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Abstract 
In this paper the importance of agent-based simulation is advocated for mechanism-based sociology 
[1]. The main epistemological reasons are to be found in the analogies between mechanism-based 
sociological theory [1.1], the study of complexity and emergent properties [1.2] and the generative 
explanatory power of computer simulations [1.3]. The discussion among social simulation scientists 
is therefore outlined across three main issues: a philosophical problem [2.1], the epistemological 
difference between two main kinds of emergent properties [2.2] and the employment of different 
agent modelling approaches [2.3]. The importance for sociology to extend agent-based simulation 
applications to endogenize micro-level actors' behaviour is finally advocated, in order to analyze 
complex macro-micro-macro interaction cycles. In the appendix [3], an example of the 
implementation of rich cognitive modelling for agents is presented, illustrating a BDI architecture for 
NetLogo. 
 
 
 

1. Why agent-based models in sociology? 

 

An Agent-Based Model (ABM) is a computational method which enables to study a social 

phenomenon by representing a set of agents acting upon micro-level behavioural rules and 

interacting within environmental macro-level (spatial, structural, or institutional) constraints. Agent-

Based Social Simulation (ABSS) gives social scientists the possibility to test formal models of 

social phenomena, generating a virtual representation of the model in silico through computer 

programming, simulating its systemic evolution over time and comparing it with the observed 

empirical phenomenon. The success of ABSS among sociologists is testified by the increasing 

number of publications advocating the importance of ABM for sociology (Epstein and Axtell 1996; 

Macy and Willer 2002; Baldassarri 2005; Hedström 2005; Epstein 2006; Gilbert 2008; Hedström 

and Bearman 2009; Macy and Flache 2009; Squazzoni 2012). In this chapter I shall try to show the 

theoretical reasons for the importance of ABM for sociology, which is of particular importance for 
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mechanism-based explanatory strategies [1.1] and is founded on the inner complexity of social 

phenomena [1.2]. Thanks to its technological characteristics ABSS can provide methods for a new 

kind of experimental social science [1.3]. 

 

1.1 Social mechanisms 

In the last decades new theoretical and epistemological perspectives, advocating a paradigm shift in 

the explanation of the social world, have become more and more prominent in the social sciences 

(Hedström and Swedberg 1998). In particular, in sociological theory, the interest for a new strategy 

in understanding macro-level social facts has been recently growing in the related scientific 

community, moving from a critique of statistical variable-based explanations, by now particularly 

used in empirical social research. The critique moves from the point that in order to explain a social 

phenomenon it is not satisfactory to identify the factors that seem to make a difference to the 

probability of the event to explain, which would not provide a proper scientific explanation 

(Hedström and Swedberg 1998; Hedström 2005). 

The core of the proposed methodological innovation – which is advocated particularly by the 

Analytical Sociology (AS) community – is synthesized in the proposal of «mechanism-based 

explanations» of social facts, in order to open the «black box» which traditional statistical 

correlation-based explanations keep closed between explanans and explanandum (Elster 1989). AS 

claims to provide proper in-depth causal explanations of macro-level social facts clearly detailing 

the precise «social mechanisms» through which they are brought about (Machamer et al. 2000). 

Despite the lack of general consensus, a «social mechanism» (Hedström and Bearman 2009) might 

be defined as an abstract and action-based explanation which shows how a set of entities and 

activities are linked to one another in such a way that they regularly bring about a particular type of 

social outcome (Hedström and Swedberg 1998; Barbera 2004; Hedström 2005). This can be 

achieved by dissecting a social phenomenon to its constituent components, situated at the related 

micro-level: 

(1) actors and their properties 

(2) actions 

(3) relations among actors (interactions). 

At the core of this perspective is the idea that macro-level social facts or events (e.g. network 

structures, diffusion dynamics, markets, collective action, typical beliefs, cultural tastes, and so on), 

which AS aims to explain through mechanisms, are somehow in a supervenient relation with its 

micro components [1] (Hedström and Bearman 2009). AS proposals move from the recognition of 

the fundamental complex nature of social phenomena, being in a whole-to-part relation with the 

properties of its interrelated micro-level components. From this metatheoretical point, the need for 

an analytical strategy is advocated: Solving the complexity by dissecting the macro-level facts to its 

micro-level components and reconstructing the mechanism through which interacting actors 

produce a macro-level social outcome. In other words, reconstructing the micro-macro link from 

interacting actors to supervenient macrosociological facts. 
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Although the micro-macro relation is at the core of the mechanism-based approach, it should not be 

forgotten that AS claims to be a form of «structural individualism» (Hedström and Bearman 2009). 

