, engage them through trans-
parent communication and address any inaccurate information” (p. 34). 

In a real-life project, this process could lead to several proposed 
strategies. Some of the key questions that may arise are: 

(a) Which are the most effective strategies among the list of 
strategies? 

(b) What will be the response of the external stakeholders on the 
selected strategy, especially in the external environment? 

It may be either tedious or challenging for the experts to make 

Fig. 2. An example of a CCS SWOT matrix (modification adapted from Ashworth et al., 2011, p.34). The “stars” indicate the experts’ evaluation of the importance of 
the SWOT factor. In its original form, there are no “stars” and “Disgruntled environmentalists contacting the media” was the only threat factor in the SWOT Matrix. 
The modification has been done for the purpose of explanation. 

Fig. 3. Architecture of the proposed Artificial Intelligence algorithm for modeling expert opinions and social data on CCS projects to predict best strategic alter-
natives (communication and engagement strategies) and community response to the selected strategy. 
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accurate guesses on the effectiveness of one strategy in relation to 
another, due to their lack of understanding of the non-linear de-
pendencies among the factors in the CCS SWOT. Since the reaction of 
their external stakeholders to a selected strategy in relation to a SWOT 
criterion is beyond the influence of the project expert, they can just 
make a qualitative prediction of the likely responses. However, the 
human mind and emotions change in every waking moment as we 
interact with our social world, which makes our future actions uncertain 
(Wilson and Gilbert, 2003; Barrett, 2017). Due to our knowledge deficit 
regarding the future, Wilson and Gilbert state that it is challenging for us 
to even predict our own future feelings (Wilson and Gilbert, 2003). One 
approach to overcoming this challenge is affective forecasting based on 
affective computing. In this approach, Artificial Intelligence algorithms 
are used to model and learn from sample data to develop the capability 
to predict the future accurately. Using this technique, in the context of a 
CCS project, Lotfi A. Zadeh, the father of Fuzzy mathematics and Fuzzy 
Logic (Zadeh, 1965, 1975; Zadeh, 2002) notes that the project experts’ 
imprecise reasoning about the observed situation in the qualitative 
SWOT, for example, provides valuable information for initiating the 
training of the intelligent machines. Drawing inspiration from this 
technique, as indicated in the framework in Fig. 1, our value-adding to 
the toolkit adds one more step to the second process (step 3). This step 
uses machine learning capability to perform the probability task of the 
future. It uses an artificial intelligence technique called “hybrid 
fuzzy-deep neural network” to harness the SWOT criteria. How it works 
in practice is presented in the next section. 

2.1. Architecture of the AI framework and the basic mathematics behind 

In reference to page 34 of the toolkit, let us assume a CCS SWOT 
matrix as illustrated in Fig. 2. 

Using this modified CCS SWOT case (Fig. 2), let us assume a scenario 
in the SWOT analysis where the project experts have already ranked the 
external criterion (EC:2): “Disgruntled local citizens’ and authorities’ 
negative reaction to having CO2 storage in Barendrecht” as an important 
threat criterion, likely to occur in the external environment. 

In real life, a strategy that could be used to mitigate or manage this 
threat might be to engage the local citizens and authorities of Bare-
ndrecht in an emotional debate using deliberative engagement and 
public consultation strategies (Roeser, 2011; Coyle, 2016). This 
approach can be effective; however, there are challenges associated with 
this communication and engagement strategy including social desir-
ability bias. For example, social desirability bias makes people to be 
dishonest with their true feelings at the face-to-face workshop but may 
leverage it to support collective actions against the project (Avelino and 
Rotmans, 2009; Avelino, 2017) (see discussion section for more). This is 
where it becomes necessary for the project experts to move beyond their 
assumptions about what the community thinks initially and consider 
what they will think in the future. Its due to the nature of the social li-
cense granted to CCS project, and it is supported by Gough et al. (2018) 
(see discussion). How the system processes the EC:2 SWOT criteria to 
predict the future behaviors and social license concerning the CO2 
project in the candidate city is shown in the system architecture in Fig. 3. 

As illustrated in the algorithmic framework in Fig. 3, the system 
processes this information by using the hybrid fuzzy-deep neural 
network technique explained in the introduction. Within this hybrid- 
fuzzy deep learning framework, it makes its final decisions using the 
contributions of three subsystems (TSK Fuzzy-Likert classifier +

Ensemble DNN Algorithm + TSK Meta algorithm) that make up the 
system. How these three subsystems exchange information and arrive at 
a decision mimics how the biological neural system in the human body 
works, as illustrated in Fig. 4. 

As depicted in Fig. 4, the biological neural system has three sub-
systems: receptors, a neural network, and effectors. The receptors 
receive the stimuli either internally or from the external world, then pass 
the information to the neurons in the form of electrical impulses. The 
neural network then processes the inputs and decides on the appropriate 
outputs. Finally, the effectors translate the electrical impulses from the 
neural network into responses to the outside environment (Arbib, 1987). 
Drawing inspiration from this biological counterpart, in the system ar-
chitecture, the first subsystem (TSK Fuzzy-Likert Classifier) mimics the 
behavior of the biological receptors. The second subsystem (ensemble 
deep neural network, DNN algorithm) mimics the behavior of the bio-
logical neurons using the artificial neurons of multiple neural networks, 
called deep learning. Finally, the final subsystem (TSK Fuzzy Meta al-
gorithm) mimics the behavior of the biological effectors. 

2.1.1. Data acquisition and processing by the first and second subsystems 
Mimicking the biological counterpart in Fig. 4, mathematically, as 

illustrated in Fig. 3, when the system receives a response X either from 
an experts or a citizen on a SWOT criteria or social factor, the first 
subsystem reacts. It uses mathematics of fuzzy logic to process the nu-
merical and linguistic information (for more review about fuzzy math-
ematics see Zadeh, 1965, 1975). In real life, X is measured on a Likert 
scale inline with standard social science practice in the CCS literature. 
However, because the distance between two ordinal responses on a 
Likert scale is unknown, the experts are forced to make many subjective 
decisions when a response falls outside the scale or not represented. 
Earlier studies found that this leads to inaccurate measurements due to 
information distortion (Symeonaki and Kazani, 2011; Li, 2013). The 
proposed system overcomes this limitation in the modeling process by 
rescaling and standardizing responses into a fuzzy scale range from 0 to 
1 using a mathematical curve called membership function. Mathemati-
cally this fuzzy membership functions allow modelers to graphically 
represent a fuzzy set. The type of membership one choses has impacts on 
the system performance. There are different types of memberships 
function including triangular membership, trapezoidal membership and 
Gaussian membership. In the study, the motive of rescaling the Likert 
responses using the fuzzy mathematical curve is to have a continuous 
variables of the ordinal values on a fuzzy scale so that the intervals 
details are known. As highlighted above, knowing the interval details of 
the parameter prevent information distortion or lost (Symeonaki and 
Kazani, 2011). The rescaling is necessary in the framework due to the 
following reason. When the system is built and implemented in real life, 
respondents’ opinions do not need to be constrain as it is usually done in 
Likert question because their true feelings about the CCS projects is not 
represented. In other words, they will not need to be force to choose an 
option as it in the case of Ashworth and colleagues sample question in 
the toolkit. In this way, they will have the flexibility to express their true 
feelings and assigned their own qualitative or quantitative weight about 
the CCS project, other than what is defined. Since human thinking is not 
always “black and white,” but a smooth transition from “black to white”, 
we assumed that logically, the smooth nature of Gaussian, theoretically 
mimics the smooth nature of human thinking pattern and it worked in 
the experiment. The Gaussian Member function which is given by: 

Fig. 4. Illustration of the three subsystems of the biological neural system.  
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μAi (x) = exp(−
(ci − x)2

2σ2
i

) (1)  

Where ci and σi are the centre and width of the ith fuzzy set Ai, respec-
tively. 

Using this fuzzy mathematical reasoning, as indicated in the system 
architecture in Fig. 3, the Likert responses, X receive by the first sub-
system are then transformed and re-scaled to obtain it fuzzy represen-
tatives where their distances are known. This fuzzy logic based Likert 
responses or features is labeled XFL in the framework. 

To demonstrate the behavior of this first subsystem in the framework 
using Gaussian membership, consider a case called Trust in information 
sources in Ashworth et al. (2011) work in page 15–18. In this case in the 
toolkit, Ashworth and colleagues provided an example guide sheet for 
the person or group responsible for collecting the social data. In page 16 
of the toolkit, the question was ““How much do you trust the following 
information sources?” The community stakeholders are expected to 
response to a 7- point Likert scale where 1 represents “Strongly distrust” 
and 7 represents “Strongly trust”. When the community stakeholder re-
sponds to the question, the X information is pre-processed by the first 
subsystem using the fuzzy logic technique. The technique uses a fuzzy 
rule inference engine. The rule that is used to design this Fuzzy Likert 
inference engine could be defined by human experts. The goal is just to 
give the algorithm a hint of the problem under study to understand the 
structure in which the data will be collected from the participants. For 
example, will the participants expressed their thought on 5-level scale or 
7-level scale etc.? An example of a 5-level rules is used in in the simu-
lation experiment in Section 3.3 Table 3. The rule inference is also 

Fig. 5. Illustration of a simulation model of how to quantify a respondent qualitative response on Likert to Fuzzy Likert, and assigned a numerical weight using a 
mathematical curve called Gaussian membership function (MF). 

Table 1 
Fuzzy rules for the X and XF mappings.  

Fuzzy 
Rules 

Input, X  Output, XF   

IF (Trust in 
Information 
source is….) 

