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Abstract
The paper proposes a computational model to study socio-technical transitions. Technological
transitions are large processes of change into socio-technical regimes, which implies not only
changes in technology, but rather changes on society as a hole. We adopted the Multi-Level
Perspective, understanding technological transition as resulting from the interaction of three
conceptual levels - niche, regime and landscape. We have proposed that the transition depends
upon the spread of expectations among social actors. Expectations affect external pressures and
support to the niche, in the same way that drives innovation and learning efforts. This paper thus
explores the relevance of expectations about the future development of a technological niche to
the process of transition.
We proposed that transition would take place from the erosion of the commitment of actors to
the regime, and the progressive commitment towards the niche; the commitment results from the
expectations of social actors about the future development of the niche. We also considered that
expectations results mainly from a repertoire of narratives developed by different social actors,
and are continuously adjusted by the actually observed performance of the niche.
To this end, we have adopted a Multiagent System (MAS) modeling approach. MAS are
computer modeling processes, developed based on a group of semi-autonomous agents, which
interact with each other to represent a particular process. MAS have been specifically adopted
for representing phenomena occurring at multiple conceptual levels, due to its ability to represent
the emergence of different patterns of aggregated behavior. Together, these multiple agents
eventually come to conform observable group behaviors, as well as conform the dynamics of the
environment in which they operate. The development of the Brazilian wind power generation
park, which is understood as a transition in progress, was adopted as the base case for modeling.
As a result, the model suggests by the significant dependence in technological transition process
of the initial spread of expectations in the technological niche, since it conduces the niche to a
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conjoint action. The proposed model therefore enables the study by computational modeling of a
set of relationships among different variables that have been discussed in the literature on sociotechnical transitions. The paper thus contributes to the extent that provides a formal and
mathematical treatment of the technological transition process.
Key Words: Multi-Agent System; Technological Transition; Multi-Level Perspective;
Computational Modeling; Technological Expectations
Introduction
Technology transitions are processes of modification and replacement not only of
technological artifacts, but also of social structures - productive and economic systems, public
policies, as well as the social and symbolic meaning of technology. It constitutes a large process
of change, resulting in consequences that can have repercussions on society as a whole.
Starting from the propositions of Smith and Raven (2012), we propose that the transition
depends upon the spread of expectations about the development of a niche among social actors.
Expectations affect external pressures and support to a technological niche, in the same way that
drives innovation and learning efforts. It is relevant to the society to comprehend how
expectations about a technology shape the future. This paper explores the relevance of
expectations about the development of a niche to the process of technological diffusion and
transition.
To develop this idea, the objective of this paper is to propose a computational model to
study socio-technical transitions. To this end, we adopt an understanding of the technological
transition based on a multilevel perspective, as proposed in Geels (2002, 2004), which studies
the process from the conceptual levels of niche, regime and landscape. The model proposed
formalizes an understanding of the relations among different variables that have been discussed
in the literature on socio-technical transitions. The paper thus contributes to the extent that
provides a formal and mathematical treatment of the technological transition process.
To this end, we have adopted a Multiagent System (MAS) modeling approach. MAS are
computer modeling processes, developed based on a group of semi-autonomous agents, which
interact with each other to represent a particular process. MAS have been specifically adopted
for representing phenomena occurring at multiple conceptual levels, due to its ability to represent
the emergence of different patterns of aggregated behavior
This paper is structured in 6 sections. After this introduction, we discuss the theoretical
structure that supports the construction of the research. In the following section, we introduce the
concept of Multiagent System, and in the fourth section we present the computational model
developed, and the process of simulation adopted. In the fifth section we discuss the observed
results, and in the last section we present our last considerations.
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Theoretical Background: The Concept of Technological Transition
Geels (2002, 2004, 2005, 2010), starting from the work of Kemp (1994) and Kemp et al.
(1998), defines a socio-technical regime as a semi-coherent system of rules on a particular
technological environment, adopted by different, but related, social groups. The major advance
in the technological transition concept is the definition of inter-organizational community as the
unit of analysis, thus incorporating new dimensions in the analysis. A socio-technical regime is a
structure where physical artifacts (technology) and social artifacts (practices) are related, and
thus are socially constructed and formatted.
The socio-technical regime incorporates the system of production and development of a
technology, as well as the dimensions of the use and adoption of the technology, as presented in
figure 1. The socio-technical regime set through the belief system of the technology developers
and users which problems to solve.
This proposition defines more clearly the importance not only of the technological
development, but also of its diffusion in society. Geels´s (2002, 2004) proposition incorporates
symbolic and cultural meanings of technology, resulting in a structure of social regulation and
integration. The socio-technical approach thus explores the interaction between society and
technology in the creation of a regime, understanding this technology as part of a social function.
In this approach, a technological transition is understood as a significant change in the
socio-technical regime, resulting in changes in both the adopted technologies, and consequent
changes in the economic and social system related to the adoption, use and production of that
technology (Geels, 2002). The technological transition is considered as a process where
technology, itself, is only one of the dimensions of analysis (Geels, 2002, 2004, 2005).
Therefore, it is a process involving a wide range of changes in the way society is organized.
The multilevel perspective of transitions
Geels (2002, 2004) proposes the understanding of transitions in socio-technical regimes
from a Multilevel Perspective (MLP), adopting three different levels of interrelated analysis:
niche, regime and landscape, as shown in Figure 1 ahead. The socio-technical regime is defined
at the meso level; it consists in a system of interrelated actors on different social groups and
communities, which follows defined rules. A technological trajectory is made up to the regime
level. The macro level - landscape - is defined from a wide range of external factors, but related
to the socio-technical regime (Geels, 2002, 2004). At this level, dimensions such as economic
pressures, culture, society, international conflicts and environmental issues are considered.
In this perspective, it is understood that innovations emerge and are usually developed at
the niche - the micro level. Niches are small markets that present specific demands, or small
communities that adopt a new technology, often experimental. These spaces are relatively
protected from the pressures existing in terms of regime and landscape, through subsidy by the
government or strategic investment by firms (Kemp et al, 1998; Smith and Raven, 2012).
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Figure 1: Conceptual levels of technological transition
Landscape
Regime

