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a b s t r a c t

Energy-related investment decisions in the buildings sector are heterogeneous in that the outcome for
each individual varies according to budget, values, and perception of a technology, even if an apparently
identical decision task is faced. In particular, the rate of adoption of new energy-efficient technologies is
often hard to model and underlines the need for an advanced approach to capture diversity in decision-
making, and enable the inclusion of economic, comfort, environmental and social aspects. This paper
presents an enhanced agent-based model that captures several characteristics of consumer behaviour
that influence investment decisions. Multiple agents with different objectives, search strategies, and
decision methods are implemented. A case study is presented which illustrates the benefits of the
approach for the residential sector in the UK. The agent-based method shows diversity in investment
decisions, without requiring the constraints on uptake needed in many models. This leads to a range of
technologies in the market during a transition phase, continuous investment in low capital cost tech-
nologies, and eventually the emergence of a low carbon system based on new mass market technologies.
The system that emerges is vastly different from one observed when economically rational investment is
assumed and uptake constraints are applied.

© 2019 Elsevier Ltd. All rights reserved.
1. Introduction

Climate change has become increasingly important since it
gained global attention in the late 20th century. The implementa-
tion of the Paris Agreement to hold the increase in global average
temperature to well below 2+C requires radical change in all energy
consuming sectors [1]. Within this context, buildings account for
almost a third of final energy consumption globally, and an equally
significant amount of CO2 emissions [2].

While some low-carbon technologies have been shown to be
economically competitive, limited understanding of the consumer
perspective may block large scale commercialisation [3]. Many
barriers such as overseen technical problems and unwillingness to
abandon the status-quo also affect the uptake of technologies [4]. It
is apparent that the diffusion of technologies and related invest-
ment decision-making process is more complex than characterized
in many models. Beside several important economic and environ-
mental criteria that people take into consideration when making a
decision, investment behaviour is also influenced by social and
psychological factors. Hence, behavioural models are needed that
include these psychological and social factors along with technical
and economic aspects [5].

To account for the consumer behaviour, this paper presents an
agent-based model that is integrated within the building sector in
the MUSE framework, the ModUlar energy systems Simulation
Environment, an integrated assessment model (IAM) developed at
Imperial College London. An overview of MUSE is provided in
Appendix A.
1.1. Literature review

To build a model of decarbonisation investment behaviour for
the building sector, they key elements influencing consumer in-
vestment behaviour need to be identified.
1.1.1. Factors affecting the decarbonisation investment behaviour
Several studies [6e10] outline decarbonisation strategies and

analyse potential pathways for the decarbonisation of the UK
building sector. For example [10], identifies the reduction of the
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carbon intensity of the energy carrier, the reduction of the heat
demand, and the development of low carbon heating technologies
as key elements to achieve a significant carbon reduction. Similarly
[6], highlights the potential of an increase in building performance,
re-engineering the heat supply or increasing efficiency of existing
technologies. The results of [7] also emphasize the need for a better
insulation of all dwellings, alongside a rapid and substantial in-
crease in green energy. In contrast to other works, the study in
Ref. [8] integrates one further aspect by examining the role of
community or distinct heating schemes alongside building-by-
building decarbonisation measures. Following the review of
decarbonisation measures above, four main strategies can be
identified (i) reduce service demand via behavioural change (e.g.
turning off lights or appliances) (ii) increase in building energy
efficiency (e.g. daylighting, insulation, controls): (iii) improved or
alternative technologies that meet service demand (e.g. lighting,
appliances, boilers, heat pumps, etc) (iv) adoption of low carbon
supply technologies (e.g. solar PV).

Several factors affecting humans decision making to invest or
engage in the decarbonisation options outlined above have been
investigated by experimental methods and standardized ques-
tionnaires or interviews. In Ref. [11], it is suggested that in-
vestments are carried out based on technical and comfort criteria
after appliances reach their end of life, or economic incentives draw
consumer attention. A similar pattern can be observed in Ref. [12]
where installation cost, technical maturity and feasibility are the
crucial barriers for adoption followed by communication and
interaction between consumers. Similarly to Ref. [12], it is shown in
Ref. [13] that social interactions promote energy-relevant in-
vestments. The results in Refs. [14,15] indicate that economic fac-
tors and product performance are the main criteria with a focus on
fuel consumption over capital cost. They further highlight the dif-
ficulty of introducing new technologies to the market due to social
factors and resistance of social groups. To broaden the scope of the
analysis, the study presented in Ref. [16] includes contextual factors
and personal factors in addition to economic incentives. They point
out the differences in decision making based on age, experience
with a technology, and level of education. A categorisation of all the
possible factors into fivemain subsets is presented in Ref. [17]. They
identify that households’ income has the highest influence on
energy-saving technology investment, but emphasize that the ex-
pected consequences for and beyond the household are regarded as
highly correlated with decision making.

Throughout the reviewed literature three key elements emerge
that should be included in a simulation model of energy-relevant
decision-making processes:

� Integration of the four key decarbonisation strategies.
� Heterogeneous independent decision makers to capture di-
versity in how investment decisions are made.

� A combination of economic factors, social factors and investors’
personal attitude towards technical problems as criteria for the
decision making.
1.1.2. Building sector in IAMs
Integrated assessment modelling is a type of scientific model-

ling often used in environmental science and environmental policy
analysis, characterized by the integration of knowledge from
several domains. Apart from MUSE, a variety of IAMs exist, all
differing in methodology, level of technical detail, and geographical
scope. All of these incorporate a building sector element.

WITCH (World Induced Technical Change Hybrid) is a dynamic
global model that includes the most important energy sectors:
electricity, transport, and an aggregated non-electric (industry,
services and residential) sector [18]. The calculation of technology
and fuel switching are based on constant elasticity of substitution
functions where energy investments and resources are chosen
optimally.

MESSAGE (Model for Energy Supply Strategy Alternatives and
their General Environmental impact) is a commonly used energy
system model developed by the IIASA (International Institute for
Applied Systems Analysis). It creates scenarios based onminimising
total system cost of serving demand using linear programming,
where a rich range of technologies are individually characterized
[19,20].

Another example is GCAM (Global Change Assessment Model)
where the market share of all competing technology options is
determined based on a logit-share function on the investment cost
without considering additional factors such as the fuel consump-
tion cost, comfort, emissions or similar [21].

NEMS (National Energy Modelling System) is an energy system
model representing US energy markets. A ‘technology choice’
submodule is introduced: For new investments, the choices are
determined based on the energy shares derived from surveys and
adjusted based on relative life cycle costs. For replacements, fuel
switching costs are determined based on the cost and efficiency of
each technology, and are used to estimate the percentage of con-
sumers choosing each technology [22,23].