Weight of 
responses on 
Likert [1− 7] 

THEN….(Its 
Corresponding 
Fuzzy Likert is…) 

Weight of 
response on 
Fuzzy Likert 
Scale [0,1] 

Rule 1 MF 7: Strongly 
trusted by the 
community 

7 MF 7: Strongly 
trusted by the 
community 

1 

Rule 2 MF 6: 
Reasonably 
much trust 

6 MF 6: Reasonably 
much trust 

0.833 

Rule 3 MF 5: Much 
trust 

5 MF 5: Much trust 0.6667 

Rule 4 MF 4: 
Moderately 
trusted 

4 MF 4: Moderately 
trusted 

0.5 

Rule 5 MF:3 A bit of 
trust 

3 MF:3 A bit of trust 0.333 

Rule 6 MF 2: A little bit 
of trust 

2 MF 2: A little bit of 
trust 

0.1667 

Rule 7 MF 1:Strongly 
Distrust 

1 MF 1:Strongly 
Distrust 

0  

Fig. 6. How the ensemble fuzzy-deep neural network algorithm learns the relationship mappings by mimicking the biological neurons in the human brain, using 
artificial neurons. 
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constructed using the membership curve to mathematically convert the 
X values into its fuzzy values. For the purpose of this demonstration, 
7-level Gaussian membership function is used shown in Fig. 5. 7-level 
membership function simply means that the participants will express 
their thought on 7-level Likert scale as it is the case with Trust in infor-
mation sources in Ashworth et al. toolkit. 

Using this 7-level membership information, the following human- 
level rules in Table 1 can be use to construct the inference engine for 
the first subsystem. 

With the understanding from the demonstration, the X to XFL trans-
formation also comes with an added advantage. It creates a high 
dimensional data space on XFL. Using the technique of data augmenta-
tion, additional data can be collected on the high dimensional data space 
of XFL to train the second subsystem in the framework called ensemble 
deep neural network. For more review about this data augmentation 
technique see the work of Buah et al. (2020) and Shorten and Khosh-
goftaar (2019). 

In practice, unlike the first subsystem can be implemented using 
fuzzy logic toolbox in Matlab, the second subsystem is advance algo-
rithm. It can be implemented using for example, Keras machine learning 
library with Google TensorFlow backend. In the computational process, 
the second subsystem is responsible for making the higher-level decision 
on the behavior under observation. It is similar to how the neurons in 
our brains in the biological system are responsible for making decision 
after receiving information from the receptors. Mimicking these neurons 
in our brain, as illustrated in Fig. 6, during the decision making, the 
hypothesis defining the non-linear relationship between the responses 
and an intended outcome is learnt using a technique called supervised 
learning. 

In supervised machine learning, the machine is trained using sample 
data (called training data), which is well “labeled.” This means that 
some data is already tagged with the correct answer in the sample data 
at hand. It can be related to learning that takes place in the presence of a 
supervisor or a teacher. It is an opposite form to the linear regression and 
causal modeling style. In this technique, we do not fit a pre-defined 
hypothesis to the real data but instead the hypothesis is constructed 
from the natural structure of the raw data. The goal is not model fit but 
appropriate fit, since to fit is to overfit and overfitting occurs if there is 
high variance in the machine learning. Overfitting makes models to be 
sensitive to the data environment and leads to poor generalization. 
When this happens, the fitted model can perform excellently on the real- 
life data used for the model fitting, only to be tested with out-of-sample 
data (test data) and perform poorly (Breiman, 2001; Shmueli, 2010; 
Yarkoni and Westfall, 2017). 

Using this supervised technique, as illustrated in Fig. 6, the second 

subsystem takes the pre-processed XFL features as its input data. Math-
ematically, assuming we are modeling to predict reaction to the CO2 
Storage in Barendrecht in the SWOT matrix in Fig. 2. During the learning 
and optimization, a non-linear function will be applied to XFL and 
multiplied by an appropriate weight function, w, and then summed up. 
The result is recalculated by an activation function, f plus a bias (+1). 
The output decision is then expressed in Eq. (2): 

Reaction to the CO2 storage in Barendrecht y = f (
∑P

i=1
XFL

1W1 + bias) (2) 

In plain language, in Eq. (2), all what the algorithm is attempting to 
do is to model the responses as weight signals using a group of neural 
networks called deep neural networks as shown in Fig. 6. As a non-linear 
model, during the training, it models the non-linear dependencies in the 
data being used for the training to develop its foresight of the future with 
little intervention from humans. It is a complex and dynamic system, 
and it builds the general hypothesis to observe the future out of simpler 
ones to form a graph of hierarchies. A graph of these hierarchies consists 
of many artificial neurons, which are connected by layers. In this 
connection, an output of one artificial neuron automatically becomes 
input information to another (LeCun et al., 2015; Deng and Yu, 2014; 
Goodfellow et al., 2016; Deng et al., 2017). The term ensemble in the 
second subsystem means that in the model more than one of this com-
plex network is used. In practice, the ensemble fuzzy-deep neural 
network algorithm behaves like a group of human CCS experts who 
bring their respective experience to the table and arrive at a decision. 

2.1.2. Output decision of the system by the final subsystem: prediction 
As indicated in the system architecture in Fig. 6, after the second 

subsystem has finished making it higher-level decision, these individual 
decisions of the ensemble deep neural network (yDNN1, yDNN1…, yDNNn) 
are computed as, y. As demonstrated in the hypothetical case in Fig. 7 
with the Matlab simulation model, the final subsystem (effector algo-
rithm) then takes y as input. Its role is to find consensus among the 
higher decisions, by mathematically finding their weighted average 
using mathematics of fuzzy logic using fuzzy IF…Then rule inference 
similar to the first subsystem 

The decisions coming from the second subsystem are numerical in 
nature and are thus difficult for a non-expert to interpret. The role of the 
final algorithm is then to transform the decisions back to human lan-
guage, similar to what the system does in using the Likert measure. The 
final decision is computed as ypredicted and is communicated to the human 
user for further decision-making. For example, in line with Huijts et al. 
(2012) and Midden and Huijts (2009), the final prediction can be 

Fig. 7. An illustration of a simulation of a hypothetical case of how final subsystem receives the information from the ensemble fuzzy-deep neural network algorithm 
and computes the final decision. 
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computed as an affective reaction using positive affect (PA) or negative 
affect (NA) as a measure. 

3. Materials and method 

The goal of this section is to demonstrate how the framework can be 
applied in practice using a hypothetical case in a simulation experiment. 
In the experiment, we have assumed a case scenario in the SWOT matrix 
in Fig. 2. In this scenario, the project experts have already ranked the 
external criterion (EC:2) as an important threat criterion. The goal of the 
experiment is to applied the proposed method to the problem and 
develop a capability to predict the citizens’ affective reactions to the CO2 
storage proposed close to them. 

3.1. Description of the dataset 

The system being proposed in this work is a machine learning sys-
tem. As it was highlighted in the introduction, in machine learning, it is 
not strictly about population and statistics (e.g. mean, standard devia-
tion etc.) unlike in the social sciences. Its about obtaining examples 
behavior of the system under observation and ensuring that it contains 
representative features that the algorithm can learn from. This do not 
suggest that the basic demographic information was not observed in the 
research. In this experiment, we found it necessary to have a view from 
respondents from developing and developed countries since their po-
litical and social structures are different. Having respondents from 
developed and developing countries were interesting for the study, so 
that the algorithm can be train with thoughts influence of different so-
ciocultural environment. For example, to obtain the sample data, we 
engaged 198 volunteers (both male and females) from 15 different 
countries from the developed and developing countries) on a hypo-
thetical CCS project. This observation was made using a standard 
questionnaire adapted from the work of Huijts et al. (2007); Midden and 
Huijts (2009); Xuan and Wang (2012) and Terwel et al. (2009). The 
respondents are heterogeneous and come from different economic 
backgrounds. Their professions range from unemployed to medical 
doctors, lawyers, university lecturers, environmentalist, teachers, PhD 
students, secondary school graduates and health professionals. In terms 
of age, we observed in our sample that the youngest respondent was 18 
years and the oldest respondent was 70 years old. 

3.2. Questionnaire and measurements 

The media used to reach these respondents were LinkedIn, Facebook, 
WhatsApp and Friends referral. The participants received both video 
and written information. This content came from both proponents and 
opponents’ materials so that they were not exposed to one-sided infor-
mation. Some of the proponents and opponents’ materials used include 
the video content on YouTube of Scottish Power Professor of Carbon 
Capture & Storage, Professor Stuart Haszeldine, titled, “Fuelling the 
Future: Electricity with Carbon Capture and Geological Storage”; The 
video content on YouTube of the Zero Emissions Platform(ZEP) titled, 
“The Hard Facts behind Carbon Capture and Storage and the video 
content on YouTube of Science TV presenter and climate-change com-
munications specialist Yasmin Bushby, titled, “Carbon Capture & Stor-
age’.” Yasmin Bushby’ material takes a neutral viewpoint in explaining 
CCS and its advantages and challenges in plain language to a lay audi-
ence. Greenpeace material titled “Carbon Capture Scam” was also pro-
vided to the volunteers. The YouTube video content of the carbon- 
capture demonstration plant, Technology Center Mongstad (TCM) in 
Norway, was added to give the participants a feel of how the plant might 
look like in real life in their local area. Since they had different materials 
to choose from, it limited our influence on the information shaping their 
attitudes and perceptions. The questions were scripted in a way that 
encouraged them to imagine that the project was taking place where 
they lived, in line with Huijts et al. (2007) and Midden and Huijts 

(2009). For example, instead of asking them to rate “trust in govern-
ment,” we said “trust in the government of my country.” This was pur-
posely done to replicate local context information. 

They were observed using five psychological constructs (Trust in 
actors, Risk perception, Benefit perception, Reaction to Proximity, and 
Affective feelings toward the CO2 storage). These five constructs are 
associated with 25 input predictors that, according to the literature, 
predict citizen responses to a CO2 storage (Midden and Huijts, 2009; 
Xuan and Wang, 2012; Terwel et al., 2009; Huijts et al., 2007, 2012; 
Krause et al., 2014; Seigo et al., 2014). Table A1 in Appendix A presents 
the predictors. 