Niche
Adapted from Geels (2002, 2004)

Niches arise through the collective action of a group of actors with common interests.
The action of Government is not understood, therefore, as central to this process. The idea of
niches is also directly related to the possibility of learning and development of the technology
involved in these protected areas (Schot and Geels, 2007; Smith and Raven, 2012). The literature
on technological transition relies on the possibility of learning, especially when dealing with
transitions that were somehow induced.
Learning in technological transition process should be understood fundamentally as a
collective process (Van de Kerkhof and Wieczorek, 2005; Vergragt and Brown, 2007). This
collective learning takes place when different social actors, representing different cognitive
frameworks and competence structures, interact on an issue, problem or idea, in order to meet the
best arrangement to solve the problem. The literature on technological transitions thus gives a
clear emphasis on the concept of learning by doing (Vergragt and Brown, 2007; Brown and
Vergragt, 2008; Van De Kerkhof and Wieczore, 2005; Schot and Geels, 2007).
Regime stability as a function of commitment
Regimes are understood as relatively stable structures. In the presence of a sociotechnical regime, innovations are still met, but incrementally inserted, limited to the specific
scope defined by the regime (Kemp et al., 1998). It therefore conditions the way the innovation
processes evolve. Technological transitions are commonly view as long-term processes; the full
transition may last decades.
Kemp (1998; Kemp et al. 1998) defines three reasons for the stability of a socio-technical
regime. (i) Socio-technical regimes are immersed in formal and informal rules that guide
perceptions, beliefs and actions of the agents (Geels, 2004). (ii) Agents are structured in
networks of interaction and mutual interdependence, supporting each other actions. And (iii)
socio-technical regimes feature certain inertia, because once those technological systems are
settled, there are several costs associated with their replacement.
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Turnheim and Geels (2012) propose that, during a transition, regimes gradually
destabilize and, eventually, come to dissolve. Transitions may originate from pressures at the
landscape level, by actors that require particular social or political behavior of the regime, as also
from the maturation of existing innovations at the level of the niche. Geels (2006) observes a
continuing pattern of balance between tension and adjustment in the process of co-evolution of
society and technology, consisting of a recursive dynamic between regime and landscape.
The basic explanation for the destabilization of a regime is that it results of external
pressures to this, deriving in the gradual erosion of the commitment of firms and other social
actors towards this regime (as also in Geels and Schot, 2007), as well as the erosion of the
regime legitimacy in society.
The stability of a regime is understood by Turnheim and Geels (2012) mainly resulting
from an endogenous commitment of firms to the regime itself, and the legitimacy given by
external public support. In our framework, we extend this understanding, proposing that the
emergence of a new regime depends crucially on the creation of commitment of social actors
towards a niche, as well as the development of legitimacy by this new niche towards society.
Narratives and expectations in the transition
Initial niche protection is taken as essential, given that innovations usually do not have
initially how to compete with mature and fully developed technologies. In addition to the
function of (i) protection, Smith and Raven (2012) propose that the niche play other two roles in
the dynamics of the development of an innovation: (ii) nurturing and (iii) empowerment.
Nurturing is defined as the process that supports the development of innovations, especially the
disruptive ones. The main forms of nurturing are in the process of learning and of articulation of
expectations among actors.
Empowerment mainly refers to efforts in convincing the social system external to the
niche and the development of means of influence - through, for example, political action changes in the external environment that facilitate the niche consolidation as part of the
incumbent regime. Niches work as a space of coordination of views and joint expectations
among different actors, and this is central dynamics in the consolidation of a socio-technical
regime (Borup et al., 2006; Brown and Michael, 2003). Expectations are defined as cognitive
processes developed by different actors, at the level of the niche and the regime, in response to
an innovation (Rosenberg, 1976; Borup et al., 2006).
One reason that governments and society subsidize and cultivate niches that are
developing not yet profitable innovations is the expectation that these technologies will play
relevant social roles in the future. Expectations legitimate protection processes and niche
cultivation (Smith and Raven, 2012; Smith et al, 2005). Because of these expectations, both
