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Abstract

:

This paper presents a systemic view of human cognition that suggests complexityis an essential feature of such a system. It draws on the embodied, distributed, and extended cognition paradigms to outline the elements and the mechanisms that define cognition. In doing so, it uses an agent-based computational model (the TS 1.0.5Model) with a focus on learning mechanisms as they reflect on individual competence to gain insights on how cognition works. Results indicate that cognitive dynamics do not depend solely on macro structural elements, nor do they depend uniquely on individual characteristics. Instead, more insights and understanding are available through the consideration of all elements together as they co-evolve and interact over time. This perspective illustrates the essential role of how we define the meso domain and constitutes a clear indication that cognitive systems are indeed complex.
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1. Introduction


This article is concerned with the seemingly odd concept that human cognition is systemic. This idea is not new; in fact, it was first introduced by [1] and then explored more recently in [2,3,4] (Chapter 12).



The main tenet of this perspective is that cognition is distributed [5,6] across enabling resources [7] and that their interactions constitute the basic foundation of a system. In a cognitive system, resources are all those elements that allow performative actions. For example, the act of speaking with someone involves the activation of specific neural patterns, an engagement with the body—utterances require a very precise exercise of the mouth, tongue, and related muscles—anchoring to the words that are spoken as a way of feedback onto what comes next and, not last, the explicit/implicit reactions of those who listen. To this, we can add several more elements. In fact, it is not irrelevant to think of the context in which this dialogue happens (e.g., a cafeteria, a bar, a public square, a classroom), nor is it secondary to think of other bodily engagements, such as hands or other movements (of the speaker and the listeners) that may elicit and support what the sentences refer to.



There are many assumptions underlying the idea that cognition is systemic. Two are considered as being constitutive in this article and should be referred to explicitly. On the one hand, the application of a system’s framework to cognition highlights the intertwined and co-evolutionary dynamic patterns that can be observed among elements. This means that it becomes very hard to split the system and consider each element separate from the others. This seemingly simple (and rather obvious) assumption is not at all simple (nor is it obvious). It is not simple because it sets the ground for an understanding of cognition that is based on dynamics rather than elements and static properties. Furthermore, the heterogeneity, (in)stability, variance, sometimes ambiguity, and uncertainty of the interactions among elements make it very difficult to predict how cognition will unfold. On the other hand, the claim is not obvious if one reflects on the fact that, for many years, cognition has been studied as a function of the human brain, where any performance (e.g., language) is dissected and treated as information processed computationally. This tradition has roots in the very beginning of the cognitive science field [8,9] and has influenced some areas (e.g., linguistics) for decades [10,11].



One implication of the above is that it is the study of the combined effects of cognitive resources that allows for a deeper and better understanding of cognitive life. However, how this is achieved is yet to be defined. From the considerations exposed thus far, it is apparent that the study of cognition would benefit from applications of analytical tools from complex systems science. Given how blurry the boundaries of the elements involved are, and how much the system is capable of re-configuring itself giving rise to unpredictable patterns, variability of end states, and emergent properties, it is fair to consider a complexity assumption. This assumption complements (sometimes disrupts) previous traditions and is the focus of this article. Specifically, the article uses an agent-based computational simulation model (already presented elsewhere [12]) to explore and define the elements that make cognition a complex system. In doing so, it makes particular reference to the meso domain of interactions (see below for further details).



The following section is dedicated to providing a theoretical background to the claims above, while Section 3 presents a computational exemplification of the concepts outlined in Section 2. We then draw implications and conclusions in the last Section 4.




2. Background


A systemic take on cognition places emphasis on the fact that cognition revolves around the flexible, adaptive activity of agents. Agents possess more or less stable traits, such as competences, skill-sets, or other kinds of dispositions. For instance, Goodwin [13] shows how so-called ‘professional vision’ can develop in highly specialized and professional contexts, whereby cognitive agents become predisposed to see certain things that others would not. For example, utility company workers use professional vision to spot a leakage underneath a pavement in the winter. This is possible because the snow melts in the area due to the hot water leaking underneath it (see, [14]). From a sensorimotor enactivist perspective, Noë [15] makes a similar point. He appeals to so-called ‘perceptual understanding,’ which effectively interrelates with an agent’s practical understanding whereby one skillfully deploys concepts in plain perceptual encounters. In terms of the importance of such an understanding, Noë provides the following example:




“It is difficult to tell, looking at the entrance to the Taj Mahal, which bits of squiggle are mere ornament, and which are writing in Classical Arabic. You can have this experience, it is available to you, only if you are not fluent in Classical Arabic, or in this style of Arabic script.”



