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[bookmark: CBML_ch16_sec1_001]Introduction: What Is a Complex System and Why Should I Care?
A complex system is a system composed of many elements that interact with each other and their environment. For example, an economy is composed of many individual buyers and sellers; an ecological system of many animals and plants; a weather system of fronts, precipitation, and air; and so on. A key feature of complex systems is that it is often difficult to predict or make sense of the behavior of the systems as a whole, even when all the components are known. We use the term emergence to describe how large-scale patterns arise from the multiple interactions of individuals; and the resultant patterns are called emergent phenomena. Even when we are very familiar with the elements of a system, its emergent pattern is often surprising. Similarly, even when we are very familiar with the overall pattern, it is usually surprising to find out how that pattern arises from underlying elements.
Over the past three decades, a science of complex systems has itself emerged from the recognition of similar patterns of complexity and emergence across many different content domains (Bar-Yam, 1997, 2003; Epstein, 2006; Holland, 1995; Kaput et al., 2001; Kauffman, 1995; Mitchell, 2009; Sawyer, 2005; Waldrop, 1992; Watts & Strogatz, 1998; Wolfram, 2002). Complexity researchers study events and actions that have multiple causes and consequences as well as studying systems that have structures at many different scales of time, space, and organization.
The field of complex systems has grown up alongside advances in computation. Historically, the invention of the telescope enabled advances in astronomy, and in similar fashion more recently, as computers have become faster and more powerful, they enable us to build models of large-scale emergent phenomena and advance the field of complex systems. Complex systems scientists use computer simulations to study emergent phenomena across a very wide range of domains. For example, in animal biology, they have studied the emergence of a bird flock from the movement of individual birds, or the distributed food gathering of ants in an ant colony. In the human world, computer simulations have revealed such dynamics as the emergence of fashion trends, the formation of a traffic jam, and the spread of a disease. All of these complex phenomena are composed of individual elements that follow their own rules of behavior – for example, birds flying with no intention to create a flock, or people driving with no intention to create a traffic jam – but the resultant patterns self-organize and emerge nonetheless.
In this chapter, we argue that students should study complex systems in school (at all educational levels) because virtually all natural and social phenomena are emergent phenomena arising from the interactions of distributed elements – including snowflakes and hurricanes, urban sprawl and cow paths, viral capsids and the Milky Way galaxy. Indeed, the study of complex systems is not the study of some particular phenomena, but rather, a perspective on all phenomena. All phenomena can be described as complex systems with many simpler components – each with characteristic behaviors – that interact to result in emergent patterns. Even our very selves-- our sense of conscious awareness, which we experience as vividly real and unitary-- can only be explained scientifically as arising from the interactions of millions of neurons organized into a complex system. The history of science can be seen as a progressive uncovering of the components of observed patterns and how their emergence arises from the interactions of these components.
Complex systems theory has considerably impacted the pure sciences, and insights gained there have also been integrated into the working conceptual frameworks of more applied professions such as engineering, business, and law. This perspective has also informed corporate managers’ thinking about their employees and about their relationships with other corporations (e.g., synergistic alliances versus competitive advantages) (Axelrod & Cohen, 1999; Brown & Eisenhardt, 1998; Senge, 1990). Additionally, considerable work has made use of complex systems network-based perspectives on organizational behavior (Gulati, 1998; Reagans & Zuckerman, 2001; Uzzi, 1997; Watts & Strogatz, 1998).
The complex systems perspective provides a framework that integrates many different scientific domains. This is potentially quite valuable to learning scientists, because decades of study have documented that the lack of cross-disciplinary integration in the K-12 curriculum is a source of great confusion for students, resulting in “inert knowledge” that students can repeat back on a test but cannot connect to other knowledge or to real-world experiences. Because it is a broad overarching framework, a complex systems perspective can enable students to connect across domains and to make that knowledge useful outside of the narrow school contexts.