TIMES (The Integrated MARKAL-EFOM System) and TIAM
(TIMES Integrated Assessment Model) belong to a family of energy
system optimisation models [24,25]. In the building sector, energy
investment is optimised, with all consumers having perfect
knowledge of all technology options and minimising costs over
long time horizons. Constraints are used to attempt to make con-
sumer decisions more realistic. For example, calculated by drivers
and consumers' sensitivity to these drivers to render a cost optimal
solution. As seen above, in all reviewed energy system models
changes in economic factors and macroscopic demographic figures
are the main drivers where no homeowners’ preferences of end-
use technologies are integrated.

In Ref. [26] a heating preference based methodology is
embedded in TIMES based on survey data about households’
preferences to define fixed constraints on technology switching.
Although this study enables the inclusion of consumer preferences
and splits the large problem into individual sub-problems, the
survey data only guarantees an accurate determination of the
preference constraints for the current point in time.

Another study of the residential and transport sector for France,
which extends the TIMES framework to include heterogeneity and
behaviour, is presented in Ref. [27]. Similar to the study [26] the
problem is split up based on survey data to account for 180
household types independently. Each of the defined households
then minimizes their overall cost subject to budget constraints,
though no non-economic metric is considered.

Recent work with focus on the transport sector in Ref. [28] goes
one step further by adding non-monetary and stochastic elements
in the objective function to increase the heterogeneity in decision
making, yielding the COnsumer CHoice INtegration COCHIN-TIMES
model.

All of the above methods create different consumer segments to
yield heterogeneity in the consumer choice while keeping the
intertemporal optimisation framework of TIMES where the explicit
decision-making behaviour is not directly modelled.

The PRIMES (Price-Induced Market Equilibrium System) model
is a notable exception in that it shows a first approach to include
further behavioural characteristics beside technical and economic
metrics in the calculation of investment decisions by calculating a
perceived cost including fuel share, which is calculated by a func-
tion of fuel costs, households’ income and equipment maturity as
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the basis for investment decisions [29].

1.1.3. Investment behaviour models
Many well-known classic theoretical constructs are concerned

with individual motivational factors as determinants of the inten-
tion of performing a specific behaviour and thus attempt to predict
whether individuals will accept certain new technologies [30].
Some of the influential theories of human behaviour due to their
simplicity and proven suitability are the theory of reasoned action
(TRA) [31], the theory of planned behaviour (TPB) [32], the
decomposed theory of planned behaviour (DTPB), the technology
acceptance model (TAM) [33], and the unified theory of acceptance
and use of technology (UTAUT) [34]. The determinants for the
intention and behaviour differ throughout the models by including
perceived behavioural control, ease or difficulty of performing a
behaviour [32], underlying belief structure [35], or perceived use-
fulness and perceived ease of use [36]. Limitations of TRA, TPB,
DTPB and TAM are the reliance on the assumption that people are
rational and make systematic decisions based on available infor-
mation, and unconscious motives, affective-cognitive view, per-
sonality and demographics are not taken into consideration. UTAUT
differs from other approaches in that it simulates individuals’ actual
behaviour towards certain state-of-art technologies [34]. The
behavioural intention in UTAUT is determined based on perfor-
mance expectancy, effort expectancy and social influence. All
aforementioned models are still criticized to be oversimplified and
questions remain regarding whether they can be used for
explaining human behaviour in dynamic systems [37].

In addition to these approaches, many conceptual frameworks
have been established to describe the factors that can affect the
households' decision on energy use [38,39]. Apart from concept-
only frameworks several studies on individuals’ decision-making
processes adopt static mathematical methods which ignore the
psychological and social influence that could have great impact on
the final decision [40e45]. For example, applied simulation or
optimisation methods require constraints on the maximum ca-
pacity addition of one specific technology at each simulation time
step. These methods are highly sensitive to the choice of constraint
levels, where an accurate identification of these constraints re-
mains challenging. Similar limitations exist for choicemodels based
on logit or nested logit approaches that can include a large number
of parameters that are identified by regression methods. The
identification requires the availability of a set of data to yield a
reliable parametrisationwhere the parameters are identified based
on selection procedures without basis in the physical system.
Another shortcoming on logit models is the independence from
irrelevant alternatives axiom [46] stating that the relative odds
between any two outcomes are independent of the number and
nature of other outcomes being simultaneously considered. Multi-
agent simulations can handle a far wider range of nonlinear
behaviour than conventional equilibrium models [47] and are thus
suitable to model investment decisions in the building sector.

1.1.4. Agent-based modelling
ABM finds its application in various fields to model the dy-

namics of complex systems on a micro-level where macro system
characteristics emerge from the aggregation of the behaviour of
individuals; the decisions of individual agents, their heterogeneity,
and interactions with each other and their environment can be
approached with limited knowledge about the larger complex
system [47,48]. At the macro level, the approach arguably results in
outcomes that have a higher probability of actually occurring. The
core of the methodology is the definition of different heterogenous
agents rather than treating them as a single entity that follows a
single decision method. Each agent is defined by its own goal,
attributes and methodology to solve a specific problem. Although
agents can be defined in various ways and there is no necessary
agreement on a general approach, several characteristics are
believed to be essential [48]:

� An agent is considered as a self-contained and identifiable in-
dividual, with a boundary that enables determination of unique
attributes.

� An agent is autonomous, able to interact with other agents and
is able to get access to informationwithin the environment they
live in.

� An agent's behaviour is goal-oriented. An agent needs to react to
the pre-defined goals and adjust its decision making to achieve
them.

The agent-based method (ABM) can provide an understanding
of the emergent properties of many interacting considerations in
complex circumstances where intuition fails [47].

In Ref. [49], an ABM based on the Power Distance of Hofstede's
national culture model, measures of extroversion, social status,
social responsibility, agreeableness and openness, as well as a five-
factor model of personality is used to model investment decisions
in the transport sector. The work in Ref. [50] focuses on the in-
vestment behaviour according to certain brands and their charac-
teristics based on cost, quality, advertisement, and social influence.
A novelty in this work is the integration of the decoy effect, which
models the change in behaviour if new technologies enter the
market. However, both methods assume a common decision and
search behaviour for all agents where the only heterogeneity lies in
the different objective weightings.

Several ABMs can be found to simulate the land use in the
agricultural sector. Onewidely usedmethod is presented in Ref. [51]
where an ABM is combined with a cellular automata to integrate
spatial aspects. Sequences of linear programming problems are
autonomously solved for each agent based on the same objective
but different cost factors. Adoption constraints are introduced in
form of network-threshold values that reflect the cumulative effects
of experience and observation of peers’ experiences.