society and the actors of this niche can accept the present disadvantages, allocating resources for
the improvement and development of these innovations.
Smith and Stirling (2010) emphasize the role of the actors of the niche in establishing
these expectations. Expectations on the development of niche and the technology are articulated
by niche players in the form of narratives, particularly on the opportunities for niche
development, as well as the socio-technical regime cultivated on it. The niche acts, therefore,
shaping the expectations about the future of innovations, technologies and developing regimes.
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Narratives work in the interaction of the niche with society mainly in three ways (Smith
et al., 2005): (i) positive narratives about the future are presented by actors, to justify the
existence of the niche; (ii) narratives also demands for changes favorable to the interests of the
niche in regulation and public policies; and yet (iii) narratives challenges the existing sociotechnical regime, emphasizing the contradictions and limitations of this regime, as well as the
opportunities presented in the new niche.
Expectations are presented and mobilized mainly in a political form, aiming to convince
society of the relevance of the niche. The discursive process settled in the development of
narratives by niche players is the main form of niche empowerment - way in which this niche
acts, above all, as a political actor, by means of its internal and external social networks. These
narratives eventually conform the expectations about the evolution of the niche, and determine
the dynamics of existing pressures on landscape.
The articulation of efforts present in the development of a niche involves interactions
between different actors, through social networks and coalitions, and sometimes even including
members of the current regime. In this perspective, the transition process is not the result of
discovering new opportunities by individual actors; it involves the creation of a new reality, by
means of a collective action (Garud and Karnøe, 2003).
Smith and Raven (2012) and Pesch (2015) understand this process as the agency of the
technological transition. This thus results from a collective action of the niche, through networks
of interaction that are both internal to niche, which seek to align and mobilize the actors
belonging to this niche; as external to it, in which actors of the niche seek support from relevant
social actors outside the niche, but able to establish contact with it.
Agency so would be carried out through actions where the internal networking of the
niche uses external networks to develop the repertoire of narratives of the niche. The niche
directs its narratives to representative audiences, in order to defend the interests, as well as the
legitimacy of the niche (Smith and Raven 2012). This conception of agency acts through
pressure for influence in the institutions that may support or constrain the actions of the actors.
These narratives conform the existing expectations about the ability of the niche development,
and influence the dynamics of existing pressures within the landscape.
Based on the literature on the sociology of expectations developed in Brown and Michael
(2003) and Borup et al. (2006), we propose that expectations, as well as the resulting pressures
and support of the landscape from these expectations, also result from the observed system
performance, when compared with previous expectations and narratives developed by niche.
In the process of niche development, we propose that the main measure of performance
would be in its ability to effectively undertake the learning previously proposed. Expectations
would be continuously adjusted on account of this feedback process. Performances aligned with
previous expectations tend to reinforce these; performances that contradict expectations tend to
erode these.
The dynamic evolution of the system is understood, in its turn, as resulting of the learning
process, as proposed by on Schot and Geels (2007), and Atkeson and Kehoe (2007), and Argote
(1990). We thus adopt a concept of learning-by-doing, expressed through an expectation of
growth in the return of capital, in the light of the experience and knowledge accumulated over
time. Table 1 below summarizes the variables adopted in our framework, as well as their
proposed relations, and references of support for each of this variables.
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Table 1. Variables Adopted in the Proposed Conceptual Framework
Variable

Narratives
Expectations
Performance
Commitment
Learning

Description
Discursive process about
positive visions of future
Cognitive processes
developed in response to an
innovation
Ability to effectively
achieve what was previously
expected
Endogenous commitment of
firms to the regime, and
legitimacy given by external
public support
Reduction in production
costs, more than
proportional to the amount
of capital growth

Relations

Function of narratives

Reference
Pesch (2015)
Smith and Raven (2012)
Rosenberg (1976)
Brown and Michael (2003)
Borup et al. (2006)