The motivation is to be found in a less reductionist interpretation of the concept of «social 

mechanism». Mechanism-based explanations do advocate action-based accountings of macro-level 

social phenomena, but yet actors and their properties are not to be conceived as atomistic entities 

but rather as embedded in relational structures which shape their properties and their actions, which, 

moreover, are not necessarily to be modelled as rational-choice motivated (Udehn 2001). The 

intention behind this theoretical assumption is a strong commitment to a philosophical critical 

realism [2], avoiding arbitrary assumptions about human nature or formalizing the absence of social 

relations. 

This may be achieved by endogenizing beliefs, desires, opportunities and intentions as part of the 

micro-macro mechanism. Considering actors' properties as variables influenced by the structure in 

which they are embedded, implies the enrichment of the proposed explanation model with another 

element: A prior macro-level social situation. Hence social mechanisms operating among the micro-

level properties of the interacting actors are analytically situated in the core of the relation between 

an input macro-level structure (M1) and the observed outcome (M2). Thus the mechanism-based 

explanation can be consistently brought into the tradition of the so-called «Coleman bath tub» 

(Coleman 1986) scheme, the micro-macro link being extended to a macro-micro-macro link  

(Frank et al. 2009): 

 
According to James S. Coleman (1990), a social phenomenon can be explained providing an 

account of a chain of three interdependent mechanisms: 

(1) a macro-micro situational mechanism (M1 → m1); 

(2) a micro-micro action-formation mechanism (m1 → m2); 

(3) a micro-macro transformation mechanism (m2 → M2). 

Given such an explanatory strategy, social sciences are able to provide an account of social change: 

That is, explaining why a social event occurs, changing over time or co-varying with another state 

or event. Social mechanisms can thus make sense of what happens between M1 at time t = 0 and 

M2 at time t+1. The type of dynamic brought about depends upon the properties of the actors and 

the way they interact with each other (Hedström 2005). 
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Explaining social phenomena through the detailing of macro-micro-macro cycles is a powerful 

theoretical tool for sociological theory, providing formalized accounting of important dynamic 

macrosociological phenomena, without reducing them to static unrealistic representations. In order 

to increase heuristic potentialities linking theory to empirical research, mechanism-based 

explanations share an analogous logical structure with the methodological and technological 

innovations coming from the computer sciences and the artificial intelligence research programme, 

leaning on the interdisciplinary field of complexity studies (Gilbert and Terna 2000). From this 

scientific intersection comes the employment of ABM to formalize and test social mechanisms via 

computer simulation (Macy and Flache 2009). More precisely, «complexity» and «emergence» are 

the two main concepts that the mechanism-based approach in sociology shares with the field which 

studies complex systems. 

 

1.2 Complexity and emergence: Micro-macro link and agent-based models 

ABSS arises from the Multi-Agent Systems (MAS) research. A MAS is a system which consists of 

multiple intelligent and autonomous agents having different information or diverging interests, 

interacting within an environment (Shoham and Leyton-Brown 2009). 

MAS are the result of the application of Artificial Intelligence (AI) to complex systems theory. A 

MAS can also be defined, more precisely, as a distributed artificial intelligence system, constituted 

by a set of specialized agents equipped with some form of bounded rationality. Differently from the 

classical AI paradigm researchers, concentrated on performances of one single problem solver's 

mind, Distributed Artificial Intelligence (DAI) concentrates on solution of «global task» problems, 

impossible to solve by one single individual, by programming a set of computationally weaker 

agents, localized in interaction and coordination systems, able to collectively achieve a complex 

task in absence of top-down control (Epstein and Axtell 1996). 

One example of solution of global tasks problem via coordination of multiple agents is the so-called 

«contract net» framework. In such a MAS the global task is broken down into subtasks and these 

are distributed among the set of agents, each one with different capabilities. Each agent is provided 

by a function which expresses the cost for him to achieve his subtasks. Starting from this condition 

the agents negotiate to reach an optimal subtasks assignment and collectively achieve the global 

goal (Smith 1980). 

In a more realistic and complex MAS it is crucial that the agents agree on certain «social laws», in 

order to decrease conflicts among them and promote cooperative behaviour  

(Shoham and Tennenholtz 1995). Social laws are restrictions on the agents' given strategies: For a 

given agent, a social law presents a trade-off. Without such laws even the simplest goals might 

become unattainable by any of the agents, or at least not efficiently attainable  

(Shoham and Leyton-Brown 2009). 

Beyond the assonance with the word “social”, a deep analogy between the provided examples of 

MAS coordination strategies and social mechanisms can be shown. Considering the latter ones as 

social systems – as they can be easily modelled as bounded entities constituted by interrelating 
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heterogeneous components sharing at the individual level no macro properties of the whole (Borrill 

and Tesfatsion 2010) –, they share with MAS some properties in terms of complexity and 

emergence features. 

«Emergence» and «complexity» are two concepts elaborated within the field of complexity studies. 

