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Abstract: The design of a desirable, sustainable energy system needs to consider a broad range
of technologies, the market landscape, and the preferences of the population. In order to elicit
these preferences, both toward lifestyle factors and energy system design, stakeholder engagement
is critical. One popular method of stakeholder engagement is the deployment and subsequent
analysis of a survey. However, significant time and resources are required to design, test, implement
and analyze surveys. In the age of high data availability, it is likely that innovative approaches
such as machine learning might be applied to datasets to elicit factors which underpin preferences
toward energy systems and the energy mix. This research seeks to test this hypothesis, utilizing
multiple algorithms and survey datasets to elicit common factors which are influential toward energy
system preferences and energy system design factors. Our research has identified that machine
learning models can predict response ranges based on preferences, knowledge levels, behaviors,
and demographics toward energy system design in terms of technology deployment and important
socio-economic factors. By applying these findings to future energy survey research design, it is
anticipated that the burdens associated with survey design and implementation, as well as the
burdens on respondents, can be significantly reduced.

Keywords: energy system; sustainability; system preference; machine learning; survey analysis

1. Introduction

As nations around the world struggle with the technical aspects of energy transitions,
i.e., the need to deploy new, clean energy technologies to meet their future energy needs,
policy makers and governments are wrestling with policy and energy system design which
meets our energy, economic and social needs. These challenges can be summarized as
the need for equitable and sustainable energy system design, often described as the just
transition [1]. The just transition deals with a number of critical issues associated with
rapidly changing energy systems, ranging from impacts on employment [2], pressures
on energy prices [3], health impacts [4], the allocation of subsidies [5], and a number of
potential trade-offs depending on stakeholder preferences [6-8].

In order to better understand these trade-offs, policy makers and researchers utilize
a number of tools to undertake stakeholder engagement and, ideally, to propose energy
systems which can meet the needs of all stakeholders, and which can achieve common
energy transition goals including sustainability, equitability and the ability to meet carbon
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burdens of climate change [14,15] and to the more recent ‘energy justice’ which is concerned
with the distribution, recognition and procedural justice aspects of energy [16,17]. For this
reason, surveys, over time, have become a useful tool to elicit the critical issues surrounding
energy systems. With a recent focus on the just transition, i.e., a transition which achieves
carbon reduction goals, while upholding the tenets of environmental justice, climate justice
and energy justice [16], targeted surveys and their analysis can complement efforts toward
designing energy systems which are both equitable and sustainable.

One major challenge experienced by researchers or energy policy makers is the suc-
cessful design of surveys that can meet these needs, followed by their application to energy
system design. Although some unique approaches exist, such as responsive survey design
to aid in developing surveys that improve response rates and reduce bias [18], there is
also a significant body of survey work in the energy and energy transition space that can
be drawn upon for retroactive analysis to determine which responses influence energy
technology and system preferences the most. This paper leverages statistical analysis and
innovative machine learning methods applied to recent, topical surveys regarding energy
system preferences, opinions and design priorities to attempt to extract the factors that are
most influential in the design of desirable (i.e., equitable and sustainable) energy systems.

The aim of this research is to provide an evidence base for the streamlining of stake-
holder engagement which can be utilized to underpin bottom-up, desirable future energy
system design. Four energy-related surveys from Japan and the United States (US) are
utilized to derive the key factors that should be explored as a priority in order to best
inform desirable energy system design stakeholder response prediction.

The study is presented as follows: Section 2 details recent literature regarding stake-
holder engagement, survey design challenges and approaches to energy system design;
Section 3 details the machine learning methods used in this study to identify influential
survey responses which are useful to predict energy factor and system design preferences
and their importance regarding survey design; Section 4 describes the results and variation
across investigated surveys and nations as well as the efficacy of various machine learning
approaches; Section 5 provides the discussion and implications for future energy survey
design; and conclusions are provided in Section 6.