(p. 3, [15])





Under this angle, a disposition like one’s practical understanding effectively enables the skillful agent to competently pick up on certain relevant environmental cues (e.g., affordances, symbols, etc.) and make effective use of these in a manner that the unskilled agent is not able to. In fact, expertise is not merely a matter of being able to use a tool or an instrument correctly but it can also include the perception of practice-relevant aspects of one’s surroundings. This is precisely why human systemic cognition unfolds in the context of socio-material practices, which function in the realm of what Hutchins [16] terms the human cultural-cognitive ecosystem. Importantly, as Hutchins notes, specific skills develop by means of engaging with practices and by the fact that different practices interrelate. For example, the ability to project a trajectory onto a spatial arrangement allows for diverse activities such as queuing or navigating an airplane across practical contexts. As Hutchins puts it, the “relationships among practices in the cognitive ecosystem can create possibilities for generalization of skill across activity systems” (p. 42, [16]).



Thus, skills are not strictly local or situational, but rather flexible in the sense that they can be used to engage with cognitive resources across situations, practical arrangements, and even practices. These skills and their enabling practical understandings are just some of the elements that make cognition work as a system. Since a systemic take on cognition is fundamentally anti-Cartesian, it follows that cognition is not viewed as unfolding strictly through intra-cranial processes that are somehow tightly affiliated with the workings of a mind or an intellect. The brain is also dismissed as the primary locus of cognitive behavior. Instead, cognition spreads across agents, the environment, tools, etc.; as argued in Gahrn-Andersen et al. [2], this means that different ontologies are at play. Indeed, human systemic cognition is precisely ‘systemic’ because it enmeshes phenomena that traditionally would have been attributed to particular stand-alone ontologies (e.g., the cognitive, the linguistic, the biological, the social, etc.) (p. 90). Precisely because no explanatory weight is placed on representational mental content, it follows that cognition unfolds in actual agent-environmental relations. This means that cognition is relationally constituted and effectively cuts across inner-outer dichotomies related to the mental:




“While ideas can emerge in silence under a furrowed brow, thinking more typically arises as people battle with an invoice, look for the foreman or choose to trust a web site. Though people can think alone, they also do so when looking at X-rays, drawing geometrical shapes or, indeed, talking with others. In all cases, brain-side activity is inseparable from world-side events.”



(p. 256, [1])





However, it is not enough to recognize the importance of factors pertaining to the micro-level of agent–environment relations; we must also recognize that systemic cognition is socio-practical by nature. This means that it unfolds in a practice-constitutive fashion amongst interacting agents and, hence, it constitutes a meso domain. This is not a new concept. In fact, other domains have effectively utilized the concept of the meso when discussing systems. For example, Dopfer’s interpretation of Schumpeter’s attempt to reformulate the traditional micro–macro dichotomy into a micro-meso-macro framework redefines evolutionary economics [17]. This in-between domain is connected structurally to the macro and procedurally to the micro, in a way similar to what we claim it does in the cognitive sphere. Another prominent example comes from the change management literature as it meets complexity [18,19,20]. Here, the meso is used as explanatory “rules that arise from some dominating assembly that facilitates macro structures and processes (that result in behaviour) through their actualisations” (p. 1339, [20]).



From the perspective taken in this article, the meso domain involves the interplay of various socio-practical elements such as tools, individual and collective skills, and understanding, where cognitive processes are distributed across different aspects of the socio-material environment. Placing emphasis on the meso underpins the role of community, collaboration, and shared practices in shaping and sustaining cognitive activities, further demonstrating that cognition cannot be fully understood without considering the broader socio-practical context in which it occurs:




“The domain comprises any action that connects up how individuals perform daily duties such as, e.g., working a machine, arguing a point in a meeting, writing an email, or simply chatting with a colleague in front of the coffee machine. All such activities require some part of the biological organism (e.g., brain, body), an interpretation of or sensitivity toward (awareness of) organizational super-structures (e.g., norms, cultural expectations), and the actual resources through which cognition is enabled (e.g., a colleague, a computer).”



(p. 4, [2])





In meso-domain interactions, cognition typically revolves around some sort of task orientation. Indeed, as Brentano envisaged, cognition involves an intentional directness towards the surroundings, and while Brentano was a mentalist and prone to emphasizing the solitary ‘thinker’ as the cognizing agent, a systemic approach pushes the basic Latourian and Heideggerian counterpoint: the agent and their directionality cannot be seen apart from the socio-practically saturated world they exist in and engage with. In this sense, it is the local situational context that matters. This allows us to recognize the importance of task orientation which is distributed across the system. It also makes the fact that there is a strong collaborative element to what characterizes the task orientation of agents more apparent.



