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Abstract: Although Multi-Criteria Decision Making methods have been extensively used in
energy planning, their descriptive use has been rarely considered. In this paper, we add an
evolutionary description phase as an extension to the AHP method that helps policy makers to
gain insights into their decision problems. The proposed extension has been implemented in an
open-source software that allows the users to visualise the difference of opinions within a
decision process, and also the evolution of preferences over time. The method was tested in a
two-phase experiment to understand the evolution of opinions on energy sources. Participants
were asked to provide their preferences for different energy sources for the next twenty years
for the United Kingdom. They were first asked to compare the options intuitively without using
any structured approach, and then were given three months to compare the same set of options
after collecting detailed information on the technical, economic, environmental and social
impacts created by each of the selected energy sources. The proposed visualization method
allows us to quickly discover the preference directions, and also the changes in their
preferences from first to second phase. The proposed tool can help policy makers in better
understanding of the energy planning problems that will lead us towards better planning and

decisions in the energy sector.

Keywords: Multi Criteria Decision making; Energy planning; Group judgments; AHP; GAIA;

Visualization.

1 Introduction

Energy planning is an important process that has long-range implications but unfortunately, the
process is not trivial as it involves many stakeholders with different backgrounds, and has to be

analysed in many contexts including the social, economic, environmental and technical contexts.
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To facilitate this process, multi-criteria decision making (MCDM) methods have been
extensively used to prioritize available options after assessing and synthesizing all the
individual preferences . However, the aggregative approaches like Analytic Hierarchy
Process (AHP) have low explanatory power and results are often not enough to reach to a
consensual decision by stakeholders, especially when they have divergent views . Itis
therefore necessary to identify the points of agreements and disagreements before initiating a
negotiation process. In response to this need, Graphical Analysis for Interactive Aid (GAIA)
was developed to capture different views of DMs with respect to many criteria and to display
them graphically. The GAIA method was initially proposed to complement PROMETHEE which

is widely used in strategic decision making |3]. GAIA has recently been combined with

Geographical Information Systems [4] and FlowSort .

In this paper, we propose to combine the GAIA method with AHP and show its usefulness in the
area of energy policy making. We investigate the visualization of preferences and their evolution
in situations where additional information is acquired during the decision making process. The
proposed combination (AHP-GAIA) displays a graphical representation that can easily highlight
the presence of any like-minded decision makers/agents or opposite minds, and can also reflect
changes in their preferences over time. This hybrid method has been applied in a two-phase
experiment. In the first phase, participants were asked to rank seven energy sources in the
United Kingdom for the next 20 years. Each participant compared the options in pairs without
any specific tool (i.e. on a piece of paper). For the second phase, the participants were informed
about the widely-used criteria to evaluate the energy sources, and were asked to produce a
documented report on how well the energy sources were fulfilling these criteria. Three months
later, the participants submitted their reports that showed their analyses of the seven energy
sources with the help of AHP. The adapted GAIA approach was then used to visualize the change
in participants’ preferences. In both phases, the solar energy has been found to be the most
preferred choice, while coal remained the least preferred. Interestingly, the dispersion of the
opinions decreased in the second phase i.e. more participants were found in agreement with

each other after performing the detailed analysis of the selected energy sources.

The proposed technique of AHP-GAIA has been implemented in an open-source software tool -
called PriEsT - that helps visualize all the preferences of multiple stakeholders in a single plot.
We believe that the proposed technique can help policy makers towards understanding the
preferences of each stakeholder and therefore can help towards better justification, better

communication and even towards better ways for negotiation.



The remaining paper is structured as follow: Section 2 reviews the literature on energy planning
with multi-criteria methods. Section 3 introduces the AHP and GAIA methods; Section 4 then
proposes the use of GAIA in AHP group decision making. Section 5 presents the experimental

analysis and their results; and Section 6 concludes the paper with possible future work.