Using standard questionnaires adapted from the work of Huijts et al. 
(2007); Midden and Huijts (2009); Xuan and Wang (2012) and Terwel 
et al. (2009), the appraisal of these predictors was captured using a 
five-point Likert scale. For example, inline with the work of Xuan and 
Wang (2012), the predictors the predictors observing the participants’ 
risks perception are shown in Table 2. 

As indicated in Table A1 in Appendix A, their emotions and senti-
ments were captured as an affective reaction in line with Posner et al. 
(2005); Huijts et al. (2007); Midden and Huijts (2009), and Huijts et al. 
(2012). Having obtained the raw data, the simulation experiment pro-
ceeded to data pre-processing. 

3.3. Data pre-processing 

Machine-learning algorithms use inductive inference. They learn 
from examples to extract a hypothesis and generalize it to unseen cases 
through optimization and testing. Due to this learning procedure, the 
198 raw datasets, X were divided into training dataset and testing 
dataset. In machine learning, the training dataset is used for construct-
ing the inference model. During training and validation, the data can 
leak to the model. The testing data is therefore used to offer objective 
evaluation. It is hold-on (out-of-sample) data that the algorithm has 
never seen before. Since algorithms are not humans, they see out-of- 
sample data (test data) as a future behaviour, unlike in the social sci-
ences where separate post-test behaviour is usually required to infer the 
future. The test data helps in quantifying the predictive accuracy of the 
model to estimate its ability to generalize to unseen cases. In practice, 
this goes beyond model fit, which is usually used in the mainstream 
causal modelling economic style. In this experiment, it is about appro-
priate fit and predictive accuracy. In machine learning, overfitting is a 
high variance that leads to poor generalization of the algorithm. The 
predictive accuracy reveals the smartness of the agent. The higher the 

Table 2 
An example of predictors observing the participants risks perception.  

Predictors of risks perception Scale of measurement (5 point scale where 1/ 
No worry at all and 5/Seriously worried 
about this risk case) 

Sudden release of large amount of 
stored CO2 

1/No worry at all and 5/Seriously worried 
about this risk case 

Bad effects on trees and plants by 
sudden leaked of CO2 

1/No worry at all and 5/Seriously worried 
about this risk case 

Bad effects on human health by 
leaked CO2 

1/No worry at all and 5/Seriously worried 
about this risk case 

Pipeline being destroyed by 
earthquake 

1/No worry at all and 5/Seriously worried 
about this risk case 

Bad effects on soil by leaked CO2 1/No worry at all and 5/Seriously worried 
about this risk case 

Acidification of sea water by leaked 
CO2 

1/No worry at all and 5/Seriously worried 
about this risk case 

Pipeline being destroyed by 
corrosion 

1/No worry at all and 5/Seriously worried 
about this risk case 

The reservoir containing the CO2 

being destroyed by earthquake 
1/No worry at all and 5/Seriously worried 
about this risk case 

Overall risk perception 1/Not very risky (very small problem) and 5/ 
it’s very risky (there will be very large 
problem)  
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predictive accuracy, the better the performance that the model can 
predict beyond its data environment (Breiman, 2001; Shmueli, 2010; 
Yarkoni and Westfall, 2017). To achieve this goal, the 198 raw data was 
randomly divided into training data and testing dataset using the 60/40 
rule. This split should have led to a 118.8 dataset for training and 79.2 
dataset for testing, but a subjective decision was made. This subjective 
decision rounds up the decimal split and leads to a 114 (raw training 
data) and 84 (raw testing data) split. This decision was made to ensure 
that the training dataset was not dominated by, for example, responses 
from the participants from the developed or developing world. If this is 
not managed in the data pre-processing, it will increase the chance of the 
model becoming biased since it might learn one-sided information. 

The data was then pre-processed. All missing information was filled 
with the global constant, “I don’t know.” Having acquired these values 
after pre-processing, the receptor algorithm (TSK Fuzzy Likert Inference 
Systems) was applied to the raw dataset. Five (5) Fuzzy IF…THEN rules 
were defined as human-level rules to initiate the learning of the receptor 
algorithm, as shown in Table 3. 

In the modelling Gaussian membership was used for the experiment 
(refer to 2.1.1). The Gaussian membership function helped to obtain the 
corresponding Fuzzy-Likert features, XFL. The 114 would have led to 
overfitting when used to train the second subsystem (DNN) because it is 
a complex algorithm. If the model overfits, it can perform excellently on 
the validation dataset as part of the training, but when it is tested with 
the test data it can lead to poor generalization. To prevent this, data 
augmentation was performed on the high-dimensional data space of the 
XFL labels of the 114 training data. Through this data augmentation, a 
large experimental dataset of 72,105 training samples was collected. As 
illustrated in Fig. 3 (also see Fig. 6) in the article, this augmented dataset 
was then used to train three deep neural networks. 

3.4. Training, validation and results 

The training was implemented using Fuzzy logic tools in MATLAB 

the Keras machine-learning library with Google TensorFlow back-end. 
Table 4 is the architecture of the ensemble deep neural network algo-
rithm. That of the receptor and effector algorithm and is presented as 
supplementary information 

As indicated in the experimental setting, the 3 ensemble DNN algo-
rithms models were built with different hidden layers. To prevent 
overfitting, we introduced dropout in the architecture as indicated in 
Table 3 (for review about Dropout, see Srivastava et al., 2014). Using 
this experimental setting, we built three deep models to predict an af-
fective reaction to CO2 storage. To objectively evaluate the model, the 
84 out-of-sample data (test data) were presented to the ensemble trained 
models. The models’ decisions were then used as input to the final 
sub-system (effector algorithm) as illustrated in Fig. 6. Similar to the first 
subsystem, the effector algorithm was implemented using the MATLAB 
Fuzzy logic toolbox. As shown in Table 4, the expected output is struc-
tured within the three clusters (Positive affect, PA, Negative affect, NA 
and Moderate affect, MOD). The predictions of the algorithm were then 
compared to the self-reported affective feelings of the 84 volunteers (test 
data). Table 5 presents the simulation results on the test data. 

As indicated in the result in Table 5, after running the simulation, the 
algorithm was able to automatically predict the affective reaction of 76 
correctly with 8 mistakes, amounting to 9.523 % error with approxi-
mately 90.476 % predictive accuracy. With this predictive accuracy, 
their overall reactions were quantified to understand influential vari-
ables and an estimate of their collective reaction and it impacts on the 
CO2 storage. Fig. 8 presents the overall affective responses of the com-
munity to having the CO2 Storage facility near their homes. 

As indicated in the graph in Fig. 7, the algorithm is suggesting that in 
the observed test sample, the trust variable is one of the influential 
factors to the overall reaction of the imaginary community. The people 
have little trust in the integrity and competence of the actors proposing 
the project. In the algorithm’s decision, the industrial actors and the 
government of their countries were the least trusted. This lack of trust 
heightened their perceived risk of the effect of the project on the envi-
ronment, their own safety, and the safety of those they care for, such as 
family members and their offspring. For example, it can be observed in 
Fig. 8 that the overall risk perception of the community towards the 
project of having bad effect on human health by leaked CO2, contributed 
the highest magnitude of 0.7719 within a fuzzy scale of 0–1. This fuzzy 
scale is approximately 77.19 % on a percentage scale. This observation is 
consistent with prior studies (e.g see Terwel et al., 2009; Yang et al., 
2016). For example, in their Chinese sample, Yang et al. (2016) `s 
observation is consistent with the algorithm’ observation that, perceived 
risk is among the most important indicator to acceptance of CCS project. 

In line with Terwel et al. (2009), the authors also observed that trust 
enhances expected benefits and eases concerns about the risks of CCS. 
According to Roeser (2011), given the situation revealed by the algo-
rithm in the social context, if an intervention is to be given, the project 
actors should endeavour to engage the stakeholders in an emotional 
debate to understand their emotional concerns. This proactiveness may 
foster collaboration that allows the project developers and the com-
munity to influence each other with their worldviews to co-develop 
solutions that ensure that the project does not compromise their safety 
and those they care for. This reaction towards the industrial actors and 

Table 3 
Sample Fuzzy rules used in the experiment to transform the original data X on a 
Likert scale to its corresponding Fuzzy Likert features.XFL.  

Rules IF … X  THEN…XFL  Fuzzy scale range of XFL on a 5-level 
membership function, μ(x)

Rule 
1 

LOW LOW 0 to 0.134 

Rule 
2 

SOMEHOW 
LOW 

SOMEHOW 
LOW 

0.134 to 0.44 

Rule 
3 

MEDIUM MEDIUM 0.44 to 0.644 

Rule 
4 

SOMEHOW 
HIGH 

SOMEHOW 
HIGH 

0.644 to 0.9444 

Rule 
5 

HIGH HIGH 0.944 to 1  

Table 4 
Experimental setting and system architecture.  

Learner type Neural networks 

Number of output 
nodes 

3 classes (PA, NA and MOD) 

Loss function Categorical cross-entropy 
Hidden layer Model 1 is 12-Layer network (including input and output 

layer, Model 1); Model 2 is 11-layer network and Model 3 
had 10 hidden layers. 

Training iterations 200 epochs 
Learning rate 0.003 
Regularization Dropout 
Activation function Rectified linear unit (ReLU) 
Optimization 

Algorithm 
Stochastic gradient descent  

Table 5 
Result (predictions) from the final sub-system based on the decision of the sec-
ond sub-system.  