Last, we live in an increasingly connected world. As technology advances, more parts of the world make contact and interact. People can now travel to every conceivable corner of the world. Diseases from remote tropical rain forests find their ways to big cities continents away. Industrial gas emissions affect the polar icecaps, which in turn affect the weather at the equator. Economic downturns in a small European country can cause banks in the United States to fail. In short, the world cannot be understood in terms of isolated systems. To address the many societal and natural challenges we face, it is important for students and an informed citizenry to understand the world as composed of complex systems with many interacting components.
[bookmark: CBML_ch16_sec1_002]Complex Systems in Education
Complex systems thinking is a dramatic change in perspective that opens up new intellectual horizons, explanatory frameworks, and methodologies that are increasingly important in scientific and professional environments. While some complex systems concepts – such as evolution by natural selection – are found in school curricula in the physical and social sciences, the cross-domain nature of these concepts is not currently identified or exploited. Several concepts and methodologies are becoming key conceptual tools for qualitative reasoning and quantitative modeling and for simulation of real complex systems as well as synthetic or artificial systems. These include interdependence, emergent patterning, cellular automata, agent-based modeling, dynamical attractors, deterministic chaos, scale-free and small-world network topologies, system-environment interaction, fitness landscapes, and self-organization (Bar-Yam, 1997; Pagels, 1988; Simon, 1999).
Unfortunately, little of the conceptual power embodied in the rapidly developing perspectives and tools of complex systems has informed most people’s educational experience at almost any level. While some courses in agent-based modeling and network theory have reached the undergraduate curriculum, there is generally little educational exposure to complex systems in university education, and none at all in primary or secondary education. This absence from mainstream education creates many missed opportunities for building links between disparate curricular elements and providing unifying, coherent conceptual frameworks. However, before complex systems perspectives are systematically introduced into precollege and undergraduate curricula, it is important to consider “learnability issues” related to these ideas. We next provide a brief review of literature that explores how learning sciences based pedagogy can help students understand the important dimensions of complex systems, and then consider ways that concepts and methodologies of studying complex systems raise important theoretical and methodological issues central to the field of learning sciences itself.
[bookmark: CBML_ch16_sec1_003]Complex Systems and Learning: A Review of the Literature
Contemporary research on learning complex systems ideas and perspectives falls into two main categories: cognitive challenges associated with understanding complex systems concepts and pedagogical research into learning complex systems perspectives. This section provides a review of the research in these two areas.
[bookmark: CBML_ch16_sec2_001]Complex Systems Concepts and Cognitive Challenges
Many of the core ideas associated with thinking about complex systems may be challenging for students to learn. Considerable research has documented a variety of difficulties students experience in learning concepts relevant to understanding complex systems that are currently taught in existing science courses. For example, many students – even at the college level – hold to misconceptions such as that chemical reactions stop at equilibrium (Kozma, Russell, Johnston, & Dershimer, 1990; Stieff & Wilensky, 2003) or that evolution is the result of trait use or disuse and that acquired traits are passed down from one generation to the next (Bishop & Anderson, 1990; Samarapungavan & Wiers, 1997). Further, important concepts related to complex systems may be counterintuitive (Casti, 1994; Wilensky & Resnick, 1999). For example, many people believe there is a linear relationship between the size of an action and its corresponding effect: a small action has a small effect; a large action, a correspondingly large effect (Casti, 1994). However, it is now commonly understood that in complex systems, a small action may have system interactions and amplifications that result in large influence (Gleick, 1987; Lorenz, 1963), which some researchers refer to as “tipping points” (Gladwell, 2000) or the “butterfly effect” (Lorenz, 1963).
Other researchers have proposed that people tend to favor explanations that assume centralized control and deterministic causality (Resnick & Wilensky, 1993; Wilensky & Resnick, 1995, 1999), that people harbor deep-seated resistance to ideas that describe phenomena in terms of emergence and self-organization, stochastic and decentralized processes (Feltovich, Spiro, & Coulson, 1989; Resnick, 1994, 1996; Wilensky, 1997; Wilensky & Resnick, 1995). Research suggests that individuals with complex systems expertise have specialized conceptual understandings that novices do not have (beyond their additional formal education) and that complex systems novices and experts use different ontologies when constructing solutions to complex systems problems (Jacobson, 2001). Undergraduate students who were novices with respect to their understanding of complex systems were found to solve complex systems problems using a set of mechanistic ontological statements and centralized sources of control and predictable action paradigms. By contrast, complex systems experts solved these problems using a set of “complex systems” ontologies in which system control emerged as part of decentralized interactions of elements.