Function of learning

Borup et al. (2006)
Brown and Michael (2003)

Function of expectations

Gells (2012)
Turnheim and Geels (2012)

Function of absolute
production

Argote et al. (1990)
Atkeson and Kehoe (2007)

Agency

Method: Multiagent System Modeling
This paper present an experiment developed from a multiagent computational model. A
multiagent system is a process of computational modeling and simulation structured from a set of
heterogeneous computational agents, which act autonomously and interact among themselves
(Epstein and Axtell, 1996; Sawyer, 2003; Hegselmann and Flache, 1998; Macy and Willer,
2002; Zimbres and Brito, 2006; Dawid, 2006).
In social sciences Multiagent systems are denominated as artificial societies, and have
been adopted to describe and explain social processes characterized by the interaction between
multiple agents, especially when structured in different levels of aggregation. Together, these
multiple agents end up conforming group behavior, as well as the dynamic of their own
environment in which they operate.
MAS has been adopted in different fields, such as, Finance, (LeBaron, 2001), Economy
(Axtell, 1999) and Social Sciences (Cederman, 2002, Saywer, 2003). Artificial societies based
on Multiagent systems have been used, thus, in the research on complex and non-linear social
behaviors, such as consumer behavior (Twomey and Cadman, 2002) and marketing (Rand and
Rust, 2011), social learning and emergence of patterns (Sen and Airiau, 2007), infrastructure
management and urban mobility (Camarinha-Matos, Afsarmanesh, 2006; Balaji and Srinivasan,
2010), evaluation of public policies (Zhang and Nuttal, 2011), dissemination of innovations
(Zhang et al., 2011; Deffuant et al., 2006), cooperation and competition (Axlrod, 1997;
Camarinha-Matos and Afsarmanesh, 2007),among others.
Despite the lack of widely accepted standards of evaluation on the rigor of the modeling
(Rand and Rust, 2011), the growth of publications adopting artificial societies shows that the
approach is becoming accepted in the international academic environment (Duan and Qiu,
2012). A MAS involves the representation of a conceptual model of understanding or abstraction
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of reality, by means of computational tools. (Gilbert and Terna, 2006). Models are rational
simplifications of the reality that, although being simplifications, allow to study specific aspects
of the reality.
As a research method, the validity of the computational simulation can be understood as
being much more in the theoretical development and understanding of the problem, than in the
predicting capacity of the model. Through Multiagent systems, it is possible to formalize the
study of theories and propositions about complex social processes (Gilbert and Terna, 2006).
The merit of this approach is primarily in that artificial societies have the capacity to
represent complex macro-behavior patterns, from the behavior of actors at the micro level. The
observable macro-patterns in artificial societies can be thus used as a tool for the analysis of real
society behaviors, particularly in the analysis of realities that are difficult to understand by
means of traditional conceptual models (Epstein and Axtell, 1996).
The development of an artificial society comprehends (i) the definition of the model and
rules of the agents behavior, their (ii) objectives, (iii) specifications of the environment, and the
desing of the (iv) agent-agent, agent-environment and environment-environment interaction
models (Epstein and Axtell, 1996; Sawyer, 2003). Agents are designed on the basis of its rules of
action, consist of two parts: (i) condition, which specifies when the rule should be executed, and
(ii) action, that determines what is the consequence of the activation of the condition.
Learning is an important dynamic in the process of development of artificial societies.
Agents can have the ability to learn about (i) environment, from the (ii) consequences of their
actions, and from their (iii) interactions with other agents (Price and Boutilier, 1999). The notion
that the action of the agent is limited to a conceptual structure defined as environment is central
in the development of Multiagent systems, as well as the understanding that the agent is capable
of adopting an autonomous action facing this environment (Sawyer, 2003).
The interaction between the agents, and between agents and their environment, can be
observed in the form of different patterns of behavior. The emergent behavior is defined as
regularity coherent and noticeable to the macro level. This regularity at the macro level results
from the interaction of the different types of behaviors performed at the micro level (Sawyer,
2003; Maa and Nakamori, 2005, 2009; Chan et al., 2010). Given this central feature of the
artificial societies, the behavior of the system is said to be self-organizing (Duan and Qiu, 2012;
Sawyer, 2003; Tesfatsion, 2006; Macy and Willer, 2002; Hegselmann and Flache, 1998; Gilbert
and Terna, 2000, Holland and Miller, 1991; Dawid, 2006).
Artificial societies allow to develop virtual experiments, based on simulations that
represent specific research questions. Notably, based in the modeling process, the conditions on
which certain empirical observations are achieved can be investigated, (Janssen and Ostrom,
2006), thus enabling the formal analysis of complex systems (Garcia and Jager, 2010).
To the extent that the computational simulation has the ability to replicate patterns,
stylized known facts and empirical data, the similarity between the behavior of the model and
what is observed in real world can be considered as evidence of the validity of the model (Gilbert
and Terna, 2006; Berger and Schreinemachers, 2006). The capacity of a model to replicate the
empirical data, suggests therefore/consequently the acceptance of its conceptual structure of the
base.
In the development of the model, we adopted the Macal and North tutorial (2010), and as
considerations on the development of MAS in social sciences, as suggested in Gilbert and Terna
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(2000) and Bonabeau (2002). The modeling developed in this paper adopted as a basis the
NetLOGO environment. NetLOGO is a open license simulation platform, developed by
the Center for Connected Learning and Computer-Based Modeling of Northeastern University.
The adoption of NetLOGO environment was justified by being this a widely used plataform,
whit a good level of development and documentation (Railsback et al. 2006).
For the presentation of Multiagent model developed in this paper, we adopted the
Protocol of description and documentation proposed by Grimm et al. (2006, 2010),
denominated Overview, Design Concepts, and Details (ODD). This protocol consists of three
blocks of information, overview, design concepts and details, which are subdivided into seven
distinct elements: purpose, state and scales variables, process overview and programming,
design concepts, startup, entries and sub models. The next section presents the development of
MAS as proposed in the ODD protocol.
Computational Model
This section explores with the computational model developed based on the conceptual
structure proposed, and that emulates the structure and development of the wind energy industry
in Brazil. It has been observed an expressive growth in the installed capacity of wind power
generation in Brazil, as shown in Table 2 below, which we understand characterizes the process
as a transition in progress.
Table 2. Installed capacity evolution (data expressed in MW)
Year 2004 2005 2006 2007 2008 2009
Installed
Capacity
27
27
235
247
398
602
Source: EPE (2013, 2014)