Decisive cases (PA and NA 
reactions) 

Indecisive cases (MOD) 

Number of cases: 76 Number of cases: 8 
Correct Wrong Correct Wrong 
70 cases 6 cases 6 cases 2 cases 
Overall performance on the 84 

unseen cases 
The algorithm predicted 76 correctly with 8 
mistakes, amounting to 9.523 % error with 
approximately 90.476 % predictive accuracy.  
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the government is also in line with what Ashworth et al. (2011) observed 
in the Dutch case in the toolkit (Ashworth et al., 2011). For example, in 
the Dutch case, lack of trust in the local government contributed to the 
disapproval of the storage in Barendrech. According to Ashworth and 
colleagues, the people felt that the decision of the government and the 
project developers to store the CO2 in Barendrecht was not because it is 
a safe place. Instead, they felt that it was the cheapest place to store the 
CO2 which amount to lack of integrity-based trust in line with earlier 
findings by Terwel et al. (2009). 

4. Discussion and conclusions 

In this work, we revisited the work of Ashworth and colleagues’ 
Communication and Engagement toolkit for CCS projects. The toolkit is 
designed for implementers of CCS project for understanding the social 
context where the CCS project will take place to enhance deployment. 
Upon appraisal of the context, we observed that the SWOT tool recom-
mended for the practitioners in making predictions to guide strategic 
decisions to enhance deployment is weak, for the purpose recommended 
for. To overcome this limitation, we have proposed an alternative 
method based on artificial intelligence. As demonstrated in the results, 
the proposed approach has the capability to learn from sample data and 
develop capability to predict unseen behaviors to guide decision- 
making. One may ask, why should we care for this method in the field 
and in relation to the recommended SWOT in the toolkit for prediction 
to guide strategic decisions. The implication is discussed. 

4.1. Implications of the AI tool on the toolkit for practice and theory 

To appreciate the value adding of the AI tool on the toolkit, let’s 
recap some statements that were briefly highlighted in the introduction 
sections, expand upon it, and use it as a point of departure in the dis-
cussion. Why did Ashworth and colleagues recommend SWOT as a 
strategic tool? In the toolkit, it is stated that the SWOT “could be per-
formed after the qualitative and quantitative data has been collected, 
giving the developers a better ability to make recommendations and 
predictions based on un-biased, factual evidence” (Ashworth et al., 
2011, p.34). This statement leads to reflection of the following question; 
what it means to learn from data to be able to predict, and what the role 
of SWOT is as a strategic tool in achieving this goal. As highlighted in the 
introduction, the prior work of Breiman (2001) and Shmueli (2010) 
have an answer. According to their findings, there are many ways that 
science can learn from data to study our social and natural world. It can 

loosely be grouped into two main school of thoughts: (a) explanatory 
modeling, and (b) predictive modeling. Regardless of the assumptions 
and limitations of each school of thought, learning from data is the 
common denominator for both approaches. What differentiates the two 
schools of thought are their primary goals and the tools the scientists use 
to exploit the data and achieve their goals. The authors findings 
explained that explanatory modeling is the use of statistical models for 
testing causal explanations. Some of the tools used in explanatory 
modeling includes linear regression, logistic regression etc. Predictive 
modeling on the other hand, is the process of applying a statistical model 
or data-mining algorithm to data for the purpose of predicting new or 
future observations. The predictions include point or interval pre-
dictions, prediction regions, predictive distributions, or rankings of new 
observations. Therefore, predictive modelling is any method that pro-
duces predictions, regardless of its underlying approach” (Shmueli, 
2010, p.291). It means that prediction is not synonymous with causal 
explanation. In prediction, it is about what will happen given new 
observation or what is the best among alternatives (ranking). Some of 
the tools used in predictive modeling includes neural networks. This 
explanation leads to these questions: (a) What is the role of SWOT in the 
science of prediction? And (b) What is its capability of making accurate 
predictions given new observations. 

A vast amount of studies is in consensus that SWOT as a tool is a good 
strategic tool for developing qualitative predictions. For example, the 
strength of a conventional SWOT is that it can help the practitioners to 
identify the strengths, weaknesses, opportunities, and threats to their 
proposed project. This can help them develop both qualitative and rough 
evaluations of their competitiveness. This information can then be used 
as a foundation for the development of CCS communication and 
engagement strategies, as suggested in the toolkit. Despite this ability, a 
considerable number of studies point to limitations in the SWOT tool 
that could limit the practitioners’ efforts to quantify the future to gain 
better insight into the future. 

First, conventional SWOT does not consider any priorities for the 
various factors. Only qualitative examinations of the environmental 
factors are considered. Secondly, it does not give weight to the sub- 
criteria that could enable the project developers to prioritize the data 
collected. Furthermore, the analysis is static and rarely results in the 
development of clear alternative strategies. It does not consider the 
priorities for various strategies so that the SWOT results in a clear un-
derstanding of the effectiveness of the strategies proposed by the project 
experts in relation to the sub-criteria ((Hill and Westbrook, 1997; 
Ekmekçioğlu et al., 2011; Haile and Krupka, 2016). Finally, SWOT 

Fig. 8. Visualization of the overall affective reaction of the experimental sample and key influential variables.  
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analysis has been developed based on stable environment that means if 
the environment of an organization were steady, invariable, and pre-
dictable, the classic SWOT analysis could be performed for the organi-
zation. In today’s world, environment of organizations is stormy, fast 
changing, unpredictable, and with uncertainties. It is similar to the so-
cial context of CCS projects. CCS is a complex socio-technical system 
with multiple social participants. These social participants have their 
own value-set and power to influence the system. For example, in their 
technical report in 2015 titled “Carbon Capture SCAM (CCS),” Green-
peace, an environmental NGO, described CCS as an environmental scam 
that industries are using to promote the continuous use of fossil fuels 
instead of taking more radical action. Despite this negative reaction to 
CCS, other NGOs, such as the Global CCS Institute, have described CCS 
as a good technology. The Global CCS Institute stated that, without it, it 
would be impossible to achieve the 1.5- and 2-degrees ambitious target 
in the Paris agreement. The different value-sets of the actors and their 
power-in-transition in CCS social-technical systems are among the fac-
tors that contribute to the uncertainty around the reception by different 
stakeholders of individual CCS projects around the world (Avelino, 
2017). This uncertainty is what made Taghavifard et al. (2018) state, 
“When [the] future is predictable, common approaches for strategic 
planning such as [SWOT analysis] are applicable; nonetheless, vague 
circumstances require different methods. Accordingly, a new approach 
that is compatible with uncertainty and unstable conditions is neces-
sary” (p.1). The study of Shinno et al. (2006) and Chermack and Kas-
shanna (2007) support this finding and add that for conventional SWOT 
to move to the level of strategic thinking to meet the requirement of 
prediction as defined by Shmueli (2010), it needs to be augmented with 
other regression techniques. 

Overcoming the above stated limitations is where the AI tool we have 
proposed based on the toolkit is best suited for the predictive task ex-
pected by Ashworth and colleagues in the toolkit. As explained in the 
theoretical framework and demonstrated in the experimental results, the 
proposed AI tool leverage the practitioners of the time consuming 
probabilistic task on the problem under observation. This allows them to 
focus on the cognitive tasks on the problem which are unique to humans 
due to our wisdom. This human and machine cooperation facilitates 
speed of decision making. Its because a vast amount of studies has shown 
that algorithms are fast at the probabilistic task in relation to humans’ 
capability even though humans guides its development. This is why we 
usually read or hear in the media that algorithms have, for example 
outperformed human experts in predictive tasks including medical 
diagnosis (see e.g. Steele et al., 2018). It’s not because the AI algorithms, 
for example, are smarter than the human doctors or domain experts 
since algorithms are no where near human intelligence. It’s because of 
their ability to discover complex patterns in a data beyond causal 
interaction to predict future events. This complexity in the data may 
escape human observations, for example, when there is nonlinearity in 
the data at hand. 

For example, in standard practice in the social science literature on 
CCS, the low predictive power of the SWOT in the toolkit could be 
enhanced by using linear regression-based modelling or causal model-
ling. In this modelling strategy, domain experts lead the construction of 
the model using expert-driven theoretical hypothesis based on under-
lying theory (see e.g Midden and Huijts, 2009; Terwel et al., 2009; Yang 
et al., 2016; Huijts et al., 2019). This expert-driven approach has a merit 
and has contributed novel knowledge in the field of CCS. However, the 
findings of both (Breiman, 2001; Shmueli, 2010 and Yarkoni and 
Westfall, 2017) agree with our assertion that the predictive power of the 
expert-driven approach is low. It’s because they are primarily oriented 
towards causal explanation and not prediction. It is important for us to 
emphasize here that; eventhough regression models such as linear 
regression is an explanatory technique, but could produce accurate 
predictions when the SWOT is fused with it. It is especially the case when 
we have few parameters with few nonlinear linear dependencies among 
the parameters. However, Breiman (2001) and; Shmueli (2010) 

observed that it may lead to inaccurate prediction when the parameters 
become large with many nonlinear dependencies among them. But that 
is the nature of human related data, including those qualitative and 
quantitative data collected to observe the social context of a CCS project. 
Human related data is a high dimensional data. High dimensional data 
contain many attributes with many non-linear dependencies. Due to this 
characteristic, as data becomes complex, human experts’ ability to look 
at the high dimensional data on the problem, discern patterns and their 
non-linear relationship to construct a causal model and fit to a data to 
predict a behavior, can be challenging. In this context, if we are to solely 
rely on the human experts’ assumption of the relationship among the 
parameters, it may be challenging to be accurate in the observation due 
to the complexity. 