2 Literature review

Energy planning is becoming more and more complex as demands are increasing for more
energy while at the same time, challenges like environmental impact, safety, security, and
economic viability are all pressing for a need to have better technology and tools in the field of
energy production and planning. Although several methods have been proposed to assist the
energy planning process, the two most widely-used techniques found in literature are the use of

simulation and multi-criteria decision making techniques.

2.1 Simulation
Simulation can be defined as the imitation of an operation or set of operations that helps

understanding a real-world process or system. To have a proper simulation results, one must
construct a model with the key representation of the process. However, due to practical
limitations, models are often simplified with a number of assumptions. For example, Ma et al.
El examined the present energy structure in Hong Kong and modelled three different scenarios
representing three different types of energy mix (i.e. combination of different energy
production mechanisms to meet the overall demand) to assess the situation by 2020. Similarly,
the possibility and the challenges in Macedonian |7] and Hungarian |8] energy production have
also been investigated using simulation tools like EnergyPLAN. They assessed the use of
renewable energy sources to reduce their dependence on energy-related imports. There exists a

number of such studies based on simulations for different countries, for example, Serbia E',

China , and Korea .

As several scenarios are possible, simulation in itself is often not sufficient to take a decision. It
provides support and information but not a definitive answer. Therefore multi-criteria methods

have been largely used in this respect, as described in the next section.

2.2 Multi-Criteria Decision Making
Multi-criteria decision making methods help decision-makers to take a single or group decision.

These methods involve a set of incommensurable quantitative and qualitative criteria to assess

a set of alternatives. The MCDM methods have been recognised to be well suited for solving

energy planning problems [1] and have been extensively used in the literature|Table 1Table




1Tablet{summarizes the most widely used MCDM methods that has been published in the

energy policy making literature. According to the surveyed literature, AHP and PROMETHEE are
the two most widely used methods. Another recent trend is to use hybrid methods to overcome
weaknesses of one method by the strength of another method. The method proposed in the next
section also belongs to the same family where we propose a hybrid approach combining the

AHP and GAIA methods.

Table 1 The use of MCDM methods for energy policy making

Single Method Acronym References
Analytic Hierarchy Process AHP [g" 12—23|
Analytic Network Process ANP
Data Envelopment Analysis DEA 26)(27]
ELimination Et Choix Traduisant la REalité ELECTRE E
Multi-attribute Utility Theory MAUT 2][22][29-31]
Ordered Weighted Averaging LOWA E
Preference Ranking Organization METHod for PROMETHEE ?"5"2_3" 34—39|
Enrichment of Evaluations

Technique for Order of Preference by TOPSIS
Similarity to Ideal Solution

VliseKriterijumska Optimizacija | Kompromisno VIKOR
Resenje

Novel Approach to Imprecise Assessment and  NAIADE
Decision Environments

Fuzzy logic

Grey Relational Analysis GRA

Simple Additive Weighting SAW
Choquet integral
Multi-Objective Optimization by Ratio MULTIMOORA
Analysis

Measuring Attractiveness by a Categorical MACBETH

Based Evaluation TecHnique

Additive Ratio Assessment ARAS

Hybrid Method References
AHP- (Additive Ratio Assessment Method) ARAS 47

Fuzzy AHP 46/148-56]
Fuzzy TOPSIS i
ELECTRE- NSGA-II 58]

Fuzzy Multi-Objective Optimization by Ratio Analysis E
(MULTIMOORA)

AHP-VIKOR 60]
AHP-Fuzzy VIKOR 61)(62]
Complex Proportional Assessment (COPRAS)-AHP E
Probabilistic forecasting — ELECTRE IlI E




Probabilistic forecasting — weighted sum method
Fuzzy Axiomatic Design

In all these studies, a very static view of decision making has been taken as the decision analysis
in these studies does not take into account any change in the environment. For example, the
Fukushima disaster has completely changed the energy policy of Japan and many other
countries and therefore, it is important to have tools to visualize changes in preference

directions over time.

2.3 State of the art analysis
Recent studies show that simulation and MCDM are the two techniques that are widely used in

energy policy making. Simulation has the advantage that it allows temporal modelling of a
dynamically changing environment, however a number of assumptions are generally taken into
account due to the use of simplified models. Different assumptions lead to different scenarios

and therefore the final decision generally does not remain straightforward.