A system is considered as “complex” if it is not possible to understand its functioning without 

taking into consideration the interaction of its constituent components. Nor at the simple micro-

level, atomistically considering the single components, nor at the macro-level, studying the whole 

by itself, is it possible to understand the mechanisms of a complex system (Holland 1995, 1998). 

This is due to the fact that a system's behaviour – its order – does not emerge as a property of its 

single parts, but rather of the interaction among the parts. Not only should it not be possible to study 

a complex system merely as a whole, but moreover could not it be reduced to a single typical 

component of theirs, representing all the parts of the whole, as non-linear relations are established 

between the parts and the whole. 

Agent-based models are MAS which explicitly model the individual agents. Whether traditional 

MAS research tries to programme the system with social laws and conventions which a priori 

constraint simple agents in interactions aimed at a goal achievement, ABM operate bottom-up to let 

laws and conventions («social norms») organically emerge from the interaction of more complex 

agents. Such a process is one in which individual agents occasionally interact with one another, and 

as a result gain some new information, updating their own behaviour, relying on each one's  

accumulated information over time (Shoham and Leyton-Brown 2009). 

In order to explicitly model the individual agents, ABSS has been profiting of the logical and 

technological advantages provided by Object-Oriented Programming (OOP). OOP is a software 

programming technique through which it is possible to elaborate formal languages in which objects 

are represented as encapsulated bundles of data and methods (Borrill and Tesfatsion 2010). Through 

OOP languages agents can be virtually reproduced as discrete pieces of software code encapsulating 

autonomous properties and functions, interacting with other autonomous agents through 

communication protocols, profiting on the high level of modularity provided by OOP languages, 

such as Java, C++, or Python [3] (Terna 2008), and the analogical correspondence between the idea 

of an agent and an object (Gilbert 2008). For instance, a large advantage offered by ABM over 

equation-based models, such as the possibility to model more realistic heterogeneous agents instead 

of building a unique type of idealized actor (Macy and Willer 2002, Baldassarri 2005), is largely 

facilitated by the programming of different classes of agents (i.e. abstract specifications of objects) 

with different methods of data processing (Gilbert 2008). 

The first software tool created for agent-based modelling, Swarm [4], was developed at the Santa Fe 

Institute in 1994. The key concept is that designing a model is to elaborate a hierarchical 

architecture of swarms, each one being a collection of agents with a schedule of events over those 

agents: Thus, a swarm contains the agents as well as the representation of time. Hence emergent 

phenomena can be simulated leaning on the multi-level power of Swarm, which enables an agent to 

be composed of swarms of other agents in nested structures. In this case, the higher level agent's 
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behaviour is defined by the emergence of the agents interacting at the lower level. 

A strong analogy can be found between the call for mechanism-based explanations in social 

sciences and the experimental power provided by computational programming technologies for the 

study of emergent properties in a system. Building simulations of social phenomena can thus bring 

social sciences to explore experimental-oriented methodologies for the explanation of social 

phenomena. 

 

1.3 The generativist paradigm for the social sciences 

Leaning robustly on the fundamental concepts of complexity and emergence, ABSS meets the 

principles for what is defined as a generativist scientific explanation (Epstein 2006), which is 

illustrated in the following theorem: 

(1) If an empirically observed macro-level phenomenon (F) can be simulated, moving from a 

set of plausible hypotheses on the n micro-level components' behaviour  

Hi = [H1, H2, H3, …, Hn]; 

(2) if the simulated macro-level dynamics (M) are analogous to those of F; 

(3) then Hi may be considered as sufficient conditions for the explanation of F. 

Moving from these fundamental principles, a generativist paradigm for the social sciences has been 

advocated (Epstein and Axtell 1996; Epstein 2006), claiming for the provision of internal 

explanations of social phenomena, by describing the concrete mechanisms capable of generating the 

macro-level phenomenon, instead of logic-based or numeric explanations, coming from an 

observer's external perspective (Conte and Paolucci 2011). 

It is evident how a generative explanation, providing a description of the concrete entities involved 

in the emergence of a macro-level social phenomenon, meets the criteria of the mechanism-based 

explanations advocated by AS. As many commentators have noticed, there is a robust and 

promising link between AS, the generativist paradigm for social sciences and ABSS  

(Frank et al. 2009). 

In the next chapter some fundamental issues currently under discussion in the applied ABSS 

research are illustrated, depending on the researcher's perspective about which kind of  

macro-micro-macro cycle an ABM should simulate. 