Perry [21] places emphasis on agents’ abilities of transforming a particular practical problem or task domain by means of their skills and competencies, the availability of resources at hand, the dispositions of other agents, etc. Specifically, he points to the fact that a distributed cognitive system need not be characterized by fixed rules and procedures and, hence, amount to a tightly coupled system (although this was how they were originally envisaged by [5]). Rather, it unfolds in a more loosely coupled manner whereby the system itself is characterized by a high degree of flexibility, adaptation, innovation and, last but not least, plasticity as to its structure [22,23]. Effectively, this means that important constitutive elements such as agents’ roles, rules and procedures, goals, the functionality of tools, etc. are not strictly preconditioned but rather emerge from how agents organize at the meso level.



Indeed, loosely coupled systems may still very much be characterized by the presence of so-called macro-domain phenomena such as culture-defining norms and Standard Operating Procedures (SOP). Yet, the crucial difference here is that such phenomena are heavily or consequently enforced (p. 158, cf. [21]). This entails that the system in question exhibits a high degree of self-organization, precisely because (a) it has the freedom to do so and, (b) it is organized around sets of complex tasks (or problems) which are complex and thus do not lend themselves to straightforward solutions based on the successful resolving of tasks in the past, fixed training regimes, or SOP.



Since the resulting organization has no center, there is a strong focus on how control evolves. Indeed, as Hutchins argues, “centers and boundaries are features that are determined by the relative density of information flow across a system” (p. 37, [16]). In other words, it is the observer who decides on the extent of the boundaries of a system, and given that the observer him/herself cannot be fully taken out of the equation, we necessarily come to accept that systems exhibit incompleteness, both theoretically and in practice (pace, [24]). Nevertheless, in spite of this, we find that it is a foundational characteristic of self-organizing systems that some of their elements impose a degree of control; Cowley and Vallée-Tourangeau put it thus:




“In a species where groups, dyads and individuals exploit self-organizing aggregates much depends on cognitive control. At times, this is more demand led; at others, it is looser and individual-focused. Control thus depends on management of the body, various second-order constructs, and lived experience. Not only is systemic output separable from actions but, just as strikingly, we offload information onto extended systems.”



(p. 269, [1])





While recognizing that cognition is systemic and, hence, that it unfolds across aspects of agents and their environments, Cowley and Vallée-Tourangeau also highlight the importance of individual agents who, in Batesonian-inspired terms [25], should be recognized as those differences that effectively allow for the unfolding of the cognitive system in question. This is because individual agents exhibit partial control through their skillful engagements with their surroundings. Here we must keep Hutchins’ point in mind that even though individual agents might be the locus of control, the control remains partly determined collectively. For as he reminds us, “In some cultural contexts, people seeking service arrange themselves in a queue as a way to control the sequence of access to services” (p. 39). So, going back to their point concerning the trans-practical (or eco-systemic) skill of ‘projecting a trajectory onto a spatial arrangement’, we find that skills such as this are also constrained, in part at least, through macro-level constraints that are reified or brought into relevance on the level of meso, through the manner in which agents coordinate amongst one-another. It testifies to Secchi’s point concerning the fact that organizations seem to “create the condition for distributed cognitive mechanisms” which give rise to certain kinds of behavior, thus allowing the organization to be “a cohesive unity of individuals despite being also a complex [, unpredictable] and adaptive social system” (p. 176, [26]).




3. A Computational Example


In order to explore the theoretical propositions presented in the first part of this paper, we employ a computational simulation methodology. We use an agent-based model that represents teams working to perform specific tasks and, in doing so, they use the cognitive resources available, especially their own and other people’s expertise/competence. In the following pages, the model is briefly introduced, and then the method of analysis is presented together with a selection of the most relevant findings.



Before engaging with the model and its features, it is relevant to indicate why agent-based modeling is an appropriate method in this case. This technique has been developed [27] and used to study complex systems [28,29] and it has been argued it could and should be applied to the study of cognition, especially under embodied, distributed, and extended perspectives [4]. These models make it relatively easy to study interactions among elements, what affects them, and how they behave under a set of evolving circumstances (e.g., stresses, shocks, or unchanged conditions). Hence, through the study of such models, it is possible to unearth the mechanisms leading to emergent patterns [30] and, in general, enquire on the causes of systemic complexity, especially in social systems [31].



3.1. The TS 1.0.5 Model


The TS 1.0.5 Model was developed after an ethnographic study concerning a large Danish utility company operating unmanned aerial technology (i.e., drones) to detect leakages in the hot water pipe system. The focus of the model is the maintenance department and the structure of its three teams. They are organized around a flexible structure that allows employees to work across teams, depending on the type of leakage repair and on their personal preference (sometimes grounded in competency attributes). Hence, performance is defined in relation to the way in which the employee-agents are able to deal with leakages and to provide a “fixing” of the problem.



This model is programmed and implemented using Netlogo 6.3.0.



