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Purpose: The aim of this article is to draw attention to the specificity of emergent phenomena 8 

in organization and management, the study of which requires an approach derived from 9 

complex adaptive systems.  10 

Design/methodology/approach: The article uses a critical analysis of research on emergent 11 

phenomena in organizations from the perspective of complex social systems. This analysis 12 

made it possible to distinguish types of emergence in organization and management depending 13 

on the type of agents (members) and interactions that take place in the organization and 14 

indicated the causes of emergent phenomena. 15 

Findings: The article creates a research framework for complex emergent phenomena and 16 

shows how to use computer simulation to study complex emergent phenomena in organizations. 17 

Originality/value: A relatively new direction of research are analyzes within the theory of 18 

complex adaptive systems, the aim of which is to model and explain the behavior of systems of 19 

interconnected objects based on knowledge about the laws of individual elements (at the local 20 

level) and the structure of their connections. Therefore, it seems interesting to use computer 21 

tools developed based on complexity theory, especially agent-based models, as proposed in this 22 

article to study emergent phenomena in organizations. Since there are many approaches and 23 

ways of using computer simulations to study complex adaptation phenomena, a method of 24 

creating a simulation model and a method of conducting research using it were proposed.  25 

Keywords: Emergent phenomena, Complex adaptive system, Organization and management, 26 

Agent-based models. 27 

Category of the paper: Research paper, Literature review. 28 

1. Introduction  29 

Today's organizations are complex systems that consist of heterogeneous elements that 30 

interact with each other and with the environment that are difficult to understand, predict and 31 

control. Their characteristic feature is the ability to exhibit complex emergent properties.  32 
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This means that it is difficult to predict the effects of micro-level interactions on the system 1 

(organization) as a whole, even if the behavioral patterns of individual agents are known. 2 

However, usually the effect of interaction at the micro level is adaptation towards changes that 3 

will ensure survival in the environment and on the market. Moreover, in organizations,  4 

people or groups adapt to feedback on the behavior of others and act without clear coordination 5 

and central communication (Anderson, 1999; Maguire, McKelvey, 1999). Organizational 6 

members often form informal groups that function through local interactions without central 7 

control or management 8 

Understanding and managing the internal complexity of an organization therefore requires 9 

strategies that go beyond traditional analytical methods. A new way of examining processes 10 

taking place in an organization is agent-based simulation (ABS) (Gotts et al., 2003).  11 

ABS allows you to recreate interactions between people within an organization or between 12 

organizations in a marketplace to assess the aggregate outcome of their behavior. The basis for 13 

studying organizations from the perspective using ABS is an attempt to explain the behavior of 14 

the entire system (at the macro level) based on the recognition of the rules of behavior of its 15 

components (micro level). 16 

In this article, the concept of emergence from the theory of complex adaptive systems (CAS) 17 

is used (Kauffman, 2000; Axelrod, 1997; Axelrod, Cohen, 2000; Bonabeau et al., 1999).  18 

This approach is consistent with the proposed method of studying social phenomena in 19 

organizations based on computer modeling. The basis for researching organizations in the 20 

context of CAS is the perception of organizations as a complex social system. Numerous studies 21 

in the field of social sciences indicate that individuals are embedded in the networks of social 22 

relations and interactions (Borgatti et al., 2009). 23 

According to Plsek and Greenhalgh (2001), CAS is a collection of individual agents with 24 

freedom of action, which is not always entirely predictable. In addition, agents are so connected 25 

to each other that the behavior of one agent changes the context for other agents. As emphasized 26 

by Mille and Page (2007) in CAS there are therefore units at the micro level that, through mutual 27 

interactions, form global system properties, which then, by feedback, affect the interaction at 28 

the micro level. In addition, CAS through interaction with the environment modifies its 29 

behavior, adapting to changes in the environment (Rammela et al., 2007; Rotmans, Loorbach, 30 