On the other hand, unlike simulations, the MCDM methods do not offer analyses of decisions in a
dynamic environment. As energy policy making and planning is not a static procedure and
changes need to be taken into account, we construct a hybrid multi-criteria decision making
method that can be used to track modifications happening due to changes in the external
environment. For this reason, there is a need to develop a descriptive tool that should display
the preference changes over time. Such a descriptive tool will prove highly useful that can help
policy makers to communicate their analysis easily to all the stakeholders. The literature shows
that such a tool is highly desirable and yet currently missing . In this paper, we address this
weakness by complementing the AHP method with a visual analytic tool, GAIA, for describing

the preferences of each stakeholder and the evolution of these preferences with time as well.

We briefly discuss the AHP method below first to justify its use and how it can be extended with

a visual analytic capability.

3 Analytic Hierarchy Process

3.1 Basics on AHP
AHP is a widely-used MCDM technique with the following two important features as compared

to other MCDM methods :

o The decision problem in AHP can be decomposed into a multi-level hierarchical structure of

criteria. The criteria at the lowest level of the hierarchy are considered ‘atomic’ in a sense



that they could not be decomposed further. The alternatives are then placed below these
‘atomic’ criteria.

o All the evaluations are provided through pairwise comparisons and priorities are derived for
every criterion at each level of hierarchy. These priorities are then aggregated to generate an

overall prioritization score for each alternative.

In AHP, the decision-maker is usually asked to compare alternatives and criteria on a linear
scale of 1 to 9, where 1 implies indifference, 9 implies extreme preference, and all the
intermediate values are equally spread between these two extremes. AHP has therefore the
advantage of not requiring explicitly a table of scores and/or a utility function. Although several

other scales exist, the use of 1 to 9 scale dominates all the other scales.

For larger problems, the number of pairwise comparisons increases significantly, and as most of
these comparisons appear redundant, the process of pairwise comparison appears to be a less
productive task. However, these apparently redundant comparisons help us detect and
measure the level of inconsistency in the respondent’s judgments. A high inconsistency may
indicate an error or a random filling of the evaluations. Several inconsistency indexes have been
developed and several methods have been proposed to automatically improve the
consistency in pairwise comparison judgments (Cao et al. 2008, Siraj et al. 2012). However,

some empirical results show that automatically improving the consistency may decrease the

quality of the decision .

From the comparison matrix, several methods have been proposed for calculating the priorities
. The two most used methods are the Eigenvector method and the Geometric Mean
method . The estimated priorities are normalised (}.; p; = 1) in order to aggregate them.
This commensurability of priorities is useful for using GAIA (discussed in Section.

3.2 AHP for group decision making
As described earlier, the important feature of AHP is to decompose the decision problem into a

hierarchy of criteria. This idea of decomposition can easily be extended for group decision
making as well by simply adding another layer for participants (i.e. decision makers) in the
hierarchy above the criteria . In this case, each decision maker is asked to solve
independently the problem and then their priorities are aggregated to generate the overall

scores.

However, a mere aggregation of all the scores may lose important information content and
sometimes may even produce a misleading result. For example, if one decision maker considers

Solar energy to be the most preferred and another considers it to be the least preferred; the



average of the two decision makers may place ‘Solar’ energy in the middle of the preference
scale, which does not satisfy both. Although, this can be seen as a logical compromise, the final

outcome does not depict faithfully the preference of any of the two decision makers.

To effectively analyse and communicate the results, it is advantageous to offer the prioritization
results in a tool where decision-makers can clearly visualize the underlying preference
structure. This visualization may appear a simple task when there are few decision makers and
few alternatives but it becomes a serious issue as the numbers increase. Therefore, in the, next
section will explain how the entire information can be visualised within two or three

dimensions.

