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Summary 

In recent years, agent-based simulation has been successfully utilized in studying 

various economic phenomena. Those research results focus on modeling and simulation 

of emotions in Agent Based Economics. This thesis goal is to develop a simulation 

application that studies various emerging economic phenomena, such as bank runs, using 

emotional modeled agents. The economic phenomena simulation based on multi-agent 

systems is one of the most contemporary ways of studying the latter, as it allows the 

design of various factors with twenty-two standardized emotions, which interact with 

each other. Specifically, we focus on X-Machines, which have been expanded 

appropriately to allow emotional modeling. 

Keywords: Based Simulation, Emotional agents, Agent-based Computational 

Economics, Bank Runs, X-Machines 
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Abstract 

This thesis focuses and investigates the correlation between the emotions and 

emotion contagion with panic that leads to bank runs, taking under consideration 

scenarios of the global financial crisis that occurred in 2007. Even though Agent-based 

Computational Economics (ACE) has been increasingly popular in recent years, due to 

its ability to model economic scenarios in a more detailed manner compared to other 

methodologies, modeling in ACE fused with emotional agents is not so common. The 

research scenario under investigation in the context of the present work, is the one of 

"bank panic". The term «panic» refers to the presence of emotional bias towards the 

unanticipated deposits withdrawal from more than one bank (simultaneous bank runs). 

The simulation world is composed of depositor agents, influencer agents, banks, ATMs, 

and retail shops. The behavior of depositor agents is specified by an Emotional X-

Machines model, i.e. a formal model of emotional agents and implemented with the 

NetLogo platform. Similar research involving emotions has been conducted in the area of 

crowd dynamic scenarios, like evacuation simulation. Executing the simulations under 

different conditions, we observed a relationship between emotional contagion caused by 

spread of negative rumors that lead to panic during a bank run. The agents, enhanced 

with artificial emotions and personality traits, were influenced by the bank failure rumors 

and experienced emotional state change leading them to a panic state, which inevitably 

resulted in a bank run. 

Keywords: Agent-based Computational Economics, Emotional Agents, Bank 

panic, Bank run, Emotional contagion, NetLogo, Crowd dynamics 
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 1 Introduction 

 1.1  Motivation 

Agent-based Computational Economics allows the creation of detailed 

macroeconomic models with high complexity. Additionally, with the presence of 

memory, states and emotions of the agents, if modeled accordingly, the agents behave 

and decide in collective ways.  

The research on this specific topic, was motived by a strong interest in human 

behavior, crowd dynamics and reactions in a stressful environment, like a possible bank 

run. 

 1.2  Study’s context 

The current thesis was authored as part of the requirements to the Computational 

Methods and Applications Master’s graduation. The tool that was used for the project’s 

development was the NetLogo platform. No external datasets were used. That results 

analysis, and the plots generation were done with Microsoft Excel. 

 1.3  Document structure 

 This document is grouped in eight chapters. Chapter 1 includes the introduction, 

the researcher’s motivation, the study’s context and the document’s structure. In Chapter 

2, agents' history, and several definitions are presented. Additionally, several agents’ 

platforms built through time are presented also. Chapter 3 describes what an agent-based 

simulation is and how a simulation is modeled. Chapter 4 includes, a chronology of the 

agent-based economics simulations is presented, and which are the characteristics of the 

Agent based computational economics. The Cyprus financial crisis is included as an 

example. Chapter 5 dwells with agents and emotions. Detailed analysis of emotions, 

emotions influence, behaviors, and emotions and affect an agent's actions are included. 

Additionally, several emotions based formal models are described. In Chapter 6 deals 

with the technical specifications of the simulation's world that we used to research the 

current's thesis problem. In Chapter 7, all the simulations results are included, grouped 

by population size. Finally, in Chapter 8, conclusions and suggested future work are 

reported. 
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 2 Agents 

 2.1  What is an agent? 

The concept of the agent first appeared in the 1970s. It was Carl Hewitt in 1977 

who developed the Actor model and coined the term. Hewitt proposed the concept of an 

agent as a self-contained, interactive and concurrently-executing program. This program 

had encapsulated internal state and could respond to messages from other similar 

programs. The full term of the actor was “Actor is a computational agent which has an 

email address and a behavior. Actors communicate by message-passing and carry out 

their actions concurrently” [1]. Additionally, according to the Concise Oxford English 

Dictionary an agent is: “one who or that which exerts power or produces an effect” [2]. 

Agents didn’t appear out of thin air, nor the void. Through the domains of 

Distributed Artificial Intelligence (DAI), Distributed Problem Solving (DPS) and Parallel 

AI (PAI) multi-agent systems (MAS) were evolved and through MAS software agents 

came up. Software agents inherited many of DAI’s motivations, goals and potential 

benefits [1]. 

Generally, an agent could be described as an entity that influences or changes its 

surrounding. In 1995 Gilbert stated that agents have a degree of autonomy and authority 

vested. This means that in order to meet their goals/objectives, agents must be allowed to 

operate, without any kind of direct intervention of humans and should have control of 

their own actions and internal state [2]. 

Also, in 1995, in their book, Russell and Norvig gave their own term: “the notion 

of an agent is meant to be a tool for analyzing systems, not an absolute characterization 

that divides the world into agents and non-agents”. Based on their term, “agent” can be 

better described as an umbrella term. So, agents assert in the execution of their own 

methods. The only exception that occurs, is when another agent requests in accordance 

with its design objectives, the response agent will execute the request. The requesting 

agent also has no control over the execution of the agent’s methods. This authority 

resides within the agent itself [2]. 

In 1996, Stan Franklin and Art Graesser stated the following: “An autonomous 

agent is a system situated within and a part of an environment that senses that 

environment and acts on it, over time, in pursuit of its own agenda and so as to affect 

what it senses in the future.”. They clarified their term’s definition by looking at extreme 
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cases. Based on their train of thought “Humans and some animals are at the high end of 

being an agent, with multiple, conflicting drives, multiple senses, multiple possible 

actions, and complex sophisticated control structures. At the low end, with one or two 

senses, a single action, and an absurdly simple control structure (mind?) we find a 

thermostat. A thermostat satisfies all the requirements of the definition, as does a 

bacterium” [4]. 

In 1998 Jennings and Wooldridge described agents as “computer systems capable 

of flexible autonomous action in order to meet their design objectives”. Agents have thus 

been proposed as situated and embodied problem solvers that are capable of flexible and 

autonomous actions [2]. 

Agents come with different traits. They can be classified by their ability to move 

around some network. This yields the classes of static or mobile agents [1]. They can be 

also classified as either deliberate or reactive. As deliberative agents we consider the 

ones that “derive from the deliberative thinking paradigm: the agents possess an internal 

symbolic, reasoning model and they engage in planning and negotiation in order to 

achieve coordination with other agents” [1]. Reactive, on the other hand, do not have 

any internal, symbolic models of their environment, and they act using a 

stimulus/response type of behavior by responding to the present state of the environment 

in which they are embedded [1]. 

Agents may be classified as autonomous, learning and cooperative. 

Autonomous agents can operate without the need for human guidance. Those agents have 

individual internal states and goals, and they act in a way to meet their goals on behalf of 

its user. A key element of their autonomy is their pro-activeness, rather than acting 

simply in response to their environment [1]. Learning might be a performance increase 

over time [1]. Knowledge - based agents can benefit from knowledge expressed in very 

general forms, combining and recombining information to suit myriad purposes [3]. 

Cooperative agents, communicate and cooperate with other agents, thus they build a 

multi agent system (MAS). Cooperation to be achieved, agents need to possess “social 

skills”, (i.e. the ability to interact via some communication language). Agents, to be truly 

“smart”, must learn as they react/interact with their external environment(s) [1]. 

Finally, agents sometimes might be classified by their roles. For example, there is 

the category of hybrid agents, which combine two or more agent philosophies in a single 
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agent. Additionally, agents exist with mental attitudes such as beliefs, desires and 

intentions, typically known as BDI agents [1]. 

 

Figure 2-1. A Part View of an Agent Typology [1] 

Agents can be used to solve numerous problems. Some examples are of 

distributed computing, of scalability, communication overhead, and load balancing. 

Furthermore, they can be used for a range of tasks, ranging from the autonomous control 

of spacecrafts to personal digital assistants (FIPA 2001) [2]. 

Wooldridge in 2002 set four criteria to help make the decision if a multiagent system can 

be used: 

• When the environment is open or at least highly dynamic, uncertain or complex; 

• When agents are a natural metaphor for modelling the problem at a high level;  

• When data, control or expertise are distributed; and/or  

• When extending legacy systems.   

 

Those criteria proved to be insufficient, because they were open to various 

interpretations. Two additional sets have been proposed by De Wolf and Holvoet and 

EURESCOM respectively. The De Wolf and Holvoet’s  criteria are:  

• When there is a need to maintain overall system properties (e.g. self-optimising, 

self-healing, self-configuring) 

• When there is decentralized or distributed information availability (e.g. in 

competitive situations, or communication failure somewhere) 

When there is high dynamics and frequent changes (e.g. robustness is required, 

adaptability to environment changes). 

The EURESCOM’s criteria are:  

• When complex/diverse types of communication are required;  

• When the system must perform well in situations where it is not practical/ 

possible to specify its behavior on a case-by-case basis;  

• When negotiation, cooperation, and competition between entities is involved;  

• When the system must act autonomously; and/or  
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• When high modularity is required (for when the system is expected to change). 

[5] 

 

An agent based oriented solution must be self-organized, and converging.  

1. Self-organization allows the system to change its internal organization to adapt to 

changes in its goals and the environment without explicit external control. 

Examples of self-organizing systems are: decentralized control (absence of a 

central authority, system is governed by the agent’s interactions), self-

maintenance, adaptivity (capable system to reproduce or repair itself), and 

convergence.  

2. Adaptivity provides the system the capability to reorganize itself when the 

environment or the goals change in order to continue executing.  

3. A converging system is one that can reach a stable state [5].  

 

An example that satisfies all these three properties is the following:  if the interactions 

among individual air conditioning unit agents keep the building temperature constant, 

then the system might have decentralized control, is adaptive to changes in the 

environment, and converges to a stable state [5]. 

 2.2  Agent platforms 

In everyday life numerous phenomena, natural and artificial, can be described and 

served as a multi agent system (MAS). MAS systems have been quite successful in 

modelling and understanding fields such as economics and trade, health care, urban 

planning and social sciences. Various agents’ platforms have been developed in the past 

twenty years. Some of them continue, but others have been dropped. The result of this 

variety is the high degree of heterogeneity among these platforms [6]. Some agent 

platforms are reported in this section; the list is not exhaustive; however, we report on 

platforms that still have “live” implementations. 

 2.2.1 Agent Factory Framework 

Agent Factory is an open-source framework. It supports heterogeneous logic-

based agent architectures aiming to provide a common toolset that can be adapted to 

different agent models, ranging from custom Java agents, through to reactive agent 

architectures and finally to high-level agent programming languages. The primary goal is 
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to support first-order logic-based languages. Non logic based languages can also be 

developed with the framework, if the language is “FIPA Agent Factory Runtime 

Environment” compatible [7].  

The AFAPL2 logic framework is modular and extensible, the language syntax is 

decoupled from the underlying layer and the planning mechanism has been developed 

based on the intention stack concept of AgentSpeak(L). Planning is in the form of an 

extensible set of plan operators and a plan executor that is based on the intention stack 

approach adopted in Jason. The upper levels of the framework deliver support for the 

fabrication of agents using the AFAPL2 agent programming language. The infrastructure 

components are concerned with the internals of the agent. They support first-order logic 

representation and manipulation, plan representation and execution, and a standardized 

interface between the agent and its environment [7]. 

 2.2.2 AgentScape 

The AgentScape project philosophy is to support large scale distributed systems 

at three levels: middleware, services, and applications. Large-scale distributed systems 

quite often heterogeneous and AgentScape’s great challenge is to realize a scalable, 

secure, and fault tolerant system that supports multiple distributed applications, 

heterogeneity, and multiple qualities of services [8].  

The AgentScape operating system provides a platform with which agents can be 

managed. It is, in fact, a distributed virtual machine consisting of heterogeneous hosts. 

AOS kernels host agents, objects, and allow service access. An agent server hosts other 

agents, an object server hosts objects, and a service access provider makes external 

services accessible within AgentScape. The current architecture could be described as a 

middleware layer, on top of which, agent-based applications and agent platforms can be 

developed [8]. 

 2.2.3 Cougaar 

Cougaar is an open-source Java-based agent architecture for large-scale, robust 

distributed applications. The architecture is feature-rich, while remaining easily 

configurable, usable, and most importantly, very reliable under stress [9]. 

It is composed of multiple interacting layered applications. These layers include 

several business logic applications, that mainly support logistics, and a collection of 

support infrastructure applications: distributed naming and directory services, robustness 
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and survivability infrastructures, and a military-grade security sub-system. Each of these 

is a scalable distributed multi- agent application. They all share the same underlying 

infrastructure for loading, communicating, and surviving [9].  

The Cougaar Component Model (CCM) is a framework that loads and manages 

software units called Components that connect to and interact with one another through 

abstract interfaces called Services. The CCM enhances the traditional component models 

with a strong service isolation and encapsulation model. The components that contain a 

Cougaar agent are dynamically loaded and connected during the application’s start time 

[9].  