Multi-agent models can not only include different decision
criteria but also enable definition of a bounded rationality for each
agent in which the investment decision is carried out [52]. In this
approach several agents with different goals and rationality types
are defined which leads to different search rules and decision
methods. Although this method presents a good approach in
modelling energy investment behaviour, the agents definition is
only carried out for one specific city, technology types available are
limited, there is no distinction between retrofit and new buildings,
and there is no foresight about future energy demand and which
technologies will be decommissioned over time.

Overall ABM help to overcome limitations of conventional in-
vestment models since they enable the integration of a more
realistic consumer behaviour towards technological change by us-
ing several objectives to mimic the versatile investment behaviour
of different decision-makers in a population.

1.2. Main contributions

The focus of this work lies in the development of an advanced
building sector model using an ABM to realistically depict invest-
ment behaviour and subsequent energy consumption, within the
framework of an IAM. In particular, the combination of ABM and
techno-economic investment models presents a promising
approach to overcome current limitations and thus to avoid argu-
ably idealistic representations of energy system change. It takes the
heterogeneity of decision makers into account by the use of several
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socio-demographic factors and subjective criteria (e.g. comfort) to
determine preferences for energy technologies. The proposed
model structure enables the investigation of the technology
adoption in more detail by e.g. examining the influence of the in-
formation gathering and decision making independently. The in
depth analysis further facilitates the identification of target groups
that are more likely to take up specific technologies. The main
contributions of this paper can be summarized as follows:

� An enhanced building sector model using an agent-based
method to represent the real-world decision making via abil-
ity of people to gather information, evaluate the options, and
make decisions.

� A methodology to model the limits, barriers and speed of con-
sumer adoption of technologies, avoiding sensitive constraints
on the technology capacity addition or similar.

� The development of a suitable modelling framework which is
adaptive to several geographical regions to account for customer
needs and cultural differences.

� The distinction between investments required in new buildings
and retrofits of existing building, which has been neglected in
many studies.

� The analysis of the energy transitions of the residential building
sector in the United Kingdom under limited foresight to inte-
grate the uncertainties on future energy demand and price
while simultaneously presenting an adequate investment
behaviour.

The paper is organised as follows. In section two, a descriptions
of the agent-based method, including agent definition and invest-
ment strategy, is given. The parametrisation of the agents is out-
lined in section three. In section four, a case study for the United
Kingdom is used to illustrate the advantages of the proposed
approach. Section five gives a conclusion.

2. Methodology

This section presents how the incorporation of ABM within the
residential building sector module (RBSM) in MUSE provides a
richer depiction of future energy demand and technology choice, by
taking demographic and socio-economic heterogeneity as well as
individual beliefs into account.

There are four potential pathways for decarbonisation of the
residential building sector as identified in section 1.1.1. The current
version of the RBSM focuses on the last two aspects (adaption of
improved, alternative and low carbon technologies) and the former
two points are aspects of future work (behavioural change and in-
crease in building efficiency) and are therefore only indirectly
considered in this paper. The effect of measures reducing energy
demand (e.g. insulation) and behaviour changes in technology usage
are investigated via a sensitivity on the service demand projections.

2.1. Residential building sector module (RBSM)

Within the MUSE framework, RBSM aims to simulate future
final energy consumption based on an investment decisions rep-
resenting real consumers' behaviour in the market, disaggregated
into 28 global regions and temporally resolved into 30 timeslices
per year. In order to take people ‘s attitude towards technologies
and technological changes into account, the RBSM applies a
bottom-up approach to technology characterisation, based on unit
technology cost, efficiencies, lifetime and emissions. It includes 64
different technologies to provide lighting, cooling, space heating,
space cooling, appliances, and water heating. The RBSM is imple-
mented as a two-step simulation approach. First, the service
demand is dynamically calculated for each end-use using macro-
economic drivers. Then the agent-based investment algorithm is
used to determine the technology market share, and, consequently
the fuel mix.

2.2. Investment algorithm

Themodelling concept can be describe by four main steps and is
schematically illustrated in Fig. 1.

In the first step, the end-use demand of each agent is deter-
mined. Dependent on the definition of each agent, a set of possible
technologies, the so-called search space, is created. Technology
choice for each agent is then calculated based on the agent-specific
objectives and the defined decision strategy. The last step is given
by an update of the agent technology stock. Similar to Ref. [52] the
algorithm uses different search spaces, decision strategies, and
objectives for each agent to produce realistic macroscopic sectoral
results.

2.2.1. Definition of agents
The fundamental principle of agent classification used within

this paper is bounded rationality theory [53], which assumes in-
dividuals to have distinct ability to deal with information from the
energy market and to make investments based on their own
decision-making routes and heuristics.

To describe the investment behaviour of the population of a
region, several representative agents are defined and equipped
with a certain set of attributes

A ¼ fObj; SR;DS; TP;B;MT; TS;TO; PPg; (1)
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with one or multiple objectives Obj, search rule SR, decision
strategy DS, new or retrofit type TP, budget B, maturity threshold
MT, technology stock TS, technology ownership TO, and the per-
centage of the population PP represented by the agent.

2.2.2. Objectives
The decision criterion for each agent defines their investment

goals. These are a combination of economic, environmental, tech-
nology dependent aspects and personal factors. Important eco-
nomic metrics are the investment cost, the payback period, the net
present value, and operational costs. Environmental factors are
CO2-emissions, total energy consumption, and integration of
renewable energy. In addition, less tangible factors such as comfort
play an important role. The choice of objectives can be associated
with different investment planning strategies:

� Short-term planning: The main focus lies on the immediate
expenses taking only the required investment for an asset, the
capital cost, into account.

� Long-term planning: All costs emerging over the lifetime of the
asset are taken into consideration. Important decision metrics
are the Net Present Value (NPV) or the equivalent annual cost
(EAC).

� Energy-saving: The main aim is the reduction of the energy
consumption where the fuel consumption or efficiency are the
key decision criteria to identify low-energy technologies.

� Environment: CO2-emissions reduction is the primary criteria.
� Comfort: Individual perception, e.g. thermal comfort or fre-
quency of maintenance.

To date there is no universal standard of assessment for comfort.
A research report from the Department of Energy& Climate Change
(DECC) provides the most commonly referenced criteria by
household owners in the UK [54]. Approximately 30% of household
owners focus on the frequency of maintenance and cleaning of
technologies, around 30% pay attention to users’ experience, and
another 30% take the space occupied indoor and outdoor into
consideration. The remaining 10% pay heed to the installation time,
noise made by equipment, whether it needs the delivery of com-
bustion fuel, etc.