4 AHP-GAIA - A visualization aid for AHP

4.1 Constructing the GAIA plan

The idea of GAIA is to represent multidimensional information in a low dimensional space with
as much information as possible. For example, a decision problem that involves six criteria will
have six-dimensional scores assigned to each alternative, which is impossible to visualize in a
conventional Euclidean space. This is sometimes referred to as “curse of dimensionality”. To
solve this problem, GAIA borrows the idea of dimensionality reduction from principle

component analysis - a widely used technique to find and sort axes of maximal variance.

Consider the priority decision matrix M with n alternatives (4;| { = 1,2, ...,n ) and m decision
makers (D;| j = 1,2,...,m), where sj is the priority of alternative i for decision-maker j.

S11 S12 v S1j 0 vt Slm'l
| S22 S22t Szt Sam|
Mpxm = | Si1 Si2 t Sij t Sim |
lSnl Spz  t Snj v SnmJ

This matrix has the property to be unit less due to the fact that the priorities are calculated from

pairwise ratio comparisons (section|3.1). The relative scores are calculated with the additional

constraint of normalization i.e. }; s;; = 1. Therefore, the data can be represented in an m-
dimensional space with n vectors. Each dimension in this space represents one of the m
decision makers. The n alternatives are located in this space according to their relative scores

given by the m decision makers.

As an illustration, we consider a simple case of having only two decision makers with the

following priority decision matrix:



DM1 DM?2

10.40 0.057 Gas
0.10 0.10| Nuclear
0.05 0.40]| Solar
M =10.05 0.25| Wind
0.25 0.05! Coal
0.20 0.05] 0il
L0.05 0.204 Tidal

With only two decision makers, it is easy to visualize their preferences, as shown graphically in

Figure 1Eigure1FEigure-1 The first decision maker prefers conventional sources of energy (Gas,

Coal and Oil while the second one is inclined towards the renewable energy alternatives (Solar,
Wind and Tidal). The combined view shows that the ‘Nuclear’ alternative has a central location

but ranked very low by both decision-makers.

Individually viewed DM 2 Combined view

Gas 0.4 Solar @

Coal Wind

Oil 0.2 Tidal

[=]
w

Nuclear (1 Nuclear

Solar/
Wind/Ti... 0il/Coal/Gas

Figure 1 Visualization of the two decision makers’ preferences

The same visualisation for three decision makers can be plotted in a three-dimension space.

However, the visualization becomes difficult for more than three decision makers.

In the case of many decision makers, we can use the dimensionality reduction technique of the
principal component analysis, as pointed out earlier. In order to display the maximal
information, we display the data on a plane with the two axes having the maximal and next-to-

maximal dispersions. These two axes correspond to the first two principal components.

In order to map the decision table on first two principal components, we compute the co-

variance matrix C, C = MM, where M denotes the transposition of M. The égenvalues A=



1, ...n) of C represent the amount of information contained in each principal component and

their respective eigenvectors represent the direction of the principal component.

The two eigenvectors u and v with the highest eigenvalues correspond to the first two principal
components. The coordinates of each alternative i in the (u, v) plane are given by (u;, v;) =

(MiT wu, M;T v), where M; is the ith row of M.

As the decision makers were represented along each axis in the original space, their translation
in the(u, v) plane represents the preference direction of each decision maker. This can be
calculated as the projection of the original axes on the (u, v) plane i.e. (e, u, e, Tv) wheree, is

the unit vector direction of thé"ldecision maker in the original space.

The overallpreference direction can also be calculated in a similar fashion by taking projection
of the original weight vector on the (u, v) plane i.e. (W u ,w”v), where w is the weight vector
given to the decision makers. This is also known as the decision stick in the PROMETHEE

context.

In the projection, some information is lost. The amount of preserved information is calculated

with:

Mt

¥4
j=1/1j

where A; and A; are the highest two principal eigenvalues.

This idea of extending GAIA for AHP have been programmed and tested in PriEsT which is

an open source software tool available online.