The Cougaar agent’s components communicate by using the Blackboard pattern, 

with standard publish/subscribe semantics. Blackboard modifications are transaction 

controlled using a membership model. For interactions with other agents, blackboard 

objects are transformed into messages [9]. 

 2.2.4 EMERALD 

Intelligent Agents is considered a promising MAS that will implement and realize 

the semantic web technologies. Semantic Web is making possible for people and 

computers to work with meaningful content [10]. 

EMERALD is a multi-agent knowledge-based framework, which offers 

flexibility, reusability and interoperability of behavior among agents, based on semantic 

web and FIPA language standards. It supports the implementation of various 

applications, like brokering, bargaining and agent negotiations. In order to model and 

monitor the parties involved in a transaction, a generic, reusable agent prototype for 

knowledge-customizable agents, consisting of an agent model, a yellow page’s service 

and several external Java methods, is deployed. The usage of the technologies above 

offers advantages like interoperability of behavior among agents, as opposed to having 

hard-wired behavior into the agent’s source code [10].  

Finally, as agents do not necessarily share a common rule or logic formalism, 

EMERALD proposes the use of Reasoners, which are agents that offer reasoning 

services to the rest of the agent community. This approach is not based on interpreting 

among rule formalisms, but on exchanging the results of the reasoning process over the 

input data. The collecting agent uses an external reasoning service to hold the semantics 

of the rulebase, i.e. the set of conclusions of the rule base. The procedure is 
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straightforward: each Reasoner stands by for new requests and as soon as it receives a 

valid request, it launches the associated reasoning engine and returns the results [10]. 

 2.2.5 INGENIAS Development Kit 

The INGENIAS Development Kit supports the development of fully functional 

Multi-agent Systems from specification models, following a model-driven approach. It 

instantiates the following kinds of agents: coordination-agents, network-agents and 

information agents [11]. 

The Agent Framework adds certain participants for one-to-one and one-to-many 

interactions, by default. The participants picking can be tuned in special cases. The 

INGENIAS methodology is founded on Model-driven Development (MDD) principles. It 

supports the following agents: coordination-agents, network-agents and information 

agents. Also, amongst other concepts, INGENIAS methodology uses roles, goals, mental 

states and interactions [11]. 

 2.2.6 JACK 

One of the better known and most successful agents’ architectures is BDI (Belief-

Desire-Intention) architecture. JACK supplies a high performance, lightweight 

implementation of the BDI architecture, and can be easily extended to support different 

agent models or specific application requirements [12].  

JACK agents have been designed to be used as components of larger 

environments. Therefore, an agent must coexist and be visible as simply another object 

by non-agent software. The agents are not bound to any specific agent communications 

language and can adopt any kind of high-level symbolic protocol such as KQML or 

FIPA’s Agent Communication Language (ACL); additionally, it has been shifted towards 

industrial object-oriented middleware and message passing infrastructure (for instance, 

HLA or DIS in simulation environments). It also provides a native lightweight 

communications infrastructure for situations where high performance is required, and 

consists of architecture independent facilities, plus a set of plug-in components that 

address the requirements of specific agent architectures. The plugins support the BDI 

model [12]. 

For the programmers’ convenience, mainly the Artificial Intelligence 

programmers, JACK also supports logical variables and SQL cursors. They are quite 
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useful when querying the state of an agent’s beliefs. Their semantics is a midway 

between logic programming languages and embedded SQL [12]. 

Finally, JACK’s kernel supports multiple agents within a single process, multiple 

agents across many processes, and any mix of the two. This is particularly convenient for 

saving memory and CPU resources. A JACK programmer can extend or change the 

architecture of an agent by implementing or providing new plug-ins. In most cases, this 

simply means overriding the default Java methods or supplying new classes for run-time 

support [12]. 

 2.2.7 JADE 

Java Agent Development Framework (JADE) is a distributed agent’s platform, 

which has a container for each host where agents are executed. Also, the platform 

includes a variety of debugging tools, code mobility and content agents, the option of 

having the agents’ behaviors run in parallel, and finally support for the definition of 

languages and ontologies. It is a Java framework for distributed multi-agent applications 

development. An agent middleware provides a set of services and several graphical tools 

for debugging and testing. FIPA specifications are supported for interoperability 

concerning the platform architecture as well as the communication infrastructure [13]. 

The JADE platform comprises agent containers that can be distributed over the 

network. Agents live in containers which are the Java process that provides the JADE 

run-time and all the services required for hosting and executing agents. The platform has 

a special container, that is the main one, which represents the bootstrap point of a 

platform. It is the first, to be launched, container, and all others must register to it [13].  

Stefania Monica and Federico Bergenti [14] utilized JADE Agents to implement 

an optimization-based robust localization in indoor environments. The algorithm is 

designed for self-localization of agents running on smart devices in known indoor 

environments, and its current implementation acquires ranging information from ordinary 

WiFi infrastructures, with no need of dedicated infrastructures [14].  

Unfortunately, even if smart devices offer enormous possibilities, they still have 

inadequate localization capabilities in indoor environments, which are considered 

essential to deliver effective location-aware services in indoor scenarios. Τhe use of 

UWB (Ultra-Wide Band) technology seems very promising with this respect because it 

uses short high-frequency pulses that guarantee accuracy and robustness. The localization 
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add-on module for JADE, can be loaded into a JADE agent container running on an 

Android smart device to offer self-localization capabilities in known indoor 

environments to agents running in the container. Involved agents are fed with estimates 

of their positions in the known environment at a given frequency, which depends on the 

technical characteristics of the smart device and on its power management policies [14].   

The JADE’s localization plugin assumes that known WiFi APs (Access Points) 

are available in the defined indoor environment at known positions. By this, an agent 

running on a smart device where the module is active, can request to be informed of its 

position in the environment. To serve the request, several actions are executed. The 

module estimates the distances between the smart device and single APs, by using 

received signal strength from responding APs during ordinary network discovery, even if 

the smart device is not connected to a WiFi network [14].  

Such distance estimates are then used as input to estimate the position of the 

smart device, which immediately becomes available to the agent. If the agent requested 

frequent updates, the module repeats this process at the highest frequency as possible, 

based on the hardware characteristics of the smart device. The processing of distance 

estimates is performed by a localization algorithm among the ones available in the 

module, but the module is open to accommodate other algorithms if they implement the 

requested interface [14].  

 2.2.8 Jason 

Jason is a Java-based interpreter supporting an extended version of AgentSpeak, a 

Prolog-like logic programming language and it offers relevant utilities for the 

implementation of MASs In the case of BDI agents, concepts like agent, role, goal, 

communication, plan, belief, desire, and intention must be defined during the design 

methodology activities [15]. 

Jason as a graphically represented MAS provides notations that are more readable 

and understandable, and it is usually easier to describe and explain a graphical model to 

the stakeholders. Jason also supports Goal Structural Description (GSD), Multi Agent 

Structural Description (MASD), Multi Agent Functional Description (MAFD), Single 

Agent Structural Description (SASD) [15]. 

AgentSpeak is an event-driven language that event handlers are fired based on 

both the triggering event and some context. Events, which are either environment-based 
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or goal-based, are generated and added to an event queue. Events are then removed from 

this queue and matched to a rule which is then executed. The matching process checks 

both that the rule applies to the event and that the rule can be executed based on a rule 

context that defines valid program states in which the rule may be applied [15].  

The program state is modeled as a set of beliefs, that are realized as atomic 

predicate logic formulae. The events are modeled as atomic predicate formulae, with 

some additional modifiers, and the execution of plan rules is achieved through creation 

and manipulation of intentions. Finally, external events are generated because of changes 

to the agent’s state (i.e. the adoption or retraction of a belief), and internal events are 

generated through the declaration of goals. It follows then, that an agent consists of an 

event queue, a set of beliefs (state), a set of plan rules (event handlers), and a set of 

intentions that are used to represent the execution of plan rules. Given that AOP is 

commonly viewed as a specialization of OOP, and that agents are a special type of 

object, there is a relation of concepts between AgentSpeak and OOP [16] : 

 

• Beliefs are equivalent to fields: beliefs form the state of an agent. In OOP, the 

object’s state is defined by the field values. If we consider a field, such as int 

value; this could be modeled as a belief value(0). Beliefs and fields are totally 

different. Beliefs encompass more than fields, including environment 

information, global variables, etc [16].   

 

• Plan Rules are equivalent to methods: A plan rule relates a plan to a triggering 

event and a context. Plans define behaviours and are basically blocks of 

procedural code that are executed whenever a matching event is processed and 

the rules context is satisfied. In OOP languages, procedural code is defined within 

methods and is executed whenever the method signature is matched to a message 

that has been received by the object [16].  Accordingly, the AgentSpeak 

equivalent of a method signature is the triggering event (specifically the identifier 

and the number of arguments). The context has no real equivalent in OOP, 

however, it can be viewed as providing a form of method overloading based on 

state (i.e. when there are multiple rules matching a given event, the context is 

used to identify which of the rules should be executed) [16].  
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• Goals are equivalent to method calls: Insertion of goals generates events. They 

are then matched to rules (reactive planes), which are subsequently executed. 

Method calls generate messages that are matched to methods that are executed. 

Typically, goals are declared from within a plan. So, in the end, the selected rule 

plan component is forwarded to the program (intention) stack and executed [16].  

 

• Events are equivalent to messages:  Within AgentSpeak, events play a similar 

role to messages in OOP. Events are used to trigger plan rules in the same way 

that, for OOP languages, messages are used to invoke methods. This can be 

somewhat confusing because “message” is also the term used for communication 

between agents, however this is not the focus here. In OOP, the set of messages 

that can be handled by an object is known as the interface of the object. This set 

of messages corresponds to the signatures of the methods that are defined in the 

objects implementing class(es). Given our view of events being equivalent to 

OOP messages, then in AgentSpeak the interface of an agent is the set of events 

that it can handle [16].  

 

• Intentions are equivalent to threads: Intentions are the plans the agent has 

selected, by matching the events to the plan rules. The AgentSpeak interpreter 

processes the intentions by executing the instructions contained within the plan. 

In cases where the instruction is a sub-goal, this generates an additional plan that 

is added to the intention, which must be executed before the next instruction in 

the initial plan can be executed. In most programming languages, this activity is 

modelled by the program (call) stack. Intentions are simply the AgentSpeak 

equivalent of this. Given that an agent can have multiple concurrent intentions 

whose execution is interleaved, it is natural to view an intention as being the 

equivalent of a thread [16].  

 

Agent autonomy is a key objective in Artificial Intelligence. Complex 

environments impose a degree of uncertainty that challenges symbolic processing. But 

while a probabilistic approach, currently expressed in Machine Learning (ML) and 

Probabilistic Graphical Models (PGMs), is required for certain aspects of autonomy, a 

great deal of agent programming is better handled by declarative programming (e.g. 
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ProLog). Symbolic architectures, such as BDI, describe agent behavior based on 

metaphors (e.g. goals, beliefs, plans) drawn from human behavior while the principle of 

Maximum Expected Utility (MEU) guides probabilistic AI but there is only seminal 

work blurring that division [17].   

Concerning agent programming, the BDI architecture in general, including ASL 

and Jason in particular, outline a set of symbolic data structures and processes with 

detailed semantics. However, these agents are in trouble when their environment 

becomes stochastic. It turns out that Bayesian Networks (BNs) are representations of 

dependency of random variables and, thus, natural candidates to represent probabilistic 

beliefs. But replacing symbolic beliefs by BNs is not that trivial, because changing the 

symbolic nature of beliefs requires reconsiderations related to the BDI architecture (e.g. 

the beliefs base must unify with plans contexts; changing these to a distribution will 

break the semantic of such unifications) [17].  

 

 
Figure 2-2. The JASON deliberation process outlined, with the BRF highlighted 

[17] 

Jason implements the operational semantics of an extension of ASL. In this cycle, 

the environment generates percepts that are processed by a belief-revision function 

(BRF). Each change in the beliefs base generates an event. Goals in the set of events 

represent different desires that the agent selects by the function SE. The selected event 

entails applicable plans (options) instantiated from the plan’s library. Selection of a plan 

among applicable ones is performed by the function SO and included in the set of 

(current) Probabilistic Perception Revision in AgentSpeak [17].  

The Jason deliberation process outlined, with the BRF highlighted. Percepts are 

processed to generate events and update the beliefs base. Available options are 

instantiated plans triggered by one event (selected by SE) and compatible with the 

current beliefs. One option (defined by SO) is then appended to the intentions, where SI 

chooses an action [17].  
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Finally function SI selects one action from the set of intentions the one (action). 

Although the BRF evaluation is not part of the ASL specification it is a necessary 

component of the architecture. The default one that comes with Jason “simply updates 

the belief base and generates the external events in accordance with current percepts. In 

particular, it does not guarantee belief consistency.” [17]. 

 2.2.9 Jadex BDI Agent System 

Jadex is an agent framework built upon an existing middleware agent platform 

and supports easy to use reasoning capabilities. It adopts the BDI model and combines it 

with state-of-the-art software engineering techniques like XML and Java. An agent is a 

black box that receives and sends messages. Incoming messages, internal events and new 

goals function as input to the agent’s internal reaction and deliberation mechanism. An 

agent’s behavior is therefore determined simply by its concrete beliefs, goals, and plans 

[18].  