2.2.3. Search rule
The search rules present the first step of the decision process,

the collection of information about available technologies and
processing abilities of the decision makers. They are defined based
on an agent's basic status such as educational level, age, profession
and financial lucidity as well as attitudes shown towards in-
novations and the inherent level of risk. The search rules lead to the
search space of each agent which includes a subset of all defined
possible technologies in the residential sector. The search space
belonging to one agent changes over time depending on the
maturity of each technology, cost, the current technology in use,
efficiencies, and emission characteristics. To capture the different
information gathering strategies, as well as attitudes towards new
technologies, four main search rules are defined:

� Same type: Investors are assumed to rely on mature technolo-
gies and are likely to repeat past decisions by installing a similar
technology which has proven to be reliable.

� Same fuel: Investors are assumed to favour established tech-
nologies that consumes the same fuel as the one that needs to be
replaced to avoid additional costs and intrusive installation.

� Conventional: Investors are assumed to gather more informa-
tion to make their decision including different technology types
and fuel sources but focus remains on established technologies.
� All: Investors are assumed to be sophisticated, open to in-
novations and risk, and able to gather information on all avail-
able technologies.

In addition to characteristic search rules, individual agents use
maturity-thresholds for new technologies that reflect the cumula-
tive effects of experience and observation of peers' investments as
per [51]. This enables the model to capture time lags for adapting
new technologies as they appear in an increased number of agents’
search spaces with increasing market share.

2.2.4. Decision strategies
The choice between possible energy technologies and fuel al-

ternatives for each agent is limited by behavioural constraints [51]
within the decision making process. To capture the heterogeneity,
different decision strategies are implemented:

� Single-objective: This decision strategy uses a merit-order
approach, the technologies are ranked according to the main
objective of the agent and the technology with the lowest/
highest objective is chosen. In case the capacity of one tech-
nology is limited and if it is not enough to cover the demand, the
next technology is added, and so on.

� Multi-objective: Usually more than one objective is considered
during the decision process. To include this in the simulation
model, three possible multi-objective approaches are imple-
mented within the RBSM in MUSE.

The first of themulti-objectivemethods is given by theWeighted
Sum that transforms the set of objectives into a single-objective
objWS by multiplying each objective with a pre-defined weight wi
with i21;…;n

objWS ¼
Xn

i¼1

wiobjnorm;i; (2)

with
Pn

i¼1wi ¼ 1 and normalized objectives objnorm;i to elimi-
nate the effect of magnitude. Hence, a good performance in one
aspect compensates for a poor performance in another, allowing
agents to select the technology with the best overall rating. The
normalized objective of a technology is calculated by

objnorm;i ¼
obji � objworst;i

objbest;i � objworst;i
(3)

with the objective values of the best objbest;i and worst objworst;i
performing technology. Due to the nature of the problem, the
metrics could be interdependent, as for example NPV includes the
present value of the cost of fuel consumption. Another method for
the reformulation of the objective function is given by the Epsilon-
Constraint method [55]. The investment decision is carried out
based on one specific objective where all the other objectives are
constrained within pre-specified values ε2, ε3 and can be formu-
lated as

min obj1
subject to
obj2 � ε2
obj3 � ε3

(4)

All technologies that have a good performance regarding one
objective but show a poor performance for the other criteria are
eliminated.

The third option represents the Lexicographic method [55]. The
method consists of a sequence of single-objective minimisations,
where additional constraints are added after every iteration, as per
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(4). It selects the alternative with the best performance on the most
important aspect. If more than one alternatives show a good per-
formance for the first criteria, filtering will continue to select the
best option with regards to the second priority. This is achieved by
the use of constraints that are determined using the optimal values
of the objectives from the previous iterations. The first iteration
considers the minimisation/maximisation without constraints. The
formulation of the second iteration would therefore be given by

min obj2
subject to
obj1 � d1obj

�
1
�
obj1 � d1obj

�
1;

(5)

with the optimal value of the first objective obj�1 and the sub-
optimality factor d1, which defines the confidence interval. The
amount of technologies selected in each step depends on the
defined confidence interval around the preceding objectives.

2.2.5. Technology stock
Each agent owns a set of technologies, referred to as technology

stock TS, which they subsequently update following the decision-
making process introduced earlier. The initialization of the tech-
nology stock of each agent is carried out using additional agent
attributes such as the agent type, technology ownership, and the
percentage of the population that each agent represents.

First, the agent type, TP, separates the agents in two overarching
categories corresponding to the type of investment: new and
retrofit. This separation requires the linkage of each new agent to
one retrofit agent to transfer its stock to a retrofit agent for the later
renewal of the assets. The use of two separate agents for new and
retrofit investment is based on the influence of the installed
infrastructure, housing type, and experience with using technology
in the retrofit decision. The technology ownership TO is a vector
containing the percentage of each technology that is owned by a
retrofit agent in the base year. All available technologies in the
market are split between the retrofit agents based on these values.

The new type agent iteratively builds up its own technology
stock bymaking investments in new technologies to guarantee that
the demand is always satisfied. The demand for a certain service to
be supplied by each new type agent is assigned in proportion to the
total demand based on the percentage of the population PP rep-
resented by that agent.

The overall algorithm for making investment decisions is
embedded within the RBSM framework and implemented as
shown in Algorithm 1.

Algorithm 1. ABM Methodology.
3. Parametrisation of agents

The modelling concept furthermore includes the aggregation of
available technology characteristics and relevant geographic in-
formation, as well as socio-economic data to define representative
agents, their number and attributes, for one specific country or
region. To establish a consistent parameterisation approach of all
agents, socio-economic andmacro-economic information is used to
reflect agents' social status, age, income and is matched with the
social milieu classification which represents the agent's life atti-
tudes and beliefs.

3.1. Social milieus

In this work, the definition of the different agents is informed by
the SINUS-Milieu-Typology [56]. The SINUS-Milieus link up de-
mographic criteria such as education, occupation, or income with
the actual life worlds of the people, i.e. with their everyday-life,
their fundamental values, attitudes towards work, family, leisure,
money and consumption to provide an insightful real-life image of
socio-cultural diversity. Normally, nine categories could be speci-
fied in terms of individuals’ class and basic values, which are
respectively high achievers, enlightened educational elites, trans-
national trendsetters, adaptive pragmatics, escapists, middle class,
precarious, established conservatives and traditionalists [56]. These
definitions are used to define objectives Obj, search rules SR, and
decision rules DS.