2010
927

2011

2012

2013

2014

1,425

1,886

3,391

6,390

At the end of 2014 254 generating parks were operating in the domestic market, reaching
a total 6.39 GW of installed capacity. Between 2009 and 2014, and especially in recent years,
13.8 GW in new projects of wind power generation were contracted through public auction.
Considering the contracted projects, the installed capacity of the Brazilian industry should reach
14.4 GW in 2018.
The cost of instalation, perceived as high compared to other energy sources, is usually the
main limitation for the expansion of wind generation parks. The average price of generation
through wind power has shown significant reduction in the Brazilian market. The average
contracted prices from US$ 270.32 / MWh in 2002 to US$ 148.39 / MWh in 2009, US$ 122.69 /
MWh in 2010, and the 2011 auction obtained average prices of around US$ 100.00 / MWh
(EPE, 2014).
As provided in Epstein and Axtell (1996) and Sawyer (2003), this section develops (i) the
model of agents’ behavior, as well as their (ii) objectives, and it also presents the (iii) agentagent, agent-environment and environment-environment interaction models. The modeling
proposed in this paper is based in previous models by Bergman et al. (2008) and Köhler et al.
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(2009), as well as the work of Safarzynska and Van den Bergh (2010, 2011) and Safarzynska et
al. (2012).
Particularly, the modeling proposed in Bergman et al. (2008) and Köhler et al. (2009)
tries to replicate the multi-level structure proposed by Geels (2002, 2004), and the transition
from the regime to niche. For such, it features a design of aggregate individual agents,
representing the conceptual levels of the niche, empowered niche and regime. It is proposed in
this paper a modeling approach that adopts groups of autonomous and fragmented agents, both at
the level of the niche, as well as of the regime and landscape, presenting characteristics and
behaviors heterogeneous among themselves.
We adopted three conceptual levels of agents, each level composed by active agents,
different from each other in terms of functions and objectives. The conceptual level of landscape
was modeled and composed by agents a, which represents public opinion and the various groups
of social active actors at the level of the landscape.
The conceptual levels of regime and niche are composed of agents of 2 types, agents p of
the niche and agents f of the regime; agents p and f emulate the actions of the social actors that
generate electric power. The regime will also be composed by a single buyer C, that will emulate
the function of buyer currently exercised by government. The function of the buyer is to provide
the quantity demanded by agents acting on the landscape. The buyer must choose how much of
bids characterized as the niche he will buy, in rounds of successive purchase.
The agent of the niche p will always and exclusively sell to the buyer agent C. The
objective function U of the agents of the niche is to increase its produced quantity, as well as the
size and quantity produced of the niche.
U p = max ∑ ( Q p t )