2009). This behavior of the system is a manifestation of its adaptability. Complex adaptive 31 

systems are also characterized by emergence (Mitleton-Kelly, 2003). The system has emergent 32 

properties if its presence is new at the evolutionary level or at the physical level of the 33 

complexity of the system in which it occurs (Newman, 1996). It is the emergence of new and 34 

consistent structures, patterns and properties in the processes of self-organization occurring in 35 

complex systems (Goldstein, 1999). In the case of organizations or organizational management, 36 

it is difficult to predict the effects of interactions at the micro level for the organization as  37 

a whole, even if the behavioral patterns of individual members (elements) of the organization 38 

are known. The behavior of the organization as a whole is emergent. 39 
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It should also be noted that in such systems rules at the local level, i.e. at the level of 1 

individual units or networks of units, as well as the way they interact, are often more important 2 

than global directives. In addition, as Sanders and McCabe (2003) show, understanding of the 3 

local dynamics of the system can allow insight into the behavior of the entire system and help 4 

identify key reasons for changes and transformations.  5 

The aim of this article is to draw attention to the specificity of emergent phenomena in 6 

organization and management, the study of which requires an approach derived from complex 7 

adaptive systems. Such an approach is computer simulation based on agents. The article shows 8 

that emergent phenomena, depending on agents/individuals and system behaviors/interactions, 9 

may occur at four different levels. Moreover, it was shown that ABM is an appropriate tool for 10 

examining emergent phenomena. 11 

2. Emergent phenomena in the organization  12 

Emergence is the formation of new and coherent structures, patterns and properties in self-13 

organization processes occurring in complex systems (Goldstein, 1999). Checkland (1981) 14 

defines emergent properties as those emerging from the system of human activity as a single 15 

whole, which results from the activities of the components and their structure, but cannot be 16 

reduced only to them. Emergence is, therefore, the appearance of properties that have not been 17 

previously observed in the behavior of the system and which cannot be reduced to the properties 18 

of its individual components. 19 

In complex adaptive systems, we can distinguish behaviors that influence the phenomenon 20 

of emergence (Plowman et al., 2007; Lichtenstein, Plowman, 2009). In such systems, global 21 

changes are generated based on local behavior, which in turn change local behavior (Burkhart, 22 

1996). By interacting with and learning from the environment, a complex adaptive system 23 

modifies its behavior to adapt to changes in the environment (Rammela et al., 2007).  24 

The adaptability of CAS therefore lies in the ability to change and learn from experience,  25 

i.e. these systems can respond and adapt to changes occurring in their environment (Rotmans, 26 

Loorbach, 2009). Adaptability in CAS is, of course, a manifestation of emergence, which is 27 

visible in modifications of behavior under the influence of the environment, adapting the system 28 

to the requirements set in the environment. These modifications are made thanks to appropriate 29 

interactions, which are intense, non-linear and contain feedback. A special role here is played 30 

by the openness features of the system, i.e. appropriate opportunities and methods of interaction 31 

with the surroundings (environment). 32 

Fundamental changes generated by these interactions are implemented in subsequent stages 33 

of system functioning thanks to processes defined as coevolution and self-organization 34 

(Mitleton-Kelly, 2003). Adaptive movements of individuals are the effects of agents' 35 
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interactions (e.g. changes in attitudes, views, level of knowledge, etc.) referred to as 1 

coevolution. The effect of these changes at the level of the entire adaptive system (macro level) 2 

is co-evolution with its environment, i.e. responding to changing external requirements 3 

(Mitleton-Kelly, 2003). One of the effects of co-evolution is self-organization,  4 

i.e. a phenomenon in which the elements of a complex system become spontaneously ordered. 5 

This ordering is the result of independent interactions between individual agents within the 6 

system and/or agents and the environment (Mainzer, 1994). Self-organization therefore refers 7 

to the ability to develop a new system structure resulting from the internal structure of the 8 

system and its interaction with the environment, but not the external management of the system.  9 

Taking into account the specific characteristics of CAS behavior, it can be concluded that 10 

most organizations are characterized by a set of attributes and special behaviors typical of 11 

adaptive complex systems. First of all, an organization, is perceived as a group of people,  12 

i.e. related elements (agents) interacting with each other in various ways. These interactions are 13 

rather intense and non-linear (with many feedback loops), which means that each member of 14 

the organization influences many others and vice versa, and the influence of even one person 15 

or small group can cause significant changes in entire spheres of the organization's activity  16 