3.2. Macroeconomic data

Beside the use of social milieus, the agent parameterisation is
based on data combining households and demographic informa-
tion to provide a specific agents’ classification:

� Households' infrastructure information to determine the
possible available technologies and relevant energy fuel: Infor-
mation such as building type, construction period, number of
people living in a household and location.

� Demographic and socio-economic information to make specific
classifications and corresponding definition of agents: Infor-
mation such as GDP per capita/household, education level, age,
and employment.

The gathered socio-economic data is further linked to the
SINUS-Milieus to determine the share of the population PP repre-
sented by one agent, the type TP, the technology share TS and their
budget B. Household infrastructure also influences the choice of
search rules SR.

4. Case study and sensitivity analysis

The following study is designed to demonstrate the function-
ality of the algorithm, highlight its benefits and its suitability to
model the building sector in energy system simulation tools. A case
study was carried out for the United Kingdom (UK) to test the
feasibility and the sensitivity of the model. The reader should note
that the RBSM has been developed as part of the global version of
MUSE. The complexity of such global IAMs, which cover the whole
energy system, leads to a consequential need for simplification of
the individual sector modules. The RBSM in its current version is
designed to capture the most relevant aspects that drive consumer
technology choice on a regional scale, with some additional detail
added to support the single-country application presented in this
article. Key points of future work to enrich these characterisations
are the inclusion of dwelling type, tenure, and more detailed
treatment of measures that reduce the energy service demand that
must be met by energy-consuming technologies. The simulation
was conducted to capture the diffusion situation for the technolo-
gies of heating, lighting and cooking fuel for a multi-agent and a
single-objective method. The reader should note that no capacity
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constraints on technology additions are integrated in this approach
and the technology uptake is thus only limited by the choices of the
agents. Addressing the problem of unavoidable subjective in-
terpretations, two sensitivity tests on the agent parametrisation are
carried out: 1) Maturity level, 2) Search rule, objectives and deci-
sion rule.
4.1. Agent classification for UK households

The SINUS-Milieus specialized for the UK are obtained from
Ref. [57] for the classification and attributes assignment of agents.
The basic descriptions of different agents’ stereotypes are gathered
and used as the reference for attributes assignment according to the
explanation from several literature sources [57e61]. According to
the methodology introduced above, socio-economic survey data of
household representative persons (HRP) [62] can be adopted to
allocate households into social groups. The basic classification is
based on a 2-dimensional socio-economic categorisation of HRP in
the UK from July 2012 to June 2014 including income and occu-
pation. The segments of the HRP data are grouped to match the
SINUS-Milieus agent groups, using the share of the population and
classification data as illustrated in Table 1.

To link these results with information about age, the Annual
Population Survey, including the number of employees within six
age ranges for 370 professions, is manually grouped into nine cat-
egories aligning with the HRP classifications given in Table 1 and
can be found in Appendix C. For a simplification, the age groups are
merged into three (e.g. 16e34, 35e54, 55þ) instead of six groups.
This three dimensional social-economic-age classification is finally
linked with data on projection of the housing market [63], house-
hold expenditure and new constructions in the UK to identify the
investment type. The overall agent definition based on the corre-
lation of the different socio-economic drivers is given in Table 2.

The data indicates that several age groups within an agent
classification carry out retrofits instead of investing in new build-
ings, resulting in three retrofit categories. For a simplification in this
study, the retrofit groups are further aggregated. Agent attributes
Table 1
HRP agent classification in UK and percentage corresponding sinus milieus.
are assigned based on the description provided in SINUS-Milieus
[57]. The description comprises the information in three aspects:
the ability to get access to information, wealth level, and the per-
sonality description with regards to making investment decisions.
Correspondingly, an agent ‘s search rule, maturity threshold, and
decision-making method are assigned. The budget limit is deter-
mined based on an agent ‘s average income alongside the average
expenditure on maintenance and repair of the dwelling. The per-
centage of income, which presents the limit on the budget for
making investments in different end-use technologies, is increased
if the ratio of the annual expenditures onmaintenance and repair to
the income is higher than the average ratio. Thirteen representative
agents are defined tomodel the investment behaviour for people in
the UK, given in Table 3.
4.2. Results and discussion

The model is now applied to compare the ABM algorithm with
that of a single-objective model, and to draw insights on sector
decarbonisation. The single-objective model applied for this pur-
pose assumes all investors only use EAC as the decisionmetric, with
growth constraints of 5% per year applied for each technology. The
case study selected for this comparison is the UK, with exogenous
CO2 and energy prices drawn from Ref. [64]. The case study does
not directly account for the changing carbon intensity of electricity,
but rather considers the influence of the carbon price on the elec-
tricity price as a proxy. The inclusion of the carbon intensity of the
power sector may have an impact on agent decisions where those
agents are driven by environmental performance, and given that
electricity emission factors in Ref. [64] indicate a steady decline to
2050. To capture the transition of the power sector future work
concerns the investigation of scenarios of the full MUSE model
including all sectors. For each model, outputs are produced for
cases with and without a CO2 price. Results presented below cover
space and water heating technology. Further results for cooking
and lighting along with corresponding discussion are included in
Appendix B.



Table 2
Summary of HRP agent group classification. The retrofit groups are further divided based on the age ranges.

Agent New [%] Retro 1 [%] Retro 2 [%] Retro 3 [%]

modern
performers 0.76 (age:35þ) 5.70 (age:35þ) 2.41 (age:35-) 0
post materialist 2.61 (age:35þ) 5.65 (age:35þ) 2.76 (age:35-) 0
ground breakers 1.12 (age:35þ) 4.07 (age:35þ) 1.67 (age:35-) 0
pleasure seekers 1.59 (age:35þ) 8.07 (age:35þ) 4.38 (age:35-) 0
quiet peaceful Britain 1.78 (age:35þ) 10.93 (age:35þ) 5.91 (age:35-) 0
precarious 0 3.93 (age: 16e34) 3.11 (age: 35e54) 4.27 (age:55þ)
established 0 2.97 (age: 16e34) 3.90 (age: 35e54) 3.29 (age:55þ)
traditional 0 6.48 (age: 16e34) 5.78 (age: 35e54) 6.87 (age:55þ)

Table 3
Definition of representative agents for the UK.