2. Literature Review

The challenge of designing appropriate surveys to elicit desired responses while being
conscious of cost, timeliness and effective response elicitation is not unique to the energy
field. For example, in the design of a national survey in the Netherlands, an increasing
need to provide more targeted and detailed information and to improve analysis was
identified. In order to meet these needs, researchers undertook a fundamental change in
their surveying processes in order to achieve an integrated design and to move away from
single-purpose surveys [19]. In the realm of information and communications technology,
researchers sought to design a web survey that would identify travel behaviors. In order to
design this survey, they undertook a review of previous work to identify gaps and necessary
questions (i.e., literature review) and attempted to design a survey that would elicit the
desired data points while limiting respondent fatigue and cognitive burden [20]. In the case
of a US survey to assess social life, health and aging, the design of the survey instrument
and the definition of measurement domains took several months. In addition, a pretest of
the questionnaire was undertaken, identifying issues with the time required to administer,
thus leading to a prioritization of factors to be extracted and identified non-essential factors
being cut from the final survey instrument [21].

Cognizant of the need to reduce both the cost and respondent burden of surveys, a
modular design was proposed for survey design using a random search algorithm which
attempts to maintain precision requirements in light of other constraints. One shortcoming
of such an approach is the identified need to estimate required design effects for the
algorithm, or to undertake a pilot sample [22]. Recognizing that innovation in survey
design can often yield unexpected results or have a negative impact on outcomes such as
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bias or survey costs, the idea of ‘responsive survey design” has been proposed. Utilized
in Germany, researchers proposed a self-administered survey and experimented with
incentives for completion, question ordering (sequential or simultaneous mode) and cost,
finding that response rates can be improved through prepaid incentives, and that mode
choice sequence had only a small impact on cost overall, while response bias was not
largely impacted [18]. Another source of response bias was reported to occur in the use of
different devices for responding to surveys, particularly for mobile devices (anticipated to
account for up to 60% of respondents) and the need to ensure consistent display of response
ranges to avoid prioritization of visible elements [23].

In terms of general survey design ideals, the Pew Research Center offers guidance
in terms of keeping question numbers to a minimum to ascertain the defined goals of the
survey, using closed-ended questions to compare specific traits, and being conscious of
the order of questions, placing open-ended questions before closed-ended ones to avoid
order effects and leading bias [24]. The key considerations of brevity, consistency, avoiding
leading questions and having appropriate categorical response ranges are also extolled by
the General Medical Council in their National Training Survey best practice guidelines [25].
Having a clear purpose for the survey is also critical, along with only asking questions that
add value and relate specifically to the research goals. Testing a survey is also identified as
a critical step prior to large scale deployment [26]. Further, the use of literature review to
establish if model questions have been implemented and tested in previous surveys which
could meet the needs of new research is also identified as valuable by Harvard University,
with the additional benefit of comparative analysis across surveys [27].

Although no specific machine learning approaches are proposed in the literature to
retrospectively design surveys, the idea itself is consistent with literature review processes,
utilizing existing survey data. On the other hand, the use of machine learning techniques to
analyze survey results is becoming increasingly common, with multiple benefits in addition
to the computing power offered expected as a result [28]. For example, machine learning
algorithms are expected to offer advantages in terms of quality assurance and real-time
data monitoring and trend identification [29]. Furthermore, neural networks have been
identified as more capable of modeling non-linear relationships than traditional analysis
approaches such as statistical regression [30]. Other machine learning approaches such as
decision tree classification algorithms have also been shown to perform better than other
classifiers for dependent variable classification related to stakeholder intent [31]. Research
has also been undertaken regarding the broad range of computational methods applicable
to response prediction, including data hierarchy, collaborative filtering, supervised, and
semi- and unsupervised learning-based approaches, with a focus on online advertising
responses [32]. Considering the energy-related fields of study which employ machine learn-
ing and artificial intelligence, energy and eco-efficiency have been investigated in some
depth recently. For example, machine learning approaches were combined with optimiza-
tion methods to evaluate cement companies’ eco-efficiency, detailing model efficiencies [33].
Further, an evaluation of machine learning employing recommender systems was under-
taken to show how these could be used to improve building energy efficiency, as well as
the possibility of combining these approaches with smart meters and Internet of Things
sensors [34]. Additionally, a review-based study on enhancing energy efficiency among
other aspects via occupancy prediction was undertaken, demonstrating the value of both
machine learning and neural network approaches in combination with sensors [35]. An
additional review was undertaken, considering machine learning toward achieving thermal
comfort, finding that machine learning-based controls can improve indoor air quality while
reducing carbon dioxide levels and energy consumption [36].