4.2 Interpreting the GAIA plane

An illustrative example of a GAIA plane with more than two DMs is given in|Figure 2Eigure

2Figure-2] where the preferences of four decisions makers are represented by four vectors (see

arrows DM1, DM2, DM3, and DM4 emanating from centre) and the alternatives are represented
by dots. The decision stick (labelled as DMG) represents the compromise decision direction
amongst all the decision makers. The reading is done by projection on the relevant arrow. For
example, we can thus notice by projection on DMG, that alternative A3 is the compromise

alternative for the given group of decision makers. For DM4, alternative A1l is the best.

An angle between two vectors represent the degree of consensus between the two decision
makers i.e. the smaller the angle between two arrows, the similar their preferences are. For

example, DM1 and DM2 in|Figure 2Eigure 2Figure2|have similar preferences but DM3 and DM4




have almost opposite (conflicting) preferences. Finally, if alternatives are close, it means that

they are similarly ranked by the decision makers (e.g. A2 and A4).
 DM1

e DM2

DMG
O
Al

A3

A5
DM3

Figure 2 Example of the obtained AHP-GAIA graph

5 Case study

The GAIA-AHP hybrid group decision making method and visualisation has been used in a two-
phase experiment to investigate the difference of intuitive versus informed and structured
decision in the energy sector. Postgraduate students in the Portsmouth Business School were
asked to estimate the importance of seven sources of energy production (coal, gas, nuclear, oil,
solar, tidal and wind) for the next twenty years for the United Kingdom. Students are an
important voting class and it is important to know their opinion. Furthermore, students belong
to the next generation of policy makers and are the most open to new methodologies and
technologies. The data were collected from participants in two distinct and successive ways. In
the first phase (intuitive approach), each participant compared the seven alternatives in pairs
intuitively, without first decomposing the problem into multiple criteria. In the second phase
(investigative approach), the participants were given three months to explore and investigate
the topic before submitting their final reports and using a structured approach. The detailed

description and results of these two phases are described below.

5.1 Intuitive decision making

10



The participants were educated to use AHP. They received a three hours lecture on AHP and
case studies solved with the method. No information is given on the energy sector. Immediately
after, each participant filled a self-administered questionnaire in class. They were asked to
pairwise compare on a 1-9 scale the overall importance of the seven energy sources in next
twenty years, without breaking the problem into multiple criteria. We call this phase intuitive
because the participants provided their judgements based only on their current knowledge on

the topic. See Appendix A for the questionnaire provided to the participants for this phase.

Out of the total of 82 participants, 45 participants managed to fill in all the 21 pairwise
comparisons correctly (e.g. some did not fill the whole questionnaire, or they gave evaluations

outside the 1-9 scale, or they provided two different judgements for one comparison).

Out of these 45 matrices, only 15 matrices were found acceptable according to the consistency
threshold of CR<0.1. However, instead of rejecting the 30 inconsistent matrices, we also
analysed the preferences generated by these matrices and compared them with the consistent

ones. The mean and variance energy priorities for these two groups and the combined two

groups (i.e. for all participants) are given in[Table 2Fable2Table 2] As discussed in section|3.1

the AHP method allows the decision makers to be inconsistent and to have priorities calculated.
Therefore, our testing hypothesis is that both the consistent and inconsistent comparison
matrices bear equally useful preference information. To verify our hypothesis, we performed an
F-test to investigate whether consistent and inconsistent data acquired from the decision

makers have similar characteristics.

The bottom part of| Table 2Table 2Table 2[provides the F-values and p-values showing analysis

of variance between inconsistent and consistent data obtained from the participants. The
results show that the consistent and inconsistent data were not significantly different from each
other, with an exception of the data for “Coal”. As the two groups were not significantly
different, we treat them indifferently as a single group of respondents. The exception of “Coal”
was not investigated as it was not the main reason of this research. Nonetheless, this could be

an area of further investigation.

