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1   INTRODUCTION 

Coupled climate-economy systems are complex adaptive systems. While changes and out-
of-equilibrium dynamics are in the essence of such systems, this dynamics can be of a very 
different nature. Specifically, it can take a form of either gradual marginal developments 
along a particular trend or exhibit abrupt non-marginal shifts (Filatova, Polhill, & van 
Ewijk, 2015). Nonlinearities, thresholds and irreversibility are of particular importance 
when studying coupled climate-economy systems. Strong feedbacks between climate and 
economy are realized through energy: economy needs energy for development in literary  
any sector, while emissions need to stabilize and be even reduced to avoid catastrophic 
climate change (IPCC, 2014). Possibilities of passing some thresholds that may drive these 
climate-energy-economy (CEE) systems in a completely different regime need to be 
explored. However, currently available models are not always suitable to study 
nonlinearities, paths involving critical thresholds and irreversibility (Stern, 2013). To be 
able to formulate an appropriate energy policy for this complex adaptive CEE system, 
policymakers should ideally have decision support tools that are able to foresee changes in 
energy market over the coming decades to plan ahead accordingly. Many macro models, 
that assume rational representative agent with static behavior, are designed to study 
marginal changes only. So there is a need for models that are able to capture nonlinear 
changes and their emergence. An Integrated System of Models (ISM) can be used to 
address policy questions and methodological challenges when assessing CEE dynamics in 
the presence of nonlinearities (Voinov and Shugart, 2013). This research is aimed to elicit 
equilibrium and disequilibrium model integration feasibility and to explore how an agent-
based energy market could link with a computable general equilibrium (CGE) model 
within ISM. The integration of an ABM and a CGE in the energy domain is a new approach 
in CEE systems.  
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ABMs are simulating human social behavior more realistically and can capture human 
variability and other nonlinear processes (Arto et al., 2013; Bonabeau, 2002; Castel & 
Crooks, 2006; Chappin & Dijkema, 2007; Gilbert, 2008; Tesfatsion, 2006; Tran, 2012). 
Since ABMs are not directly used to model climatic systems, there are no climate system 
thresholds considered directly. Irreversibility, however, is addressed in ABMs. The ABM 
of the carbon emission trading impact on shifting from carbon-intensive electricity 
production(Chappin & Dijkema, 2007) suggested that as soon as investments in new 
technology are made, the switch from the old technology is irreversible. Various scenarios 
produced by the ENGAGE ABM by Gerst et al. (2013) all produce irreversible transitions 
to low-carbon economy. While depending on a policy, the transition can be swift or more 
gradual, the return back to carbon-intensive economy is unforeseeable. 

 

2   AGENT-BASED ENERGY MARKET  

ABM aims to investigate nonlinearities and to trace potential discontinuities in energy 
markets driven endogenously from within the economic ABM or triggered by changes in 
the environment. The quantities and prices of different energy sources and corresponding 
greenhouse gas emissions resulting from the microeconomic choices are indicators of an 
aggregated AMB energy market dynamics.  

 

 

 

 

 

 

 

 

 

In this paper we focus on the retail electricity market. The flow of the activities of our 
ABM is presented in Figure 2. 

Demand: Demand side of our ABM consists of heterogeneous households with different 
preferences, awareness of climate change, and socio-economic characteristics, which lead 
to various energy consumption choices. Households choose a producer and energy type by 
optimizing utility they expect to receive (uexp) given price expectations (qh

lce/qh
ff) under 

budget constraints. Households receive utility from consuming energy (E) and a composite 

Figure 1: agent-based energy market- conceptual model 
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good (z) between which its budget is shared (equation 1). Moreover, households have 
awareness about the state of climate and environmental preferences (γ), which could 
potentially be heterogeneous and change over time. 

Eq1.                                                    U= zα  * E (1-α) * Cγ 

Later on we plan to implement various energy saving actions selecting from the following 
pool:  switching to energy efficient equipment, installing solar panels, energy saving bulbs, 
or change in electricity usage habits (e.g. switching off the lights). 