It does not enforce a logic-based representation of beliefs. Instead, ordinary Java 

objects of any kind can be contained in the belief base, allowing reuse classes generated 

by ontology modelling tools or database mapping layers. A more declarative way of 

accessing beliefs and belief sets is provided by queries, which can be specified in an 

OQL3-like language. The goals are concrete, momentary desires of an agent. For any 

goal it has, an agent will directly engage into suitable actions, until it considers the goal 

as being reached, unreachable, or not desired any more. Jadex does not take for granted, 

that all adopted goals must be consistent among them [18]. 

Four types of goals are supported. A performance goal is directly related to the 

execution of actions. Therefore, the goal is reached, when some actions have been 

executed, regardless of the outcome of these actions. An achieved goal is a goal in the 

traditional sense, which defines a desired outcome without specifying how to reach it. 

Agents may try several different alternative plans, to achieve a goal of this type. A query 

goal is like an achieved goal. Its outcome is not defined as a state of the world, but as 

some information the agent wants to know about. For goals of type maintain, an agent 

keeps track of the desired state, and will continuously execute appropriate plans to re-

establish the maintained state whenever needed [18].  

The reasoning engine handles all events such as the reception of a message or the 

activation of a goal by selecting and executing appropriate plans. For each plan a plan 
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head defines the circumstances under which the plan may be selected, and a plan body 

specifies the actions to be executed. The most important parts of the head are the goals 

and/or events which the plan may handle and a reference to the plan body. Plans can be 

reused in different agents and can incorporate functionality implemented in other Java 

classes. To access the functionality a Java API is provided for basic actions such as 

sending messages, manipulating beliefs, or creating sub goals [18]. 

Ameneh Deljoo, Tom van Engers, Leon Gommans, Cees de Laat [19] utilized 

JADEX to implement a Trusted Electronic Institutions agent (TEI) that mimics real 

world institutions, by regulating the interactions between agents. The TEI agent concept 

is a coordination framework that facilitates the establishment of contracts and provides a 

level of trust by offering an enforceable normative environment [19]. 

They introduced N-BDI* architecture, that is inspired by the nBDI framework from 

(Criado et al., 2010). It is an extension of the basic BDI agents (Deljoo et al., 2017) and 

consists of two functional contexts:  

1. the Plan selection Context (PC), which is responsible for selecting the most 

appropriate plan. In the framework, a utility is assigned to each plan and the plan 

that maximizes the utility is selected [19]  

2. the Normative Context (NC), which allows agents to consider norms in their 

decision-making processes. This work, employs a norm representation based 

upon the work of Hohfeldian (Doesburg and Engers, 2016) [19] 

 

The architecture contains three phases: recognition, adoption and compliance. In 

the recognition part, the beliefs of an agent are revised and developed. During the 

adoption, the agent commences executing the actions. The compliance phase is used to 

simulate the situation when the agent really starts executing the action. Another part is 

added to the normative phase that is called monitoring. In the monitoring phase, the agent 

will reason about the action and consequence of the actions [19]. 
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 3 Agent based simulation 

 3.1  What is an Agent based simulation? 

In general, computer modelling, and simulation relates to the manipulation of a 

computational model in order to enhance the analysis of systems’ behavior and to assess 

strategies for its functioning in the descriptive or predictive modes. A simulation model 

includes the computing algorithms, mathematical expressions and equations that contain 

the behaviour and performance of a system in the real-world scenarios [20]. 

An agent is not just a software abstraction, like programming specifications, such 

as objects, methods, procedures and functions. It is more than that. It is a higher scale 

software abstraction that defines a complex software unit in an efficient and convenient 

way. It is not expressed in terms of attributes and logic-based methods, it is primarily 

typified in terms of its intended actions. This is mainly a matter of stating agents’ 

responses, instead of identifying classes, methods and properties [20].  

Agent Based Modelling and Simulation describes a group of computational 

models that include dynamic actions, reactions and intercommunication protocols among 

the agents in a common environment. The goal is to evaluate their design and 

performance and derive insights on their emerging behavior and properties. The ABMS 

philosophy is to define and model complex systems, by adopting a bottom-up approach 

starting from individual agents. From a simulation point of view, an individual 

component’s function can range from basic conditional reactive rules to more 

sophisticated cognitively rich behavioral models [20].  

A solid ABMS approach, is modelling and simulating, as much as possible, 

realistic scenarios with a group of self-governing agents either simple or as considerably 

intelligent. This might possibly be considered synonymous to a human being’s problem-

solving capabilities with infinite states, beliefs, trusts, decisions, actions and responses. 

BDI terminology recognizes “an agent can be identified as having: a set of beliefs about 

its environment and about itself; a set of desires which are computational states which it 

wants to maintain, and a set of intentions which are computational states which the agent 

is trying to achieve’’ [20].  

In the rest of the section, a review of some of the many ABMS platforms is 

presented. The ABMS below are mostly implemented in Java, or in a JVM language. 
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Platforms like JADE, was originally developed by Telecom Italia, and Jason are quite 

mature and successful platforms. 

 3.2  Agent simulation platforms 

 3.2.1 AGLOBE 

AGLOBE is a simulation based, multi-agent platform. It includes agent 

migration, communication inaccessibility simulation and high-level scalability by using 

average hardware requirements. Its agents are fully mature Java agents, each one with its 

own independent thread, that can autonomously migrate between platforms running on 

different hosts. Using a dedicated simulation messaging pattern, together with 2D and 3D 

visualization, large agent systems can be developed, tested and visualized on a single 

machine. The platform doesn’t natively support FIPA, as the interoperability was 

sacrificed to support the scalability and efficiency. The FIPA standard specification 

compliance leads to computational overheads that are not necessary for closed systems. 

On the other hand, requirements for efficiency and a very high number of agents often 

result in the reduction of system agency. AGLOBE, agents are conceptually open, while 

the messaging and agent management is highly optimized [21].  

The platform provides basic components for running one or more agent 

containers. Several platforms can run in parallel on a single host. Agent container 

functions include: data persistency service for agents, messaging layer and agent and 

service manager. Services provide common functions for all agents in one container. The 

services are bound to containers by their identifier and react both to function calls from 

local agents and messages. Agents represent basic functional entities in specific 

simulation or deployment scenarios [21].  

AGLOBE includes a special infrastructure for environmental simulation. Besides 

the actor agents that play roles in the simulated world, environment simulation agents 

(ES) are in a dedicated master container. They don’t exchange messages, but they 

communicate with actor agents by topic messaging, container-to-container messaging 

specifically designed for environmental simulation [21]. 

 3.2.2 Cormas 

Cormas (Common-Pool Resources and Multi-Agent Systems) is an agent-based 

modeling platform for natural and common-pool resources management. Its intention 
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is to make the design of ABM easier, as well as the monitoring and analysis of agent-

based simulation scenarios. As a framework it proposes predefined classes and a set of 

visualization tools and is intended to facilitate the implementation of agent-based 

modeling as well as the monitoring and analysis of simulations. It uses VisualWorks, a 

programming environment based on Smalltalk, one of the first purely object-oriented 

languages [22].  

Participatory modeling is supported, i.e. collective design of models and 

interactive simulation. The simulation's underlying model depends on the way the actors 

are represented. Two major types of representation can be distinguished: virtual agents 

performing predefined activities in a computerized agent based modeling, or human 

agents playing their role in a role-playing game [22].  

As a framework, users can specialize and refine predefined entities for their own 

model. This means that the modeler implements their model by specializing predefined 

classes. These general classes contain reusable attributes and generic methods by the 

specialized classes. Specifically, three generic entity types are available: the “social 

agent” group, the “spatial” group and the “passive entity” group that contains the other 

kinds of entities such as messages, land covers, strategies, etc [22]. 

 3.2.3 GAMA 

The GAMA (GIS & Agent-based Modeling Architecture) includes features, usually 

associated with real complex systems, namely rich, dynamic and realistic environments 

or multiple levels of agency. Modelers can couple and reuse complex models combining 

various agent architectures, environment representations and levels of abstraction [23]. It 

is based on: 

• a meta-model dedicated to complex environment representation and multi-level 

models [23],  

• a modeling language (GAML) and its related elements (parser and compiler) 

[23],  

• an efficient virtual machine to execute models and to interact with the simulation 

[23]. 

 

Modelers can work with a full set modeling and simulation environment to 

develop spatially explicit agent-based models, with out of the box abstractions for the 
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most common needs. All these features are accessible through a dedicated high-level 

modeling language (GAML) that is Java compliant [23]. 

In GAMA, the world, a top-level agent, has been introduced. Its purpose is to 

manage the simulation’s global variables and parameters that define the reference 

environment. Agents can dynamically move and migrate from one population to another 

(by changing species); this allows agents to change their organization (and 

representation) level during the simulation course [23].  

An agent is an instance of a species. Every agent possesses a spatial 

representation that is in an environment. It can host populations of micro-agents. 

Likewise, the macro-agent defines the execution time scale of the hosted agents, by 

specifying their schedule. This leads the model to have a hierarchical structure. Any 

agent is hosted by another agent, and likely hosts populations of other agents. The macro-

agent manages the relations between its behavior and micro-agent behavior and has the 

power to redefine the behavior of hosted agents [23]. 

 3.2.4 JAS 

JAS (Java Agent-based Simulation) is a simulation experiments environment, a 

framework for building agent-based models, with rich in simulation-oriented tools. The 

library has been developed adopting the same Swarm philosophy of model observer 

frame and allows the usage of external libraries [24]. 

The main features of JAS are: 

• OS independent libraries [24] 

• Parallel execution of agent's actions [24] 

• GA, ANN and CS to implement agent’s intelligence [24] 

• A discrete event time management, with real time emulation and different time 

unit representation [24] 

A JAS based simulation model, is a Java application with a number of specific 

constraints. The SimModel class is a bridge between the user’s model and the simulation 

engine. Also, the SimModel is an interface that provides a reference to the JAS’ main 

timer, the eventList variable, and a set of standard methods which are invoked by the 

JAS when particular events are executed. Typically, the “buildModel” method runs two 

tasks, it creates instances of the agents and all the model related items and defines the 

events to be executed structure [27].  



 

20 

The Swarm protocol defines two special objects to achieve the experiment’s 

coordination, the “ModelSwarm” and the “ObserverSwarm” classes. JAS generalizes this 

structure introducing only the “SimModel” interface as controller. So, an observer and 

any other kind of model controller must always override the “SimModel” class. So, when 

the observer is started, it creates an instance of the model it wants to observe. In JAS, 

observer and model are executed independently and the observer is put in the condition 

to investigate the model retrieving its reference from the JAS engine [24]. 

 3.2.5 NetLogo 

NetLogo has many sophisticated capabilities and is one of the most widely used 

platforms for ABMs. Its primary objective is clearly the ease of use. It includes its own 

programming language, an animation displays automatically linked to the source code, 

and optional graphical controls and charts. Agents are automatically drawn, and the 

programmers can customize shapes and colors. The agent motion was implemented using 

a built-in method that moves an agent to a location specified by X and Y coordinates 

[25].  

Its programming language includes many high-level structures and primitives that 

greatly reduce programming effort, and a well-structured documentation is provided. The 

language contains many but not all the control and structuring capabilities of a standard 

programming language. Further, it is clearly designed with a specific type of model in 

mind: mobile agents acting concurrently on a grid space with behavior dominated by 

local interactions over short times [25].  

NetLogo almost completely separates the processes of implementing and 

displaying a model. A menu-driven set of tools allows the modeler to add graphs and 

parameter controllers to the interface. These items can be accompanied with simple 

statements that dictate the interface when to update. Code controlling the appearance of 

agents and cells in the animation can be added to the procedures. It provides fewer tools 

for explicit control of scheduling, however, the pseudo-concurrent execution can easily 

be deactivated to make NetLogo models use discrete time steps [25].  

Two interesting scenarios implemented with NetLogo is modeling and simulation 

for an Order-To-Cash Process by John Villarraga, Kathleen M. Carley, John Wassick, 

Nikolaos Sahinidis [27], and the Distributed Intelligent Traffic System (DITS) with Ant 
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Colony Optimization(ACO) by J.J. Kponyo, K.S. Nwizege, K.A. Opare, A-R Ahmed, H 

Hamdoun, L.O.Akazua, S. Alshehri, H. Frank [26].  

The Order-To-Cash (OTC) process is composed by interconnected decision 

makers. These individuals/entities share information among them in order to manufacture 

and deliver goods to customers based on time sensitive orders. The major problem facing 

the supply chain industry is the lack of research on dynamic networks and automation of 

their data interchange. The results of the model showed that it can capture the dynamics 

of a supply chain and that, it can be employed to answer organizational issues within the 

company [27]. The DITS is implemented and simulated while studying traffic factors 

such as average travel speed, average waiting time of cars and the number of stopped 

cars in the queue. Two scenarios have been considered one with ACO and the other 

without ACO [26]. NetLogo managed to handle such complicated scenarios, thus its 

many sophisticated capabilities [26]. 