Table 2 Preference scores elicited from the intuitive approach (the first step). F-test for
comparing consistent and inconsistent data (F_crit(1, 29) = 2.05, a = 0.05)

Solar Wind Nuclear Tidal Gas Oil Coal
Inconsistent data 19.9+1.4 15.4+0.5 16.1+1.2 11.6+1 15.1+0.9 11.6+1.2 10.4+0.8
Consistent data 21.9£1.0 16.2+0.7 15.4+1.1 16.0t£1.1 11.6£0.8 11.2+1.1 7.840.3
Combined data 21.241.1 15.9+0.6 15.6+1.1 14.5+1.1 12.7+0.8 11.3#1.1 8.7+0.5
F-value 1.285 0.660 1.105 0.886 1.081 1.096 2.286

11



p-value 0.274 0.207 0.394 0.419 0.412 0.400 0.029

The preferred solution by the participants was the ‘Solar’ energy based power production,
followed by the ‘Wind’ energy. However, the average preference of all the participants does not
give much information. Therefore, a detailed analysis, the preferences of the 45 decision makers
can be visualized with GAIA as a two-dimensional plot wherein each alternative is shown as a

circle. Each decision maker is represented as a vector pointing towards his/her direction of

preference. For example, the participant with label ‘W’ can be seen as a vector in|Figure 3Eigure

3FEigure-3|that points downwards toward the ‘Wind’ and ‘Tidal’ alternatives (and in the opposite

direction of nuclear and oil). This means that this participant prefers the former alternatives.
Similarly, the participant with label ‘Q’ has a vector pointing towards ‘Oil’ implying that this
participant is in favour of Oil-based power production. Another interesting observation on this
plot is that the alternatives are grouped according to their similarity. It can be seen that ‘Oil’,
‘Coal’, and ‘Gas’ form a distinct cluster that clearly shows that participants considered the three
alternatives similar to each other. Similarly, ‘Wind’ and ‘Tidal’ were considered closer to each

other.

The plot also shows the combined preference of all the decision makers (considering them all
equally important). The overall preference direction is shown as a vector with label ‘D0’. In this
case study, the combined preference of the participants is clearly in favour of the ‘Solar’

alternative, followed by the ‘Nuclear’ alternative.

12



Information content is 70.67%

Figure 3 Visualizing the alternatives and decision makers in PriEsT for the intuitive approach

It's worth noting that the information content in the plane is 70.67% (as shown on the top-left

of the plot in|Figure 3Eigure-3Figure-3) which is the amount of information captured by the first

two principal components.

5.2 Investigative decision making
In the second phase, the participants were asked to explore and investigate the same seven

alternatives while considering technical, economic, environmental, and social aspects. The
participants had three months to write a small report, which was a graded assignment.
Therefore, they had a clear incentive to seek information. The participants were asked to submit
a two-part report (see Appendix-B); the first part containing a literature review on the seven
energy sources and describing how these sources are fulfilling the four given criteria. The
students were advised to further decompose these four criteria if deemed necessary, and were
also advised to read the sub-criteria listed by . The second part of the report was to present

their energy source evaluations with AHP as regards to the four main criteria.

13



Among the valid 45 participants of the first phase, 41 took part at the second phase. 8 of these
submissions were not included in the analysis because their submitted reports were
inappropriate (too weak literature review or AHP energy problem not solved), therefore only
33 participants have completed all the research procedure correctly and were analysed.. The

results of the second phase are given in|Table 3Table 3Table3

Table 3 Energy source preference scores

Solar Nuclear Wind Gas Qil Tidal Coal

Mean * variance 19.9+1.4 16.1+1.2 15.4+0.5 15.1+09 11.6%1.2 11.6¥1 10.4+0.8

As in the previous phase, a GAIA plane is constructed (Figure 4Eigure4Figure4). The