As demonstrated in the experimental result in Table 5, the proposed 
AI tool provided the practitioners with a mathematical framework to 
learn from the social data about the CCS project to make guesses of the 
future. As indicated in the architecture of the AI tool, this social data is 
not limited to SWOT factors. It depends on the problem under obser-
vations. For example, in the experiment, we demonstrated by how we 
can learn from the social data about the CCS project to predict how the 
citizens will emotionally react to a strategic option in the modified 
SWOT matrix in the project developers’ external environment. In this 
analysis, it could be observed in the experiment that the learning 
resulted in a development of a model with high predictive power. The 
algorithm was able to use this capability to predict the future behaviors 
on the CO2 storage on the 84 out-of-sample respondents without 
necessarily relying on the people to tell the project developers how they 
feel. A study by Buah et al. (2020) support this approach and add that 
such predictive capability limits social desirability bias in the commu-
nications and engagement process especially in the face-to-face 
consultation approach. Social desirability bias occurs in the face to 
face engagement workshop. It is when some of the citizens and stake-
holders who influence the project, are unwilling to disclose their true 
feelings about the project if they perceive the answers to be socially 
undesirable. Assuming the true feelings is negative, this cognitive bias 
may deceive the project developers to think that all is fine for their 
stakeholders, but in reality it is not. But only to leverage their true 
feelings over time to disapprove the projects if they could do so as part of 
collective action anonymously, if the agenda for disapproval, aligns with 
their true feelings, 

Gough et al. (2018) supports this assertion and add that it may 
happen because the fact that a CCS project has initially been approved 
do not suggest that it has achieved its social license. Overtime the social 
license could be withdrawn because it is neither legally binding nor a 
one-time approval of the project. This suggest that the algorithm’s 
capability to make accurate guesses of the true feelings, could comple-
ment that of the feelings observed in the face-to-face workshop to gain 
insights into what might be close to the reality to guide decision-making. 

In our subjective opinion, this approach to understanding the social 
context of the project may help the practitioners to be proactive. In this 
way, they could devise appropriate interventions to properly engage the 
stakeholders, instead of waiting for something to happen or the people 
to always tell them how they feel for them to be reactive. Whilst being 
reactive may not be a bad thing, in an urgent situation, the project de-
velopers may be tempted to take a top-down approach to impose de-
cisions. The decisions may not be in the best interest of the people, and 
leads to a new turn of events. It may be the case, especially when, for 
example, the withdrawal of the social license is unexpected by the 
project managers. 

4.2. Concluding remarks, limitations and future studies 

In conclusion, one of the novelty of the proposed AI tool for CCS is 
that it is not a static model unlike the SWOT tool recommended in the 
tookit. The proposed system is a learnable and dynamic system. It can 
take any number of input information without limiting to for example, 
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strengths, weakness, opportunity and threats. The structure of the input 
data can change depending on the problem under observation and 
essential predictors that could shed light on the problem. 

Another unique characteristic of the AI tool lies in its computational 
foresight thinking. The data used to train the algorithm do not become 
obsolete over time. It is unlike, for example, when constructing a causal 
model, and the context change, but the problem remains the same. If the 
context changes and the problem remain the same, the model just needs 
to be retrained with a sample data of the new context and it will auto-
matically adapt its initial weights to the new situation with little or no 
human influence. In this optimization and adaptation, it discovers new 
complex and hidden patterns that was may be initially overlooked by the 
algorithm to develop new hypotheses that could predict the future, 
given new observation. The theoretical value of this capability is that; 
the model could become a test-bed for theorists in the field observing the 
problem. It can augment their knowledge on the problem by enabling 
them to simulate and experiment different scenarios to develop and test 
new theories with practical implication. 

Also, as it was observed in the experiment, the proposed AI model is 
not limited to the big data requirement unlike the conventional deep 
learning algorithm. It is flexible with data. The system has its own in-
ternal data augmentation technique to mathematically hack into small 
data of a few hundreds. This flexibility helps to optimize the decision- 
making process, given that, it is expensive and time consuming to 
collect big human related on CCS project and analyze it in a timely 
manner. In future work, we recommend the tool for our colleagues to 
apply it in a different context to solve many challenging problems in the 
CCS value chain because of its adaptable nature. For example, improving 
the efficiency of the carbon dioxide (CO2) capture process requires a 
good understanding of the intricate relationships among parameters 
involved in the process. This can be challenging or time consuming for 
experts. The proposed system can support the project developers in this 

task. It can help them to harness the few available process data points to 
design an intelligent algorithm. This algorithm can then be applied to 
the problem to examine the intricate relationships to predict the CO2 
production rate to improve the efficiency of the CO2 Capture process and 
we recommend it for future studies. 

All in all, the proposed AI tool for CCS is without its own limitations. 
Even though when the proposed method is applied, the outcome is an 
explainable model. It means that model is not only accurate but also 
interpretable. It is important for us to however emphasize that the model 
interpretability capability is causal inference, and not causal explana-
tion. This suggest that the proposed method is poor at causal explanation 
in relation to the traditional approaches underlined in the discussion. In 
this context, in a problem where our colleagues are interested in causal 
explanation, we will recommend the use of the traditional models, since 
they are better at it than the method being proposed. 
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Appendix A. Predictors associated with the five constructs used 
in the experiment 

For more details about the questionnaire used to implement and 
measure the predictors in Table A1 see the work of Huijts et al. (2007); 
Midden and Huijts (2009); Xuan and Wang (2012) and Terwel et al. 
(2009). 
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Abstract: This paper contributes to the state of the art of applications of artificial intelligence (AI)
in energy systems with a focus on the phenomenon of social acceptance of energy projects. The aim
of the paper is to present a novel AI-powered communication and engagement framework for energy
projects. The method can assist project managers of energy projects to develop AI-powered virtual
communication and engagement agents for engaging their citizens and their network of stakeholders
who influence their energy projects. Unlike the standard consultation techniques and large-scale
deliberative engagement approaches that require face-to-face engagement, the virtual engagement
platform provides citizens with a forum to continually influence project outcomes at the comfort
of their homes or anywhere via mobile devices. In the communication and engagement process,
the project managers’ cognitive capability can be augmented with the probabilistic capability of
the algorithm to gain insights into the stakeholders’ positive and negative feelings on the project,
in order to devise interventions to co-develop an acceptable energy project. The proposed method
was developed using the combined capability of fuzzy logic and a deep neural network incorporated
with a Likert scaling strategy to reason with and engage people. In a mainstream deep neural network,
one requires lots of data to build the system. The novelty of our system, however, in relation to the
mainstream deep neural network approach, is that one can even use small data of a few hundreds to
build the system. Further, its performance can be improved over time as it learns more about the
future. We have tested the feasibility of the system using citizens’ affective responses to CO2 storage
and the system demonstrated 90.476% performance.

Keywords: artificial intelligence; CO2 capture and storage; deep neural network; CCS communication
and engagement; fuzzy logic; fuzzy deep learning

1. Introduction

Social acceptance of energy projects is the social license or social permission granted to an energy
project and its infrastructure by stakeholders at the market, socio-political and community levels [1,2].
It is not a one-time approval of the project. Its nature is dynamic and evolves over time. It means
that the fact that an energy project has been approved initially does not suggest that it has achieved
its social license and will be acceptable forever. Overtime, the social license can be withdrawn if the
stakeholders feel a need to do so [3,4]. The withdrawal can manifest in different forms, including
protest action and vandalism such as the case in the Niger Delta on oil and gas pipelines [5]. Literature
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reports from wind energy, CO2 capture and storage and nuclear energy show that a lack of social
acceptance for an energy project can bring the project to a stop or delay the policy decisions for its
implementation if overlooked in the decision-making process. The retaining and withdrawal of the
social license is influenced by a number of psychological factors. These include the stakeholders’
emotion, competence and integrity-based trust of project managers, moral values and risk and benefits
perception. These psychological factors are often seen by some project developers as non-technical
issues and are often overlooked in the decision-making process [6–9]. The work of [7] even found that
they sometimes labeled the stakeholders as too emotional and irrational. But the author’s findings
add that the project managers’ decisions are also without emotion. Due to this emotionally influenced
decision, even if they are aware of the inherent risk of the energy project if developed and deployed,
they may overlook it. The public is not so naïve and are aware of some of these biases inherent in the
top-down decision-making process in energy projects. These days, the withdrawal of the social license
of some CCS, wind energy and nuclear energy projects in some countries has made project developers
and decision-makers promote these energy technologies to realize that they can no longer take this
emotional side of their stakeholders for granted and should rather address it [7].

To address this problem, in recent years, the recommended practices of developers for engaging
citizens and their network of stakeholders to gain insights into their perceptions, sentiments and emotions
have exclusively relied on mainstream consultation techniques and large-scale deliberative engagement [10].
These standard approaches have merit, but their main limitations include social desirability bias and
lack of communication after the workshop which makes the state of the social license uncertain. Further,
over time, they could become tedious due to repetitive tasks. The approach is also resource-intensive
and time-consuming and may even contribute to logistic emissions (see Discussion for more review).
One approach of overcoming this limitation is harnessing the power of artificial intelligence and machine
learning to construct decision-making algorithms to aid the human experts [11]. To demonstrate this
approach, in our previous work, we provided a framework for modeling emotional behavior in the
energy system. What is missing in this work is how to adapt the framework to the communication
and engagement problem discussed above to overcome some of the limitations above. Building
on this prior work [11], in this present study, an artificial intelligence-powered communication and
engagement agent to complement the standard engagement practice is proposed and tested.

This AI-powered engagement agent allows the project developers and decision-makers to work
with artificial intelligent agents using deep machine learning to interact with their stakeholders and
gain insights into the future. Deep machine learning, also known as deep learning, is a way to train
computers to do what comes naturally to humans: learn from examples. It can model complex
structures in data and develop the capability to enable decision-makers to make accurate predictions
of the future with limited human influence [12,13]. Using this deep learning technique as shown in
Figure 1, an AI agent powered by deep learning is an intelligent agent that perceives its environment
using the neural network’s capability and reacts. Its smartness can be quantified as predictive accuracy.
Predictive accuracy is how well an AI agent performs the intended action relative to the reality [14,15].