 3.2.6 Repast 

Repast (Recursive Porous Agent Simulation Toolkit) borrows many concepts 

from the Swarm agent-based modeling toolkit but is differentiated from Swarm in several 

ways. It was originally developed by Sallach, Collier, Howe, North, and others at the 

University of Chicago. At its core, the Repast toolkit is a specification for agent-based 

modeling services or functions. The three implementations are Repast for Java (RepastJ), 

Repast for the Microsoft.Net framework (Repast.Net), and Repast for Python Scripting 

(RepastPy) [28]. 

Repast 3, on one hand, it includes a variety of agent templates and examples, but 

on the other it gives to the user’s complete flexibility as to how they specify the 

properties and behaviors of agents. It is fully OOP and includes a fully concurrent 

discrete event scheduler (the scheduler supports both sequential and parallel discrete 

event operations). Access and modification of agent’s properties, behavioral equations 

and model properties during run time are dynamic. Additionally, it includes an automated 

Monte Carlo simulation framework, libraries for genetic algorithms, neural networks, 

random number generation, specialized mathematics, and social network modeling 

support tools [28].  

It has four fundamental components: the simulation engine, the I/O system, the 

user interface, and the support libraries. Each of these components is implemented in the 
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core layer and is accessed by the user in the external layer. The simulation engine is 

responsible for executing simulations. It has four main parts, namely the scheduler, the 

model, the controller, and the agents [28].  

The scheduler is a full-featured discrete event scheduler. Simulations proceed by 

popping events or “actions”, as they are called in Repast, off an event queue and 

executing them. These actions are such things as “move all agents one cell to the left”, 

“form a link with your neighbor’s neighbor”, or “update the display window”. The 

model developer determines the order in which these actions execute relative to each 

other using ticks. As such, each tick acts as a temporal index for the execution of actions. 

Scheduled, to be executed, actions at the same tick will be executed with a simulated 

concurrency [28]. 

 3.2.7 SeSAm 

SeSAm contains all the necessary components for an effective simulation and 

modelling environment. Additional features, like debugging or refactoring, make it a 

valuable tool for rapid prototyping of agent-based simulations [29].  

Models are represented in a declarative manner, in order to achieve the separation 

between the simulator and the actual model. The high-level modeling language consists 

of elements on different levels: so, called primitives, agent actions, predicates for 

perception or other functions for processing information, are responsible for translating 

the declarative representation to executable code. With each model item, a piece of code 

is related, that may realize the manipulations or queries. The description of a primitive is 

augmented with information concerning arguments or return value [29].  

The state of agents, resources or the environment is represented by a body 

consisting of state variables. UML delivers an activity graph that includes the behavior 

specification. An agent’s activity reacts to a special state variable that defines the next 

action sequence. Rules are used for transition between activities. Not only agent models 

that are based on behavior description are representable using activity graphs, but – in 

combination with complex data structures – also simple agent reasoning may be 

reproduced [29].  

Extra language elements provide a clearer and more efficient model 

representation. The model is enhanced with additional power by utilizing model-specific 

primitives, data types or features to enhance the model entities. The language is an 
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extensible one, by applying plugins. By using the same language elements, the 

instrumentation and definition of experiment scripts containing several, differently 

configured simulation runs, can be managed. All information concerning the model is 

stored in an XML-file [29].  

Xuehong Bai, Lihu Pan, Huimin Yan, Heqing Huang [30] developed a simple 

simulation of Abandoned Farmland using Repast. Their study area is Taipusi Banner, in 

the Inner Mongolia farming-pastoral zone. The model combines climate factors, the 

Grain for Green policy, direct subsidies of grain, and socioeconomic factors that simulate 

household farmland use behaviors for the next 30 years, based on the Repastj toolbox, as 

part of the Java language and in Eclipse. This model includes three types of agent. 

PersonAgent represents family members, householdAgent represents families, and 

governmentAgent represents a nation which is used to describe government policies. 

The simulation results led the team to useful results regarding the future of the farmlands 

and their possible abandonment [30]. 
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 4 Agents based economics 

 4.1  Agents based simulations and economics, a chronology 

Τhe goal of agent-based economics is to create simulations consisting of 

relatively simple agents that collectively exhibit rich behavior with the overall outcome 

naturally emerging as a result of their interactions. Agent-based modeling enables the 

development of macroeconomic models using a bottom up approach [31]. Each agent is 

stateful and interacting, and all of them collectively behave in ways that cannot be 

directly attributed to the decisions of individuals, making the whole greater than the sum 

of its parts, following the classic complex systems approach. For example, simulated ants 

colonies can exhibit complex collective behavior despite each individual ant only 

following trivial rules [32].  

Agent-based models in general, allow us to handle high complexity but they also 

suffer from several shortcomings and restrictions. Individual agents can be programmed 

and tested one at a time, each of them acting on its own local information and beliefs, but 

time is directional, many quantities discreet, and aggregate variables cannot be 

exogenously set.  However, one of the primary challenges is quite often their chaotic 

nature. Allegedly unaccented details and subtle programming errors can decidedly shape 

the aggregate outcome [33].  

The reasons economists are turning to ACE modelling, are the dissatisfaction 

with conventional economic models and the limitations of standard research paradigms. 

ACE modelling has been applied to the same questions many times, such as how an 

economic system gets to an equilibrium, a question that is studied by conventional 

means. What makes ACE literature different, is its methodological novelty. Conventional 

economic theory, based on mathematics in general and real analysis in particular, begins 

with a set of definitions and assumptions, and proves theorems. For a number of 

economists, the dissatisfaction they have with the simple models, is the main reason that 

led them to the computational approaches. They have been moved into a variety of 

directions. For example, in public finance, economists sometimes use computation to 

avoid the single-sector, representative agent models that are commonly used only 

because of their tractability [34].  

The ACE literature aims at the standard models’ weaknesses. The models of 

social interactions, as presented in Vriend (2006), Wilhite (2006) and Young (2006) [34] 
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have combinatorial complexities, and that makes it too difficult to reach any closed-form 

solutions. Multiperson decision making, no matter if it is on the scale of a firm, as 

studied in Chang and Harrington (2006) [34], or at the level of politics, as reviewed in 

Kollman and Page (2006) [34], also involves complex learning and choices patterns that 

are difficult to describe accurately without computation [34].  

In agent-based computational models, the computer is defined as a catalyst of a 

mentality change on financial markets. This time it is helping to pursue a world view in 

which agents may differ in many ways, not just in their information, but in their ability to 

analyze and process any information, their behaviors toward risks, and in many other 

dimensions [35].  

Financial markets are quite an interesting topic for agent-based methods. Firstly, 

the main debates in finance about market efficiency and rationality are still open. 

Secondly, financial time series are sometimes too complex, and not well understood. 

Thirdly, financial markets provide a wealth of pricing and volume data that can be 

analyzed. Fourthly, when considering evolution, financial markets provide a good 

approximation to a crude fitness measure through wealth or return performance. And 

finally, there are tight connections to relevant experimental results, that in some cases 

operate, at the same time scales as actual financial markets [35]. 

 4.2  Agent based computational economics 

Agent based computational economics intend to describe a complex system. A system is 

defined as complex, if it has the following two properties [see, e.g., Flake (1998)]: 

• The system is composed of interacting units; 

• The system exhibits emergent properties, that is, properties arising from the interactions 

of the units that are not properties of the individual units themselves [36]. 

 

An ACE modeler specifies the initial state of an economic system by specifying 

each agent’s initial data and behavioral methods. An agent’s data might include its type 

attribute (e.g., world, market, firm, consumer), its structural attributes (e.g., geography, 

design, cost function, utility function), and information about the other agents’ attributes 

(e.g., addresses). An agent’s methods can include socially instituted behavioral methods 

(e.g., antitrust laws, market protocols) as well as private methods. Examples of the latter 

include production and pricing strategies, learning algorithms for updating strategies, and 
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methods for changing methods (e.g., methods for switching from one learning algorithm 

to another). The ACE research has been divided roughly into four pillars [36]. 

1. Empirical understanding: Despite the lack of centralized planning and 

control, global regularities have been developed and carried on. ACE 

researchers are looking for answers based on repeated agents’ interactions 

in, as much as possible, realistic worlds. Preferably, the agents should be 

as flexible of action in the simulation world, as their corresponding peers 

in the real world. Specifically, agents should be allowed to behave based 

on their own beliefs, preferences, institutions, and physical circumstances 

without the external imposition of equilibrium conditions [36]. 

2. Normative understanding: Researchers are focused on evaluating if the 

suggested economic policies designs will deliver desired system 

performance over time. An agent-based world captures the important 

aspects of an economic system operating under the design. The world is 

filled with privately motivated agents that have learning capabilities 

which are developed in time. The main point is how much the resulting 

world outcomes are efficient, fair, and orderly, despite the agents attempts 

to gain individual advantage through any kind of strategic behavior [36]. 

3. Qualitative insight and theory generation: A perfect, but old, example 

is the still unresolved concern of economists such as Smith (1937), 

Schumpeter (1934), and Hayek (1948) [36] of “what are the self-

organizing capabilities of decentralized market economies?”. A classic 

approach is to build an agent-based world with the main aspects of 

decentralized market economies, such as circular flow, limited 

information, strategic pricing, and includes privately motivated agents as 

traders with learning capabilities. The main concern is the extent to which 

coordination of trade activities emerges and persists as the traders 

collectively learn how to make their production and pricing decisions 

[36].  

4. Methodological advancement: ACE researchers need to model the 

important structural, institutional, and behavioral characteristics of 

economic systems. They produce theoretical propositions about their 

models, by evaluating the logical validity of these propositions through 
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means of carefully crafted experimental designs and condense and report 

information from their experiments in a clear and compelling manner 

[36]. 

ACE can be used to a large range of economic systems, no matter if they are 

micro or macro. ACE application has both advantages and disadvantages compared to 

more standard and traditional approaches. One one hand, as defined in industrial 

organization theory [Tirole (2003)] [36], agents can be represented as interactive goal-

directed entities. On the other hand, the extensive-form market game work of researchers 

such as Rubinstein and Wolinsky (1990), Shubik (1991), and Albin and Foley (1992) 

[36], market protocols and other institutions, are restricting agents’ interactions [36].  

As Camerer (2003) [36] describes, an agent that learns, changes its behavior 

based on previous experience; and this learning can be calibrated to what actual people 

are observed to do in the real-world. Additionally, based on Gintis (2000) work [36], this 

has as a result, the blend of evolutionary game theory with cultural evolution, the beliefs, 

preferences, behaviors, and interaction patterns of the agents can vary over time [36]. 

Jennings (2000) [36] considers that the most important advantage of ACE modeling 

compared to more standard modeling approaches, is that agent-based tools allow a 

smoother agent design with relatively more autonomy. Autonomy, for humans, means a 

capacity for self-governance [36]. An “autonomous agent” is defined by Stan Franklin 

(1997a): “An autonomous agent is a system situated within and part of an environment 

that senses that environment and acts on it, over time, in pursuit of its own agenda and to 

affect what it senses in the future.” [36].  

Agent-based tools facilitate the modeling of cognitive agents with more realistic social 

and learning capabilities (hence more autonomy) than one finds in traditional Homo 

economicus. These capabilities include the following: 

• the capability to learn about one’s environment from various sources, such as 

gathered information, past experiences, social mimicry, and deliberate 

experimentation with new ideas [36], 

• the capability to form and maintain social interaction patterns (e.g., trade 

networks) [36], 

• the capability to develop shared perceptions (e.g., commonly accepted market 

protocols) [36], 

• the capability to alter beliefs and preferences as an outcome of learning [36], 
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• the capability to exert at least some local control over the timing and type of 

actions taken within the world to satisfy built in (or evolved) needs, drives, and 

goals [36]. 

 4.3  The Cyprus case 

A concrete example of Agent Based Economics is the Cyprus financial crisis 

scenario. The crisis advanced in the wake of the Greek debt crisis, when Cypriot banks 

were forced to haircuts of up to 50% in 2011 and the state was unable to raise liquidity 

from the markets to support its financial sector (Stavárek, 2013) [37]. In March 2013 

bonds issued by Cyprus were downgraded to Junk status, which disqualified them from 

being accepted as collateral at the European Central Bank (Wilson, 2012) [37]. 

Consequently, the Cypriot government requested financial aid from the European 

Financial Stability Facility (EFSF) (Al Jazeera, 2013) [37]. The EU-IMF originally 

proposed to resolve the banking crisis by a bail-out of a €10 billion loan. The results of 

that political turmoil led to the plan's alteration, in a way that only depositors at the 

failing bank were forced to participate in the deal. This was formed as a balance sheet 

restructuring, a debt-to-equity conversion conversion. This type of crisis resolution was 

formally the first realization of a so-called bail-in (Ötker-Robe et al., 2011) [37]. The 

effecting of financial crisis resolution mechanisms has to be evaluated not only by 

ensuring financial stability, but also by how they impact the entire economy in terms of 

unemployment, economic growth, liquidity provision to entrepreneurs, etc [37].  

The model that was used for the Cyprus crisis was the Mark I CRISIS model. It 

consists of a coupled economic and financial Agent Based Modeling, which is closed, i.e. 

there are no inflows and outflows of any kind of capital. Banking crises cannot just be 

resolved by simply printing money, some agents must pay for the losses. The model 

includes three types of agents: households, banks, and firms. Households and firms 

interact on the labor and consumption-good market, banks and firms interact on the credit 

market, banks interact on the interbank market [37]. 