information content in the plane is shown on top-left as 85%. In this plane, as in the first phase,
the alternatives ‘Gas’, ‘Coal’, and ‘Oil’ are again forming a cluster. Similarly, ‘Wind’ and ‘Tidal’
remain close to each other as well. The intra-cluster distance is reduced which implies that after
investigating the seven alternatives, the participants considered the conventional alternatives of
‘Gas’, ‘Coal’, and ‘Oil’ much closer to each other, and similarly the two renewable energy
alternatives of ‘Wind’ and ‘Tidal’ closer to each other as well. However, interestingly, the
alternative of ‘Nuclear’ has been considered closer to the conventional form of energy
production, which was previously considered closer to the ‘Solar’ alternative and away from the
‘Coal’, ‘0il’ and ‘Gas’ alternatives. Recall that the overall preference vector ‘D0’ was previously
pointing towards the ‘Solar’ alternative, which is now tilted towards the ‘Wind’ and ‘Tidal’
alternatives. In other words, the participants have reported the two renewable energy

alternatives to be of higher importance after investigating the issue in more detail.

14



Information content is 85%

Figure 4 Visualizing the options and decision makers in PriEsT for the investigative approach

In the previous case, all the vectors representing individual decision makers were scattered
around the origin. However, in this case, almost all the vectors have shifted away from the

conventional means of energy production (and also nuclear energy).

5.3 Visualizing the shift in preferences
From the analysis of the two phases, it is evident that the ‘Solar’ option remains to be the most

preferred one; however, the overall preferences have slightly changed. The similarity and

difference between the two phases is summarized in|Table 4Table4Fable-4| The scores for Solar,

Nuclear, Gas and Oil have gone down (on average), while the other three options (Wind, Tidal,
and Coal) have moved slightly upwards. The positive correlation values for the Coal, Oil, and
Tidal options suggest that the individual preferences remained similar. On the contrary, the

DMs did change their opinions about the Nuclear and Gas options.

Table 4 Preference shift and correlation between initial and final phases

Solar Nuclear Wind Gas Oil Tidal Coal
Mean difference -2.24% -2.05% 2.32% -0.26% -2.25% 3.05% 1.43%
Pearson's Correlation 0.0522 -0.1242 0.1709 -0.1280 0.3521 0.2429 0.5551

In order to better represent the evolutions in the decision makers’ mind between the first and

the second step, the two figures|Figure 3Eigure 3Figure-3[and|Figure 4Figure 4Figure-4| have

15



been combined into a single graph (shown in|Figure 5Eigure SEigure-5)|Figure SEigure SFigure
represents anew developed GAIA-AHP Map which combines the GAIA-AHP map of Phase 1

(shown in circles with bold outline) with the GAIA-AHP Map of Phase 2 (shown in circles with
thin outline). This has the advantage to show the evolution between the two situations. The
figure is obtained as follows: the coordinates of all the points for Phase 1 (we term GM1) and

for Phase 2 (we term GM2) are computed separately. Then, the angle between the decision stick
of GM1 and GM2 is computed (while using the same origin for both planes). The options (circles)
in GM2 are then rotated around the origin of the plane with amplitude defined by the calculated
angle. Performing this rotation allows us to have the dots of the two different phases on a
unique plane. The shift between the two phases is indicated by the distance between two
alternatives. The comparison of two scenarios within one plane is a distinctive feature of the

PriEsT software.

Figure SEigure SFigure-5|clearly highlights the change in preference direction - see the dashed

lines for each alternative with arrows pointing from their old preference position to the new
one. For example, the alternative ‘Solar’ has shifted rightwards depicting that the strength of its
preference has reduced. By contrast, the ‘Wind’ and ‘Tidal’ alternatives have both gained their
preference weights in the second phase of study. Also, the conventional alternatives of ‘Gas’,
‘Coal’, and ‘Oil’ came closer to each other in the second step. Last but not the east, the alternative
‘Nuclear’ has reduced its preference weight and has shifted closer to the conventional energy

alternatives.
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Figure 5 Combined view of results obtained from both the intuitive and the investigative
decision making

We consider these plots highly useful to show the evolution of preferences and also to highlight

any possible clustering of similar alternatives and/or the de-clustering process.