Human agents have sensory organs to get information (perceive) from the world (environment)
and have muscles (effectors) to take actions in response to the percept. An intelligent agent, on the
other hand, can be a robot agent (Figure 1) or a software agent. The proposed communication and
engagement agent for an energy project is a software agent. A software agent deployed as a chatbot
is tasked to perform specific tasks for a user and possesses a degree of intelligence that permits it to
perform part of its task.

To demonstrate the practical feasibility of the proposed method, CO2 capture and storage (CCS)
was used as a case study. It is interesting for the study because it is among the portfolio of low-carbon
energy technologies that have emerged without challenges in social acceptance, including nuclear
energy, wind energy and hydrogen technology. Despite its ability for radical emission reduction to
contribute to fighting climate change [16], in some countries such as the Netherlands, some CCS
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demonstration plants have been brought to a stop. This is because of a lack of social acceptance in
addition to other challenges such as costs [6].
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Figure 1. An illustration of an intelligent agent. The agent can be a robot or a software agent. A robot
agent, for example, can perceive its environment through sensors and act on that environment
through effectors.

The paper is organized as follows: In Section 2, the theoretical framework of the proposed method
is presented. In Section 3, a simulation experiment demonstrating how it can be applied is presented.
In Section 4, the implication of the method is discussed with concluding remarks.

2. The Framework of the Proposed AI Communication and Engagement Agent

2.1. General Description of the System

Building on the work of [11] and using a CO2 capture and storage (CCS) project as a case, Figure 2
presents the block architecture of the proposed AI communication and engagement agent in the CCS
context. In the example, it is designed to help the project managers gain an understating of their
stakeholders’ emotional behavior to predict their feelings about the energy project as it moves through
different life cycle phases.
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In real life, the system will be implemented as a chatbot. As a real-time agent, it will offer 24/7 services
to the citizens faced with the energy project in question. As shown in the block architecture, the citizens
will be able to chat with the agent through voice or text, via Messenger or WhatsApp. As indicated in
Figure 2, the system has two agents that communicate with one another to engage the citizens. Agent 1
is the front-end agent and Agent 2 is the back-end agent. In real life, Agent 1 can be implemented
via conversational platforms such as Dialogflow. Dialogflow is a Google software that helps to build
conversational applications in various languages and on multiple platforms, including Messenger and
WhatsApp. It uses a pre-trained natural language processing algorithm that runs through Google
servers (cloud). Agent 2 can be implemented using the Keras deep learning library with the Google
Tensorflow back-end.

In the real-time communication and engagement process, Agent 1 handles the basic small talk
(e.g., How are you? How are you feeling about the project?). It also includes the domain questions on the
energy project in question that the project managers want to ask the citizens to gain insights into their
feelings about the project. Using these two agents, the system works as follows when deployed: (a) the
user opens the communication and engagement chatbot (Agent 1) via the Dialogflow platform; (b) the
user chats with Agent 1; (c) Agent 1 collects user answers and stores them on a database; and (d) after the
user submits the last answer, Agent 1 will tell the user, “Please, wait a moment, I am processing your
information.” Whilst the user is waiting, Agent 1 seeks advice from Agent 2. Therefore, behind the scenes,
it is not Agent 1 that is making the final decision. It is Agent 2 that takes the answers from Agent 1 as input,
X, processes them with the three inference algorithms (receptor, DNN and effector algorithms) and makes
the prediction. This prediction is then passed on to Agent 1 in real time for it to communicate the answer
to the user. It then gets feedback and communicates this to the project developers for the human cognitive
task to enable appropriate intervention. In this paper, we will focus on Agent 2 since it is responsible for
the decision-making task. Survey responses will be used to replicate Agent 1’s task.

2.2. Basic Mathematics behind the System

In reference to Figure 2 when a user interacts with the chatbot, Agent 1 takes the stakeholder
responses as X and communicates this input to Agent 2 for further processing. In this response, X is the
features that the literature underlined that could predict user action towards an energy project [17,18].
As indicated in Figure 2, examples of some of the features are Trust in the competence of actors denoted
as X1 and Trust in the integrity of actors, Xn. This trust feature collects information on how the
stakeholders appraise the competence and integrity of the actors responsible for the implementation
and management of the energy project [18]. Assuming the project is yet to be implemented, in line
with the works of [17,18], the chatbot can ask the user; “Do you trust in the project developers to take
good decisions about storage of CO2 in your area?” Assuming in response the user wrote “I trust them very
much,” this X1 information from Agent 1 will be received by Agent 2. Agent 2 will then process this
information using three subsystems. These three subsystems in the inference engine of Agent 2 mimic
the behavior of the receptors, neurons and effectors in a biological neural system as indicated in Figure 2.
How these three subsystems communicate to each other to arrive at a conclusion on a user feeling is
inspired by the principles of stacked generalization [19]. Stacked generalization is an ensemble method
that combines the prediction of different learning algorithms into one using a meta-algorithm [19,20].

Inspired by this principle, mathematically, when Agent 2 receives the input X features from
Agent 1 via the chatbot, it reconstructs this information into new representations called fuzzy Likert
representations, XFL. Computationally, it uses the mathematics of fuzzy logic combined with Likert
measurement. The combination is called fuzzy Likert [21,22]. The combination enables the responses
to be measured within a Likert scale of 0 and 1, but the distance between responses on the scale
is known unlike the traditional Likert. In this scale, “0” is the minimum weight (e.g., I don’t trust
them at all) and “1” is the maximum weight for responses (e.g., I trust them very much). Fuzzy logic
accommodates the degree of partial truth. Therefore, unlike Boolean logic, any responses between
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0 and 1 (e.g., I somehow trust them) can also be accommodated by the system if a user expresses them
and assigns them weight (for review about fuzzy mathematics, see [23,24].

The fuzzy Likert system uses a fuzzy logic inference engine called the Takagi–Sugeno–Kang (TSK)
fuzzy model. This fuzzy type allows human experts to tell the algorithm how to perform the X to
XFL mappings. However, the TSK fuzzy Likert system can be optimized using the neural network’s
capability to adapt the system to a more complex response. When this is done, it reduces the number
of rules which need to be defined by the human experts in the loop. The human experts can teach
the system using IF (Premise) . . . THEN (Conclusion) rules. In this computation, a fuzzy rule Rs is
represented as

Rs: If X1 is As
1 and . . . Xn is As

n then Y is Ay (1)

In reference to Equation (1), the fuzzy rule output Y is a polynomial function of the inputs, and the
rule is then expressed as

Rs: If X1 is As
1 and . . . Xn is As

n then

Y = as1 X1 + . . .+ asn Xn + bs (2)

The defuzzification of the final output calculates the weighted consequent value of a given rule as
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from e1 (Cozar et al., 2017).
Using this inference method, depending on the complexity of the problem, the fuzzy Likert

inference engine can have the following five linguistic rules Rs = (R1 . . .R5 ) to convert the X variables
to XFL. The rules are as follows:
R1 If the Likert response is VERY LOW = 1, then the output is VERY LOW→[0];
R2 If the Likert response is VERY HIGH = 5, then the output is VERY HIGH→[1];
R3 If the Likert response is MEDIUM = 3, then the output is MEDUIM→[0.5];
R4 If the Likert response is LOW = 2, then the output is LOW→[0.25];
R5 If the Likert response is HIGH = 4, then the output is HIGH→[0.75].

As interval details between the ordinal points on the fuzzy Likert scale are known, the transformation
from X to XFL provides a high-dimensional behavioral space. In this high-dimensional space, data
augmentation can be performed to obtain augmented big data to train a deep neural network.
This data augmentation strategy uses the fuzzy logic-based rules in Equation (3) to mimic image data
augmentation, as illustrated in Figure 3.

As indicated in Figure 3, the X feature used to observe the social context of the energy system
could be thought of as an image, for example, an original butterfly image. As indicated in Figure 3,
in the image data problem, after data augmentation, we obtained augmented forms of the images
such as de-texturized, de-colored and flipped. The XFL features labeled XFL

1 . . . . . . .XFL
n after the

data manipulation could be thought of as the augmented images. These XFL
1 . . . . . . .XFL

n are the data
representations that are extracted from the high-dimensional data space of XFL features of each predictor
in the original datasets to train the fuzzy-driven deep neural network (DNN) algorithm shown in
Figure 4. The simulation experiment in Section 3 shows this example.
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2.2.1. The Algorithm’s Output Decision Using Deep Learning

After the fuzzy Likert system has accomplished its task, the XFL features are passed onto the next
subsystems (ensemble fuzzy deep neural network, DNN algorithm). The system mimics the behavior
of the biological neurons in the human brain. Ensemble in this work means that the decision is made
by different DNN models and their decisions are combined. In real life, the fuzzy-driven deep neural
network can be implemented using Keras with the Tensorflow back-end. It is trained using the XFL

features. The XFL features are very important in the architecture, especially when the data at hand
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are small. In a situation where one has big data, one can decide to by-pass step 1 and directly train
the system with X features. In this case, the interpretation of the model will be lost. This makes XFL

features important features in the system architecture even if one has big data at hand.
Using the trust in actors example, X1 . . . .Xn in Figure 2, let Xtrust represent the XFL feature for

trust in the competence (CBT) of the project actors, X1, and integrity (IBT)-based trust be Xn after the
data transformation. After the data transformation, the fuzzy deep neural network receives the Xtrust

information including other responses on other predictors as input, as illustrated in Figure 4.
During computation, the incoming XFL features are multiplied by an appropriate weight function,

w, and then summed up. The result is recalculated by an activation function, f , plus a bias (+1).
Mathematically, the output decision of a neuron in the network is expressed in Equation (4):

A f f ective f eelings, y = f (
∑P

i=1
XtrustW1 + bias) (4)

From Equation (4), in the decision-making process as shown in Figure 3, the neurons in the deep
neural network construct its hypothesis on the problem by learning directly from the XFL features used
to train the network. In mainstream practice, human experts would have defined the hypothesis, but it
is carried out otherwise in this context. The relationship between features and labels is built out of
simpler ones to form a graph of hierarchies. As shown in Figure 3, these graphs are many artificial
neurons which are connected layer to layer. In this connection, an output of a neuron automatically
becomes input information to another [11,12,25,26]. In the learning process, the network is trained
using supervised learning. In supervised learning, the network learns to predict the affective feelings
on the energy project in question based on example input–output pairs. However, because the system
is an ensemble system, different networks are trained to learn to solve the problem and output their
own decisions, Y = (y1, y2 . . . yn). In this decision, y1 is the decision of network 1, y2 is the decision of
network 2 and yn is the decision of the final network.