• Households. There are two types of household agents, namely firm 

owners and workers. Each worker has a personal account at a bank and 

applies for a job at different firms in one model time-step. Once hired, 

they receive a fixed income per time-step for supplying fixed labor 

productivity. The workers deposit their incomes at their personal bank 
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accounts. If a worker is unemployed, they receive no salaries, but will 

keep consuming goods [37].  

• Banks. The banks where a given worker opens their deposit are randomly 

chosen in the model initialization and remain fixed throughout time 

(unless the bank is closed under a Purchase and Assumption transaction). 

Each of the firm owners owns exactly one firm, and both the firms and 

their owners are indexed. They also have a personal account at a randomly 

chosen bank. At each time step each household – worker or firm owner – 

computes its consumption budget as a fixed percentage of its personal 

account. It spends on the cheapest single product it finds by comparing 

products from several randomly chosen firms [37].  

• Firms. Each firm is owned by a single firm owner, and each firm owner 

always owns not more than one firm. At each time step the firms must 

decide on two quantities, their expected demand, and their expected price 

for the produced product. If the firm sold all its goods at the previous time 

step, it either increases the price, or increases its expected demand. If the 

demand at the previous time step was lower than expected, the firm either 

reduces the price, or decreases the expected demand. Firms always change 

only either the price or the quantity, but not both simultaneously in one-

time step. In any other case, the anticipated demand and price do not 

change. Each firm calculates the required number of workers to 

accomplish the desired demand, always if each worker supplies labor 

productivity α. If the salaries for this workforce are over the firm's current 

liquidity, it applies for a credit. On the credit market firms approach 

randomly chosen banks and choose the credit offered at the lowest rate. If 

the real interest rate exceeds a threshold rate max, the firm's credit 

demand contracts to a percentage of the original loan volume [37]. 

 

The simulation results of various economic scenarios, such as industrial 

production, real estate, state budget and taxes, financial markets, investments, consumer 

behavior, can be utilized in a way to examine and evaluate the effectiveness of different 

approaches to economic stimulus, such as tax reductions versus public spending. ACE 

provides an alternative tool to give insight into how numerous financial decisions could 
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affect a broad set of economic performance characteristics, and in general to explore how 

the economy is likely to behave and react under different scenarios, and restrictions. 

Furthermore, an ambitious project is to create a predictive agent-based economy for real 

life economic problems.  

Finally, to create well-crafted agent-based models of all economical aspects of 

everyday life, requires close feedback between simulation, testing, data collection and 

theory development. This demands multidisciplinary collaboration and knowledge 

exchange among various scientists such as economists, computer scientists, 

psychologists, biologists and physical scientists. 

 5 Emotional agents 

 5.1  Emotions and agents 

An emotion is a feeling, a type of sensation of our brain. we can see yellow and 

perceive the feeling of hunger but neither of the above is an emotion. That being said, an 

emotion is a sensation of our mind, not of our body. The individual has the final say on 

his/ her emotions. For example, to be sad means that one feels that he / she is sad. Clore, 

Ortony and Foss stated in 1987 that if in a sentence the verb "be" can substitute the verb 

"feel" then the described feeling is an emotion. For instance, to be sad and to feel sad 

means the same thing. But feeling neglected is different than being neglected. This test 

(the "be/ feel" test) usually gives an acceptable answer as to whether a mental state is an 

emotion, but there are some certain exceptions e.g. surprise, lust etc. If an emotion is 

constant it is then called a mood. Emotions on the other hand are meant to be short, 

instant states of mind the individual passively experiences [46].  

Philosophical studies describing human behavior have been initially formalized 

using one or more logic (often mixed or extended). For instance, Bratman’s BDI theory 

(Bratman 1987) [43] of belief, desire, and intention has been modeled and studied in e.g. 

linear time logic (Cohen & Levesque 1990) [43] and dynamic logic (Meyer, Hoek, & 

Linder 1999) [43].  

According to the psychological studies, emotions that influence the deliberation 

and practical reasoning of an agent are characterized as heuristics. That is to prevent 

excessive deliberation (Damasio 1994. Meyer & Dastani (2004; 2006) [43] proposed a 

way to map the emotions role in practical reasoning. Based on this approach, an agent is 

supposed to execute any domain actions to achieve its goals. The effects of these domain 
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actions cause and/or influence the appraisal of emotions according to a human-inspired 

model. Sequentially, these emotions influence the deliberation operations of the agent, 

functioning as heuristics for determining which domain actions must be chosen next, 

which completes the circle [43].  

Agents have been involved also in this direction by developing Emotional-BDI 

agents, that are BDI agents whose behavior is guided not only by beliefs, desires and 

intentions, but also by the role of emotions in reasoning and decision-making. They 

implement emotions such as fear, anxiety and self-confidence. Rao & Georgeff’s BDI 

logics and Meyer’s KARO framework are built in a way that they don't allow a simple 

emotions representation. But, both, include properties which can combine in order to 

properly model Emotional-BDI agents [41].  

Emotions affect an agent’s goals, hence affecting their actions. Emotional effects 

on goals means reordering existing goals or introducing totally new goals. Emotional 

states are affected by the goals’ success or failure. An agent which experiences a goal 

failure may feel unhappy while one experiencing goal success may feel glad [50]. It is 

necessary to incorporate human aspects such as personality and emotion in order to make 

agents more engaging and believable so that they can better play a role in various 

interactive systems involving simulation [49].  

The purely deterministic approach of experiments, in which agents have no 

memory, was criticized by Huberman and Glance who have run an asynchronous 

updating of strategies, claiming that in this case the coexistence of cooperators and 

defectors was not possible any longer. On their turn, Lindgren and Nordahl used cellular 

automata to achieve patterns of coexistence, by using the automata to update strategies 

on the grid sites, which can avoid the synchronization [42].  

The key element of this idea is that agents do not need to play the game with the 

whole population. With that assumption, different equilibria are likely to be established 

in different neighborhoods. Part of Kirchkamp work has to inspect discriminatory 

behavior of players when playing against different neighbors. Actions may vary 

according to the history a player has of past interactions with different neighbors. 

Interactions in his approach are stochastic, thus avoiding synchronization [42].  

Those ideas have been employed in the field of MAS in order to explain the 

achievement of cooperation and coordination. As mentioned by Gmytrasiewicz and 

Lisetti, “we are motivated by the fact that emotions may serve as a control over resource 
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allocation, as well as a way of pruning searches in the space of possible actions” [42]. A 

detailed example they provided is the following: “stress or panic are convenient to 

express the fact that the urgency of the situation may force an agent to look only at the 

short-term effects of its actions” [42]. 

 5.2  Emotion based formal models 

 5.2.1 EBDI 

The EBDI model is based on Rao & Georgeff’s BDICTL. It is an extension. New 

modal operators are included to define fundamental desires, capabilities, action execution 

and resources. The EBDI semantics are given by the satisfiability of EBDI-formulae on 

extended BDICTL models, taking under consideration the accessibility-relations and 

functions for modelling the new operators [41].  

The BDICTL logic is a multi-modal logic. It is a combination of Emerson's 

branching-time logic CTL and modal operators for representing the mental states of 

belief (Bel), desire (Des) and intention (Int) as defined by Bratman. The model has a 

two-dimensional vector. One dimension is reserved for a range of possible worlds that 

correspond to the different perspectives of the agent representing his mental states. The 

other one, is a list of temporal states which depict the temporal evolution of the agent. A 

pair world with a temporal state is called a situation [41]. 

 5.2.2 FLAME 

The FLAME platform is based on several previous models, particularly those of 

Ortony and Roseman event-appraisal models, and Bolles and Fanselow’s inhibition 

model. Fuzzy logic is applied to represent intensity-based emotions, and to couple events 

and expectations to emotional states and behaviors [45]. Fuzzy logic also provides an 

expressive language for working with both quantitative and qualitative (i.e., linguistic) 

descriptions of the model, and enables our model to produce some complex emotional 

states and behaviors [45].  

FLAME incorporates machine learning methods for learning a variety of 

parameters about the environment, such as associations among objects, sequences of 

events, and expectations about the user. This allows the agents to adapt its responses 

dynamically, which will in turn increase its believability [45].  
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The fuzzy rules represent the relation between events and desirability, but the 

desirability computation only uses the impact of an event on a goal and the importance of 

this goal for the agent, which is applied to the behavior of a pet [47].  

After the desirability measure is computed, it is forwarded to an appraisal 

process. The appraisal process defines the agent's emotional state change. One or a 

mixture of emotions will be activated, by using the event desirability measure. Finally, 

the emotions mixture will be filtered to produce a well-organized, reasoned and clear 

emotional state [45].  

Then the emotional state is forwarded to the behavior selection process. A 

behavior is picked, by applying fuzzy implication rules, based on the situation 

assessment, agent's mood or emotional state. The emotional state is returned to the 

system for the next iteration. Also, there are other ways that a behavior can be produced. 

There are objects, or events that might trigger a conditioned behavior, so there is a 

possibility that these events might not pass through the normal paths of the emotional 

component [45].  

Motivational states are internal states that promote or drive the subject to take a 

specific action. These states tend to interrupt the brain to call for an important need or 

action. For example, if a subject is very hungry, then the brain will direct its cognitive 

resources to search for food, which will satisfy the hunger. Thus, these states have a 

major impact on the mind, including the emotional process and the decision-making 

process, and hence behavior. Most of these models tend to formulate the motivational 

states as a pure physiological reaction, and hence the impact that these motivational 

states have on other processes, such as emotions, has not been well established [45]. 

Motive-consistent events are events that are consistent with one of the subject’s 

goals. Diversely, any event that threatens the agent's goals, is a motive-inconsistent 

event. Events carry more properties, than can be categorized according to them. A simple 

example of an event can be caused by any member of the environment: another agent, 

self, or circumstances. Beyond the cause, that is known, they assessed the certainty of an 

event based on the expectation that an event would occur. Another dimension exists to 

distinguish if some emotions are motivated by a reward desire or avoid a punishment 

[45]. 
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 5.2.3 FAtiMA 

FAtiMA (Fearnot AffecTIve Mind Architecture) is an Agent Architecture. It includes 

planning capabilities that use emotions and personality to alter the agent’s behavior. 

FatiMA’s architecture can use different appraisal theories that model the process of 

emotion generation (OCC, Roseman’s, Scherer) [53].  

A FAtiMA agent only has a Core [53]. Its modular architecture is created by 

adding a set of components to the core. Τhe architecture was defined with the following 

components: 

• Reactive Component - this component uses predefined emotional reaction rules to 

determine the value of OCC appraisal variables [53]. 

• Deliberative Component - handles goal-based behavior and adds planning 

capabilities to the agent. It uses the state of plans in memory to generate appraisal 

variables for OCC Prospect Based Emotions [53].  

• OCCAffectDerivation Component - generates emotions from the appraisal 

variables according to the OCC Theory of Emotions [53]. 

• Motivational Component - component that models basic human drives, such as 

energy and integrity and uses them to help select between competing goals in the 

deliberative component [53]. 

• Theory of Mind Component - creates a model of the internal states of other 

agents. This component determines the desirability of an event for others by 

simulating their own appraisal processes [53].  

• Cultural Component - implements cultural-dependent behavior of agents using 

rituals, symbols and cultural dimensions. It is also used to automatically 

determine the Praiseworthiness appraisal variable based on cultural values and on 

the impact actions have on the motivational states of the agents [53]. 

 

 5.2.4 KARO 

As epistemic logic we define the logic of knowledge and belief. It is a modal 

logic, then any formula is a known argument. Coming from philosophy, epistemic logic 

has been embraced by computer scientists and AI researchers, since the 1980's, to help 

them detail various characteristics of knowledge in distributed and knowledge-based 

computer systems [48].  
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The KARO (Knowledge, Abilities, Results and Opportunities) formalism is an 

amalgam of dynamic logic and epistemic logic, augmented with several additional BDI 

operators in order to deal with the motivational aspects of agents. So, besides operators 

for knowledge, belief and action, there are additional operators for ability and desires / 

wishes [48].  

The KARO framework formalizes the 22 emotions of the OCC model (OCC is 

described below). It is designed to specify goal-directed agents. A KARO's goal is the 

coexistence of literals. Each literal is equal to a sub goal. KARO doesn't let the modeler 

to apply arbitrary formulas as (declarative) goals. This is because agents need to be able 

to break up their goals into sub goals to determine which parts of a goal has already been 

achieved and which sub goals have yet to be pursued [43]. 

 5.2.5 OCC 

The OCC (Ortony, Clore, and Collins) model describes a hierarchy of 22 

classified emotions [44]. The events are appraised with respect to their consequences. 

The consequences of an event are appraised as being desirable or undesirable. Any case 

of a "desirable event" should be interpreted as "desirable consequence of an event", 

because desirability is only applied to consequences of events [44].  

The structure of emotions as it was proposed by OCC may be intuitive, but it falls 

short of capturing the logical structure underlying the OCC model. Bas R. Steunebrink, 

Mehdi Dastani, and John-Jules Ch. Meyer constructed a new hierarchy. The structure has 

been altered in ways to bring it more in line with the inheritance-based way of thinking 

that computer scientists’ use [44]. 