Supply: The supply side is presented by heterogeneous energy suppliers, which may 
deliver either electricity based on low-carbon energy sources (LCE) or on fossil fuels (FF). 
The ABM model is being integrated with a macro-economic CGE model (Filatova et al., 
2014). Thus, at this stage we do not go into the details of modeling the various energy 
producers where ABM can be instrumental in simulating the potential diffusion of 
alternative energy technologies. Instead, we simulated suppliers with different share of 
LCE and FF electricity production. In retail electricity market, form expectations are 
calculated regarding to prices (qs

lce/qs
ff), and shares (LCE vs. FF), to deliver next time step 

in order to optimize supplier’s profits.  Through literature, total revenue and total cost is 
used for maximizing profit.  Therefore we calculated supplier’s profit expectation by using 
the cumulative price growth (cpg), market prices of electricity (plce/pff), electricity 
production (qs

lce/qs
ff), and total cost of production (Eq2). 

Eq2.                                                    Pro = (cpg * p  * qs
 ) – cost   

 

 

Figure 2: Flow of activities in the agent-based energy market 
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Market clearing: due to the reasons widely discussed in the literature (Arthur, 1999; 
Kirman, 2011; LeBaron, 2006; Tesfatsion, 2006) agent-based markets try to distance from 
the traditional Walrasian auctioneer. Thus, the equilibrium price determination is replaced 
with alternative market structures. Different methods of market clearing evolved in the 
agent-based computational economics practice, which can be categorized in four main 
groups (LeBaron, 2006; Rekike, Hachicha, & Boujelbene, 2014).  
 
The first category, which can be labeled “gradual price adjustment”, assumes a simple price 
which market-maker announce it and the demands are submitted at this price. Then if we 
have an excess demand, the price is increased, and if there is an excess supply the price is 
decreased. The price is often changed as a fixed proportion of the excess demand as in Eq4 
(LeBaron, 2006). 
 
Eq4.                                             pt+1 = pt (1) + α(D(pt ) − S(pt )) 
 
This price adjustment method is used in Alvarez-Ramirez, Suarez, and Ibarra-Valdez 
(2003); Beja and Goldman (1980); Day and Huang (1990); Dieci and Westerhoff (2010); 
Farmer (2002); Farmer and Joshi (2002); Martinez-Echevarria (2007); Zhu, Singh, and 
Manuszak (2009) models. 

In second approach is temporary market clearing which the price is determined so that the 
total demand equals the total number of shares in market  (Arthur, 1999; Brock & Hommes, 
1998; Ke & Shi, 2009; LeBaron, 2006; Levy, Levy, & Solomon, 1995; Rekike et al., 2014). 
The advantage of this approach in compare with the “gradual price adjustment” method is 
there is no need to deal with market-maker. However, two critical problems is mentioned 
for this approach. First, it may impose too much market clearing, and it may not well 
represent the continuous trading situation of a financial market. Second, it is often more 
difficult to implement. It either involves a computationally costly procedure of numerically 
clearing the market, or a simplification of the demands of agents to yield an analytically 
tractable price (LeBaron, 2006). 
 
Third category which is the most realistic approach and is labeled “order book” market 
structure, simulated where demand and supply are crossed with using a certain well defined 
procedure. One of the most common examples within this category if price formation 
mechanism is a double-auction market (Chiarella & Iori, 2002; Chiarella, Iori, & Perello, 
2009; Farmer, Patelli, & Ilija, 2005; LeBaron, 2006; Lux & Marchesi, 2000; Ponta, 
Raberto, & Cincotti, 2011; Rekike et al., 2014). This method is not only very realistic but 
also allows to analyze and trace more in detail. However, these institutional details need to 
be built into the market architecture, and learning specification of agents (LeBaron, 2006). 
 
The fourth approach is bilateral trade. In this method the new price comes up when agents 
meet randomly and trade if they reach a deal. It seems this trade appear more realistic for 
informal markets, where trading institutions defined not very well or buyers and sellers 
meet less randomly (Albin & Foley, 1992; LeBaron, 2006) . 
 
We choose the first approach “gradual price adjustment” as the price determination of 
agent-based electivity market model. As it seems to represent the retail electricity market 
more accurately (Federico & Vives, 2008). 
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New energy prices (p*lce/p*ff ) and market shares of green and grey energy are an emergent 
outcome of this agent-based energy market. After the market clearing, households update 
their price expectations and utility when comparing them to the actual market outcomes. If 
the total energy spending for a household are more than was expected, it stimulates a 
household to reconsider either an energy supplier and a type of energy source, or an 
investment leading to energy savings, or a change in energy consumption pattern.   