 

 

2. Agent-based models and the micro-macro link 

 

In this chapter the main issues under discussion among ABSS scientists shall be summarized, often 

depending on general disagreement about epistemological perspectives [2.1]. A first methodological 

divide line is traced between two different kinds of emergence models [2.2]. A further debate can be 

conducted on the grade of complexity which agents should be equipped with in ABM [2.3]. Finally 

an epistemological interpretation of the motivations beyond the poor diffusion of rich cognitive 

models in sociology is advanced [2.4]. 
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2.1 Individualism vs. Social Structuralism 

The whole history of sociology and the philosophy of social sciences has been developing across a 

continuous discussion between two parties, one supporting the idea of society as a simple 

aggregation of acting individuals, and the one arguing for the ontological status of social structures, 

somehow determining individuals' actions. 

Nowadays the discussion is still open and presents the opposition between methodological  

(or ontological) individualism and social structuralism, although the epistemological position of AS 

seems to try to stand in a middle place, defining a hybrid form, called structural individualism 

(Hedström and Bearman 2009). 

Even among those social scientists supporting the need of micro-foundation of social phenomena, 

there is no agreement on the way macro and micro levels interact. The core of the issue is contained 

in the interpretation of the micro-macro-micro cycle:  

(1) Is macro-micro link really just a situational mechanism without real causal power  

(Coleman 1990)? 

(2) Or do social systems’ macro-level properties exercise some kind of causal influence on the 

micro-level individuals' behaviour (Conte et al. 2007)? 

The concept of emergence has therefore been involved in corroborating contradictory arguments.  

On one side, authors like J. S. Coleman have been stressing the relevance of understanding how 

individual actions combine to generate emergent properties at a macro social system level  

(micro-macro link). Introducing the concept of emergence, Coleman firmly states that «the only 

action takes place at the level of individual actors, and the ‘system level’ exists solely as emergent 

properties characterizing the system of action as a whole» (Coleman 1990: 28).  

On the other side, structuralist social scientists (Archer 1995; Sawyer 2005) and most network 

analysts stress the point that emergent social structures can exercise causal power on individuals at 

a micro level (macro-micro link). The macrosocial level is viewed as a «social stratum» populated 

by ontological entities which can affect  the determination of individual behaviour, causing the 

emergence of micro-level properties in the actors' cognitive structures: new mental states and 

representations, new meanings, new identities, as it is argued by some socio-cognitive scientists 

(Conte e al. 2007). 

This opposition between epistemological perspectives influences the way in which social simulation 

scientists employ ABM in their research.  

Besides the differences between traditional MAS and ABSS, a peculiar distinction can be analyzed 

among agent-based computational models for social sciences in the concrete application in social 

research: 1st order emergence models and 2nd order emergence models (Squazzoni 2008) [2.2]. 

Moreover, the technological and methodological needs of the two approaches raises the discussion 

between the adoption of a KISS approach to agents modelling and the implementation of complex 

agents architectures in ABM [2.3]. 
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2.2 Emergence, immergence and incorporation 

It is beyond any doubt that every ABM entails a complete macro-micro-macro cycle.  

The simulation initial conditions express an environment with a set of macro-level constraints to the 

agents' action: Resource availability, information access, positions in the interaction network, social 

norms are all macro-level properties which are programmed to form the environment of the model. 

The output of an agent-based social simulation is a macro-level regularity, produced by the micro-

level interaction of bounded-rational agents, i.e. from M1 to M2, via action-formation mechanisms 

at m1-m2 level. 

Although, it is still under discussion whether simulation via ABM should aim at reproducing only 

the micro-macro link or, at the contrary, endogenize macro-level changes in the model in order to 

analyze the retroactive link between macro and micro levels. Depending on the chosen 

methodology, two concepts of emergence can be distinguished in social simulation. 

A first-order emergent property is a macro-level property, i.e. a macro pattern, behaviour, structure 

or dynamic, which is generated through decentralised and localised interaction among agents. It is 

emergent because it is not possessed by any agent in particular, but by the system as a whole, and it 

emerges in regards to the interactions which produce it. A first-order property appears only at the 

system’s level, referring to aggregate properties that were not previously programmed at the agents’ 

behavioural level. Hence, this concept is particularly useful to study the emergence of global 

unplanned consequences of local interactions. It is worth emphasizing that these emergent 

properties do not have an ontological meaning in themselves. They are studied because they arise 

from agents’ interactions, and they might be understood only by dissecting these interactions. 

Two famous examples of first-order emergence are the classic models elaborated by  

Thomas C.  Schelling (1971, 1978) and Mark S. Granovetter (1978) about segregation and tipping 

points of collective behaviour. 

As agents interact locally and their behaviour changes only under the pressure of local constraints, 

they are not aware of what they generate at the macro-level. Anyway, it is possible to model 

simulations of downward effects from macro-level emergent properties to micro-level agents' 

behaviour. Emergent macro-level properties of a social system can retroact on the micro-level by 

determining a new property on the generating system, building a simple loop which can become 

complex as long as the new micro-level properties produced by the macro-micro feedback 

reproduce the emergent macro-level property again. This non-reflexive macro-micro retroactive 

loop can thus be defined as immergence, as «the process by means of which the emergent effect 

modifies the way of functioning of the generating system, affecting its generating rules or 

mechanisms in such a way that it is likelier to be reproduced» (Conte et al. 2007: 44). 