3.1.1. Agents and Environment


The full description, aim, and capabilities of the TS 1.0.5 Model are presented in [12]. Since the purpose of this paper is limited to understanding the elements that make cognition work as a system, the description of this model is limited to the features that are actually used in the current study.



The model has three types of agents: managers, employees, and leakages/cases. Agent-managers and agent-employees share three characteristics: (a) disposition to listen (  L i  ) to information coming from other agents, (b) disposition to share (  S i  ) information with them, and (c) a degree of competence (  c i  ), that is the professional ability to deal with the tasks at hand. These values are attributed to the agents at the beginning of the simulation using a normal distribution such that a random number generated is by ≈  N ( 0 , 0.5 )   for managers and ≈  N ( 1 , 1 )   for employees for both dispositions to share (  S i  ) and to listen (  L i  ). Competence is, instead, attributed using a random-normal distribution ≈  N ( 1 , 0.5 )   constrained such that   0 ≤  c i  ≤ 2  . Agent-leakages have characteristics such as (a) size, indicating the extension of water dispersion on the ground, and (b) importance, that is the extent to which a leakage needs to be dealt with, (c) complexity, that is the range of expert knowledge necessary to deal with them, and (d) type, that is whether the information on the leak comes from a drone scan, a call from a customer, an alarm, or something else. Furthermore, these agents become cases when their importance is higher than a threshold, controlled by the modeler on the interface.



All agents are randomly assigned a place in the environment, and agent-persons establish relationships with other agents in their surroundings, according to parameter relationship range ( ϕ ).



The simulation is set to run for 260 time units. One unit represents a week and, assuming there are 52 working weeks in a year, this number corresponds to 5 years.




3.1.2. Mechanisms


Once the agent-employees and the agent-managers are placed in the environment, they start to connect to each other depending on spatial proximity. This means that two agents may cooperate to perform a task if they establish a connection. The agent-leaks appear in the environment gradually, as the simulation time goes by. Some of these agent-leaks would pass the threshold and become “cases”, meaning that they can be dealt with by any agent-employee that is close enough and interested.1 Once the connection between an agent-employee and an agent-leak is established, the procedure works as follows:




	
If competence is such that    c i  ≥ 2  , then



	
The agent checks that the materials necessary to fix the leakage is available, and



	
If the material is available, then the case is solved



	
Otherwise there is some lag between the time of the connection and the time the case is solved.








If point 1 of the procedure does not hold, then the agent-employee “asks” the other agents to which it is connected, in an attempt to gain the additional competence that is needed to perform the task. However, this social aid mechanism materializes as follows:




	
If competence of the agent-employee is such that    c i  < 2  , then



	
The agent-employee asks for help to their network



	
It receives help in the form of competence increase   δ c   if



	a

	
One’s own disposition to listen is more than average, and




	b

	
The helper’s disposition to share is more than average.












From the above, it is apparent that a case may never be solved and remain hanging in the system for the entire duration of the simulation. Furthermore, it is possible that a case is distant from employees and managers and this secures it being undetected and/or impossible to deal with.





3.2. Analytical Approach


The original simulation had four organizational structures and it compared them to understand which one would lead to the highest proportion of cases fixed, on which terms, and in what time. It had a main computational experiment with a 4608 parameter space that needed more than 100,000 simulations to be analyzed appropriately. The analysis indicated that, under most conditions, the “hybrid” structure designed after the ethnographic data was almost always the slowest to reach an average number of cases fixed but, once it did that, it also progressed to become the most successful of the four structures. This is only observable when the entire lifespan of the simulation is considered. The previous study focused on macro patterns as they are informed by the initial and ongoing settings of the simulation. However, it does not tell much about the internal processes that shape and are shaped by the way in which the system is configured. This is what this article is set to do.



Starting from a configuration of parameters that lead the “hybrid” structure to become the most successful,2 this article zooms in on one simulation run by downloading all possible data related to the agents, their characteristics, and the links, both those with a “social” (i.e., with other agent-employees or agent-managers) and those with an “operational” scope (i.e., with leaks/cases).



Once this is conducted, we downloaded 260 datasets, one per week, and created a large dataset with all the information necessary to define teams and their dynamics over time. We used several packages from R Version 4.3.1 and worked on R-Studio Version 2023.06.1+524.




3.3. Findings


The first aspect to look at is team composition. The team number is associated with the agent that originates from the informal network (each agent has a unique numerical denomination, starting from 0). For example, Team 0 is the team around agent-manager 0, Team 27 is the team of agent-employee 27. When the team network originates from an employee, this is constituted by informal work relations that connect various other agent-employees. The management teams are instead more formal networks and are also made of agent-employees. Figure 1 shows the various different networks, established for the sole purpose of dealing with cases that cannot be solved otherwise. The first aspect to notice is the wide variety of team members; there are a few that peak, with the 21 members of team 3 and a few with very low numbers, such as team30 with only 2 members. The average number of team members is 9.77 with a standard deviation of 5.35.