 5.2.6 P.A.D (Pleasure-Arousal-Dominance) 

Mehrabian in 1995 [51] proposed a framework that defines a person’s emotional 

states and temperament by using three parameters for classifying, measuring and 

applying emotions. Specifically, emotions are represented in a three-dimensional space, 

and in this space, moods are presented as more stable and lasting emotional states [51]. 

The P.A.D emotion model, is an emotions measurement and description structure.  

The model has three core dimensions. These dimensions are, Pleasure-

Displeasure (±P) that is equal to the possibility of liking or disliking, Arousal-Nonarousal 

(±A) that is equal to the level of physical activity and mental alertness, and Dominance-

Submissiveness (±D) that is equal to feelings of control vs. lack of control over one’s 



 

36 

activities and surroundings. Τhe emotions prompted by the consequences of the events 

perceived by a person, are relevant by two aspects: the reactive behavior derived by a 

strong emotion, and the accumulation of several emotions that change the emotional state 

of a person [51].  

The P.A.D temperament model, based on the three dimensions as P.A.D emotion model, 

is a general descriptive system to study temperament and personality. Temperament is 

different from emotional state and is distinguished in that it refers to an individual’s 

stable or lasting emotional characteristics (i.e., emotional traits or emotional 

predispositions). As temperament we define, the average of a person’s emotional states, 

calculated by a range of life experiences. The temperament of a person creates a tendency 

of the emotional states that must be achieved if the emotional stimuli are weak or 

nonexistent.  Three PAD temperament scales have been developed, to support a 

reasonably general description of emotional traits or temperament [51].  

Pleasure, Arousability, and Dominance traits, define three nearly independent axes of a 

temperament space. Points in this space define individuals, segments or regions of the 

space define personality types, and straight lines drawn through the intersection point of 

the three axes define various personality dimensions. The personality types in the space, 

are order as below [52]:  

• +P and -P for pleasant and unpleasant [52],  

• +A and -A for arousable and unarousable [52],  

• +D and -D for dominant and submissive, temperament, respectively [52] 

The following combinations or labels can be used to describe the resulting octants of the 

temperament space [52]:  

• Exuberant (+P+A+D) vs. Bored (-P-A-D) [52] 

• Dependent (+P+A-D) vs. Disdainful (-P-A+D) [52] 

• Relaxed (+P-A+D) vs. Anxious (-P+A-D) [52] 

• Docile (+P-A-D) vs. Hostile (-P+A+D) [52] 

 

Additionally, The P.A.D Temperament Model, Trait Pleasure-displeasure serves 

as a general index of psychological adjustment-maladjustment. There are four categories 

of temperament types that refer to psychological adjustment and those are Exuberant, 

Dependent, Relaxed, and Docile. Additionally, Bored, Disdainful, Anxious, and Hostile 

are four categories of psychological maladjustment [52].  
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In conclusion, in the last twenty years, there has been intensive research on 

emotional intelligence that has led to a significant advance from the theoretical basis to 

applications in a wide range of real-life domains. Various scientists (psychology, 

neuroscience, philosophy, computer scientists) have explored the emotional impact to the 

decision-making process. Emotional agents simulating humans in group decision making 

processes will imply a more believable behavior and consequently better simulations. 

Those simulations find various applications such as bank run scenarios, panic attacks in 

case of stressful events, the entertainment industry. It is crucial the research community 

to specify and model emotions that are suitable for agent-based systems and specify a 

multi-agent architecture capable of reasoning human emotions and reactions and 

processing them. 

 6 Bank runs scenario modelling 

A bank run is defined as the situation where depositors withdraw their bank 

deposits because of fear of the safety of their deposits [56]. The term bank panic is quite 

related to the distortion in reasoning and decision making (emotional state shifting to fear 

and panic due to rumors spreading) towards a sudden simultaneous withdrawal of 

deposits from different financial institutions, that lead to parallel bank runs. Through 

time, there have been quite some bank runs, such as during the Great Depression in the 

US. During the 2007 global financial crisis, there were a lot of bank runs internationally 

recorded (e.g., Countrywide Bank, IndyMac Bank, Northern Rock Bank, etc.) [56].  

The selected modelling approach for the Bank Runs scenario was emotions X-

Machines. In the following, we present the definition of X-Machines and its extension to 

accommodate emotional modeling, justifying why the approach fits our needs. The 

simulation world, X-Machines and the emotions model were developed with the 

NetLogo platform (for more details please refer to part 2.5 of chapter 3) and furthermore, 

in the end there is an analysis of the source code. 

 6.1  X-Machines, a formal model of agents 

Samuel Eilenberg introduced in 1974, a variation of Finite State Machines, by 

claiming it to be a very efficient tool for studying formal languages of the Chomsky 

hierarchy. They are referred to as X-machines. Many variants have been developed in 

several scientific domains, different from formal languages [38].  
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Eilenberg machines define a general computational model. On a given abstract 

data set X, a machine is defined as “an automaton labelled with binary relations on X” 

[38]. The “X” in “X–machine” is a type variable; “an X– machine is a machine or device 

for manipulating objects of type X” [38]. A simple example that provides a simple 

explanation of what X-Machines is, is a calculator that could be described as a float– 

machine, since it lets us manipulate floating point numbers, and a lorry might be 

described as a location–machine, because it lets us manipulate where its cargo is located 

[38].  

A modeler with X-Machine, can model the data and the control, through a 

combination of specification methods. X-machines make use of a diagrammatic approach 

to model the control, by extending the Finite State Automata (FSA) and the advantages it 

offers. The transitions between states are not executed by simple input symbols, but with 

functions. These functions are written in a formal notation and model the data 

processing. Data is in memory and attached to the X-Machine. Functions' input are 

symbols and memory values and generate output while they modify the memory values 

[39]. 

A stream X-machine is an 8-tuple: 

M= (Σ, Γ, Q, M, Φ, F, qo, mo) where: 

 

• Σ,Γ is the input and output finite alphabet [39] 

• Q is a finite set of states [39] 

• M is the (possibly) infinite set called memory [39] 

• Φ is the type of the machine M, a finite set of partial functions φ that map a 

memory state and an input to a new memory state and an output, φ M x Σ → Γ x 

Μ [39].  

• F is the next state partial function that gives a state, and a function from type Φ, 

denotes the next state. F is often described as a transition state diagram.  

F: Q x Φ →Q [39] 

• q0 and m0 are the initial state and memory respectively [39]. 

 

The X-machine can be extended to model any real-life systems in a more natural 

way. The expressive power of X-Machines and communicating X-machines are equal. 

The latter resemble more naturally the description of a system since they allow the 
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decomposition of a system into subsystems and thus, it facilitates the conceptual model 

development phase. Another research direction is related to the incorporation of the 

notion of time in the X-machine model, so that simulation programs may be 

automatically derived from the X-machine specification [39].  

The X-machine formal method sets the ground for a specification language, quite 

useful to software engineers, because they can facilitate agents modelling that demand 

memory persistence as well as reactiveness. An agent’s model, defined as an X-machine, 

can apply existing model-checking techniques to verify its properties. Having ensured 

that the model is “correct”, it is also needed to ensure that the implementation is 

“correct,” this time with respect to the model. Holcombe and Ipate (1998) [40] presented 

a testing method that under certain design-for-test conditions can provide a complete test-

case set for the implementation [40]. 

 6.2  A formal model of emotions 

For this thesis, emotions are defined as "passions—as defined as event-instigated 

or object-instigated states of action readiness with control precedence" [54] and the 

corresponding mode is applied. These states mirror an agent’s promptitude to choose 

whether to keep or alter the way it relates to the simulation world. Activation states' only 

aim is whether to relate or to not relate (e.g. apathy/unfocused receptivity). Action 

tendencies are states of readiness related to welcoming or turning away from another 

agent, situation or event [54].  

Personality traits is the concept that someone's character consists of several 

dimensions which will be better understood not as a full, but as separate characteristics. 

The aggregation of those characteristics is what we call personality. A trait (primarily 

neuroticism and extraversion) can determine the way a person, in our case, will 

emotionally react under specific conditions and they also affect a person's mood in 

general. The definition of trait is the following well-defined values of the big five basic 

traits that affect personality: P = (Openness, Consciousness, Extraversion, 

Agreeableness, Neuroticism). All those values are (0, 1]. The higher the value, the more 

“perceptive”, an agent is [54].  

Emotion may be contagious. Agents tend to mimic others and this process is 

influenced by a range of psychophysiological, behavioral, cognitive and emotional 

factors. Emotional contagion notably depends on emotional perception of others, and the 
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way this perception ends up in imitating their expression. As perceptions depend on 

personality, mood and emotion, emotional contagion may be defined as the results of the 

link between personality traits, the mood they will cause on a relentless basis and 

therefore the intensity of emotion that they will trigger, looking at the intensity of the 

stimulus [54].  

Sometimes there is a misunderstanding that mood is an emotion. However, they 

are two distinct concepts. The main difference between mood and emotion is that the 

duration of the mood is longer and is not limited to a specific person or situation. What 

activates the mood is not always obvious [54].  

The emotions are represented in a two-dimensional space as a tuple. The tuple is the 

agent’s emotional state. Its members are valence measure, that represents how enjoyable 

is the experience of an emotional state, and the arousal measure, that is the possibility to 

take some action in the specific state. Emotional states are influenced by percepts, 

emotion contagion and mood [54].  

For this work, a customized version of the ASCRIBE contagion model [54], is 

utilized. As stated in the model’s principles, an agent manipulates any contagion of 

emotions as a perception. In detail, they perceive the nearby agents’ emotions. Therefore, 

the emotion contagion process involves computing an overall emotion vector based on 

the emotions of neighboring agents. Each agent carries the following properties: 

• The influence-crowd property, that embodies all the agents within a, defined by 

the modeler, radius [54]. 

• Contagion strength property, that defines the strength by which an agent 

influences another one. The property depends on the expressiveness of the prior 

agent, a measure of how much the agent exhibits its emotions, and the channel 

that defines that closer agents have a larger effect on the emotions of the latter 

agent [54]. 

 

Another interesting point is that mood affects an agent’s emotional state. This 

happens because mood is considered the enduring state the agent will fall into in 

absence of external stimulus. In other words, mood dictates the way in which the 

reaction to a single emotion is reduced in time [54]. 
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 6.3  Emotional X-Machines, a formal model of emotional agents 

One of the main characteristics of the X-machines model, is that it has a memory 

structure. This allows the transitions to be triggered not just by inputs, but by functions 

that accept an input and the memory values that produce an output and new memory 

values.  

The emotional model is fused into an X-Machine model, and thus we have an 

Emotional X-Machines model that involves emotional states, moods, personality traits 

and a contagion mechanism. One the main benefits in embracing the Emotional X-

Machines methodology, because of its state-based approach, is that a feasible and 

executable model can be derived in a convenient manner [55].  

An agent acting under emotions behaves differently compared to the same agent 

acting in a rational, emotionless we could say, way. A strong example are cases of 

disaster management (e.g. emergency evacuation) or bank runs. In such phenomena, 

agents, according to their personality, face a high probability to experience fear, and 

finally panic. For example, in Figure 3, an extended, with the emotional structure, model 

is depicted. Under certain emotional states (e.g. panic due to rumors of financial crisis), 

the behavior which should be triggered is "withdraw all cash" and not "withdraw some 

cash". Such emotional shifting could alter what they perceive and what they 

communicate to other agents, plus there is also emotional contagion. Another interesting 

point is that agents' behaviors are altered when they operate as a group, for example as 

members of a neighborhood [55]. 

 

Figure 6-1. A partial Emotional X-Machine model of an emotional agent [58] 
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 6.4  Bank Run Modeling in X-Machines 

By combining Emotional X-Machines, Emotional contagion with NetLogo, the in 

discussion, two-dimensional world, model, studies bank runs phenomena and their 

correlation with rumors spreading. The model focuses on the cash flow and not in 

electronic transactions (i.e. credit card transactions). This, in purpose, limitation of the 

model, has made it easier for us to focus on bank panic, i.e. a significant number of banks 

failing, a problem that can manifest when depositors withdraw cash for safe keeping at  

their  homes. 

 

Figure 6-2. The emotional X-Machine states and transition model [58] 

 

The model's key advantages are the following: 

• There are neighborhoods of agents, interacting with each other, but those 

neighborhoods are dynamic, depending on NetLogo’s platform spatial 

characteristics. In further detail, during the "day" an agent finds itself in different 

parts of the world, so it neighbors and interacts with different agents. Especially 

when the agents interact at a shop, the emotion contagion is activated. Agents' 

emotions change since they are affected, as part of a crowd, by another agents' 

influence. 

 

• The agents' purpose is not to liquify all their assets, but instead their purpose is to 

have enough cash on them and feel safe. We take under consideration that retail 

depositors agents relying on the assumption that deposit insurance is guaranteed 

by the state. 
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• The agents' relatively complex behaviors can be easily extended. 