An emergent macro-level property is second-order emergent if it is cognitively recognized by 

agents that have yielded it and if, as a consequence, can be intentionally supported, maintained, 

changed or contrasted by the same agents that yielded it. In order to model direct feedbacks of 

macro-level onto micro-level, the model must be based on the presence of reflexive agents endowed 
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with the cognitive capability of recognising the macro features of the system in which they are 

embedded, as well as the macro consequence of their actions. What is being studied in these models 

is the diachronic process through complex loops between the micro and the macro level, not just the 

macro-level outcomes of agents’ interactions (Conte et al. 2007). These macro-micro feedbacks are 

simulated through cognitive (e.g. individual agents' inference rules) or institutional scaffolds  

(e.g. norms, structures, or institutional matrices) (Squazzoni 2008). The fundamental characteristic 

of these kind of models is the necessity of adding further grades of complexity at the behavioural 

level, by introducing a mental dimension endowed with intentionality and cognitive reflexivity 

(Gilbert 1996; Boero et al. 2004; Conte et al. 2007). 

The two concepts of emergence express each one a different approach to ABSS, even though both 

perspectives agree on the consideration that an entire macro-micro-macro cycle is involved in an 

agent-based simulation. Social scientists who are interested in the structural influence of macro-

level properties on micro-level behaviour do not disregard the importance of the supervenience of 

macrosociological regularities from action-based formation mechanisms. At the same time 

methodological individualists do not deny that the emergence of macro-level properties in a social 

system has an effect on actors' behaviour. 

This is particularly clear in social simulation. Most ABM, regardless of the researcher's ontological 

or epistemological beliefs, do not assume stable rules at the micro-level, but rather program agents 

with capabilities of adaptation and learning in relation to the changes in the environment. Thus the 

way the interactions flow produces changes at the system level (e.g. a different network structure 

from the initial conditions, due to the movement of the agents in the space). Such changes in the 

macro-level properties of the system necessarily provide an impact on the agents’ behaviour in the 

following interactions (e.g. by providing different constraints or incentives to the action). Although, 

recognizing the occurrence of a feedback effect from macro-level changes on the micro-level 

properties that produced it, does not necessarily imply that agents should reflect the changes in their 

micro-level cognitive structure. 

Beyond the philosophical convictions which often split the social scientific community, among the 

ABSS research, the difference between first and second-order emergence models lies in the 

different way mechanisms of macro-micro change are modelled: Some are supposed to be mediated 

by local adaptations, keeping causal power in the micro-macro aggregation mechanisms and letting 

action be triggered by the environment constraints; whereas others are produced thanks to the 

reflexivity of the agents, thus capable to understand and internalise the macro-level changes in their 

cognitive structure, whose functioning controls the micro-level behaviour. 

The question about first-order and second-order emergence properties brings to take into 

consideration more general questions about sociological theory: Should it focus only on the micro-

macro link or, otherwise, embrace a wider conception of a macro-micro-macro cycle? Of course the 

agent theory problem becomes unavoidable: Simple agents for the transformation micro-to-macro 

link, or complex agents to study backward macro-micro causation? 
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2.3 Agent modelling: KISS vs. rich cognitive models 

By now, complexity has been discussed at the macro systemic level. The discussion between the 

different orders of emergence forces to take into consideration the problem of complexity at the 

micro-level of agents' behaviour (Woolridge and Jennings 1995). 

At one side, complexity studies carry the idea that macro-level complexity should be analyzed as 

being brought about by interaction among lower level components, whose complexity grade should 

be kept as simple as possible. At the other side, the strong philosophical realist position which is 

supported by many social simulation scientists prevents the discussion from overlooking the 

problem. 

Moreover, the generativist social science programme involves a strategy which seeks to individuate 

the sufficient conditions for the generation of a social phenomenon, suggesting a KISS  

(Keep It Short and Simple) approach, but yet it can be argued that only the programming of 

complex agent architectures are able to simulate the agents' correct cognitive structures, thus 

providing a real description of the generative mechanism (Conte et al. 2007). Then, when are 

cognitive structures useful for agent-based simulation models? 

A good reason to ignore the agents’ cognitive structure is the case in which no downward effects 

are simulated from emergent macro-level properties to micro-level agents' behaviour. Provided that 

the only effect to be explained is the one involving the micro-macro aggregation link, which is 

brought about by simple constrained interactions, it is not worth to make agents complex, as this 

would add no useful information to the simulation. In a more general condition, a common reason 

for not modelling complex agents is that the micro-level properties of the agents are realistically 

assumed to be constant. In this case, no endogenous change at the micro-level occurs and 

consequently no feedback effects from the social system to the agents (Gilbert 2005). 