 

3   CGE 

CGE model (developed by TNO) is a large scale and highly detailed world CGE model 
built on the detailed environmentally-extended database EXIOBASE. The model divides 
the global economy in 44 countries and a rest of world, and 164 industry sectors per 
country. The model includes 5 types of households, a representation of 29 types GHG and 
non-GHG emissions and different types of waste. The model is presently calibrated on the 
data for 2007. The model currently uses the period 2013-2050 as the time horizon for its 
calculations. The model equations tend to be neo-classical in spirit, assuming cost-
minimizing behavior by producers, average-cost pricing, and household demands based on 
optimizing behavior (Filatova et al., 2014). In following the general plan of linking ABM 
with CGE is described. 

 

4   ABM-CGE INTEGRATION ATCHITECTURE 

On the demand side, our ABM will disaggregated only residential sector demand taking 
the energy demand of all other sectors from CGE (Figure 3). When modeling changes in 
individual energy demands in between annual equilibria of the CGE we would like to 
explicitly trace changes in preferences and energy consumptions choices driven by 
individual assessments, pro-environmental attitudes and social interactions (norms). This 
will result in the new budget shares a households spend on (i) energy vs other goods, and 
(ii) LCE vs. fossil fuel energy sources. On the supply side we will differentiate between 
energy production based on fossil fuels and low-carbon energy sources taking the 
aggregate supply equations structurally similar to the ones in the CGE. Ideally, this process 
will result in new elastisities, which could serve as inputs to the CGE.  
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Figure 4 shows ABM-CGE integration on demand side of energy market. As it is 
illustrated, ABM is focused on “Electricity” and “Heating” as the households energy 
consumption. Households can reduce their CO2 footprint by means of one of three actions: 
(1) investing in energy efficient devices and equipment, (2) reducing energy consumption 
through behavioral change, and (3) by switching to low-carbon energy.  

 

Figure 4: ABM-CGE demand side integration 

 

The lowest scale of operation of the CGE model is NUTS1, while the highest scale of the 
ABM would be NUTS2. Therefore, the ABM outputs to CGE are going to be scaled up to 
NUTS1. We envision doing that by means of endowing households agents in the ABM 
with the key attributes of households groups following the structure of the EU Household 
Budget Survey. Thus, changes in behavior with respect to energy consumption in the ABM 

Figure 3: ABM-CGE conceptual linkage 
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can be scaled up to bigger groups of households in other NUTS2 regions in CGE, attributes 
of which are also harmonized with the EU HBS. While the CGE simulates the connections 
across economic sectors as an annual equilibrium, ABM run quarterly to investigate non-
marginal changes in energy market.  
 
Following diagrams (Figure 5) is illustrated the exchange variables and input/output of 
ABM and CGE. We aim at integrating the ABM with the CGE model to assure direct 
feedbacks between behavioral change with consequent changes in market shares of LCE 
vs. FF and impacts of these on other sectors of economy (ABM=>CGE), as well as 
accounting for non-residential electricity demand and changes in households incomes as 
economy evolves (CGE=>ABM). The linkage is take place in two phases. The first phase, 
ABM is getting data e.g. electricity prices, share of LCE vs. FF, electricity consumption 
and production (LCE vs. FF) as initialization from CGE. The second phase, after ABM 
market clearing the new shares (LCE vs. FF) and price will update CGE. 
 

 
Figure 5: ABM-CGE integration framework 

 
 
5   RESUTLS AND FUTURE WORK 

We present a work in progress with an application of the retail electricity market ABM to 
the Navarre region of Spain as one of our case studies. Currently the demand and supply 
sides of energy (electricity) market are simulated using NetLogo with GIS and R 
extensions. We explored the dynamics of market shares of low-carbon electricity in the 
scenario where a household’s choice on the type of electricity (grey or green) is driven 
exclusively by preferences vs. when market-clearing mechanisms is explicitly modeled. 
We also contrast the results for a population of household with homogeneous vs. 
heterogeneous preferences and awareness of climate change as well as incomes.  

At the conference we plan to present the simulation results of the first version of this energy 
market with a focus on the detailed modeling of the demand side. We present the trends in 
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prices for low-carbon-energy and fossil fuels. Moreover, we test the feasibility of data 
exchange between CGE and ABM, where quantities (i.e. shares) of LCE and FF emerge as 
the outcome of the energy market. 