 

The model has the following agent types: 

 

• Population: The general population of the world, that commute, work, rest, shop, 

deposit and withdraw. The have several parameters, stored as memory values in 

the corresponding X-Machine: 

o savings in one of the banks, that is initially set to three times the agent’s 

salary, 

o the current amount of cash in their wallet, 

o a desired cash level the agent feels safe to have, 

o a ratio of wallet/cash level that determines when the agent needs to 

withdraw money from the bank. 

  

When their goods level is low, they visit the market, and when the level of cash in 

their wallet drops below the threshold, they visit the bank to withdraw money. 

 

• Influencers:  They move randomly in the world, and spread rumors related to 

any bank solvency. Those agents interact for a short time with the rest of the 

population agents. This short-term interaction provides a varying perceptual input 

to the latter. This way, the model produces better impact results of the influencers 

agents to the rest of the population. 

 

• Banks: Each bank has an initial amount of retail depositor savings and maintains 

a 10% fractional reserve in cash. Each retail depositor maintains a deposit 

liability in one of the available banks. Each bank maintains 

several ATMs randomly set in the world. Any bank serves a limited number of 

customers in each step; thus, queues can be formed outside banks (a phenomenon 

common in bank runs). 
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• Shops: Shops provide goods to the population agents (for the obvious exchange 

of monetary units) and at the end of each day, they deposit their profits to the 

banks. The deposited profits through their deposit liabilities, support the banks to 

maintain adequate cash levels. 

 

Additionally, the model has an elegant representation of time. Each NetLogo tick 

(simulation step) is equal to 15 real minutes. By applying this analogy, population agents 

work for eight hours (they remain still at a specific point of the world), that is 32 

NetLogo ticks. They do not move between locations instantly, but commute for about 

forty-five minutes (three NetLogo ticks) This allows us to see any changes (e.g emotions 

contagion, bank runs) quite rapidly.  

The current simulation, as depicted below, includes a number of sliders 

(population size, number of banks, number of influencers, cash amount) and plots (bank 

queues, cash and reserves, emotions related plots) The two special sliders are the one that 

define agents expressiveness and openness that based on their values, the emotional 

contagion changes drastically. Also, there are two buttons that allow the user to increase 

the desired cash and wallet to cash ratio. In the world itself, we have the population in 

white, the influencers in blue and the related buildings (houses, banks, ATMs). The 

results are exported as .csv files for further analysis. 

 

Figure 6-3. NetLogo simulation world 
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 6.5  Model’s source code analysis 

Below is the breed of persons (population) agents. As it was described in the 

previous chapters, each agent carries its own state, memory and percept variables. The 

states variable holds the emotional states as specified. A memory variable is a key value 

pair, and each key has a value that can be updated during the simulation's execution. A 

percept variable is equal to the agent's percepts and is updated in each execution cycle by 

the NetLogo environment [57].  

The initialise-ex-machine statement is executed only once and initiates the needed 

structures. x-mem-initial-var [key] [value], inserts a new key value pair into the memory. 

The value can be any valid NetLogo type (integer, float, string, etc), a valid expression or 

a NetLogo reporter. If the key already exists, its value is replaced by the new value one 

[57]. 

 
breed [persons person] 
 
persons-own [ 
  ;;; Variables needed for the eXMachines 
  states 
  memory 
  percept 
] 
 
to setup-persons 
  create-persons Population [ 
    set size 1 
    set shape "dot" 
    set color white 
    ;;move-to one-of houses 
    rand-xy-co 
 
    ;;X-Machines variables 
     ;; Find one home that is vacant. 
     let myhome one-of houses with [not any? other persons-on self] 
     move-to myhome 
 
     initialise-ex-machine 
     ;; That's my Home 
     x-mem-initial-var "Home" myhome 
     ;; This is where I work 
     x-mem-initial-var "WorkPlace" one-of companies 
     x-mem-initial-var "Target" myhome 
     x-mem-initial-var "Distance to Target" 0 
 
     ;; All values that concern the person are X-memory values 
     let initial-amount Average-Salary + random 200 
     x-mem-initial-var "Salary" initial-amount 
     ;;;So initially I consider that I have 10% of my salary in cash. Wallet is the cash in my 
pocket. 
     x-mem-initial-var "Wallet" round (initial-amount / 10) 
     ;;; Initially cash desired and Wallet are the same. 
     ;;; The following will be changed during the experiment to reflect the agents' panic 
     x-mem-initial-var "CashDesired" x-mem-value "Wallet" 
     x-mem-initial-var "OrigCashLevel" x-mem-value "CashDesired" 
     x-mem-initial-var "Wallet/Cash" 0.3  

;; initial savings for all agents, to the bank   
     let mysavings 3 * initial-amount + random 300 - x-mem-value "Wallet"  
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     x-mem-initial-var "CashtoWithdraw" 0 
     x-mem-initial-var "Savings" mysavings 
     x-mem-initial-var "MyBank" one-of banks 
     x-mem-initial-var "MyBankNumber" ([who] of x-mem-value "MyBank") 
     ask (x-mem-value "MyBank") [accept-savings-deposit mysavings] 
     ;; could be simpler. 
     x-mem-initial-var "MyBankAndAtms" (turtle-set x-mem-value "MyBank" atms with [MyBank = [x-
mem-value "MyBank"] of myself]) 
     x-mem-initial-var "Goods-Level" 100 
     x-mem-initial-var "MyTicket" "NoTicket" 
 
     x-clear-percepts 
     let init-em random-emotion-mt 1 -10 10;; (0.1 + random 90 / 100 ) 0 5 
      ;; mood and emotion aligned 
     x-em-set init-em 
     x-mood-set init-em 
      
     ; Setting Expressiveness 
     ;; Need to ensure that it is always in 0..1 
     x-expr-set init-exp + random-float 0.2 
     ; Setting Openness 
     ;; Need to ensure that it is always in 0..1 
     x-open-set init-open + random-float 0.2 
     
     x-ptrait-set p-trait-min + random-float(1 - p-trait-max) 
     ;;; Setting the preferred contagion model 
     x-contagion-set contagion-model 
     x-influence-distance-set influence-distance 
  ] 
End 

 
This function below, updates the emotion percept based on the percepts the agent 

received in the execution cycle. It is run after the agent has decided on an action in the 

previous execution cycle. 

 
to emotion-function-of-persons 
  ;;; Changes to the emotion functions are to be found here 
  let journs (count journalists in-radius (influence-distance)) 
  if (journs > 0 )[repeat journs [x-update-emotion-percept [-0.5 0.7] ]] 
  if (x-has-percept? "my-bank-failed") [x-update-emotion-percept [-1 1]]  
  if (any? banks with [has-queue?] in-radius influence-distance and journs > 0) 
    [x-update-emotion-percept [-0.5 0.8]] 
  ;;; Adds contagion percept according to the standard model 
  ;;; Contagion is part of the percepts, therefore is here. 
  x-add-contagion-percept-std 
 
  if x-arousal-of-self <= 0 [set-x-memory-value "CashDesired" (x-mem-value "OrigCashLevel")] 
  if x-arousal-of-self > 0 [set-x-memory-value "CashDesired" (1 + 5 * x-arousal-of-self) * (x-
mem-value "OrigCashLevel")] 
  set-x-memory-value "Wallet/Cash" (-0.25 * x-valence-of-self + 0.75) 
end 

 
X-Machine’s input is an agent's percepts [57]. The statements to insert a percept 

are the following: 

• X-clear-percepts. It removes for the structure any preexisting percepts [57], 

• x-add-percept [percept] [57], 

• x-has-percept? [p], returns true if the percept exists [57]. 
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In the reporter (function) below we used those statements. update-percepts-

persons reporter is executed in the beginning of each execution cycle and updates each 

agent’s percepts. 

 
to update-percepts-persons 
    x-clear-percepts 
   
   ;;; Adds rest of percepts 
   if is-start-of-the-day? [x-add-percept "day-starts"] 
   if work-day-ends? or free-time? [x-add-percept "work-day-ends"] 
   
   if (working-period?) [x-add-percept "working-time"] 
   
   ;; Have I arrived to my target? 
   if distance x-mem-value "Target" < 0.5 [x-add-percept "at-target-location"] 
   if x-mem-value "Goods-Level" < 5 [x-add-percept "goods-in-shortage"] 
   if x-mem-value "Goods-Level" > 99 [x-add-percept "enough-goods"] 
   if [not status-solvent] of (x-mem-value "MyBank" ) [x-add-percept "my-bank-failed"] 
 

 
   if member? x-mem-value "MyTicket" [serving] of x-mem-value "MyBank"  
[x-add-percept "withdraw-now"] 
      
end 

 

The equivalent NetLogo source code of the Emotional X-Machines states is below. x-

funcs are defined as NetLogo reporters (functions). Those functions have no arguments, 

due to the fact X-Machines model, by design, operates on percepts and memory values, 

produces output and memory updates. The first state in the x-diagram is the agent’s 

initial state [57]. 

 
to-report state-def-of-persons 
 report x-diagram 
  state "resting" 
   # x-func "is-time-to-go-to-work" goto "travelling-to-work" 
   # x-func "needing-cash" goto "travelling-to-bank" 
   # x-func "in-need-of-goods" goto "travelling-to-market" 
   # otherwise do "nothing" goto "resting" 
  end-state 
 
  state "travelling-to-work" 
   # x-func "commuting" goto "travelling-to-work" 
   # otherwise do "nothing" goto "working" 
  end-state 
 
  state "working" 
  # x-func "finished-work" goto "travelling-to-house" 
  # otherwise do "nothing" goto "working" 
  end-state 
 
  state "travelling-to-house" 
   # x-func "commuting" goto "travelling-to-house" 
   # otherwise do "nothing" goto "resting" 
  end-state 
 
  state "travelling-to-market" 
   # x-func "commuting" goto "travelling-to-market" 
   # otherwise do "nothing" goto "shopping" 
  end-state 
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  state "shopping" 
  # x-func "finished-shopping" goto "travelling-to-house" 
  # x-func "buying-goods" goto "shopping" 
  # x-func "needing-cash" goto "travelling-to-bank" 
  # x-func "zero-savings" goto "travelling-to-house" 
  # otherwise do "nothing" goto "shopping" 
  end-state 
 
  state "travelling-to-bank" 
   # x-func "commuting" goto "travelling-to-bank" 
   # otherwise do "nothing" goto "interacting-with-bank" 
  end-state 
 
  state "interacting-with-bank" 
  # x-func "pick-ticket" goto "interacting-with-bank" 
  # x-func "detecting-bank-failure" goto "travelling-to-house" 
  # x-func "withdrawing-money" goto "travelling-to-house" 
  # otherwise do "nothing" goto "interacting-with-bank" 
  end-state  
 end-diagram 
end 

 
 

X-funcs return either a success token, that consists of the output and memory updates, or 

a failure token. Subsequently, the response should be one of the following: 

• x-false, a keyword handled by the meta-interpreter, indicating that the function is 

not applicable [57], 

• x-true [xmOutput] [xmMemUpdates], indicating an applicable function that will 

produce an output and change memory according to the [xmMemUpdates] [57]. 

The #< and ># delimiters denote the beginning and the end of actions list [57]. 

 
to-report is-time-to-go-to-work 
    ifelse (x-has-percept? "working-time") 
     [report x-true #< >#  #< 
       x-mem-set "Target" x-mem-value "WorkPlace" 
       x-mem-set "Distance to Target" (distance x-mem-value "WorkPlace") ># ] 
     [report x-false] 
end 
 
;; Communitung Function that allows the agent to travel to a target location. 
;; Easy to do with X-machines and memory. 
to-report commuting 
  ifelse (not x-has-percept? "at-target-location") 
  [report x-true #< x-action [[]-> move-to-target x-mem-value "Target" ]># #< >#] 
  [report x-false] 
end 
 
to-report finished-work 
  ifelse (x-has-percept? "work-day-ends") 
     [report x-true #< ># 
        #< x-mem-set "Target" x-mem-value "Home" 
           x-mem-set "Distance to Target" (distance x-mem-value "Home") ># ] 
     [report x-false] 
end 
 
;;; If I need Goods and I have the money, then I move to the Shop.  
to-report in-need-of-goods 
    let targ-shop one-of shops 
    ifelse (x-has-percept? "goods-in-shortage" and x-mem-value "Wallet" >  1) 
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     [report x-true #< ># 
        #< x-mem-set "Target" targ-shop 
           x-mem-set "Distance to Target" (distance targ-shop) ># ] 
     [report x-false] 
end 
 
to-report finished-shopping 
    ifelse (x-has-percept? "enough-goods") 
     [report x-true #< ># 
        #< x-mem-set "Target" x-mem-value "Home" 
           x-mem-set "Distance to Target" (distance x-mem-value "Home") ># ] 
     [report x-false] 
 
end 
 
to-report zero-savings 
    ifelse (x-mem-value "Savings" = 0) 
     [report x-true #<  
         x-action [[]-> set color 5 ] ># 
        #< x-mem-set "Target" x-mem-value "Home" 
           x-mem-set "Distance to Target" (distance x-mem-value "Home") ># ] 
     [report x-false] 
end 
 
 
to-report buying-goods 
   ifelse (x-mem-value "Wallet" >=  1) 
    [report x-true #< x-action [[]-> ask x-mem-value "Target" [receive-payment 1 [x-mem-value 
"MyBankNumber"] of myself]] ># 
        #< x-mem-set "Wallet" (x-mem-value "Wallet" - 1 ) 
           x-mem-set "Goods-Level" (x-mem-value "Goods-Level" + 10) ># ] 
     [report x-false] 
end 
 
 
to-report needing-cash 
  let targ min-one-of (x-mem-value "MyBankAndAtms") [distance myself]  
  ifelse (x-mem-value "Wallet" <=  (x-mem-value "Wallet/Cash" * x-mem-value "CashDesired") and x-
mem-value "Savings" > 0 and not x-has-percept? "my-bank-failed") 
      [report x-true #< ># 
        #< x-mem-set "Target" targ ;; x-mem-value "MyBank" 
           x-mem-set "Distance to Target" (distance targ) 
           x-mem-set "CashtoWithdraw" min (list (x-mem-value "CashDesired" - x-mem-value 
"Wallet") x-mem-value "Savings") ># ] 
     [report x-false] 
end 
 