Toward energy system design, neural networks are often utilized in the fields of
evaluation, control, and operation or in the application of artificial intelligence for the
realization of a modern smart grid or renewable energy systems, with applications increas-
ing rapidly over time [37]. To support energy system optimization, a modeling approach
was developed using neural networks and a hybrid optimization algorithm (HOA) which
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can reach Pareto optimal solutions approximately 17 times faster than by using an actual
engineering model (AEM) alone [38]. Further, it was identified that a data-driven approach
based on reinforcement learning to design distributed energy systems by altering the
number of hidden layers in the neural network can effectively predict system needs, and
reinforcement learning with deep neural networks can help energy systems operate more
efficiently with minimal impacts on the grid itself [39]. Research utilizing metamodels
which can significantly reduce implementation effort and runtime per scenario for artificial
intelligence-based modeling when compared to traditional white box modeling approaches
has been explored in Germany, achieving a mitigation of complexity while maintaining a
high level of accuracy [40].

Recognizing the challenges toward survey design, the existing approaches toward
determining ideal questions and response ranges, and the recent utilization of machine
learning for survey response analysis and prediction, this study proposes a methodology
for the streamlining of survey design, using energy as an example. Specifically, the aim of
this research is to leverage existing survey data (with similar applicability to consumption
or behavioral data) and machine learning to reduce survey burden. Burden here refers to
three key aspects: (1) the burden imposed by the high cost of the deployment of surveys;
(2) the burden imposed on researchers in designing and testing survey instruments; and
(3) the burden on respondents, in terms of fatigue in having to respond to an excessive
number of questions. By reducing these burdens, it is anticipated that the deployment costs
can be reduced, enabling a larger sample to be obtained for the same budget expenditure.
In addition, the time and effort required to develop surveys can be reduced, allowing for
the allocation of limited resources toward analyses and energy system design. Finally, it is
anticipated that respondent fatigue can also be reduced, improving the quality and accuracy
of responses while reducing response bias. By reducing these burdens and improving
research outcomes, a flow-on benefit will be the usefulness of obtained data to inform
future energy system design and analysis activities. Overall, we are aiming to apply
machine learning to streamline survey design, improve deployment and data analysis, and
to provide prediction-based insights toward energy system design.

3. Methodology

The methodology employed in this study utilizes machine learning evaluation of
previously administered energy system-related surveys to establish the demographic
factors or response types which are most influential toward our variables of interest, i.e.,
those related to energy factor preference and system design. Further, machine learning
algorithms are compared to identify those which exhibit optimal prediction (classification)
accuracy in eliciting critical demographics and response types.

3.1. Data Sources

The surveys utilized in this study include three conducted in Japan and one conducted
in the US. The deployment date, original use case, number of questions asked, samples
gathered, and common factors analyzed across surveys are detailed in Table 1.

In addition to the common factor questions identified in Table 1, each survey captures
demographic data and, in some cases, additional specific enquiries about educational
achievement, region, race, etc. A list of all factors analyzed is presented in Appendix A.
All surveys are used to assess energy system design factors, while only surveys 3 and
4 are used to analyze key future energy system preferences due to the different design
specifications of surveys utilized in this study.
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Table 1. Survey specifics and common factors investigated.

Survey Specifics Common Factors
#  Nation Date Use Case #Q/Samples Preferences System Design
> Energy Policy > Energy tech. knowledge
> Energy policy
Energy Market > Energy Use
1 Japan March 2017 Liberalization [41] 30/4148 >  Energy Cost knowledge
> Behavior > Energy mix
> Participation
> Energy Policy > Energy tech. knowledge
E}ﬂergy'Ma‘rket > Environmental > Energy policy
2 Japan March 2019 Liberalization Impacts 51/4247 Issues knowledge
and Future Energy > Energy Cost > Energy Mix
Systems [42] > Behavior > Participation
>  Energy Policy > Energy tech. knowledge
August Cultural dynamics of > Environmental > Energy policy
3 us 17/3000 Issues knowledge
2020 Energy Systems [43,44] .
> Energy Cost > Energy Mix
> Energy Location
> Energy Policy > Energy tech. knowledge
Knowledge of the Just > Environmental > Energy policy
January . O,
4 Japan 2022 Transition in Japanese 24/6000 Issues knowledge
Regions [45] > Energy Cost > Energy Mix