that

Q p t = f ( Of p t * P p t )
Where Q p is the quantity actually produced and sold by agents of the niche p, and it is
the function of supply Of and from P of price and the agent p at time t.
The offer of the agent p of the niche represents the available capacity that each agent has
for sale. Each agent p can sell on its maximum its offered capacity. The initial conjoint offer of
the niche is of a small quantity, and in this model it is understood that this offer grows as new
agents are attracted to the niche. Thus:
Of p t > Q p t

and

∑ ( Of p ) t > ∑ ( Of p ) t-1
Of p t represents the offer of agent p of the niche at time t, and ∑ ( Of p ) t represents the
total supply of the system at time t. Agents of the niche p increase the sold quantity influencing
actions of the Buyer, as well as influencing actions of other actors of the regime and the
niche. Agents of the niche act through narratives mainly directed to agents in the landscape, but
also directed to others agents of the niche and regime. The narratives are constructed in terms of
expectations of future quantity and future price of the offer of the niche. Thus we have:
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N T = f ( ∑ Of p , t+n , P p
∑ Of

p t+n >

∑ Of

t+n )

that
and

pt

P p t+n < P p t
Where n represents the narratives performed at time t, ∑ Of p t+n represents the
expectation of future offer/bid/supply at time t+n, and P p t+n represents the expectation of future
price at time t+n..
Agents a of the landscape, as well as agents p of the niche and agents f of the regime, act
according with their expectations, and adjust these expectations individually as a function of the
narratives exercised by niche; positive narratives generate positive expectations and negative
narratives, negative expectations. The higher the volume of narratives presented by niche, the
greater the capacity to influence agents. Agents also have a specific sensitivity to narratives, and
individually adjust their expectations regarding this sensitivity.
In the same way, agents adjust their expectations as a function of the overall observed
performance: system performances below existing expectations result in reduction of future
expectations, performances above expectations result in growth of future expectations. Thus,
expectations E can be expressed in terms of:
E p = f ( ∑ N t-1 * Sn p + E p t-1 * D t )
N p t-1 representing the narratives observed by agent p at time t-1, D t representing the
overall system performance at time t, and Sn the sensitivity to narratives of each one of the
agents. Agents p are heterogeneous among themselves in terms of their initial expectations
regarding the development of the niche, as well as their sensitivity Sn to expectations. Agents of
the niche are also heterogeneous in terms of the size of their offer Q P .
System performance is expressed in terms of prices and quantities offered in present time.
It is not the interest of agents of the niche to develop narratives that will not be observed in
reality.
D t = f ∑ (Of

pt

* P pt )

In its turn, agents of landscape act by means of the pressures exerted on the buyer C, as
well as on other agents of landscape, and on agents of niche and regime. Positive expectations
about the niche generate more favorable pressure to niche; positive and more widespread
expectations among the agents of the landscape result in a greater number of pressures being
exerted.
To exercise its function of purchasing the demanding quantity, the buyer must consider
the quantity and prices offered by producers p, and the pressures exerted by other agents a of the
level of the landscape. The pressures exerted on the buyer C results on the creations of demand
for the provision by the niche; the greater the pressure exerted by agents of the landscape, the
greater the demand of the buyer.
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The purchaser must seek to acquire the demanded quantity, and is sensitive to the price
offered by agents. To reach this market demand, the buyer will accept the offer presented by the
niche, giving preference for the lowest price. The objective function of the buyer is:
U C = min ∑ (P P T * Q p )

restricted to

∑ ( Q ) t > Qd t
by:

Where Qd t represents the demand for the niche. The function of demand is expressed
Qd t = f ∑ ( E t )

restricted to

∑( Q p ) < ∑( Of p ) t
Where ∑ ( E t ) represents the sum of the expectations of agents of the landscape at
time t, ∑( Q p ) t represents the total purchase made by the buyer until the time t , and ∑( Of p ) t
represents the sum of offerings of agents p at the time t.
The learning process is represented in the model in terms of the reduction of the price of
the offer of the niche for the account of the produced quantity accumulated by the niche as a
whole. While the purchaser decides by a greater quantity of acquisition of the niche, the possible
price of the offer tends to decrease. As the entire process of technological development presents
a natural and inherent risk, it also adopts a term that represents this risk, in the form of a random
adjustment on the learning factor effectively observed at each step. This learning process is
expressed by:
P p t = f (P p t-1 - ∑ Q p t-1 * Fapr * β)
Where P p is the price of the offer of the niche p, and ∑ Q p is the cumulative quantity of
production of the niche, Fapr is the niche factor of learning for the account of the accumulated
production, and β represents the risk of learning and technological development. Agents of the
niche will submit bids for the buyer C regarding its commitment to the niche; the action of agent
presupposes the existence of commitment towards the niche. Thus:
Q p t = f (Com p t )
Where Com p t represents the commitment of the agent p at time t. In its turn, agents
adjust their commitment to the niche according to their expectations E to the development of
niche.
Com p t = f (E

p t-1, )