3.3.1. Social Network Analysis


A more appropriate visualization is perhaps offered by social network analytical tools. Figure 2 shows the intricate informal network connecting all the agents in the simulation. The three managers stay at the margins of the networks, as if they serve as facilitators for others to connect. Hence, and even without calculations, it is already apparent from Figure 2 that managers are not central to the operations. They may still have to make decisions, but they are not at the core of daily operations.



The three measures presented in Table 1 certify the considerations above by reporting the values of three of the most relevant centrality indices related to each agent. Eigenvector centrality is a measure of influence, and it is calculated by weighting the node’s connections as opposed to every other node in the network. Betweenness centrality relates to the times the node is part of a path connecting two other nodes. Finally, closeness centrality is a measure of the shortest paths that allow getting to the node from any other node in the graph, on average; it is calculated as geodesic distance.



Table 1 ranks the teams according to influence (i.e., eigenvector); however, apparent from the other two indices, agents ranking high in one are likely to score high in the other indices as well. The information confirms what is visible in the visualized network (Figure 2), that is agent-managers 0, 1, and 2 are ranked 33, 32, and 25. Given their location at the edges of the network, it is rather obvious that information does not pass across them, hence betweenness is low to very low—it ranges from 0 to 1.5 (max value for this index is 15.62 from team 22). This limits their influence, with an eigenvector ranging from 0.17 to 0.62 (max = 1). The third index, closeness, also scores particularly low, with the longest path of 0.5 associated with agent-manager 0. The agents that show better indices are not necessarily those with larger informal teams. For example, the two agents with the highest eigenvector values are agent-employee 13 and agent-employee 24, with, respectively, 14 and 5 team members. In fact, agent-employee 3 has the highest number of team members with 21; it ranks high in the list but it is noticeable that other nodes/agents have more influence and overall centrality. Another interesting consideration concerns those agents that score the highest in betweenness but are neither influential nor close. For example, agent-employee 18 has one of the highest betweenness values (i.e., 11.74), due to its position in the network, but scores very low in the other two indices. The highest betweenness value comes from agent-employee 22 that, with 15.62, is very much away from the average of 6.96. One might think that the highest values depend on how many networks (i.e., informal teams) an agent-employee is part of. That is, however, not the case. In fact, agent-employee 22 is part of 15 teams, including the one that originates from it. The highest value pertains to agent-employee 29, part of 21 teams. Agent-employee 18 is part of only 10 teams, similar to the 11 of agent-employee 13—the first in the overall ranking—and unlike the agent with the second position in the ranking table, agent-employee 24, part of 20 teams. In other words, there is no correlation between the number of teams an agent is part of and betweenness centrality values.




3.3.2. Cognitive Dynamics


The question to ask in relation to the results above is whether those agents with higher centrality are also those that receive better or improved effects in cognitive terms. Put differently, the position in the network can be an indication of the way in which they develop their competence—aptitude towards the problem or task they are dealing with—and is reflected in their performance (leaks/cases fixed).



Competence


The idea is to compare competence change for agents at the top with those at the bottom of the ranking Table 1. The trends for (log) competence in each team leader (or originator) are presented in Figure 3, where linear regressions summarize the general patterns. Competence can only increase when an agent fixes a case and this can happen either because the agent has enough competence or as a result of cooperation with other agents. The two most central agents are 13 and 24; both experience a relative increase in competence, especially if compared to the one experienced by agent-managers (i.e., 0, 1, and 2). Some agent-employees—25, 27, 28, 19, and 11—do experience minimal competence growth. When compared with the information in Table 1, it is quite surprising that agent-employee 29, ranked 4 for influence, experiences a decrease, on average, of competence (Figure 3).



From the above, it is apparent that a simple analysis of the structure of informal networks as well as of the most influential nodes does not explain cognitive dynamics, in the sense that competence—i.e., learning from a combination of cognitive resources—is not completely dependent on these aspects.




Dispositions


The following step in the analysis is that of trying to understand competence through cognitive dispositions. As mentioned above, each agent has a disposition to listen (  L i  ) and a disposition to share (  S i  ) information. Thus, it becomes essential to understand whether these two are able to predict a modification in the learning mechanism leading to competence variability among agents.



Probably one of the simplest ways to isolate this effect would be that of using a linear mixed-effect regression model [32] that takes care of the longitudinal nature of the data (its evolution over time) while, at the same time, taking the groups (i.e., teams) into account. Thus, we created a model that regresses the agent’s competence on time, and disposition to share and listen to both the agent and the others in the team.