Agent Objective 1 Objective 2 Objective 3 Decision Strategy Search Space Type

modern performers1 emissions efficiency comfort all Epsilon Con. New
modern performers2 emissions efficiency comfort all Epsilon Con. Retrofit
post materialist1 NPV emissions efficiency all Weighted Sum New
post materialist2 NPV emissions efficiency all Weighted Sum Retrofit
ground breakers1 emission costs NPV comfort all Epsilon Con. New
ground breakers2 emission costs NPV comfort all Epsilon Con. Retrofit
pleasure seekers1 capital costs efficiency comfort all Epsilon Con. New
pleasure seekers2 capital costs efficiency comfort similar Epsilon Con. Retrofit
quiet peaceful britain1 capital costs emissions comfort all Weighted Sum New
quiet peaceful britain2 capital costs emissions comfort similar Weighted Sum Retrofit
precarious1 capital costs efficiency comfort similar Epsilon Con. Retrofit
established1 capital costs emissions costs comfort fuel Weighted Sum Retrofit
traditional1 capital costs NPV comfort existing Lexicographic Retrofit

modern performers - multi-optional; efficiency-oriented top performers, avantgarde when considering consumption and style; very ITminded and risk taking post materialist
- liberal and intelligent individuals; adopt a post-material and liberal outlook of the world ground breakers - high level of geographic and cultural mobility; nonconformist
exploring new field pleasure seekers -modern young individuals with pragmatic outlook on life; fun and entertainment oriented; ambitious and flexible; strong sense of social
responsibility quiet peaceful britain - mainstream of the society; willing to adapt into the new trends; seek for a harmonious lifestyle; fear of social demotion precarious -
lower class; seeking for social belongings; strive to keep up with the standards with the main stream; social disadvantages make them receive a sense of exclusion from the
middle class established - achieve established social responsibility, ethic, the aspirations of leadership; a growing desire for balance traditional - older generations; ever-
greater sense of lagging behind the main stream [56].
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4.3. Space and water heating

Fig. 2 presents the results for the ABM,with andwithout the CO2
price. In contrast with this, corresponding results from the single-
objective model are presented in Fig. 3. Comparison between the
models for the case without the CO2 price shows a broadly similar
Fig. 2. Comparison of diffusion of heating technologies for
result in that natural gas boilers remain the dominant heating
technology due to the fact that they are a reliable, cheap and trusted
technology. This result is nuanced by the fact that the ABM selects a
more diverse range of heating systems, reflecting the diversity of
agents. For the case with a CO2 price, results between the two
models differ much more markedly. The single-objective model
two carbon scenarios using the agent-based approach.



Fig. 3. Comparison of diffusion of heating technologies for two carbon scenarios using the single-objective method.
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adopts heat pumps as fast as possible (up to the growth constraint),
with biomass boilers fulfilling the remaining demand. The ABM on
the other hand shows a distinct transition period in the 2030s
where a mix of technologies compete for market share, before
hydrogen boilers eventually become a trusted technology, enter the
search space of the mass market, and become pervasive towards
2050. The final technology mix produced by the ABM is vastly
different to that of the single-objective model.

The difference in outcomes between the two models is
emphasised by Fig. 4, which presents sector final energy con-
sumption and CO2 emissions over time. The first contrast between
approaches to note is the difference in the sector CO2 emissions
reduction achieved, with the ABM achieving much greater prog-
ress. This is in contrast with the single-objective model, while heat
pump technology enters the market at the maximum rate possible,
their cost characteristics prevent them from becoming dominant,
and ultimately leads to disappointing emissions reduction. How-
ever, it should be noted that if the growth rate constraint in the
single-objective model is relaxed to 7:5% (instead of the base case
5%), much more significant emissions reductions are achieved. This
Figure 4. Comparison of final energy consumption for two carbon scenar
demonstrates the sensitivity of single-objective approaches to up-
take constraints, which is not present in the ABM approach.
Furthermore it highlights the importance of empirically-grounded
modelling strategies. The presented ABM framework enables a
detailed representation of the investors based on empirical data,
e.g. household surveys, and thus manages to overcome some lim-
itations of other models.

Fig. 5 shows more detail on the uptake of heat pumps and dis-
trict heating in the ABM, driven by innovative individuals prefer-
ring these technologies.

Heat pumps are chosen by some agents for new buildings
initially, but over time their increasing maturity makes them
attractive for more agents. Ground source heat pumps are even-
tually favoured over air source even though they have higher
capital cost. Their higher efficiency, and the more appealing prin-
ciple of renewable ‘heat from the ground’, and stable year-round
operation (i.e. comfort) [54] are important in this regard. Varia-
tion in the fuel source for district heating between the carbon price
scenarios can also be explained in similar terms. Without a CO2
price, natural gas is preferred, due to the trusted nature of this fuel
ios using the multi-agent approach and the single-objective method.



Fig. 5. Comparison of diffusion of heat pumps and DHS for two carbon scenarios using the agent-based approach.
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in the UK and relatively low fuel price. With a CO2 price, biomass-
based district heating is preferred due to perceived environmental
credentials. According to Ref. [54], people consider biomass as a
suitable and environmentally friendly heating fuel option. Thus
initially there is an increase in biomass based boilers (see Fig. 4)
followed by a shift to district heating fuelled by biomass. This is
further driven by evidence that communal heat supply is appealing,
whereas individual biomass boilers are seen as bulky and unat-
tractive [54].

A decision to adopt a technology is triggered when either new
demand is created (e.g. population growth and new building con-
struction) or an existing technology requires replacement at the
end of its lifetime. Once a decision is required, the agents consider
their search space and apply their decision rules to make that de-
cision. Both search space and input variables to calculate decision
metrics are dynamic across the model time horizon. With regard to
decision rules, changes in fuel price (or carbon price), capital cost,
efficiency or environmental performance can lead to a change in
the ranking of technologies over time. With regard to search space,
different technologies can also enter an agent ‘s search space when
that technology reaches a specified market share. Overall this leads
to dynamic rates of penetration observed in the Figures.

A uniform definition of objectives, as in most energy systems
models, corresponds reasonably well to homogeneous actors and
thus potentially leads to sudden switches towards one technology.
To avoid abrupt changes in favour of one specific technology,
models often implement capacity growth constraints to limit the
uptake and thus to guarantee a mix of technologies in the market.
The ABM method presented overcomes this problem by the
inclusion of individual decision makers with distinct objectives.
Overall the presented methodology is a more nuanced framework
to model the decision making process in the residential building
sector and thus is more useful for decision makers considering
ways to influence agents to achieve aims such as deep
decarbonisation.