3.2. Analysis Methods

Survey data are prepared by coding responses to numerical ranges (for levels of
knowledge, preferences, etc.) and categorical (importance, increase or decrease in specific
energy sources in the future energy mix, etc.) inputs. Prediction machine learning models
including naive Bayes, generalized linear model (GLM), logistic regression, large margin,
deep learning, decision tree, random forest, gradient boosted trees and support vector
machine (SVM) are run for each of the target factors of interest for this study, as detailed in
Table 2.

Table 2. Prediction targets selected for this study.

Energy System Preferences
Stakeholder self-reported importance level of:

Energy System Design Factors

Stakeholder desire for an increase or decrease
in generation from the following energy
° (i-e., clean water, clean air, reduced  sources:

waste, etc.) =

>  Environmental Protection

Renewable Energy

> Climate Change Mitigation ° Solar, wind, biomass, hydro,
° (i.e., reducing greenhouse gases, geothermal, etc.
restricting temperature rises, etc.) >  Fossil-based Energy
> An Equitable Society ° Coal, LNG, oil, etc.
e  (i.e,reducing the gap betweenrich =  Nuclear Energy

and poor, shared environmental
cost and burden allocation)

For energy system preferences, the survey respondents were asked to indicate how
important they felt each factor was using a Likert scale response ranging from 1 to 5. These
responses were then summarized into the three categories of unimportant (responses in
the range of 1-2), neutral (a response of 3), and important (responses in the range of 4-5).
Similarly to the energy system design factors, where respondents were asked to indicate
their preference toward increasing or decreasing specific energy sources, we used categories



Energies 2023, 16, 4911

6 of 16

4 National
Surveys
(n=3,000 ~
6,000)

i

Survey Data Collection

such as decrease, neutral and increase, using a composite score for fossil fuels (oil, coal,
natural gas, etc.) and renewables (solar, wind, hydro, etc.).

Machine learning modelling and algorithm performance comparisons are undertaken
using RapidMiner Studio v9.10.010 utilizing a 64-bit architecture. The data preparation,
modeling, comparison, and influential factor extraction process flow is summarized in
Figure 1.

@ Model Comparison
Data Cleaning & Coding & Factor Importance
Q Extraction

Prediction Accuracy and weight
of factors toward predictability

101010101001010
010101101010 i=
010;00!01010 ® ni = B0 + B1x1i + ... + Ppxpi
v - ®
V) — oo
10000001 - Bl °
61011015‘ ®
10001 < .
0001000000 Machine Learning P
Modeling |:| I:I —
Removing nyll Naive Bayes, GLM, Logistic I:l [ X X ]
responses, coding to Regression, Large Margin,
numerical ranges and Deep Learning, Decision Tree, P(cjn)=2XI0P©
categorical inputs Random Forest Gradient, 2C)

Boosted Trees, SVM

Figure 1. Workflow for data collection, cleaning, coding, model testing, and influential factor extraction.

The results are summarized to detail influential factors toward predicting desired
targets for each survey, optimal machine learning models and their predictive ability (i.e.,
accuracy). Finally, sensitivity analysis is conducted to test whether combined survey
samples improve prediction ability where survey variables and ranges allow.

4. Results

The results include machine learning algorithm predictive accuracy results, followed
by the weight of the most influential inputs toward target variables. Hereafter, surveys are
referred to by number, as identified in Table 1.

4.1. Energy System Design

Energy system design factors are evaluated based on whether the respondents indi-
cated a preference to increase or decrease fossil fuels (encoded FF), nuclear energy (INE)
and renewable energy (RE) within the energy mix. Machine learning algorithm predictive
accuracy for energy system design target factors is summarized in Table 3, with the best
performing algorithms being identified in bold text.