The future work will go on in two directions. Firstly, we aim to improve and expand the 
integration points of agent-based energy market with CGE model. Secondly, we plan to 
study behavioral changes and socio-economic characteristics of households via a survey. 
The main goal of the survey is to elucidate the information on behavioral changes, which 
includes not only change in choices but also in preferences and opinions, potentially 
affected by social influence on the demand side (households) to feed it into the ABM.  

 
Acknowledgements: Funding from the EU FP7 COMPLEX project 308601 and the 
Netherlands Organization for Scientific Research (NWO) VENI grant 451-11-033 is 
gratefully acknowledged. 
 
References: 
 
Albin, P., & Foley, D. K. (1992). Decentralized, Dispersed Exchange without an Auctioneer - a 
Simulation Study. Journal of Economic Behavior & Organization, 18(1), 27-51. doi: Doi 
10.1016/0167-2681(92)90051-C 
Alvarez-Ramirez, J., Suarez, R., & Ibarra-Valdez, C. (2003). Trading strategies, feedback control 
and market dynamics. Physica a-Statistical Mechanics and Its Applications, 324(1-2), 220-226. doi: 
Doi 10.1016/S0378-4371(02)01857-5 
Arthur, W. B. (1999). Complexity and the economy. Science, 284(5411), 107-109. doi: DOI 
10.1126/science.284.5411.107 
Arto, I., Capellan-Perez, I., Filatova, T., Gonzalez-Eguinob, M., Hasselmann, K., Kovalevsky, D., . 
. . Tariku, M. B. (2013). Review of existing literature on methodologies to model non-linearity, 
thresholds and irreversibility in high-impact climate change events in the presence of environmental 
tipping points. 
Beja, A., & Goldman, M. B. (1980). On the Dynamic Behavior of Prices in Disequilibrium. Journal 
of Finance, 35(2), 235-248. doi: Doi 10.2307/2327380 
Bonabeau, E. (2002). Graph multidimensional scaling with self-organizing maps. Information 
Sciences, 143(1-4), 159-180. doi: Doi 10.1016/S0020-0255(02)00191-3 

Brock, W. A., & Hommes, C. H. (1998). Heterogeneous beliefs and routes to chaos in a simple asset 
pricing model. Journal of Economic Dynamics and Control, 22(8-9), 1235-1274. doi: 
http://www.sciencedirect.com/science/article/pii/S0165188998000116 
Castel, C., & Crooks, A. (2006) Principles and Concepts of Agent-Based Modelling for Developing 
Geospatial Simulations. UK: Centre for Advanced Spatial Analysis, University Collage of London. 
Chappin, E. J. L., & Dijkema, G. P. J. (2007). An agent based model of the system of electricity 
production systems: Exploring the impact of CO2 emission-trading. 2007 Ieee International 
Conference on System of Systems Engineering, Vols 1 and 2, 277-281.  
Chiarella, C., & Iori, G. (2002). A simulation analysis of the microstructure of double auction 
markets. Quantitative Finance, 2(5), 346-353. doi: 
http://www.tandfonline.com/doi/abs/10.1088/1469-7688/2/5/303 
Chiarella, C., Iori, G., & Perello, J. (2009). The impact of heterogeneous trading rules on the limit 
order book and order flows. Journal of Economic Dynamics & Control, 33(3), 525-537. doi: DOI 
10.1016/j.jedc.2008.08.001 
Day, R. H., & Huang, W. H. (1990). Bulls, Bears and Market Sheep. Journal of Economic Behavior 
& Organization, 14(3), 299-329. doi: Doi 10.1016/0167-2681(90)90061-H 
Dieci, R., & Westerhoff, F. (2010). Interacting cobweb markets. Journal of Economic Behavior & 
Organization, 75(3), 461-481. doi: DOI 10.1016/j.jebo.2010.05.004 

8 
 

http://www.sciencedirect.com/science/article/pii/S0165188998000116
http://www.tandfonline.com/doi/abs/10.1088/1469-7688/2/5/303