2.2.2. Reaction of the Algorithm

As indicated in the block architecture in Figure 2, the final decision, y, from the fuzzy-driven
deep neural network is then passed onto the final algorithm which acts as the biological effectors.
It is responsible for translating the decisions from the ensemble fuzzy-driven deep neural network
into the final decision. As illustrated in Figure 2, this final decision is communicated to Agent 1 to
communicate to the user. The effector algorithm also uses fuzzy rule inference similar to the first
subsystem. As indicated in Figure 2, this final decision is computed to Agent 1 as ypredicted.

It will be recalled that the proposed communication and engagement agent is a conversational
agent. The final subsystem, therefore, is not expected to just output a final prediction of the affective
feelings of the citizens to the project managers. Instead, the system is expected to use this emotional
intelligence to re-engage the citizen in an emotional conversation. The end goal of this conversation
is to understand their feelings and communicate the reason behind the user’s feelings about the
decision-makers and project developers. The decision is structured around three affective clusters,
as shown in Figure 5.

These affective clusters are positive affective feelings (PA), moderate affective feelings (MOD) and
negative affective feelings (NA). Using the CO2 storage example as shown in Table 1, PA indicates
positive affective feelings toward the CO2 storage. NA indicates negative affective feelings. It is
a prediction for those who have problems with the CO2 storage being close to them and who are
emotionally averse to its approval. Finally, MOD indicates moderate feelings. It is a prediction for
those with indecisive feelings and struggling to take a position.

Within this three-part affective framework in Figure 4, as indicated in Table 1, if Agent 2 predicts
the final decision as PA, Agent 1 will say to the user, “Oh, my intelligence tells me you don’t have a problem
having the CO2 storage close to your house. Did I get your feelings right, and why this decision?” If Agent 2
predicts the final decision as NA, Agent 1 will say to the user, “Oh, my intelligence tells me you seem to
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have a problem having the CO2 storage close to your house and want it far away. Did I get your feelings right,
and why this decision?” Finally, if Agent 2 predicts the final decision as MOD, Agent 1 will say to the user,

“Oh, my intelligence tells me you seem to have a problem having the CO2 storage close to your house and want it
far away. Did I get your feelings right, and why this decision?” These scripts are designed depending on the
need of the project developers. In this context, a typical fuzzy IF . . . THEN rule in the inference engine
of the effector algorithm will be as follows: IF Agent 2’s prediction is PA THEN Agent 1 says to the user
“Oh, my intelligence tells me you don’t have a problem having the CO2 storage close to your house. Did I get
your feelings right, and why this decision?”Energies 2020, 13, x FOR PEER REVIEW 8 of 15 
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Table 1. Structure of the data and how the agent is expected to react to a citizen and collect their
qualitative information and communicate it to the project developers for appropriate intervention.

Prediction Associated Statements (Intended Action of the Agent) Numerical Fuzzy Class Label

PA (positive affective feelings)
“Oh, my intelligence tells me you don’t have a problem
having the CO2 storage close to your house. Did I get
your feelings right, and why this decision?”

0 to 0.455

NA (negative affective feelings)

“Oh, my intelligence tells me you seem to have a
problem having the CO2 storage close to your house and
want it far away. Did I get your feelings right, and why
this decision?”

0.645 to 1

MOD (moderate feelings)

“Oh, my intelligence tells me you seem to have a
problem having the CO2 storage close to your house and
want it far away. Did I get your feelings right and why
this decision?”

0.455 to 0.645
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This communication will likely encourage the user to freely express his or her feelings qualitatively.
The system will then communicate this qualitative information as feedback to the project developers.
However, that part of the system design is beyond the scope of this work. This qualitative information
will give them insight into the problem. This could assist them to devise the intervention needed to
address people’s concerns. In the section that follows, an evaluation of the model is presented using a
hypothetical CO2 storage.

3. Materials and Methods

3.1. Simulation Experiment and Assumption

The experiment was conducted using a hypothetical CO2 storage. It was conducted with the
assumption that the project was yet to be proposed for the citizens’ vicinity. It was assumed that
the CO2 storage would be proposed near their homes. As highlighted in the theoretical framework,
the inference engine of Agent 2 was the main focus, so we will use a survey with questions and answers
to represent Agent 1 and feed into the inference engine of Agent 2. The goal of this section is to present
a detailed description of the simulation experiment.

3.2. Description of the Dataset and Measurements

To obtain sample data to develop and test the system, 198 volunteers from 15 countries (both developed
and undeveloped) were engaged in the CCS discourse on a hypothetical CCS project. They are heterogeneous
and come from different economic backgrounds. They range from unemployed to medical doctors,
lawyers, university lecturers, environmentalists, teachers, PhD students, secondary school graduates,
health professionals, etc. The youngest respondent in our sample was 18 years and the oldest
respondent was aged 70.

The media used to reach these respondents were LinkedIn, Facebook, WhatsApp and friend referrals.
Some of the respondents were also our Bachelor degree students in Finland. The participants received both
video and written information. This content came from both proponents’ and opponents’ materials so that
they were not exposed to one-sided information. Some of the proponents’ and opponents’ materials
used included the video content on YouTube of Scottish Power Professor of Carbon Capture and Storage
Professor Stuart Haszeldine titled “Fuelling the Future: Electricity with Carbon Capture and Geological
Storage,” the video content on YouTube of the Zero Emissions Platform (ZEP) titled “The Hard Facts
behind Carbon Capture and Storage” and the video content on YouTube of Science TV presenter and
climate change communications specialist Yasmin Bushby titled “Carbon Capture & Storage.” Yasmin
Bushby’s material takes a neutral viewpoint in explaining CCS and its advantages and challenges in
plain language to a lay audience. The Greenpeace material titled “Carbon Capture Scam” was also
provided to the volunteers. The YouTube video content of the carbon capture demonstration plant
Technology Center Mongstad (TCM) in Norway was added to give the participants a feel of how the
plant might look like in real life in their local area. Since they had different materials to choose from,
this limited our influence on the information shaping their attitudes and perceptions. The questions
were scripted in a way that encouraged them to imagine that the project was taking place where they
lived, in line with [27,28]. For example, instead of asking them to rate “trust in government,” we said
“trust in the government of my country.” This was purposely done to replicate local context information.

They were observed using five psychological constructs (Trust in actors, Risk perception, Benefit
perception, Reaction to Proximity and Affective feelings toward the CO2 storage) in line with Figure 4.
These five constructs are associated with 25 input predictors that predict citizen responses to a CO2

storage according to the literature [18,27–30]. Table 2 presents the predictors.
Using standard questionnaires adapted from the work of [27–29], the appraisal of these predictors

was captured using a five-point Likert scale. Their emotions were captured as an affective reaction
in line with [27,28,30–33]. Having obtained the raw data, the simulation experiment proceeded to
data pre-processing.
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Table 2. Predictors used in the simulation experiment to predict the emotional response to the CO2

storage nearby.

IV Input Variables IV Input Variables (IP) and Output Variables (OV)

IV1 Competence-based trust (CBT): government of
my country IV14 Risk perception: bad effects on trees and plants by

sudden leakage of CO2

IV2 CBT: industry (e.g., utility companies, oil and
gas companies) IV15 Risk perception: bad effects on human health from

leaked CO2

IV3 CBT: environmental non-governmental organizations
(NGOs) IV16 Risk perception: pipeline being destroyed by earthquake

IV4 CBT: Environmental Protection Agency (EPA) of
my country IV17 Risk perception: bad effects on soil from leaked CO2

IV5 CBT: scientists and engineers in my country IV18 Risk perception: acidification of seawater by leaked CO2

IV6 Integrity-based trust (IBT):
government of my country IV19 Risk perception: pipeline being destroyed by corrosion

IV7 IBT: industry (e.g., utility companies, oil and
gas companies) IV20 Risk perception: reservoir containing the CO2 being

destroyed by an earthquake

IV8 IBT: environmental non-governmental organizations
(NGOs) IV21 Benefit perception: myself

IV9 IBT: Environmental Protection Agency (EPA) of
my country IV22 Benefit perception: my family

IV10 IBT: scientists and engineers in my country IV23 Benefit perception: my future children yet unborn

IV11 Trust in actors as a team IV24 Benefit perception: the environment

IV12 Overall risk perception towards CCS IV25 Reaction to proximity of the CO2 storage

IV13 Risk perception: sudden release of a large amount of
stored CO2

OV26
Affective response to the CO2 storage nearby (output

predictor of which the algorithm built its emotion
intelligence from)

3.3. Data Pre-Processing and Training

As illustrated in Figure 6, the intelligent agent learns from examples to extract a hypothesis and
generalize it to unseen cases through optimization and testing.
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Due to this learning procedure, the 198 raw datasets, X, were divided into a training dataset and
testing dataset. In machine learning, the training dataset is used for constructing the inference model
(in the case of this paper, Agent 2). During training and validation, the data can leak to the model.
The testing data are therefore used to offer an objective evaluation. The test data help in quantifying
the predictive accuracy of the model to estimate its ability to generalize to unseen cases. To achieve
this goal, the 198 raw data were randomly divided into a training dataset and testing dataset using the
60/40 rule. This split should have led to a 118.8 dataset for training and 79.2 dataset for testing, but a
subjective decision was made. This subjective decision rounded up the decimal split and it led to a 114
(raw training data) and 84 (raw testing data) split. This decision was made to ensure that the training
dataset was not dominated by, for example, responses from the participants from the developed or
developing world. If it is overlooked, it would have increased the chance of the model becoming
biased since it might learn one-sided information.