(e.g. innovations, knowledge, culture, leadership, etc.). Moreover, organizational members also 17 

react to information flowing directly or indirectly from the environment. 18 

The behavior of the organization as a whole is emergent because it is difficult to predict the 19 

effects of micro-level interactions on the organization as a whole, even if the behavioral patterns 20 

of individual agents are known. Usually, however, the effect of interactions at the micro level 21 

is co-evolution towards changes that will ensure survival in the environment and on the market. 22 

As Lichtenstein and Plowman (2009) emphasize, emergence in an organization is the result 23 

of interactions between a group of agents - individual members and managers, networks and 24 

organizations. Even relatively simple elements interacting may generate new and surprising 25 

behaviors, which make it impossible to predict future states (Bohórquez Arévalo, Espinosa, 26 

2015). As shown above, the main causes of emergent phenomena taking place in the 27 

organization are adaptability, co-evolution, feedback and states far-from-equilibrium, as shown 28 

in Table 1. 29 

In the study of emergent phenomena occurring in social systems, types of emergence can 30 

be distinguished due to the complexity of agents (individuals) and the systems themselves 31 

(Lichtenstein, McKelvey, 2011). Individuals can be homogeneous or heterogeneous.  32 

The complexity of a system, on the other hand, can be determined by the interactions and 33 

behaviors that take place in the system. The interactions may be non-linear and the system may 34 

operate in conditions far from equilibrium, or the interactions may be linear and the system may 35 

operate in equilibrium conditions. Taking these dimensions of complexity into account,  36 

four types of emergence can be identified. Taking these dimensions of complexity into account, 37 

four types of emergence can be identified (Fig. 1). 38 
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Table 1. 1 
Causes of emergent phenomena in the organization and management 2 

Cases Definition/Study 

Adaptability 

Heterogeneous, autonomous individuals have the ability to learn from 

experience, which gives them the ability to respond and adapt to changes 

in their environment (Rotmans and Loorbach, 2009). 

Co-

evolution 

Usually, the effect of interactions at the micro level in an organization is 

co-evolution towards changes that will ensure survival in the environment 

and on the market (Ferloni, 2022; Quitzow, 2015; Edmonson et al., 2019) 

Feedback 

Feedback in human interactions means influence that changes 

(strengthens or weakens) potential actions and behaviors (Mitleton-Kelly, 

2003) 

Individuals influence each other, either directly or through feedback loops 

that continually evolve and adapt to achieve overarching goals (Sanders, 

McCabe, 2003) 

individuals influence 

each other, either 

directly or through 

feedback loops that 

continually evolve 

and adapt to achieve 

overarching goals 

(Sanders, McCabe, 

2003). 

Far-from-

equilibrium 

This is due to the characteristics of interaction processes, which are,  

by definition, dynamic (variable at each step and dependent on each step). 

A state of equilibrium would mean the absence of interactive processes. 

(Meyer et al., 2005) 

Source: own study. 3 

 4 

Figure 1. Typology of emergence. 5 

Source: own study based on Lichtenstein and McKelvey (2011). 6 

As can be seen in Figure 1, Type 1 emergence occurs when agents are homogeneous and 7 

the interactions between them are linear. Examples of research on such emergence concern 8 

primarily group behavior (Granovetter, 1978, Macy, 1991), emerging structures of behavior in 9 

social networks (Burt 1992), competitive advantage (Porter, Siggelkow, 2008), 10 

entrepreneurship and start-ups (Ganco, Agarwal 2009); technological innovation (Flemming, 11 