The predictive model accuracy ranges from a low of 54.9% for predicting nuclear
energy preferences in survey 3 to a high of 78.9% for predicting preferences toward re-
newable energy in survey 1. In all surveys, the prediction accuracy for renewable energy
preferences was the highest. The sample size and the number of questions posed did not
appear to heavily affect prediction accuracy for single survey analysis. No one machine
learning approach was consistently superior, with GLM, large margin and gradient boosted
trees models each having the best predictive ability three times (25% of the time, respec-
tively), decision tree twice, and random forest once. Naive Bayes, logistic regression, deep
learning and SVM models did not demonstrate superior predictive ability for any of the
survey targets.
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Table 3. Energy system design machine learning algorithm predictive accuracy by target (best
prediction percentage shaded and bold).

Survey 1 2 3 4

Target FF NE RE FF NE RE FF NE RE FF NE RE
Model Accuracy (%)

Naive Bayes 63.5 62.3 72.2 58.1 59.2 74.7 57.2 48.6 70.8 61.5 50.4 73.3
GLM 63.5 67.1 78.2 57.2 64.6 78.1 62.0 51.7 73.7 62.1 57.1 76.0

Logistic 635 661 770 575 64.2 77.9 620  54.0 713 588  56.3 75.0
Regression
Large Margin 635 674 789 583 638 780 605 538 751 613 514 741
Deep 636 664 752 580 63.6 769 582 541 72.1 594 535 75.0
Learning
Decision Tree 635 67.4 736 569 655 767 525 514 706  5/4 504 729
Random 639 638 781 57.1 65.0 77.1 59.1 53.7  73.8 593 569 75.9
Forest
Gradient 635 673 780  57.0 65.0 77.2 62.5 54.9 730 603 57.6 753

Boosted Trees
SVM 63.5 67.0 77.8 57.6 65.2 77.7 56.4 49.0 725 60.3 50.4 74.1

Utilizing the outcomes of the best performing models for each survey and factor, the
most influential factors underpinning predictions can be extracted, as shown in Figure 2,
according to their comparative weights. Response variables are categorized as preferences
(P), knowledge levels (K), demographics (D), and behavior (B).

Fossil Based Energy

0.350

0.250

0.200

Weight

0.150
- ‘ ‘ ‘ ‘ ‘

0.050

NS S AR Sl
o & QTS ¢
RN d ) e (9 PR
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R ‘(‘r& O QKQ' Q(j\
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(a)

Figure 2. Cont.
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Figure 2. Influential factors toward energy system design preference prediction for (a) fossil-based,
(b) nuclear and (c) renewable energy.

Energy system design preferences toward fossil fuels appear to be highly influenced
by people’s preferences toward nuclear and renewable energy types. Other commonly
influential factors identified were knowledge of solar energy and the respondents’ age.
In terms of types of predictors, knowledge levels were the most commonly influential
responses, followed by preferences and demographics, and behavior. For nuclear energy,
renewable preferences were highly influential, followed, though to a lower degree, by fossil
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fuel preferences. Commonly influential factors included knowledge of wind and the demo-
graphic factor of sex. Again, knowledge-based responses were most commonly influential
on the predictability of energy system design preferences. For renewable energy preference
prediction, the most accurate among energy types, fossil and nuclear energy preferences
were influential but at a relatively lower level than for other energy types. Solar knowledge
levels and the age demographic factor were commonly influential across surveys.

4.2. Energy System Preferences

The energy system preferences tested include environmental protection (coded as EP),
climate change response (CC), and social equity (SE); these acted as proxies for equitable
and sustainable energy systems (i.e., desirable in accordance with a just transition). Machine
learning algorithm predictive accuracy is detailed for each energy system preference target
variable for surveys 3 and 4 (the two surveys exploring these factors) in Table 4. The best
performing algorithms are identified in bold text.

Table 4. Energy system preference machine learning algorithm predictive accuracy by target (best
prediction percentage shaded and bold).

Survey 3 4

Target EP CC SE EP CC SE
Model Accuracy (%)

Naive Bayes 68.3 58.9 56.5 65.7 65.8 60.4
GLM 71.6 62.1 58.0 70.8 68.9 69.3
Logistic Regression 719 62.1 58.2 70.0 66.9 68.7
Large Margin 70.9 64.1 58.8 71.0 67.5 68.6
Deep Learning 70.4 63.0 56.8 68.6 69.7 67.3
Decision Tree 69.9 57.5 54.7 66.0 69.1 71.5
Random Forest 73.0 60.4 59.3 713 67.9 70.4
Gradient Boosted Trees 72.9 63.0 61.1 72.2 71.9 72.2
SVM 714 62.7 60.1 70.0 69.1 68.2

The results show that the predictability of people’s preference toward environmental
protection is higher than that of climate change response and social equity. The gradient
boosted trees algorithm was the most accurate in four out of six predictions, having the
second highest performance in the remainder of cases.