Other researchers, for example Hmelo-Silver and Pfeffer (2004), have documented that when children describe a complex aquatic system, they focus on the structures but provide little in the way of functional or mechanistic descriptions. In contrast, experts focus on the structural elements of the system, the elements’ behaviors or mechanisms, and the system’s functional aspects.
These findings are consistent with other research on expert and novice differences (Bransford, Brown, & Cocking, 2000; Chi, Glaser, & Farr, 1988; Larkin, McDermott, Simon, & Simon, 1980) and with recent theories of conceptual change that propose that cognitive structures – such as individuals’ epistemological and ontological beliefs – can strongly affect a learner’s ability to understand particular types of higher-order concepts (Chi, 1992, 2005; diSessa, 1993; Vosniadou & Brewer, 1992, 1994). Chi and colleagues have argued (2012) that for students to learn to reason about complex systems, they may need to go through a process of “strong” or “radical” conceptual change, because the standard direct-causal schema used to explain simple systems is inadequate to explain complex systems. To make sense of emergent phenomena such as diffusion, osmosis, and natural selection, they contend that an emergent-causal schema is needed, and that this schema is incommensurate with the direct-causal schema that children bring to the classroom. Others have countered that students do not need to replace their causal schemas, but rather can utilize resources from those schemas to reason about complex systems (Levy & Wilensky, 2008; Sengupta & Wilensky, 2009). There is evidence that students increase their understanding of electricity and natural selection even when they are not directly taught the emergent-causal schema, but rather by using agent-based models to leverage student resources for connecting micro-level direct-causal actions with their emergent outcomes. In a set of 31 interviews about emergent phenomena with 8–16 grade students, Barth-Cohen (2012) found that students’ emergent thinking is not a unified entity; rather, it is diverse in nature and varies across problem contexts and the kinds of prior knowledge that students evoke. She concluded that instruction should emphasize the generative process of explaining based on students’ prior knowledge, rather than any a priori taxonomy of forms of explanations to be learned. This debate is not yet resolved, and to some extent parallels the debate in conceptual change research as described in diSessa (Chapter 5, this volume).
[bookmark: CBML_ch16_sec2_002]Pedagogical Research into Learning Complex Systems Ideas
Some of the earliest research projects that investigated students’ complex systems learning were conducted by Resnick and Wilensky (Resnick & Wilensky, 1993; Wilensky & Resnick, 1995, 1999). These qualitative studies explored students’ use of the StarLogo agent-based modeling program in thinking and learning about common examples of complex systems such as traffic jams and ants foraging for food. This work demonstrated that students were able to use an agent-based modeling tool to support their reasoning and thinking about different types of complex systems. However, students’ new knowledge was often fragile and students reverted to noncomplex systems ways of thinking when asked about novel situations.
As noted earlier, a centrally important concept in complex systems research is emergence; that is, how local interactions of complex system elements at the micro level contribute to higher-order, macro-level patterns that may have qualitatively different characteristics. However, research by Penner (2000, 2001) has documented that the concept of emergent patterning in complex systems is very difficult for students to learn from classroom activities. Even when micro- and macro-level relationships are appreciated, students were found to ascribe causal primacy to the system’s macro level, which is contrary to the complex systems perspective, wherein higher-order properties emerge from the local interactions and not the reverse.