Sorenson, 2001). 12 

  13 
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It should be noted that Type 1 research on emergence covers the interactions between 1 

elements and the structure of the system to the smallest extent. Research taking into account 2 

emergence focuses here on the properties of the system; the nature of the whole can be known 3 

by deduction based on knowledge about the nature of its components. 4 

The second type of emergence (Type 2) concerns heterogeneous agents and linear 5 

interactions. In this case, the emergent property or structure is defined as "different in kind" 6 

from it ingredients. The elements of an emerging strategy arise from interactions at the 7 

individual and group levels (human, social and relational capital). Agents become increasingly 8 

complex as the hierarchical relationships between parts and wholes become more intense. 9 

Examples of research on such emergence include the creation of emergent strategies (Nonaka, 10 

1994); self-organization based on simple rules: urban segregation (Schelling, 1978); alliances 11 

and other group formations (Axelrod et al., 1995). 12 

In the third type of emergence (Type 3), agents are homogeneous, but interactions are 13 

nonlinear and occur in states far from equilibrium. Co-evolution and self-organization as well 14 

as adaptation take place. What emerges at the macro level of a system can causally influence 15 

its elements, changing the behavior of its parts, while the parts (elements/units) simultaneously 16 

change the nature of the larger whole (Thomas et al., 2005). Research also concerns emerging 17 

institutions, for which it is examined how structures at the macro (institutional) level supervene 18 

on behavior at the micro (individual) level (Contractor et al., 2000). 19 

Examples of research at four levels of emergence that concern management and processes 20 

taking place in the organization are presented in Table 2. 21 

Table 2. 22 
Examples of research for four types of emergence in organization and management  23 

Emergence Study 

Type 1 

Self-organizing criticality: 

- most job changes generate very small vacancy chains, but 

sometimes one job change can trigger a large cascade of 

subsequent changes in the organization (Gunz et al.; 2001) 

- propositions about emergent leadership (Lichtenstein, 

Plowman, 2009) 

- examples of SOC in economic and financial markets 

(McKelvey, Salmador Sanchez, 2011) 

Type 2 

Simple rules for agents lead to self-organizing behavior: 

- a model of urban segregation based on the cellular automata 

(Schelling, 1978) 

- agent-based models (cellular automata) for studying word of 

mouth marketing (Kowalska-Styczeń, Sznajd Weron, 2012) 

- a spatial simulation model in which business activities, initially 

randomly dispersed, always  

 evolve into a highly ordered distribution around a central 

business district (Krugman, 1996) 
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Type 3 

The use of genetic algorithms: 

- simulation of an organization consisting of agents (Crowston, 

1996) 

- model adaptations to organizational structure by examining the 

adaptation of financial trading 

 firms (Paul et al., 1996) 

individuals influence each 

other, either directly or through 

feedback loops that continually 

evolve and adapt to achieve 

overarching goals (Sanders & 

McCabe, 2003). 

Type 4 

Simulation on many levels: 

- a four-level simulation that consists of small groups interacting 

employees (agents) led by an executive team that develops firm-

level strategy based on environmental inputs (Carley and Lee, 

1998; Carley, 1999a)  

 - agent-based model (ABM) including cellular automata, 

genetic algorithms and neural network for stock-market trading 

(Lebaron, 2000) 

Source: own study. 1 

3. Tools for examining emergent phenomena in organizations  2 

Choosing the right way t to research and analyze emergent phenomena in an organization, 3 

attention should be paid to the limitations caused by the nature of such systems.  4 

These limitations are as follows: 5 

 a large number of basic elements of such systems (agents/ individuals), hence also a 6 

large number of interactions, 7 

 the high complexity of real organizations/institutions (study too many aspects at the 8 

same time is actually not possible), 9 

 the need to take into account changes in time, limits the ability to analyze the dynamics 10 

of real-world behavior in the long-term. 11 

As Table 2 shows, the most frequently used approach to studying emergent phenomena are 12 

agent-based models (ABM), including cellular automata (CA). Agents (actors) in such models 13 