The six most influential response variables toward the prediction of energy system
preferences from each analyzed survey are detailed in Figure 3. As was the case for energy
system design, the response variables are categorized as either preferences (P), knowledge
levels (K), demographics (D), and behavior (B).

As shown in Figure 3, preferences regarding the energy system and energy sources are
the most influential toward predicting respondent’s overall views toward the importance
of environmental protection, climate change response and social equity. Some preferences
are common across surveys, notably respondent’s preferences toward solar power in the
future energy mix, and the desire for energy availability. Knowledge of energy types was
influential toward environmental protection and climate change response; however, this
was not the case for social equity importance. In terms of influential demographics, age
was influential toward environmental protection importance, sex was influential on climate
change response and social equity importance, and in the case of the US survey (Survey 3),
ethnicity was also influential.
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Figure 3. Influential factors toward energy system preferences for (a) environmental protection,
(b) climate change response, (c) social equity.

4.3. Sensitivity Analysis

As the addition of data points has been empirically shown to improve machine
learning performance, albeit with some caveats such as introducing samples from different
time periods [46], our sensitivity analysis combines compatible surveys to develop larger
datasets, each within 2 years of each other.

Following the combination of compatible surveys, i.e., surveys 1 and 2 for energy
system design factors and surveys 3 and 4 for energy system preferences, we repeat the
machine learning multi-model prediction analysis and contrast the accuracy results. As the
number of questions (input variables) is limited to the survey with the smallest number of
usable questions, predictive accuracy is contrasted with survey 2 for energy system design
factors, and survey 3 for energy system preferences, with the results detailed in Figure 4.

For fossil fuel and nuclear energy preference predictability, the combined survey sam-
ples offered consistently higher accuracy across all models ranging between 1.7 and 3.7%
for fossil fuels and 0.9 and 2.6% for nuclear energy, respectively. In the case of renewable en-
ergy preference predictability, which was predicted at a much higher level of accuracy than
that for fossil fuels or nuclear energy, the combined sample did not improve predictability
in all cases, with changes ranging in a tight band from —0.9% to 0.6%. The only models
which improved predictive accuracy were the deep learning (0.3%) and gradient boosted
trees (0.6%) algorithms, suggesting an upper limit to the predictive accuracy for this dataset.
For fossil fuel preference predictability, the top influential factors of preferences toward
nuclear and renewables remain relevant, along with age and technology knowledge for
fossil fuel preferences. For nuclear, preferences toward renewable energy deployment
remained overwhelmingly the top response. Finally, for renewable energy, attitudes toward
nuclear and fossil fuel deployment remain influential, along with technology knowledge.

For energy system preference predictability, an increase in accuracy was again ob-
served for all factors, ranging from 5.1 to 7.5% for environmental protection, 11.2 to 21%
for climate change response and 8.4 to 12.7% for social equity. Within energy system
preferences, the combined survey samples identified that for environmental protection,
preferences toward the energy system (resource preservation, energy cost) and technology
knowledge and energy mix preferences toward solar were important, consistent with single
sample findings. For climate change response, preserving limited resources and thus ensur-
ing energy for the future was most influential toward predictability, along with technology
and policy knowledge. For social equity, preferences toward the future energy system were
the most important, particularly regarding energy availability and cost.
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Figure 4. Combined survey predictive performance change compared to single survey analysis for
(a) energy system design and (b) energy system preferences.

Generally speaking, a higher number of samples improves the model’s overall pre-
diction accuracy, with a maximum accuracy of 78.2% being achieved for environmental
protection preferences; however, it should be noted that before combining samples, a
maximum predictive accuracy of 78.1% had been achieved for social equity, suggesting
an upper limit on predictability for energy system preferences being reached. There is
also a suggestion that the ratio of sample increase may also be linked to model predictive
accuracy increase.