Likewise, narratives are carried out by agents of the niche p who present a certain degree
of compromise with the niche. The process of narratives and commitment as a whole proposed
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here is intended to replicate the concept of contagion developed in the literature. The greater the
commitment and attitude/size of the agent, the greater its capacity to generate narratives.
Thus,
N p t = f (Com t-1 )
Where N p t represents the narrative presented by the agent of the niche p at time t.
Simulation process
The simulation process was designed in sequential simulation rounds, each of these
rounds adopting a different initial condition of simulation. In order to enable the manipulation of
the system, and allow to test the consistency of the proposals and findings on various initial
conditions, a MAS can adopt a group of manipulation variables, which compose independent
variables into the analysis.
Initial values were assigned to the manipulation variables (i) sensibility to narratives - Sn
p; and (ii) learning factor - Fapr. Initial values were also assigned to the (iii) initial expectation E p t0 of the Buyer, in order to analyze the impact of the Government support to the development
of the process. Variables average offer per agent - Of p0 and average initial price - P p t0 were
adopted in the simulations in values similar to the empirically observed at the Brazilian wind
energy market.
The specific coefficient of each of the manipulation variables is assigned to each
individual agent by the system, adopting a random dispersion around the average value set for
each simulation condition. The heterogeneity among agents results of this dispersion assigned by
the system. An agent is also assigned randomly with a high degree of expectations on the
development of niche, in order to constitute a catalyst agent of niche expectations.
A MAS also adopts a set of internal state variables, which represent dimensions and
relations proposed by the conceptual model tested. The main internal state variable was the
degree of agent autonomy. Autonomy defines the probability of the agent to follow or not the
system behavior dimensions - especially when deciding on their narratives and expectations, as
well as its offer and price. The autonomy of the agent was kept constant throughout each
simulation.
We thus defined 125 different simulation conditions. Each of the 3 groups of simulations
conditions constituted an individual computational experiment, and table 3 summarizes the
conditions adopted. For each of the simulation conditions it was performed a group of 10
simulations. We have adopted in this process the behaviorspace tool, provided in NetLOGO
suite, which enables the implementation of automated computational experiments. A total
number of 1,250 simulations were performed.
Each simulation was designed representing week intervals, at a ratio of 3 steps for each
week. At every step, niche players seek to randomly establish connections with other agents,
considering the restrictions set for simulation. These connections represent the process of
narratives and pressures proposed in the conceptual model. Agents update their expectations and
commitment according to the interactions established in the step.
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Table 3. Conditions of simulation and experiments
Variables
Experiment
average offer per agent - Of p0
average initial price - P p t0
Initial niche size
sensitivity to narratives - Sn p
learning factor - Fapr
initial expectation - E p t0

E1
E2
E3

32 MWh
U$ 182.00/MWh
6 agents
min
.1
.1
200

Simulation conditions

max
.9
.9
800

Simulations per scenario

nº of conditions
5
5
5
10

System performance is updated in every step, in terms of quantities actually produced by
niche, and offered prices. Agents also update their expectations and commitment in accordance
with the observed performance of the system.
The buying process seeks to emulate the conditions observed in the wind energy niche, as
described in previous sections. The acquisition is through a simple auction process, where niche
agents are required to submit bids. The buyer acquires the offers presented, with preference
given to the lowest price. The auction occurs on a random basis, according to the market
demand, and with an average frequency of 2 to 3 times a year. At each step, the market demand
is also updated.
The simulation process was stopped when all agents of the niche have already sold all its
capacity, and new agents are not attracted to the niche. The simulation process was also
interrupted if the expectations of all niche agents fall to 0. If these conditions are not met, the
limit of 2,400 steps for each simulation was established.
Findings and Model Validation
According to Gilbert and Terna (2006), Berger and Schreinemakers (2006), Axelrod
(1997) and Bonabeau (2002), it is understood that the ability of the Multiagent system to emulate
empirical observations and stylized facts indicates for the acceptance of the proposed conceptual
model. To validate our proposed model, we adopted data regarding the development of the
Brazilian wind energy niche, observed in monthly terms, in the 25-year period ranging from
1994 to 2018. Our objective was to observe whether the proposed conceptual model has effective
capacity to represent the process of setting up this technological niche.
We adopted as indicators (i) the effective capacity produced by niche; and (ii) price of the
niche offer; these can be characterized as dependent test variables of the computational
experiment. The simulation results were observed in terms of historical series for each of the
defined indicators. The resulting time series, compared with the actual empirical data, are
presented in the following figures 2 for the estimated capacity produced, and figure 3 for the
estimated price offer.
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Figure 2 – Simulated time series - effective capacity produced by niche
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Figure 3 – Simulated time series - price of the niche offer
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Results were also evaluated in terms of the correlation among time series generated in the
simulation, in the different simulation conditions, and time series observed empirically. This was
estimated by Pearson correlation coefficient, and were calculated using the SPSS 22 software.
The correlation coefficients are shown in the following tables 4 and 5.
The correlation presented in Tables 4 and 5 suggest for a good approximation among the
simulation results and the patterns observed empirically. The observed correlation coefficient
between simulation and empirical data for the total capacity produced by the niche ranged most
for above .900, which suggests by a very good fit. In the data about niche offering price, the
correlation ranged from .726 to .889. Although having a of lower consistency, we understand
that results observed still are sufficient for the validation of the proposed model.
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Table 4. Correlation among empirical series and simulation results - total capacity
Variable of
Experiment manipulation
E1
Sn p
E2