The first result is that almost all variance ≈99% in the dependent variable (i.e., competence) is explained by differences within teams rather than by those between them. The grouping is meaningful. Concurrently, the effect of time seems to be irrelevant, reporting an estimate    β t  = − 0.0000175   ( s . e . = 0.00007 ) ,   p = 0.8091  . On the contrary, the effect of the disposition to share of the other shows the highest effect, with    β  S  e 2    = 0.071   ( s . e . = 0.003 ) ,   p < 0.0001  , where   S  e 2    is the disposition to share of the other end of the connection in a given team. The disposition to listen of the agent also has an effect on competence increase, with    β  L  e 1    = 0.021   ( s . e . = 0.004 ) ,   p < 0.0001  , where   L  e 1    is the disposition to listen of the node from where the link originates. The coefficients are to be interpreted as the average increase the selected independent variable has on the dependent variable at each time step. If observed from this perspective, in spite of the apparent low number of the estimate, the effect is actually extremely powerful, given we have 260 data points in time.



The other two variables considered are the disposition to share of the agent, and the disposition to listen of the other agent. Now, from a purely rational perspective, these seem to be irrelevant in that competence should be a function of the information gathered by the agent, and not that transferred to other agents. Results support this assumption only partially. On the one hand, a positive attitude of an agent towards sharing information has a positive effect on its own competence, with an estimate that has the highest effect in the regression, with    β  S  e 1    = 0.175   ( s . e . = 0.003 ) ,   p < 0.0001  . This is surprising and it probably indicates that the exchange needs to be bidirectional to actually work. In other words, cognition needs to be considered a system in order to work (more on this below).



On the other hand, it is surprising to see that the disposition of the agent at the other end of a connection to listen affects the development of competence of the agent at the origination point negatively, with an estimate of    β  L  e 2    = − 0.023   ( s . e . = 0.004 ) , p < 0.0001  . Again, this is probably related to a systemic effect that is discussed in Section 4.



Figure 4 is a visual representation of these regression results. However, this is conducted by crossing these results to the findings of the structural network analyses above. In order not to overestimate any of the centrality indexes presented in Table 1, we have created a Composite Centrality Index (CCI) that is a simple weighted average of eigenvector (EV), betweenness (B), and closeness (C) centrality:


  C C I =   1 3   × E V +   1 3   × C +   1 3   ×  ( B / m a x  ( B )  )  .  



(1)




We then categorized the data points into three influence groups, split by the 1st and the 3rd quartiles. Data are organized around these three groups in the panes shown in Figure 4. The y axis is the logarithm of competence for the team leader, the x axis is the disposition to listen (  L  e 1   ), and colors represent the disposition to share (  S  e 1   ) of the team leader. The plot shows that competence is higher when CCI is high (right pane vs. left and middle pane), indicating that structural elements of the network do have an effect. However, at the same time, these effects can only be seen in combination with the two cognitive dispositions, that need to be relatively high in order for competence to occupy higher positions in Figure 4.







4. Implications and Conclusions


This article started by presenting the assumption that cognition is systemic, it has provided the theoretical arguments to support this claim, and it has then used a computational simulation as an example to observe and to reflect on cognitive dynamics.



The analysis of the agent-based TS 1.0.5 Model is oriented towards unearthing cognitive dynamics that relate to agents’ learning mechanisms that ultimately affect their competence in dealing with the task at hand. The analytical approach has been incremental and started from the structural elements to then assess the dynamics emerged within teams. Implications are organized into two areas: (a) the workings of the meso domain (i.e., the elements), and (b) the importance of the distributive processes.



4.1. Systemic Elements


The analysis of the data from the simulation shows that competence is nested within teams. In part, this derives only indirectly from how the simulation was developed. In fact, the simulation model makes it such that competence increases from cases that are successfully solved. This allows agents to acquire new knowledge and develop their competence further. In principle, agents with high levels of competence are more likely to successfully deal with the task at hand and they may learn from this activity. When competence is not developed enough, the informal network of other agents comes into play. Furthermore, in this case, the solution to cases only depends on successful exchanges with other connected agents. The simulation does not give “preference” to these social interactions, in the sense that parameter values are distributed normally around means and standard deviations and the procedures split the agent population in two, by using the mean as a threshold. Nevertheless, the vast majority of agents in a team do develop their competence as a result of being embedded into such teams.



This means that the social elements of cognitive dynamics lie more at the core than those claimed by both traditional cognition [8,11] and distributed cognitive scholars [5]. It is the formation of social relationships around each agent that constitute the basis for “learning” to happen, as reflected in competence development. In light of this feature, we have called this phenomenon social organizing elsewhere [3,33]. This also means that a “center” of such a system is very difficult to isolate and standard measures of centrality (see Table 1 above) do not fully capture cognitive dynamics. They do provide information on positions and roles in a (nested) structure of informal networks, but the knowledge that can be gathered from them is about the potential of each node. In this article, social network analysis has been pivotal in understanding that more information was necessary in order to analyze the dynamics of the cognitive systems. Furthermore, there are as many cognitive systems as there are teams, although these are, as anticipated, nested—the same agent is part of multiple teams.