5. Discussion and Implications

Previous research has explored how people’s preferences can influence energy sys-
tem design; for example, in Vietnam, a site selection tool for the future deployment of
solar and other renewables was developed based on experts” opinions, knowledge and
judgements [47]. In the US, factors such as ethnicity, region and lived experience were
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found to be influential on the bottom-up-based development of a desirable energy mix [43].
People’s aversion to risk-taking, curiosity, environmental awareness and overall active-
ness toward energy system participation was found to be influential on future energy
provider selection in Japan [42]. In Spain, householder’s propensity toward improving
their homes” insulation was found to be linked to demographic factors such as age and
income level, as well as the heating technologies employed in their home [48]. Likewise,
in India, socio-demographic factors such as age, gender, educational achievement, job
type and vehicle ownership influence people’s propensity toward investing in solar PV
or car-charging infrastructure [49]. In a multi-nation study across Romania, Hungary and
Serbia, it was identified that peoples’ preference toward participation in demand response
initiatives is largely contingent on a perceived increase in renewable energy deployment
as a result, reducing carbon emissions and global warming, and with the aim of reducing
energy bills [50]. In light of this, recent research has suggested that both end-users and
experts can influence the future energy system through their preferences, behavior and
perceived benefits; this research offers a methodology for the rapid acquisition of these
preferences through previously conducted national surveys (the method used in the major-
ity of these studies), utilizing machine learning to uncover critical preferences, knowledge
and demographics toward the prediction of target variables.

Examining the influence weightings of energy system design preferences toward
fossil, nuclear and renewables in the future energy mix, we found that preferences related
to generation technologies, followed by policy factors, were the most important. Demo-
graphics were influential at a much lower level, and only consistently for age, toward
renewables and fossil fuels. The only influential behavior was the ownership of an FCV
toward fossil and nuclear energy at a similar level to the influence of demographic factors.
These findings have some commonality with those of previous research, specifically for the
socio-demographic factors of vehicle ownership and age. For energy system preferences
toward environmental protection, climate change response and social equity, preferences
toward technologies and lifestyle factors were most influential, significantly more so than
demographics or knowledge levels. Although demographics appear to play a small role
toward people’s preferences with regard to energy systems, they were not as influential as
hoped, as these kinds of data can be elicited from other sources, including census records
or consumer survey data.

In terms of machine learning algorithms utilized, gradient boosted trees showed excel-
lent performance overall for training and scoring times, in addition to being consistently
the most accurate. This algorithm has proven to be popular in social science research
and has multiple applications toward classification, including human behavior-related
factors [51,52]. On the other hand, the SVM algorithm, although intensive in terms of
computing resources and solution times, was not superior in our classification models;
however, as has been noted in previous sentiment-based research, it generally offers accu-
racy advantages over the less intensive, simpler Naive Bayes classification algorithm [53].

The availability of additional data appears to improve overall accuracy, as shown
by the combination of survey samples, and, although not conclusive with the limited
investigation offered in this research, it appears to scale somewhat according to overall
sample sizes in line with expectations [54]. Overall, irrespective of the size of the samples
processed, ranging from 4148 to 9000 in our study, the prediction accuracy never exceeds
79.8%. Although this accuracy is sufficient for our purposes, further investigation is
required to uncover related factors that may increase accuracy in the future. Machine
learning has proven to be accessible and useful for the prediction of influential factors of
energy system preferences and design; however, some factors have proven to be more
difficult to predict than others. In this study, for energy system design factors, opinions
toward renewable energy proved easier to predict than for fossil fuels and nuclear power.
This may be due to an overwhelming preference toward the increased deployment of these
types of energy. For energy system preferences, environmental protection opinions were
the most accurately predicted. In this case, the ease of understanding of climate change and
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social equity concepts may play a role, and the relationship between other demographic
factors (education, age, income, etc.) and these concepts may require further investigation.

Although some work has been undertaken regarding energy and eco-efficiency utiliz-
ing machine learning, this study is unique in that it focuses specifically on energy system
preferences and underpinning demographics to aid in energy system design. Through the
provision of a methodology for the rapid acquisition of preferences that can be utilized
for energy system design, as well as appropriate weightings of energy system technology
deployment preferences (i.e., stakeholder desires for future deployment of fossil fuels,
renewable and nuclear), survey design can be improved toward deriving sustainable,
desirable energy systems.