(as in real social systems) interact and influence each other, learn from their experiences and 14 

adapt their behavior to the environment (Macal, North, 2010). They can represent people,  15 

but also companies, organizations or states. Moreover, as Artime and De Domenico (2022) 16 

emphasize, in ABM, when interactions occur between individual agents, emergent phenomena 17 

occur, consisting in the spontaneous emergence of surprising results at a higher level of 18 

aggregation that could not be predicted at the model construction stage. 19 

To create an agent-based model describing a phenomenon, the following elements must be 20 

defined: 21 

 Goal. 22 

 Agents. 23 

 Properties, attributes for agents. 24 

 Rules for agents. 25 

 Simulation steps and duration of the simulation. 26 

 Model verification and validation. 27 
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Therefore, the construction of ABM requires a thorough understanding of the phenomenon 1 

being modeled and consists of many stages. A thorough analysis of the examined problem 2 

allows for the creation of a theoretical model, which is then implemented in the form of  3 

a computer program. Moreover, the results obtained during simulation using a computer 4 

program must be verified and validated. 5 

Model verification involves checking its compliance computer implementation with 6 

assumptions expressed in the form of a conceptual model (Tucker, 2014), while validation 7 

ensures that both conceptual models and computer models are an appropriate representation of 8 

the theory or phenomenon under study (David, 2013).  9 

In the case of social simulation, the verification methods include: 10 

 dynamic methods that rely on checking the computer program through various ranges 11 

of input parameters, 12 

 static methods that mainly focus on the detection of program code errors and are aimed 13 

at showing that the computer model adequately performs its tasks without software 14 

flaws. 15 

In the case of validation, it is important whether the goal of the model is prediction or 16 

explanation. The purpose of social simulations is mainly to explain modeled phenomena.  17 

In this case, validation consists in demonstrating that the mechanisms created in the model 18 

through simulation are able to reproduce behavior similar to real ones, i.e. assess whether the 19 

structure of mechanisms at the micro level allows for the creation of effects at the macro level 20 

consistent with known theories or real data 21 

It should be noted that, unlike mathematical models, descriptions of simulation models are 22 

often chaotic and incomplete. As a result, replication of the achieved results is difficult or 23 

impossible. Therefore, in addition to the usual description of the model, it can also be described 24 

according to the ODD protocol (i.e. The Overview, Design concepts and Details).  25 

The ODD protocol is a set of rules that standardize the description of an agent model, ensuring 26 

that this description is consistent, logical and complete (Grimm et al., 2022). 27 

The ODD protocol consists of seven parts, sequentially presenting the most important 28 

aspects of the ABM (Grimm et al., 2010, 2022): 29 

 Purpose and patterns, devoted to presenting the purpose of building the model and 30 

planned evaluation methods. 31 

 Entities, state variables and scales, devoted to the modeled agents and global variables 32 

governing the course of the simulation. 33 

 Process overview and scheduling, devoted to the processes that units in the model are 34 

subject to, with particular emphasis on the order in which these processes occur. 35 

 Design concept, devoted to eleven key aspects building a ABM. 36 

 Initialization, devoted to the mechanism of initialization of the simulation model. 37 

 Input data, dedicated to those used for parameterization given model. 38 

 Submodels, dedicated to component models that are part of the main model. 39 
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4. Conclusion 1 

An organization is a multidimensional, multi-aspect and complex system, especially  2 

an organization considered in the context of a social system. There are many emergent 3 

phenomena in such a system. Undoubtedly, this state of affairs is an impulse to look for specific 4 

tools to analyze and describe the processes taking place in the organization. A new direction is 5 

analysis within the theory of complex adaptive systems, which aim to model and explain the 6 

behavior of systems of interconnected objects based on knowledge of the laws of individual 7 

elements (at the local level) and the structure (network) of their connections. Therefore, the use 8 

of computer tools developed based on complexity theory, especially agent-based models, seems 9 

interesting. This approach is postulated by Lichtenstein and McKelvey (2011) after an in-depth 10 

analysis of emergent phenomena in organization and management. Moreover, as Seel (2000) 11 

points out, change in an organization used to focus on "change planning"; it is now seen rather 12 

as “facilitating emergence.” 13 

The complex phenomenon of emergence offers insight into issues that are increasingly 14 

important to management researchers and increasingly relevant to the leaders of our  15 

21st century organizations. 16 
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