4.4. Sensitivity analysis

To examine the change in the results towards changes in the
agent parametrisation and technology cost, a sensitivity analysis is
carried out. The maturity threshold, the search rule, objectives and
decision rules are varied. Different capital costs for heat pumps,
CHP and district heating were also investigated but show a low
sensitivity, e.g. change in 2% of capacity for change in cost of 75%,
due to definition of the agents and the implementation of the
maturity thresholds and thus is not the focus of the analysis here.

4.4.1. Sensitivity towards maturity threshold
The maturity level indicates the market share a certain tech-

nology needs to have before it appears in the search space of an
agent. This value varies according to agent definition to capture
heterogeneity and openness towards new technologies. The main
effect of the maturity threshold on the results can be seen in Fig. 6
and Fig. 7.

The key factors driving the investments are the objectives
assigned to an agent. However, direct investments are often pre-
vented by the maturity threshold until a technology reaches a
certain market share. If the threshold is scaled down or up, the



Fig. 6. Analysis of the sensitivity to different maturity threshold levels scaled from 0.125 up to 4 times of the original value for heat pumps and district heating.
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point in time when the technology grows or deceases more quickly
in the market is shifted, and consequently the maximum uptake is
also shifted. But the overall diffusion for the long term remains
similar provided that the constraints are not chosen too conser-
vatively, which may prevent technologies entering the market. For
example, if the threshold values are scaled by a factor of 2.5, leading
to aminimum threshold for the adoption of retrofits of 1.25% for the
modern performers, 2.5% for pleasure seekers and a large increase
to 6.25% for quiet peaceful britain and up to 75% for traditional
agents, the ultimate capacity of heat pumps is significantly influ-
enced. An interesting effect for gas boilers in 2050 is apparent
where the final capacity value for different maturity thresholds is
aggregated into three clusters. The number of clusters can be
related to the number of agents investing in a certain technology.
With decreasing maturity threshold more and more agents switch
away from gas boilers to alternative sources. Such a cluster point is
reached when one agent constantly replaces its stock with the
same technologies.
Fig. 7. Analysis of the sensitivity to different maturity threshold levels
4.4.2. Sensitivity towards search rule, objective and decision rule
In a next step, the agent search rules, objective and decision

methods are changed, with the results are shown in Fig. 8 and Fig. 9.
A higher sensitivity can be observed by assuming that even
technology-driven people with a high budget restrain their retrofit
decisions to the same fuel feedstock, to limit additional cost, or the
same technology type. If the retrofit decisions aim to keep the same
technology type, heat pumps and DHS remain at a low level since
their initial market share is low and overall retrofits dominate over
investments in new equipment. Similarly, if people are reluctant to
change fuel type, the market share of heat pumps increases but
does not reach a significant share due to the limited initial use of
electricity for heating. The diffusion of boilers is not affected by
changes in the search rules and results still shows an uptake of
hydrogen boilers since hydrogen and natural gas fall under the fuel
type category gas.

Next, the sensitivity to the agents’ objectives is investigated. This
is done by replacing the capital cost with EAC and vice-versa as well
scaled from 0.125 up to 4 times of the original value for boilers.



Fig. 8. Analysis of the sensitivity to changes in the search rule, decision rule or objectives of agents.
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as the replacement of the emissions consideration by fuel cost. The
replacement of one objective by another makes the decision mak-
ing more uniform since more agents share the same objective. The
use of capital cost as decision metric leads to a lower share of DHS
where more boilers remain in the market as less people switch
from boilers to district heating solutions. Conversely, if the capital
cost objective is replaced by the EAC, the market share of boilers
goes down in favour of DHS and heat pumps. It is interesting to note
that the uptake of heat pumps is not affected by the change from
EAC to capital cost. This results from the fact that heat pumps are
largely installed by people concerned about fuel consumption or
emissions where costs have less influence. It needs to be pointed
out that for a change of the objectives from emissions to fuel
consumption no hydrogen boilers enter the market since more
efficient technologies are chosen. The overall share of boilers de-
creases significantly and shows a mix of electric and natural gas
boilers.
Fig. 9. Analysis of the sensitivity to changes in the s
The lowest sensitivity of the results for the variation in the agent
definition can be observed for a change in the decision rules. The
diffusion of the technologies only marginally changes for a switch
of epsilon constraint method to lexicographic or weighted sum.
However, as noted above, a switch to “single objective” has a
marked influence on results.

The presented analysis shows that a wide spectrum of tech-
nologies can be found in the market to reduce CO2 emissions as no
one single solution exists that is attractive for all people. The
sensitivity analysis highlights the importance of considering un-
certainty in definition of agents, which has a higher influence on
the result than changes in the component costs. Although, the
changes in maturity level, search strategy or objectives have an
influence on the outcome, they show a common trend of the
diffusion of technologies which aligns with the presented carbon
price scenario above.
earch rule, decision rule or objectives of agents.
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5. Conclusion and future research

This paper presents an effective modelling framework for the
assessment of the technology diffusion in the residential building
sector for heating, cooking, cooling, lighting and appliances. It sets
out an agent-based method for modelling of the investment deci-
sion making processes of heterogeneous decision makers. The
integration of several decision making steps including information
gathering, the assessment of the performance of each option as
well as the final selection enables more intuitive representation of
energy system change, and more tangible links with what does and
what does not work with regard to affecting energy system tran-
sition. The modelling framework includes most key elements of an
ideal model of decarbonisation investment behaviours for the
residential sector by including multiple independent decision
makers, a combination of economic and non-monetary objectives
as well as one of the finest detail in terms of number of decar-
bonisation options, which will be extended in future work to cover
all four decarbonisation strategies identified in section 1.1.1.

Where optimisation and simulation models require difficult-to-
specify constraints to limit uptake, the proposed agent-based
approach overcomes this problem by the inclusion of multiple in-
dividual decision-makers with distinct objectives and methods,
and limited foresight of future demand and cost. The definition of
the agents attributes enables a direct prametrisation of the agents
from survey data, subject to availability, whereas several parame-
ters of the logit model would need to be identified through selec-
tion procedures. This allows more nuanced modelling of consumer
behaviour and enables model users to consider the factors that
influence where, when and why certain approaches to energy
system change may or may not be successful. It also addresses the
fact that several models neglect the differences in the available
budget of households and thus potentially overestimate the market
share of such capital intensive technologies.

Themethod developed has been illustrated using a case study of
technology diffusion in the residential sector in the UK between
2010 and 2050. The results show a range of technologies entering
the market over time, with one technology eventually becoming
dominant even though it is not the least cost option. The key ob-
servations are the uptake of certain amount of energy efficient
technologies (e.g. heat pumps) takes place regardless of a carbon
price, the switch from biomass boilers to biomass powered district
heating after 2030, and the uptake of hydrogen boilers in middle-
low classes eventually leading to this technology dominating a
large part of the market. In particular in largely populated urban
areas, district heating present a promising option since it is a
relatively low cost solution and the concept of a communal heat
supply is generally appealing. For new buildings, mostly in urban
areas, heat pumps are a preferred option for people with sufficient
capital, but the uptake is otherwise limited due to the high initial
costs.