The fluidity with which agents develop competence is another element that emerges from the analysis. This means that, in spite of their centrality and initial parameter values, it is very difficult to predict where the cognitive dynamic of each agent is going to evolve, or is going to end when observed from the start of the simulation. Some of them may develop competence as a result of an emergent process, leading to unexpected outcomes (i.e., the final competence level) [28].




4.2. Systemic Processes


Structural aspects—the teams in our simulation example—are very relevant in the understanding of cognitive dynamics. At the same time, they are incapable of providing a full explanation. A structure needs to be understood in the dynamics originates in it generates. The elements—social and other resources—of a structure interact to give rise to configurations that cannot be understood by an isolated analysis of it. This is why the elements of a system must be understood in connection to their actual and potential capabilities. This, in turn, may affect structure itself, among other aspects.3 For this reason, the mechanisms with which agents interacted in the simulation were not fully in line with the results of the social network analysis.



Cognitive dispositions play a significant role in any cognitive system [4,34]. However, what emerges from the simulation results is that they have to be considered in a systemic perspective. This means that cognition has no actual “center”, but its distributive features make it very difficult to understand how, when, and why an element is central. The rather surprising result that the competence of agent x depends on the disposition to listen of another agent y points to this proposition. Furthermore, the other result that indicates that the disposition to share of agent x affects its own competence development negatively is also supporting of this proposition. If we reinterpret results by thinking systemically about them, then a candidate (apposite) explanation is that it is the combination of all the elements together and their interactions that affect cognition. In light of this perspective, sharing may redirect resources over others and it can be thought of as an investment (a cost) to pay to build trust and other relationships. In other words, it is a negative effect that creates other, more powerful, positive effects. Again, it is the system that matters, not the role of the individual element.




4.3. Concluding Remarks


This article started with the proposition that cognition is systemic. Building on it, the claim is that the type of system that should be considered to understand, define, and analyze human cognition shows features typical of complexity. As a way to define more precise boundaries of this proposition—i.e., that human cognition is better described as a complex system—we have used an agent-based computational simulation model. We zoomed in on a particular configuration of parameters of the TS 1.0.5 Model to study the cognitive dynamics behind competence development. In the model, as well as in most observed cognitive systems, competence constitutes a body of knowledge that is applied to specific domains to perform tasks, solve problems, or to perform one’s job, more generally. Traditionally, just like cognition, competence has been considered as something pertaining to the individual. We have come across something that departs quite significantly from this perspective.



There are at least two major remarks that can be drawn from the theoretical background and the example presented in this paper. One is that the type of complexity we have outlined is very much in line with systems that adapt, self-organize, reconfigure, show resilience, weaken dependence on initial conditions, and are extremely difficult to predict. The assumptions made in the TS 1.0.5 Model are fairly simple. Agents are not characterized by standard features of human beings; they only have characteristics that are strictly functional to the task to be performed. These characteristics are also in line with the social environment in which the agents operate. In spite of this abstraction, the results discussed in this article clearly indicate that cognition clearly shows dynamics that can only be characterized in the realm of complexity. Furthermore, the point here is that, if such a simple abstract representation already produces a fair level of complexity, there are good reasons to believe that complexity can be found also when the model (the observed system) increases the complex characteristics of its agents (human beings, in the observed system).



The other consideration reflects the elements that make this complexity. The theoretical concept presented in the first part of the article that states the importance of social mechanisms in understanding and analyzing cognitive dynamics is probably the kernel of what we have shown in this article. The mechanisms of cognitive distribution that allow agents to learn, and thus increase their competence, are, in essence, social interactions. These happen in a given frame and with given characteristics of the agents, yet their dynamics are such that they can shape (or re-shape) the system. Neither the frames (e.g., the network structure) alone nor the individual characteristics (e.g., competence, dispositions) alone can explain cognitive dynamics. This supports the original proposition that the meso domain is central in understanding complex systemic cognition.



The portion of the TS 1.0.5 Model presented in this paper is a relatively simple snapshot of a broader version that has been used to analyze the effect of team structures on performance. Future research may look at sensible extensions of this model to move the inquiry further. Amongst the many, a modified version of this model that develops characterizations of agents by including historical information, expertise, skill levels, and a more nuanced account of informal relations among agents would benefit our understanding of the making of the meso domain as well as define the system in more detail. Another version of the model could compare different perspectives of competence in an attempt to understand when and if a more traditional (isolated) account matches the explanatory power of the distributed account presented here. Finally, the model could be extended to include more dynamic perspectives of agents leaving a team and joining another, or a hiring/firing process. In this case, adaptation would play a role and it could be interesting to understand how big a role it could have.