The findings of this research provide a framework for the investigation of the linkage
between people’s preferences, knowledge, demographics and behaviors and desirable
energy system design based on survey data over a period of time and in two discrete
jurisdictions. This approach could be generalized to other research areas, and could be
utilized in future survey design, streamlining survey design processes and allowing for a
targeted selection of questions, reducing survey-related burdens.

6. Conclusions

In the age of big data and increased data availability, the operations described in this
research are likely useful toward reducing a significant portion of menial work involved in
survey preparation, analysis and application. In addition, it is hoped that cost-prohibitive
portions of survey design and implementation, including workshops and question-testing,
can be streamlined, and that the predictive ability of surveys can be improved by utilizing
machine learning in research workflows.

A lower number of questions ultimately result in less demanding surveys, increased
response rates and sample sizes achievable from available budgets while reducing re-
spondent fatigue. Considering that machine learning is relatively accessible and, due
to our finding that resource-intensive algorithms such as SVM do not necessarily offer
predictability advantages, less resource-intensive algorithms that can be comfortably de-
ployed on mid-range hardware have been identified as sufficient and suitable to the task.
Among these algorithms, gradient boosted trees showed excellent performance in pre-
dicting influential factors of energy system preferences and design, and offering accuracy
advantages over simpler algorithms such as naive Bayes classification. Within predictions,
people’s preferences related to generation technologies and policy factors were identified
as the most important factors influencing energy system design preferences, followed by
demographic factors.

Furthermore, by employing a human-guided artificial intelligence-based workflow,
we do not seek to automate our research processes; thus, we ensured human oversight
and the provision of expertise, in line with the concept of making artificial intelligence
engagement trustworthy [55]. This research identifies insights toward the rapid, fit-for-
purpose deployment of surveys and their utilization toward energy system design.

Our proposed methodology has identified key factors to be investigated in future
surveys, and thus meets our stated goals of reducing survey-related burdens for both
researchers and respondents alike. With regard to future work, the investigation of the
leveragability of publicly available data, including big data and open access databases, to
assess their utilization toward predictive ability would be a useful endeavor. Ideally, the
design of desirable energy systems can be a positive outcome based on this work, leading
to the meeting of energy system goals at a national level while deriving desirable and
equitable outcomes for individuals.

The findings of this research provide a framework for investigating the linkages
between people’s preferences, knowledge, demographics, behaviors, and desirable energy
system design, with potential applications in survey design and targeted question selection
to streamline processes and reduce survey-related burdens, which is broadly applicable to
a number of research fields.



Energies 2023, 16, 4911 14 of 16

Funding: This research was funded by the Japanese Society for the Promotion of Science under
Kaken Grant 22K18039, Social Energy System Design Incorporating Al and Lived Experience.

Data Availability Statement: Data will be made available upon reasonable request.
Conflicts of Interest: The author declares no conflict of interest.
Appendix A

Table A1. Demographics.

# Sex Age Race State Residence Education Married Children Household Personal Job  Household Dwelling Prlvers
Length Income Income Type Members Type License
1
2
3
4
Table A2. Technology knowledge.
# S Wind  Biomass Geothern Hydro Hydroge CCS CCU BECCS FCV Nuclear Rt [ron
PV Y yrog Fuel Seeding
1
2
3
4
Table A3. Policy knowledge.
. .. Energy Paris RE Kyoto Energy Just
#  Liberalization Efficiency Agreement INDC  FIT  COP Portfolio Protocol IPCC SDGs Mix Transition
1
2
3
4
Table A4. Technology preferences.
# Coal LNG 0Oil Nuclear Solar Wind Biomass Hydro Geothermal
1
2
3
4
Table A5. Lifestyle preferences.
4 Electricity Gas  Preserving Healthy Convenier Energy irflfe rggr P lflon.- ]finerl%y Safe II,\II o En;‘gy
Cost Cost  Resources Economy  Lifestyle Availability Lo olluting or the Energy ants Near
ability Energy Future Home
1
2
3
4
Table A6. Behaviors.
Installed Solar PV Installed Battery FCV Owned EV Owned Changed Energy Provider

= W N = 3
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