Another common reason for keeping agents simple is when a macro-level outcome could be raised 

by various alternative mechanisms at the lower level. This is the situation in which unintended 

consequences of individual actions at the aggregate dimension are to be modelled. For instance,  

T. Schelling's famous segregation model deliberately avoided modelling the motivations for people 

to move away from their neighbourhood, in order to show the segregation outcome to rise also with 

agents' high tolerance rates (Schelling 1971; Gilbert 2005). In such models the main algorithm 

followed by agent-based modellers is to set up the rules that are minimally required to obtain the 

macroscopic effect one seeks to simulate. This is probably the reason why the majority of the ABM 

are the result of ad hoc programming (Gilbert 2008; Conte and Paolucci 2011). 

Provided that the goal of some ABM, although very few in comparison with simpler  micro-macro 

link models, is to take account of the downward effects of emergent macro-level properties on the 

agents' behaviour, the necessity to programme more complex agents for such models cannot be 

denied. The approach advocated by socio-cognitive scientists in order to study immergent and 

second-order emergent properties is in some way opposite to the ad hoc programming style applied 

in the majority of ABM.  
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Given the fact that the core of the simulation is the exploration of complex loops between macro 

and micro level, it is important to: 

(1) programme cognitive structures through which agents could act in a reflexive way; 

(2) avoid ad hoc rule programming, to provide a higher grade of ontological correspondence 

between agents and real individuals' psychology (Conte et al. 2007). 

This is particularly clear when the focus is on second-order emergence models. In fact, it is when 

agents reflexively adapt or modify their cognitive properties depending on the macro systemic 

changes, which they are able to recognise and revise, that rich cognitive agents seem to be useful in 

ABSS. 

Moreover, it is beyond any doubt that understanding internal cognitive dynamics is crucial 

whenever we need not only to anticipate but also to understand events for which behaviour is 

relevant. Modelling the internal dynamics of events could be useful not only for scientific reasons 

but also for guiding intervention, undoubtedly providing a deeper penetration in the micro-level 

action-formation mechanisms. 

 

2.4 Conclusions 

The methodological discussion about the implementation of different kinds of ABM has been 

developing across two debate lines: 

(1) first-order emergence vs. second-order emergence; 

(2) KISS vs. rich cognitive agents. 

Rich cognitive agent modelling has gained increasing popularity in MAS research within and 

beyond the field of agent systems and theories. Complex cognitive architectures for agents abound 

in simulation models but scientific contributions based on rich cognitive modelling approaches are 

not published in social scientific journals (Conte and Paolucci 2011). 

The cause of the poor success of rich cognitive modelling in ABSS can be found in the 

methodological premises which guide most social scientists in the application of ABM to their 

research. 

Unlike socio-cognitive scientists, who are more interested in the exploration of the cognitive 

mechanisms responsible for emergent properties, most sociologists apply ABM to test hypotheses 

previously designed to explain some observed empirical regularities. In this case, sociologists are 

not interested in simulating cognitive micro-level behaviour to discover what interactions generate, 

but they rather look for the minimal conditions that  cause the occurrence of empirical social 

phenomena. Simulation is thus an important tool to test the theoretical consistency of hypothesized 

social mechanisms and to compare the obtained experimental data with empirical data collected 

with more traditional quantitative or qualitative social research techniques. Of course can the model 

be designed according to realistic model parameters, but the scientific goal of the simulation is often 

not guided by explorative purposes. ABSS is rather employed as a powerful tool to test hypotheses 

about social mechanisms. 

So, although the origin of ABSS can traced back in the differentiation from traditional MAS, where 
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agents are not explicitly modelled, the grade of complexity of agent modelling for sociology 

remains at a relatively low level. KISS-guided scientists implement ad hoc rules in the agent 

programming, analytically selecting the real actors' properties which are thought to be fundamental 

in the detailing of a mechanism, experimenting the possible configurations which generate a 

satisfactory simulation of the real phenomenon. 

On the contrary, socio-cognitive scientists argue for a different methodological strategy, refusing to 

concentrate only on macrosociological regularities, but rather reproducing realist cognitive 

representations of real agents, in order to analyze the causal relationships between actors and the 

environment, through the employment of a realist theory of the agent. 