6 Conclusion

Energy planning is a complex problem that has been often solved with multi-criteria decision
methods. These methods have the strength to incorporate technical and subjective conflicting
appreciations. In this paper, we complement AHP with a visualisation tool in an open-source
software tool that helps visualize the preferences of multiple stakeholders in a single plot. This
descriptive feature allows policy makers to better understand the preferences of stakeholders,

and has the ability to provide better justification, improved communication and negotiations.
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We applied the combined AHP-GAIA software to understand the preferences of participants
toward the different energy sources for producing electricity in next twenty years for the United
Kingdom. We show the usefulness of the single two dimensional plot which helps toward
gaining insights into the preference structure. Firstly, all the decision makers can be shown on
this plot with their preference directions. Secondly, the alternatives are grouped according to
their similarity. And thirdly, the overall preference direction can also be shown. In both stages
of the conducted experiments, the participants rated solar energy as the most preferred
alternative while the use of coal was least preferred. Overall, the preferences have only slightly
changed between the two phases. This suggests that the participating students were well aware

of the energy planning problems.

[t can also be seen in the GAIA plane that the cohesion of the preferences increased in the
second phase. This indicates that informed participants tend to have less dispersed preferences.
Therefore, it somehow suggest the usefulness of sharing information among the stakeholders
before any decision process. This confirms the good practice of some countries (e.g.
Switzerland), that in their direct democracy process, include an accessible, objective and
complete informative leaflet with the ballot paper for all votes, e.g. to accept to introduce a new

tax on CO2 to support the green energy or to decide an embargo to nuclear energy.

The proposed hybrid tool has many future applications as it can help policy and decision-
makers to establish more informed, consensual and improved complex energy planning. Also, it
is to note that AHP-GAIA is generic enough to be used for many decision problems, thus opening

up an avenue to a large range of applications.

Finally, although we have considered the AHP and the GAIA methods in this research, the
descriptive components can be introduced and investigated for several other MCDM methods -

another area for future research. .
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APPENDIX-A
Participant no:

PHASE-1 Intuitive ranking

To compare in your opinion the importance of options for energy production in the UK in 20

year time

Presently, gas and coal-based plants are the major contributors towards the overall electricity
production in the UK, followed by the nuclear power plants. However, renewable energy has
attracted much attention in the recent years and is considered to be replacing the conventional
power plants in next couple of decades.

You are asked to compare, according to your opinion, the importance of the following available
options for the production of electricity in the UK in 20 year time:-

NATURAL GAS

NUCLEAR ENERGY
SOLAR ENERGY

WIND ENERGY

COAL ENERGY

OIL ENERGY

TIDAL and WAVE ENERGY

Noulhkwbh e

Fill in the following pairwise comparison matrix with your judgments. Please use the Saaty’s
scale of 1 to 9 (or the reciprocal values 1/2 to 1/9).

[Sa]
=
~

< 3

— Eé a 3 é

2 5 5 E 3 =z ¢

&} Z wn 3 &) o ;
GAS
NUCLEAR
SOLAR
WIND
COAL
OIL
TIDAL/WAVE
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APPENDIX-B
PHASE 2

To investigate the options available for energy production in the UK

Introduction

This phase gives you a chance to practically apply Analytic Hierarchy Process (AHP) with Expert
Choice to rank different options for the next electricity generation (i.e. in 20 year time) in the
UK.

Objective

You are required to prioritize according to your vision the following available options for the
production of electricity in the UK:-

NATURAL GAS

NUCLEAR ENERGY

SOLAR ENERGY

WIND ENERGY

COAL ENERGY

OIL ENERGY

TIDAL and WAVE ENERGY

Noulswbh e

Although there exists several ways to produce electricity, these methods have been carefully
chosen for this assignment. In order to prioritize, you need to analyse these options with respect
to the following criteria:-

1. Technical

2. Economic

3. Environmental

4. Social
Deliverables

Your report should have the following section:

Introduction

Brief literature review on energy

Problem structuring in a hierarchical form with description of the model

Problem solving with Expert Choice

Analysis and discussion of the results, including details of the recommendations you
would make to the decision maker sensitivity analysis

Conclusion

e References to books, articles, etc. that you make use of.

The electronic file of Expert Choice and all matrices must be submitted in appendix.
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