;;; Pickup a ticket to wait in the bank. 
to-report pick-ticket 
  ifelse (x-mem-value "MyTicket" = "NoTicket" ) 
  [report x-true  
    #<   ># 
    #< x-mem-set "MyTicket"  [provide-ticket] of x-mem-value "MyBank" ># ] 
  [report x-false] 
end 
 
;; X-Action to withdraw Money 
to-report withdrawing-money 
  ;;; Withdraw as much as needed OR as much as I have., 
  let cash#2#withdraw x-mem-value "CashtoWithdraw" 
  ifelse(x-has-percept? "withdraw-now" and [solvent_for? cash#2#withdraw] of (x-mem-value 
"MyBank")) 
  [ 
    report x-true  
    #< x-action [[] -> ask (x-mem-value "MyBank") [withdraw-money cash#2#withdraw]] 
    ;;x-action [[]-> show with#amount]  
    >#  
    #< x-mem-set "Wallet" (x-mem-value "Wallet" + x-mem-value "CashtoWithdraw") 
       x-mem-set "Savings" (x-mem-value "Savings" - x-mem-value "CashtoWithdraw")   
       x-mem-set "Target" x-mem-value "Home"  
       x-mem-set "Distance to Target" (distance x-mem-value "Home") 
       x-mem-set "MyTicket" "NoTicket" 
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       x-mem-set "CashtoWithdraw" 0 
    ># 
  ] 
  [report x-false] 
end 

 

;; Ask the bank for the cash, in order to push it to the failure state, but does not update its 
cash ;; level. 
to-report detecting-bank-failure 
  let cash#2#withdraw x-mem-value "CashtoWithdraw" 
  ifelse([not solvent_for? cash#2#withdraw] of (x-mem-value "MyBank")) 
  [ 
    report x-true  
    #< x-action [[] -> ask (x-mem-value "MyBank") [withdraw-money cash#2#withdraw]] 
    >#  
    #< x-mem-set "Target" x-mem-value "Home"  
       x-mem-set "Distance to Target" (distance x-mem-value "Home") 
       x-mem-set "MyTicket" "NoTicket" 
       x-mem-set "CashtoWithdraw" 0 
    ># 
  ] 
  [report x-false] 
end 

  

 7 Simulation results 

 7.1  Introduction 

The experiment process has two stages: 

1. The first stage includes initial experiments to calibrate the model. The calibration 

stage is required to set up the parameters in a state where an equilibrium is 

achieved, regardless of any potential bank failures. These parameters are 

consequently used in the second stage. 

2. Experiments with the results. 

 

We used a range of values for the population size, the number of influencers, 

banks, shops and ATMs. We also used a range of monetary units. The original cash level 

for each agent was set to 10% of the salary. Each agent has three times its salary as 

savings in one of the banks minus its cash level. 

 7.2  Calibration experiments 

During the execution of the calibration iterations, we expect the model to be in an 

equilibrium state. This means that no bank run events occur. The number of influencers 

is set to 0, so there is no spread of negative news related to a bank solvency within the 

simulation world.  
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We execute the calibration iterations, with no contagion at all, and then we repeat 

with the contagion model on. Whether the contagion model is on or not, the model is in 

equilibrium, i.e. bank reserves are well over the amount of cash desired by the agents. 

Any fluctuations occurred because of goods consumption and buying new ones. The 

agents withdraw money from the bank to cover their needs by paying in cash, which at 

the end of each simulation day that cash is deposited by the shops back to the bank. 

 

Figure 7-1. Calibration results with no influencers and no contagion model for 

population 100 

 

Figure 7-2. Calibration results with no influencers, ascribe-like contagion model for 

population 100 
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Figure 7-3. Calibration results with no influencers and no contagion model for 

population 150 

 

Figure 7-4. Calibration results with no influences, ascribe-like contagion model for 

population 150 
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Figure 7-5. Calibration results with no influencers and no contagion model for 

population 200 

 

Figure 7-6. Calibration results with no influences, ascribe-like contagion model for 

population 200 
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 7.3  Experiments with Emotions 

As the equilibrium state is satisfied, we re-run the experiments with a gradual 

increase of the influencers. The greater the number of the influencers, the more enhanced 

the bank solvency rumors strength We ran the experiments with 100, 150, 200 population 

agents and an increasing number of influencers, of 5, 10, 15 and 20, 10 times each. The 

values depicted in all plots and tables below, are average values. The banks failure 

rate is the ratio of the failed banks to the total banks. 

 7.3.1 Population 100 

As depicted in the table below, when the influencers are 5, the failure rate is 

below 50%. 

 

Contagion model - 

Influencers 
Bank failures 

average rate 
Bank 1 fails 

sim. Step 
Bank 2 fails 

sim. Step 
Bank 3 fails 

sim. Step 
Bank 4 fails 

sim. step 
Bank 5 fails 

sim. Step 

None - 5 40% 1246,67 1147,25 1263,5 903,33 957,33 

None - 10 100% 305,8 338,8 364,4 387,5 409,4 

None - 15 100% 98,8 127,9 153,5 167,9 190,6 

None - 20 100% 71,2 85,4 88,4 129,8 159,3 

Ascribe - 5 33% 1560,33 1771,33 1777 1816 1844 

Ascribe - 10 100% 386,1 430,3 452,2 471,5 487,2 

Ascribe - 15 100% 163,3 197,6 211,2 230,9 246 

Ascribe - 20 100% 66,3 69,6 83,3 98,2 110,2 

Table 1. Bank failures average ratio, for population of 100 agents 

 

About the cash flow evolution, with 5 influencers, when there is no contagion 

model on, we observe that even though the cash desire is increased rapidly, the 
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wallet/cash ratio is decreased during intervals, and the banks reserves drop in a stable 

tempo. The population is influenced in a steady manner, till the 40% of the banks fail. 

 

 

Figure 7-7. Results for 100 population, 5 influencers, and no contagion model 

 

On the other hand, when the influencers are 15 and 20, with the contagion model 

on, the simulation evolves in a completely different way. The cash desire literally 

explodes in the first steps of the simulation, and constantly keeps increasing. Also, when 

the influencers are 20, all the banks fail much faster. The cash desire dramatic increase at 

the final simulation steps is due that once agents acknowledge their bank has failed, they 

panic, spreading the emotion to the other members of the population. With 20 influencers 

the cash desire exploded in about 55 simulation steps. The panic was spread almost 

rapidly. 
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Figure 7-8. Results for 100 population, 15 influencers, and ascribe-like contagion 

model 

 

 

Figure 7-9. Results for 100 population, 20 influencers, and ascribe-like contagion 

model 
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 7.3.2 Population 150 

In the same fashion, we ran 10 iterations of the experiment, for 150 population 

agents. An interesting observation is that for 5 influencers and with the contagion model 

on, we have no bank runs at all. 

 

Contagion model - 

Influencers 
Bank failures 

average rate 
Bank 1 fails 

sim. Step 
Bank 2 fails 

sim. Step 
Bank 3 fails 

sim. Step 
Bank 4 fails 

sim. step 
Bank 5 fails 

sim. Step 
  

None - 5 24% 1333,75 905,5 1034,5 1078,5 1114,5 

None - 10 100% 378,1 441,5 454 470,6 510,4 

None - 15 100% 132,8 187,9 190,6 197,1 227,9 

None - 20 100% 66 75,3 92,3 111,9 131,4 

Ascribe - 5 0% - - - - - 

Ascribe - 10 100% 432,3 453,4 490,2 499,1 517,8 

Ascribe - 15 100% 156,1 177,4 197,1 223,9 228,1 

Ascribe - 20 100% 99,7 114,7 128,1 148,4 157,8 

Table 2. Bank failures average ratio, for population of 150 agents 
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Again, we observe that with no contagion model on, and with 5 influencers only 

24% of the banks fail, and influence has a steady pace. 

 

 

Figure 7-10. Results for 150 population, 5 influencers, and no contagion model 

 

With 15 influencers we observe a similar pattern to the “Figure 7-7” ’s one, but 

this time all banks fail faster. 
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Figure 7-11.  Results for 150 population, 15 influencers, and ascribe-like contagion 

model 

On the other hand, with 20 influencers, compared to the 100-population plot, it 

takes more time for the banks to fail. 

 

 

Figure 7-12. Results for 150 population, 20 influencers, and ascribe-like contagion 

model 
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 7.3.3 Population 200 

Finally, again we observe that for 5 influencers, with the contagion mode on, we 

have no bank runs. 

 

Contagion model - 

Influencers 
Bank failures 

average rate 
Bank 1 fails 

sim. Step 
Bank 2 fails 

sim. Step 
Bank 3 fails 

sim. Step 
Bank 4 fails 

sim. step 
Bank 5 fails 

sim. Step 
  

None - 5 22% 1298 1472 1655,5 1657,5 1667 

None - 10 100% 387,7 487,5 508,6 563,6 577,4 

None - 15 100% 137 183,4 201,3 221,1 233 

None - 20 100% 69,5 79,1 99 118,1 143,5 

Ascribe - 5 0% - - - - - 

Ascribe - 10 100% 591,5 618,8 649,9 666,9 682,9 

Ascribe - 15 100% 134,2 164,1 178,2 199,5 202,9 

Ascribe - 20 100% 91,8 114,6 119,7 138,3 154,7 

Table 3. Bank failures average ratio, for population of 200 agents 

 

To validate the model’s consistency, we run it again with 5 influencers and 

without the contagion mode. We still get the same pattern as before. 

 

Figure 7-13. Results for 200 population, 5 influencers, and no contagion model 
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Diversely, when the agents are under emotion contagion, the cash desire 

increases swiftly, till banks fail. The panic is spread almost instantly, as we observed 

before. 

 

 

Figure 7-14.  Results for 200 population, 15 influencers, and ascribe-like contagion 

model 
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Figure 7-15. Results for 200 population, 20 influencers, and ascribe-like contagion 

model 
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 8 Conclusions  

The current thesis aims to apply a formal emotional agent model on a 

macroeconomic problem. A simulation of bank runs, a phenomenon that is related to the 

depositors’ emotional state. Specifically, the X-Machine model with NetLogo, have 

helped a lot to build a better simulation world, and effectively manage all the cases we 

wanted to test.  

We modeled and performed a set of experiments, with several iterations, of 

different conditions, for each experiment, that produced quite interesting results that 

relate emotional contagion with the spread of negative rumors that lead to the population 

panic when a bank run occurs. As part of the simulation, the agents' population was 

emotionally stressed under an unsafe and insecure environment.  

To validate how effective our model is, we combined artificial emotions and 

personality traits to bank run scenarios, that describe a macroeconomic problem. Agents, 

influenced by the bank failures rumors, had their emotional state changed, when they 

didn't have the option to withdraw money, so they were forced to a panic state. 

Additionally, when the contagion model is on, when the influencers are more than 10, if 

one bank fails, then others follow, like domino, quite shortly. 

A key point is that in the cases of the simulations under the contagion model, and 

the influencers are 5, compared to the no contagion simulations with the same number of 

influencers, the percentage of bank failures average rate, is less in the preceding, and at a 

much slower rate. Even if this seems contradictory, it can be explained by the fact that 

interaction with neighboring agents reduces the effect to the population, 

at least in the early stages of rumors spreading.  Remember 

that according to the emotions model, emotions induced by influencers and contagion are 

both treated as percepts, however with a different factor (personality factor vs. openness). 

 8.1  Current research limitations 

The current work represents a first step to demonstrate the proposed approach, 

but it is however limited. The model’s population’s size range is low, as is the number of 

banks. Plus, the model is focused only on one financial activity. The whole simulation 

world was built with NetLogo, without any optimizations. Credit cards, online shopping, 
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stock markets, loans, insurance markets are all aspects of everyday life and although they 

were not studied in this thesis, they do have a strong financial impact in real life. 

 8.2  Future work 

Future work includes the development of more advanced agents, with more 

human based decision-making capabilities. For example, agents of different 

socioeconomic, and cultural backgrounds, sets of previous bad experiences, influencing 

their interpretation of emotional percepts. Also, different datasets could be used as input, 

updating the emotions contagion process and agents’ interaction (e.g. geographic or 

demographic datasets). Furthermore, a great and interesting area is the real time data 

input that could be fused into the simulation world, altering the agents’ behaviors in a 

more realistic way. 
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