Furthermore, the question gets even trickier if the researcher focuses his attention on the necessity 

of reproducing, via computer simulation, an entire macro-micro-macro cycle. Recently some 

analytical sociologists have been developing critiques to a reductionist approach to AS  

(Baldassarri 2009; Edling and Rydgren 2010), arguing for a shift from the approach proposed by 

Peter Hedström (2005), which focuses on the micro-macro transformation mechanisms, and 

integrating explanations with macro-micro mechanisms, endogenizing beliefs, desires, 

opportunities, group identity in the models. In order to study the formation mechanisms of actors' 

properties, agents in ABM can no longer be considered as «mindless» but rather need some kind of 

cognitive enrichment, whether through the use of complex cognitive architectures or not. At the 

same time a hypothesis-driven approach should be preserved, in order to keep ABSS close to 

empirical social research. 

Sociology should not reduce its goal on the analysis of the micro-macro link, employing ABSS 

tools to endogenize the action-triggering factors, also related to the cognitive sphere of the actors, 

which does cause the formation of macro-level phenomena but equally is by the macro structures 

influenced. At the same time, the focus for sociology should remain the study of macro-level social 

facts and events, keeping the actor complexity at a reasonable level in order to study micro-macro 

and macro-micro link. Formal models in social science have the power to provide abstract 

explanations for classes of phenomena, and therefore should a model not be a mere copy of reality. 

Sociology is not psychology, but avoiding to study the social bases of the cognitive action 

dispositions brings to reduce the sociological scientific purpose. 
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3. Appendix: An example of rich cognitive agents modelling 

 

In this chapter, a very brief and simple idea of an ABM with rich cognitive agent architecture is 

offered as an application example [3.2], without claiming any robust usefulness for scientific issues. 

 

3.1 BDI Modelling 

BDI (Belief-Desire-Intention) software modelling is one of the most popular agent architecture in 

AI and computer science, though, like all other rich cognitive models, not very diffused in the 

ABSS community (Gilbert 2005, Conte and Paolucci 2011). 

A BDI architecture is a system to model agents as bounded rational entities equipped with a set of 

mental attitudes (Rao and Georgeff 1995): 

(1) Beliefs: informational states 

(2) Desires: motivational states 

(3) Intentions: deliberative states. 

With this kind of architecture, mainly relying on folk psychology (Bratman 1999), it is possible to 

model proactive agents, capable of understanding the macro-level changes in the system, 

incorporating collected information into their memories, and deliberately acting upon intentional 

action dispositions and processing information about the system. 

 

3.2 A marketplace model with BDI agents in NetLogo 

The model does not claim to be of any usefulness for social scientific research, as it has been 

designed and built just to offer an example of a rich cognitive model for ABSS. Thus no 

simulations have been run to generate experimental data. 

The model has been built employing NetLogo [5]. To get over the scarce usefulness of NetLogo in 

building explicit goal-oriented agents, a special extension for BDI programming, provided by a 

group of computer scientists of the University of Macedonia and CITY College  

(Thessaloniki, Greece) [6] has been integrated in the NetLogo software code of the model. The 

extension gives the possibility to easily implement a rich cognitive agent architecture, by integrating 

the software code with a few libraries responsible for the agents' informational (beliefs) and 

deliberative (intentions) mental states modelling. Moreover, the agents are able to communicate 

with each other by producing and sending messages to others, which can be stored and added to the 

agents' knowledge (Sakellariou et al. 2008), following a FIPA-ACL protocol. 

The model represents a population of traders in a virtual marketplace, classified into two subgroups: 

buyers and sellers. Each agent is initialised with a reservation price. Sellers do not move in the 

space, whereas buyers move random looking for a seller with whom to trade. While moving, buyers 

collect messages from neighbour sellers, who are virtually “shouting” their reservation prices to the 

crowd. Messages are registered in a memory, evaluated as offers and stored as beliefs. The trade 

occurs if the buyer evaluates the collected prices and evaluate them as lower than its reservation 

price. Then the lowest price is chosen and the deal is made with the related seller. 



 14 

The model is integrated with libraries which provide lists enabling to manage each agent's beliefs, 

intentions and messages (sent and received). In the following paragraphs, the software code is 

illustrated underlining the BDI agent programming strategy with examples. 

Intentions 

Intentions are the agents' deliberative mental states, which trigger the action. For each agent, a set of 

intentions, i.e. the action goals, are pushed into a stack. In the code, every intention (I) is 

programmed as a list composed by two instances: the name (I-name) and a boolean condition which  

occurs when the intended action is fulfilled (I-done), causing the intention to be popped out of the 

stack. 

Here is an example: 

 

["move-away" "true"] 

 

I-name maps to a NetLogo «procedure», defined in the software code: 

 
to move-away  
  set color red  
  set heading random 360  
  fd 5  
end  

 

I-done maps to a boolean NetLogo «reporter» (function in NetLogo). An agent must pursue an 

intention until the condition described in the I-done part evaluates to true . An intention is added to 

the intention stack, which is programmed as a list of intentions, as in the following example (in 

pseudo-code), related to a buyer: 

 
IF intention stack NOT empty:  
[Get intention I from the top of the stack]  
Execute I-name  
IF I-done == TRUE:  
[pop I from stack]  
ELSE do nothing  

 

The execution model is encoded in the procedure execute-intention , which executes the first 

intention in the agent's stack. 