Energies 2020, 13, 6259 11 of 15

The data were then pre-processed. All missing information was filled with the global constant,
“I don’t know.” Having acquired these values after pre-processing, the receptor algorithm (TSK fuzzy
Likert inference systems) rule strategy in Section 2.2 was applied to the raw dataset. Five (5) fuzzy
IF...THEN rules were defined as human-level rules to initiate the learning of the receptor algorithm,
as shown in Table 3.

Table 3. Sample fuzzy rules used in the experiment to transform the original data X on a Likert scale to
their corresponding fuzzy Likert features, XFL.

Rules IF ...
X

THEN ...
XFL

Fuzzy Scale Range of XFL on a
5-Level Membership Function, µ(x)

Rule 1 LOW LOW 0 to 0.134
Rule 2 SOMEHOW LOW SOMEHOW LOW 0.134 to 0.44
Rule 3 MEDIUM MEDIUM 0.44 to 0.644
Rule 4 SOMEHOW HIGH SOMEHOW HIGH 0.644 to 0.9444
Rule 5 HIGH HIGH 0.944 to 1

This helped to obtain the corresponding fuzzy Likert features, XFL. The 114 training data would
have led to overfitting when used to train the second subsystem (DNN) because it is a complex
algorithm. If the model overfits, it can perform excellently on the validation dataset as part of the
training, but when it is tested with the test data, it can lead to poor generalization [13,14,34]. To prevent
this, data augmentation was performed on the high-dimensional data space of the XFL labels of the 114
training data. Through this data augmentation, a large experimental dataset of 72,105 training samples
was collected. This augmented dataset using the XFL features and lables was then used to train three
deep neural networks. The training was implemented using the Keras machine learning library with
the Google TensorFlow back-end. The following is the architecture of the ensemble DNN of Agent
2: training iterations: 200 epochs; learner type: neural networks; activation function: rectified linear
unit (ReLU); optimization algorithm: stochastic gradient descent; learning rate: 0.003; regularization:
dropout; loss function: categorical cross-entropy; number of output nodes: 3 classes (PA, NA and
MOD); hidden layer: Model 1 is a 12-layer network (including input and output layer, Model 1);
Model 2 is an 11-layer network; and Model 3 had 10 hidden layers.

3.4. Agent Validation and Testing

To objectively evaluate the model, the 84 out-of-sample data (test data) were presented to the
ensemble trained models. The models’ decisions were then used as input to the final subsystem
(effector algorithm) (Figure 3). Similar to the first subsystem, the final subsystem was implemented
using the MATLAB Fuzzy Logic Toolbox. The predicted values were compared to the self-reported
affective feelings of the 84 volunteers (test data). Table 4 presents the simulation results on the test data.

Table 4. Result (performance) from the CCS communication and engagement agent (Agent 2) to be
shared with Agent 1 to communicate with the user using its corresponding human languages in Table 1.

Decisive Cases (Positive Affective, PA Feelings,
and Negative Affective, NA Reactions) Indecisive Cases (Moderate Feelings, MOD)

Number of cases: 76 Number of cases: 8
Correct Wrong Correct Wrong
70 cases 6 cases 6 cases 2 cases

Overall performance on the 84 test data
The algorithm made 8 mistakes and predicted 76

correctly, amounting to a 9.523% error with
approximately 90.476% predictive accuracy.
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4. Discussion and Implications

In this paper, we contributed to advancing the knowledge development of the state of the art of
applications of artificial intelligence (AI) in energy systems with a focus on the phenomenon of social
acceptance of energy projects. In this contribution, an alternative approach for complementing the
mainstream communication and engagement practice in an energy system is proposed and tested.
As briefly stated in the Introduction, in the mainstream approach to engagement, the citizens are engaged
through face-to-face interactions through workshop and other outreach programs. The strength of
these mainstream approaches is that they create a face-to-face platform for the project managers and
the stakeholders to influence each other with their worldviews. This helps the project managers to
gain insights into the perceptions, sentiments, emotional states, etc., of their stakeholders on their
operations. It is a good forum for the stakeholders to influence the project outcome and co-create a
socially acceptable energy project. At the end of the workshop, the project developers will have an
idea if the stakeholders are willing to grant them their social license or not. This information helps
them to devise interventions and address key concerns that emerged.

This social science approach to engagement has worked well for many energy projects including
wind, nuclear and CCS projects. The limitation, however, is that after the workshop, there is a break in
communication. This break in communication makes the future acceptability of the project uncertain.
It is until the next workshop is organized that the project managers will have a chance to evaluate
the state of the social license initially administered to the energy project in question. It is arguable
to think that the break in communication can take some projects by surprise when the state of the
social license, for example, changes from positive to negative as oppose to what was revealed in
the workshop. This assertion is well supported in the emotional literature (e.g., see [35–38]). In this
body of work, it is explained that the state of the social license for the project can change because
humans are good at predicting their present emotions and perceptions about emotional stimulus
events. However, humans are poor at predicting their future emotions on the same stimulus events
that were, for example, initially appraised to be positive or negative. In relation to the acceptability
of energy projects, it means that if, for example, at the workshop it was learnt that if events A or B
change the people will continue to grant their social support, it does not mean that it will be the case
forever due to the fragile nature of the social license [4]. The changing behavior is also due to the
stakeholders’ knowledge deficit of the future events that may unfold but were unknown to them at
the time of decision-making at the workshop. Another limitation is social desirability bias. In the
face-to-face workshop, social desirability bias may cause some stakeholders to be dishonest with their
true feelings about the energy project which would make the state of the social license uncertain [16].

As highlighted in the Introduction, one approach of overcoming these weaknesses in the mainstream
approach is through affective forecasting based on affective computing. This approach does not rely
entirely on the human experts’ judgment based on the outcome of the workshop to predict the future.
Instead, it brings together the cognitive capability of the human experts’ judgments together with
the probabilistic capability of artificial intelligence and the deep machine algorithm. The combined
capabilities lead to the development of a machine learning capability to gain better foresight into the
future to make accurate predictions on the emotional behavior and assess its influential variables.
In this paper, we provided a framework for constructing this kind of AI-powered engagement algorithm
to complement the traditional practice and address its weakness. As demonstrated in the simulation
experiment, the algorithm was able to automatically detect the affective state of the stakeholders and
performed the required engagement task in Table 1 with about 90% accuracy (Table 4). Given the
complexity of human behavior, this performance suggests that such an approach is feasible and future
work can further develop the idea to facilitate stakeholders’ decisions on energy projects. Relative to
workshops, it is highly cost-effective and reduces logistic emissions. This merit stemmed from the
fact that it does not need the physical presence of the stakeholders. It takes advantage of the growing
penetration of smartphones and the internet which the stakeholders may have already.
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5. Conclusions and Limitations of the Work

The objective of this research was to propose an AI-powered communication and engagement
agent as an alternative solution to overcome the limitations in the traditional communication and
engagement strategy for energy projects. In the methodological section, the proposed tool was
presented and tested in the context of CCS. The feasibility of the proposed tool and its implication for
the traditional communication and engagement tool were discussed in the preceding section.

In light of the foregoing discussion, in conclusion, in addition to the novelty of the proposed
method in relation to the traditional engagement method mentioned in the Discussion, it is also worth
mentioning the following. The proposed method is not a static system which always needs human
intervention to understand the changing future. It is learnable and adaptable. It means that the more it
interacts with the stakeholders, the more it becomes intelligent and self-adaptable to the changing
future behavior. Of course human experts need to guide the algorithm during learning but how it learns
is beyond human influence. Further, the proposed system can be implemented in practice without
limitation to the big data requirement unlike the mainstream deep learning algorithm. This is what
made it possible for us to use only 198 datasets in our simulation experiment. Despite the strengths of
the proposed communication and engagement agent, its main limitation is that human interaction
is still missing when engaging with people. Even though it is a conversational agent that behaves
like humans, it can never replace the human dimension in the standard engagement approaches. It is
therefore recommended that the proposed system be seen as complementary to the standard method
and not a replacement.

Another limitation is that the AI-powered communication and engagement tool is emotionless in
nature. However, the advantage of this emotionless nature of the algorithm in relation to human ethics
in the traditional approach is that it neither knows a proponent or an opponent during the engagement.
It means that it favors no one. That is to say, when it is implemented with transparency without human
influence or brings the human biases into the system reasoning, its decision is objective, especially
when the system is well trained. It reports what it sees in the stakeholders’ behavior on the energy
project and not what the proponent or opponent expect to see. Ethically, this may be preferable for
objective decision-making. This is because studies have shown that research projects in recent years
have turned from a research-driven model to a customer-oriented model where the funders define
what they expect. It means that if, for example, a proponent funder of a particular energy technology
sponsors a research engagement workshop to solicit views about an energy project they support, it is
likely that the funder expects support. On the other hand, if an opponent funder sponsors a project,
the goal is to do everything possible to convince people to reject it. Evidence of these human biases
in promoting one energy technology over the other can be seen in the proponents’ and opponents’
materials used in collecting data for the simulation experiments in the CCS context. In this context,
in the data handling, it may happen that the project managers may pay attention to areas of the datasets
that support their agenda. However, such human biases are free from the proposed emotionless AI
engagement tool when processing the data at hand.
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