Farmer, J. D. (2002). Market force, ecology and evolution. Industrial and Corporate Change, 11(5), 
895-953. doi: Doi 10.1093/Icc/11.5.895 
Farmer, J. D., & Joshi, S. (2002). The price dynamics of common trading strategies. Journal of 
Economic Behavior & Organization, 49(2), 149-171. doi: Doi 10.1016/S0167-2681(02)00065-3 

Farmer, J. D., Patelli, P., & Ilija, Z. O. (2005). The predictive power of zero intelligence in financial 
markets. Proceedings of the National Academy of Sciences of the United States of America, 102(6), 
2254-2259. doi: DOI 10.1073/pnas.0409157102 
Federico, G., & Vives, X. (2008). Competition and regulation in the spanish gas and electiricity 
markets. Madrid, Spain Public-Ptivate Sector Research Center, IESE Bussiness School. 
Filatova, T., Moghayer, S. M., Arto, I., Belete, G., Dhavala, K., Hasselmann, K., . . . Voinov, A. 
(2014). Dynamics of climate-energy-economy systems: development of a methodological 
framework for an integrated system of models. 
Filatova, T., Polhill, G., & van Ewijk, I. (2015). Regime shifts in coupled socio-environmental 
systems: review of modelling challenges and approaches. Environmental Modelling & Software.  
Gerst, M. D., Wang, P., Roventini, A., Fagiolo, G., Dosi, G., Howarth, R. B., & Borsuk, M. E. 
(2013). Agent-based modeling of climate policy: An introduction to the ENGAGE multi-level 
model framework. Environmental Modelling & Software, 44, 62-75. doi: DOI 
10.1016/j.envsoft.2012.09.002 
Gilbert, G. N. (2008). Agent-based models. Los Angeles: Sage Publications. 
IPCC. (2014). Fifth assessment report: Climate change. 
Ke, X. L., & Shi, K. (2009). Stability and bifurcation in a simple heterogeneous asset pricing model. 
Economic Modelling, 26(3), 680-688. doi: DOI 10.1016/j.econmod.2009.01.021 
Kirman, A. P. (2011). Complex economics : individual and collective rationality. London ; New 
York, NY: Routledge. 
LeBaron, B. (2006). Agent-based computational finance In L. Tesfatsion & K. L. Judd (Eds.), 
Handbook of Computational Economics (Vol. 2). Amsterdam, The Netherlands: North-Holland. 
Levy, M., Levy, H., & Solomon, S. (1995). Microscopic Simulation of the Stock-Market - the Effect 
of Microscopic Diversity. Journal De Physique I, 5(8), 1087-1107.  
Lux, T., & Marchesi, M. (2000). Volatility clustering in financial markets: A micro-simulation of 
interacting agents. Computation in Economics, Finance and Engineering: Economic Systems, 7-10.  
Martinez-Echevarria, M. A. (2007). The market between sociability and conflict. Anuario 
Filosofico, 40(1), 175-186.  
Ponta, L., Raberto, M., & Cincotti, S. (2011). A multi-assets artificial stock market with zero-
intelligence traders. Epl, 93(2). doi: Doi 10.1209/0295-5075/93/28002 

Rekike, Y. M., Hachicha, W., & Boujelbene, Y. (2014). Agent-based modeling  and investors's 
behavior explanation of asset price dynamics on artificial finanacial market. Paper presented at the 
TSFS Finance Conferecne, Sousse, Tunisia.  
Stern, N. (2013). The Structure of Economic Modeling of the Potential Impacts of Climate Change: 
Grafting Gross Underestimation of Risk onto Already Narrow Science Models. Journal of 
Economic Literature, 51(3), 838-859. doi: Doi 10.1257/Jel.51.3.838 
Tesfatsion, L. (2006). Agent-based computational Economics: A constructive approache to 
economic theory In L. Tesfatsion & K. L. Judd (Eds.), Handbook og Computational Economics 
(Vol. 2). Amsterdam, The Netherlands: North-Holland. 
Tran, M. (2012). Agent-behaviour and network influence on energy innovation diffusion. 
Communications in Nonlinear Science and Numerical Simulation, 17(9), 3682-3695. doi: DOI 
10.1016/j.cnsns.2012.01.016 
Zhu, T., Singh, V., & Manuszak, M. D. (2009). Market Structure and Competition in the Retail 
Discount Industry. Journal of Marketing Research, 46(4), 453-466.  

 

9 
 