Intentions are added to the intention list through a special procedure, add-intention , which  puts a 

list composed of I-name and I-done and puts the two instances at the top of the intention stack. 

Beliefs 

Beliefs are the informational states of the agents. Like intentions, their management employs the 

NetLogo list architecture. Although a special library for belief managing is redundant, it makes the 

whole BDI programming work easier and clearer, letting the researcher be able to control the 

agents’ cognitive processes more easily. 
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Every belief is also programmed as a list with two instances: the type and the content of the related 

belief. 

 

["proposal" "54" 0.7114950561610585]  

 

This belief example, related to a buyer, is a list whose first instance is a string referring to the 

«class» of the belief. The second and third instances constitute the belief content, which, in this 

particular case, is another list with two elements (the seller’s identification number and its related 

reservation price). The list has been previously collected as a message, received from one of the 

neighbour sellers. 

As for intentions, belief management is executed through a set of reporters and procedures which 

allow, for instance, the creation of agent’s beliefs. For example, the following procedure adds the 

content of received messages to the buyer's belief list, storing them as “proposal” : 

 
to record-proposal [msg]  
  add-belief (list "proposal" get-sender msg get-co ntent    
   msg)  
end 

 

The model software code 

The main role in the interaction is played by buyers, who are able to move random in the space, 

looking for a satisfying seller. 

In the setup procedure, buyers and sellers are equipped with three empty lists, stored in turtle-own 

variables, related to beliefs, intentions and received messages. Then an intention is added to the 

related empty stack. In the buyers’ case: 

 

add-intention "find-a-seller" "false"  

 

whereas for sellers: 

 

add-intention "send-price-to-buyers" "false"  

 

These two intentions represent the main behaviour rules followed by the two kinds of agents. 

Then, a very simple procedure makes the simulation run: 

 
to go  
  ask turtles [execute-intentions]  
  tick  
end  

 

Hence, for each cycle, every agent executes the first intention in the stack. 
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Moving to buyers, the intention find-a-seller  calls three other procedures, each one adding 

another intention to the related stack. 

 
to find-a-seller  
  add-intention "move-away" "true"  
  add-intention "evaluate-proposals-and-buy" "true"  
  add-intention "collect-proposals" "true"  
end  
 
to collect-proposals  
  let msg 0  
  let performative 0  
  while [not empty? incoming-queue]  
  [  
    set msg get-message  
    set performative get-performative msg  
    ifelse performative = "propose"  
    [record-proposal msg]  
      [do-nothing]   
  ]  
end  

 

Thus it is possible for buyers to inspect their incoming-queue  lists, looking for  "proposal"  

messages. If the query is successful (i.e. the buyer is close enough to a seller to get messages from 

it), then the messages are stored as beliefs. 

 
to record-proposal [msg]  
  add-belief (list "proposal" get-sender msg get-co ntent msg)  
end  

 

Then the belief  list is inspected to evaluate the best offer which has been received, compared to 

the buyer's reservation price. If the evaluation is successful, the buyer sends the related seller a 

“deal”  message. 

 



 17 

to evaluate-proposals-and-buy  
  let best 0  
  let proposals 0  
  set proposals beliefs-of-type "proposal"  
  ifelse not empty? proposals [  
    foreach proposals [remove-belief ?]  
    set best first sort-by [item 2 ?1 < item 2 ?2] proposals  
    ifelse last best <= maxPrice  
    [  
      send add-receiver item 1 best add-content ("d eal")  
   create-message "accept-proposal"  
      set color blue  
    ]  
    [do-nothing]  
  ]  
  [do-nothing]  
end  
 
to move-away  
  set color red  
  set heading random 360  
  fd 5  
end  
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NOTES: 

[1] For the concept of «supervenience» in philosophy of science, especially in the mind-body problem literature, see 

Kim (2005). In social theory, if two social collectivities are identical to one another in terms of their micro-

properties, then also their macro-properties will be identical. At the same time, if two social collectivities differ in 

their macro-level properties, then they will be different also in their micro-level. In contrast, identical macro-level 

properties do not necessarily imply identical micro-level properties, as they could be brought about by different 

mechanisms (Hedström and Bearman 2009).  

[2] The main reference for critical realism in the philosophy of social sciences is Baskhar (1978). 

[3] http://eco83.econ.unito.it/terna/slapp/ 

[4] http://www.swarm.org/index.php/Main_Page 

[5] http://ccl.northwestern.edu/netlogo/ 

[6] http://users.uom.gr/~iliass/projects/NetLogo/ 
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