Perhaps we can end the article with a call for cognition scholars, on one side, and to complex systems scholars, on the other. The former should consider an a-centric complex system perspective when studying human cognition; such a perspective makes it possible to increase the explanatory power of the analyses while, at the same time, providing a more accurate representation. We would like to invite the latter to consider the domains across and between micro and macro—what we called meso here and elsewhere—when studying complex social systems.








Author Contributions


Conceptualization, D.S., R.G.-A. and M.N.; methodology, D.S. and M.N.; modeling, D.S. and M.N.; formal analysis, D.S.; resources, D.S., R.G.-A. and M.N.; data curation, D.S.; writing—original draft preparation, D.S. and R.G.-A.; writing—review and editing, M.N.; visualization, D.S.; project administration, D.S. and R.G.-A.; funding acquisition, D.S. and R.G.-A. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Velux Foundation, grant number 38917.




Informed Consent Statement


Informed consent was obtained from all subjects involved in the ethnographic study (not reported in this article) used to develop the original agent-based model.




Data Availability Statement


The TS 1.0.5 Model is available on the OpenABM database. Data for this article can also be found there. https://www.comses.net/codebases/3a340ef1-1992-4a5a-8e09-5dac9f541720/releases/1.0.5/ (accessed on 29 June 2024).




Acknowledgments


All authors are extremely grateful to Maria S. Festila, member of our team in the project Determinants of Resilience in Organizational Networks (DRONe), for her ethnographic work that served as root and inspiration for the TS 1.0.5 Model.




Conflicts of Interest


The authors declare no conflicts of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.





Notes


	
1

	

This simply means that the type of agent-leak is consistent with the area of competence of the agent-employee.






	
2

	

Apart from the parameter values indicated in the text, the simulation also fixes the case importance threshold at 0, competence increase    δ c  = 0.02  , and relationship range   ϕ = 15   (its maximum).






	
3

	

This was not possible to observe through the simulation, because we have selected a relatively static version of it to analyze in this article. However, this could be a good topic for future research studies.
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Figure 1. Number of members in the informal work teams originating from employees and managers. 
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Figure 2. Social network of the work teams. (blue nodes: managers; red nodes: employees). 
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Figure 3. Competence (log) for each informal team leader (linear regressions and confidence intervals). 
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Figure 4. Competence (log) for each informal team leader explained by (log) disposition to listen to the agent. The data points are colored using the disposition of the team to share leader. Each pane is split over a centrality index that combines the three measures in Table 1. 
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Table 1. Eigenvector, betweenness, and closeness centrality of the agents.
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	#
	Agent
	EV
	B
	C
	#
	Agent
	EV
	B
	C





	1
	13
	1
	10.077
	0.800
	17
	25
	0.800
	8.518
	0.727



	2
	24
	1
	10.077
	0.800
	18
	9
	0.787
	5.021
	0.711



	3
	20
	0.964
	9.224
	0.780
	19
	15
	0.739
	5.128
	0.696



	4
	29
	0.925
	7.575
	0.762
	20
	5
	0.709
	6.496
	0.696



	5
	3
	0.924
	8.294
	0.762
	21
	32
	0.706
	7.763
	0.696



	6
	21
	0.894
	6.414
	0.744
	22
	23
	0.703
	6.445
	0.696



	7
	7
	0.868
	7.508
	0.744
	23
	27
	0.700
	4.220
	0.681



	8
	6
	0.840
	9.658
	0.744
	24
	31
	0.655
	5.727
	0.681



	9
	12
	0.816
	6.872
	0.727
	25
	1
	0.622
	1.507
	0.615



	10
	4
	0.816
	13.230
	0.727
	26
	28
	0.602
	9.920
	0.681



	11
	11
	0.812
	5.077
	0.711
	27
	17
	0.596
	3.745
	0.653



	12
	26
	0.811
	4.312
	0.711
	28
	8
	0.579
	6.516
	0.667



	13
	10
	0.811
	4.312
	0.711
	29
	30
	0.578
	7.106
	0.667



	14
	16
	0.811
	7.475
	0.711
	30
	18
	0.574
	11.740
	0.667



	15
	22
	0.811
	15.626
	0.744
	31
	14
	0.545
	5.679
	0.653



	16
	19
	0.810
	7.184
	0.711
	32
	2
	0.411
	1.554
	0.582



	
	
	
	
	
	33
	0
	0.174
	0
	0.508







Note. EV: eigenvector centrality; B: betweenness centrality; C: closeness centrality.
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