Fapr

E3

E p t0

Simulation condition
Correlation
Final results

Correlation
Final results

1
0.784**
8,024

0.988*
7,689

2
0.868*
9,347
0.967*
7,015

Correlation
0.976*
0.957*
Final results
7,774
7,720
* statistically significant at p2 < .000 ** statistically significant at p2 < .00

3
0.859*
9,780

4
0.953*
9,929

5
0.938*
10,583

0.947*
7,324

0.941*
7,770

0.926*
8,001

0.982*
7,198

0.963*
7,427

0.984*
6,821

Table 5. Correlation among empirical series and simulation results – offer prices
Experiment
E1

Variable of
manipulation
Sn p

E2

Fapr

E3

E p t0

simulation condition

Correlation
Final results
Correlation
Final results

1

0.851*
136,20
0.841*
141,78

2

0.889*
140,91

3
0.847*
143,74

4
0.816*
142,19

5
0.784**
137,88

0.860*
132,60

0.832*
128,73

0.786**
112,89

0.772**
101,63

Correlation
0.830*
0.851*
Final results
101.72
107.77
* statistically significant at p2 < .000 ** statistically significant at p2 < .00

0.803*
97.55

0.768**
111.17

0.726**
98.67

These findings were observed in the 3 experiments, considering simulations with
different initial conditions in the variables (i) sensitibility to narratives - Sn p; and (ii) learning
factor - Fapr, and (iii) initial expectation - E p t0 of the buyer, thus showing a reasonable
consistency of findings. We understand that the correlation data observed, together, suggest for
acceptance of the proposed model - especially in its possibility to understand the process of
expectations diffusion through narratives produced by agents, as central to the technological
transition.
As expected, final observed prices have been observed as sensible to the learning factos
adopted in each of the simulations conditions of experiment E2, as shown in Table 5 above. But
notably, as shown in Figure 1 and in Table 4 above, we observed a significant dependence on the
final results of the conditions adopted for the variable sensibility to narratives- Sn p . This
observation occurred because in simulation conditions where it was assigned to agents a high
sensitivity, expectations have spread quickly in the niche, conducting it to a more effective
conjoint action. The model thus suggests by a significant dependence of the initial spread of
expectations in the technological niche.
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Final Considerations
This paper proposed a computational model to study socio-technical transitions, based on
a multiagent system. By the model proposed in this paper we discussed ways to study the
relevance of the construction of expectations to the process of technological diffusion and
transition. In the development of this model, we have adopted the Multilevel perspective as a
conceptual support, understanding that transitions depends upon the spread of expectations
among different social actors. We have developed the model based on the case of the
development of the Brazilian wind energy industry, which we consider is an ongoing transition.
Final results have given support to the acceptation of the proposed model, in terms of the
correlation between empirically observed data and simulation generated data. It also points to the
dependence on the transition of the initial dispersion of expectations in the niche. This paper thus
advances the literature about transitions, as it proposes a formal, structured approach to
understanding the dynamics involved in technological transitions.
Despite the discussed in this paper, it is understood that this research has several
limitations, the main one being the way of its construction. It is observed that the acceptance of a
conceptual model structured on a MAS as true should be done with relative caution. Results of
agents based modeling should be comprehended as a possible explanation of a behavior - and
this does not allow the understanding that this is the only, or even the best, explanation for this
behavior.
Considering the state of development of the theoretical framework adopted in this paper,
it is understood that the replicability of findings observed in this paper to other cases is limited.
We suggest as a proposition for new studies the modeling of other processes of technological
transitions, in order to improve and validate the theoretical background developed in this work.
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