Notwithstanding these results, it should be noted that a large
database, including macroeconomic data linked with peoples,
consumption behaviour, values and preferences, is needed for an
accurate parametrisation of the agents, which is certainly chal-
lenging on a global scale. Parallel research underway is gathering
empirical data to improve the parametrisation and increase the
granularity of the agent definition, by separating agents by type of
dwelling and tenure. This will enable a distinction between users,
purchasers and builders. To capture all decarbonisation strategies,
the framework will be extended to include measures for efficiency
improvements and behavioural change to capture their effect on
energy service demand. Furthermore, the search rules are a
simplified representation of the agents information gathering and
could be replaced by more sophisticated approaches. Thus, future
research priorities will focus on the extension of the method to
other European counties where the decision-making methodology
will be partially revised.

A key aspect of the future work concerns the improvement of
the calibration and validation of the model using empirical data. To
overcome the issue of data availability, a country wide survey of the
UK has been designed to gather empirical information about
technology stock, housing type, consumption, socio-economics,
behavioural data (e.g. values, energy literacy, environmental
awareness) on a household level. This data will be thoroughly
analysed and used to calibrate and validate further studies.
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Appendix A. MUSE - ModUlar energy systems Simulation
Environment

MUSE is a bottom-up technology-rich model of the whole en-
ergy system (i.e. including demand, transformation/conversion and
supply sectors), on a global scale, with a geographical disaggrega-
tion into 28 regions and a time slice disaggregation into a number
of yearly sub-intervals which varies depending on the sector,
illustrated in Fig. A.10. MUSE follows a simulation approach coupled
with an imperfect foresight to model the real-world decision
making of investors as realistically as possible. This framework al-
lows sector-specific modelling and thus the use of the most
appropriate methodology for each energy sectors. The main focus
lies on an accurate description of the investment and operational
decision making in each sector, where a variety of methods are
implemented ranging from merit-order simulation methods to
agent-based modelling. This is distinct in that most models either
use a central planning approach to suggest optimal energy system
changes, or use a single investment metric across the economy. The
focus on the investors view within the modelling results in an
arguably more realistic presentation of the energy market transi-
tion compared with the normative pathways from optimisation
models. Beside giving a new perspective on the energy system
transitions, MUSE is designed to enable transparent and flexible
analysis of all sectors of the energy market as a whole or separately.
It includes all sources of CO2 emissions and shows the complex
relationships within the energy system among technology, eco-
nomics, and impact on the environment. The energy equilibrium of
MUSE is given by the market clearing algorithm (MCA) which
connects all parts of the model and is responsible for the infor-
mation flow between all sectors. The solution algorithm of MUSE is
given by an inner loop for each time period and an outer loop for
the simulation horizon (e.g. 2050 or 2100). The MCA iterates be-
tween all sector modules until a system equilibrium on price and
quantity for each energy commodity in each region and time period
is achieved. The work in this paper focuses on the Residential
Building Sector module (RBSM) which is one of the end-use sector
modules.



Fig. A.10. Schematic representation of the MUSE Framework.
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The RBSMmodule dynamically exchanges a set of variables with
the MCA of MUSE to determine the fuel demand in every modelled
region per time period and timeslice. A snapshot of the data work
flow for a generic iteration in a generic time period, timeslice and
region is shown in Fig. A.11.
Fig. A.11. Integration of RBSM into MUSE and interaction with Market Clearing Algorithm (MCA).
The module uploads exogenous parameters for the techno-
economic and environmental characterisation of each technology
type per region in the base year as well as projected improvements
in the next simulation periods.
Appendix B. Diffusion of Cooking and Lighting Technologies

The presented results are an extension of the case study of
section 4 and use the same agent definition and cost trajectories.
The use of the same agent definition can be justified by fact that
people still follow the same decision-making process and have the
same values regardless of the end-use considered but the budget
constraints have a lower influence due to the lower initial invest-
ment required.
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Appendix B.0.1Lighting

Looking at the diffusion of light bulbs Fig. B.12, one notes that an
uptake of energy efficient technologies take place regardless of the
carbon price.
Fig. B.12. Comparison of diffusion of lighting technologies for two carbon scenarios using the agent-based approach.
People commonly switch from conventional light bulbs to en-
ergy saving ones and from there to LED. This behaviour reflects in
the alternating capacity of energy saving bulbs which are more
suitable as a transition technology.

Appendix B.0.2. Cooking

Out of all end-use technologies, cooking shows the least changes
over time in the no CO2 price case, with a constant split of the
market share between gas and electric systems as illustrated in
Fig. B.13.
Fig. B.13. Comparison of diffusion of cooking technologies fo

Table C.4
Socio-age classification of HRP.

Employment 16e24 25e34

Large employers and higher managerial 10.72 10.18
Higher professional Lower managerial 22.49 27.66
and professional Intermediate 14.08 39.42
occupations Small employers and 9.12 17.01
account workers Lower supervisory 4.79 11.02
and technical Semi-routine 18.64 16.39
occupations 23.69 22.31
Routine occupations 12.96 15.20
Never worked/long term unemployed 21.02 10.17
It is interesting to note, that electric cooking takes over natural
gas powered systems and no uptake of hydrogen cooking facilities
take place. Although people accept hydrogen as main power source
for heating, people favour electric cooking facilities since they are
already are well established in the market. However, a reduction in
the cost for hydrogen could lead to an uptake of hydrogen for
cooking since the low cost makes it more appealing.

Appendix C. Age-occupation linkage
r two carbon scenarios using the agent-based approach.

35e45 45e55 55e65 65þ

13.68 16.63 15.35 33.49
27.50 26.50 25.55 60.56
38.71 40.96 23.44 5.85
14.52 16.26 9.36 2.18
11.83 13.50 9.65 4.79
13.39 15.72 17.45 42.91
17.40 20.59 14.95 3.70
12.53 15.71 10.79 2.75
8.70 9.66 17.54 64.35
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The result of the aggregation of the professions into nine cate-
gories and the percentage of people in theses categories within a
certain age range is given in Table C.4. The presented data is then,
separately for each agent group, mapped to the income-occupation
data in Table 1 to obtain a three dimensional age-income-
occupation classification.
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