Wilensky and his colleagues at Northwestern’s Center for Connected Learning and Computer-Based Modeling have conducted extensive research on student learning about complex systems while using the NetLogo (Wilensky, 1999b) agent-based modeling (ABM) environment. To model a phenomenon with an ABM, the modeler decomposes the phenomenon into its micro-level components, or agents, and finds the rules for agent action and interaction that generate the macro-level emergent phenomenon (see Sawyer, 2003). Wilensky and colleagues have used NetLogo with a wide variety of contexts and age levels (with a particular focus on middle and high school students in urban schools), exploring, modifying, and constructing ABMs. Case studies of ordinary students doing extraordinary projects in such environments have been conducted, such as middle and high school students deriving the ideal gas law from the micro-level interactions of gas particles in a box (Levy & Wilensky, 2009; Wilensky, 1999a, 2003; Wilensky, Hazzard, & Froemke, 1999), exploring and modeling evolutionary processes (Centola, Wilensky, & McKenzie, 2000; Wagh & Wilensky, 2012; Wilensky & Novak, 2010), exploring core phenomena of materials science (Blikstein & Wilensky, 2009, 2010), and modeling the synchronized flashing of fireflies (Wilensky & Reisman, 2006).
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]These researchers have also documented difficulties students have in taking on an agent-based perspective and constructing emergent explanations of macro-level phenomena. They have described these difficulties collectively as a “deterministic-centralized mindset” (Resnick & Wilensky, 1993; Wilensky et al., 1999). One way to help students move beyond this mindset is to situate the discussion of complex phenomena in everyday contexts in which students are not merely observers, but also actual participants (Levy & Wilensky, 2004). For example, “participatory simulations” may be used in which students in a classroom act out the roles of micro-level system components and then contrast and compare the results of the classroom system with the behavior of a complex everyday system (Abrahamson & Wilensky, 2004; AbrahamsonBlikstein, & Wilensky, 2007; Colella, Borovoy, & Resnick, 1998; Resnick & Wilensky, 1998; Wilensky & Stroup, 1999). To facilitate innovative participatory simulation, Wilensky and Stroup (1999) have developed the simulation architecture HubNet. HubNet-based participatory simulations have been used to help students learn about a variety of complex systems, from molecular interactions to the spread of epidemics (Wilensky & Stroup, 2000). Analyses of students’ reasoning while engaged in participatory simulations and making sense of these different types of complex systems indicated that students need two basic and complementary forms of reasoning: the “agent-based” form, in which students reason from the properties and behavior of individual system elements; and the “aggregate” form, in which students reason about the properties and rates of change of populations and other macro-level structures (Berland & Wilensky, 2005; Levy & Wilensky, 2004; Wilensky & Stroup, 2000; Wilkerson-Jerde & Wilensky, in press).
Students’ interactions with simulations of complex phenomena can make them aware of their misconceptions and potentially foster opportunities for the students to articulate and modify these conceptions (Goldstone & Wilensky, 2008). Studying classroom discussions of students engaged in participatory simulations, Wilensky and Abrahamson (2005a) characterized dimensions of complex phenomena that trigger incorrect micro-to-macro inferences. These dimensions include spatial-dynamic cues inherent in the simulations, such as the agents’ velocity and density, and more conceptual or mental-simulation reasoning that interacts with spatial-dynamic cues, such as (a) failing to anticipate emergence inherent in agents’ rule-based interactions; (b) proportional/linear reasoning when it doesn’t apply; (c) randomness versus determinism confusion; and (d) ignoring the effect of feedback loops. Wilensky and Abrahamson concluded that “complex system heuristics” are difficult for learners to develop because they often run counter to “linear system heuristics” that seem more grounded in students’ everyday experiences. They recommended that students work with complex systems simulations so as to develop a repertory of cases that may then serve as analogs for reasoning about complex phenomena (see also Goldstone & Wilensky, 2008). They observed students working with such simulations beginning to develop a complex systems mindset enabling them to complexify their models of systemic phenomena to build and defend their assertions.
Wilensky and Stroup (2000) conjectured that “agent-based” (micro-level) and “aggregate” (macro-level) perspectives are complementary – both are needed for a robust understanding of complex systems. Students participating in HubNet simulations were observed to rapidly alternate between bottom-up (micro-level, agent-based) and top-down (macro-level, aggregate) perspectives, which in turn gave them greater explanatory power in discussing different types of complex systems. Wilensky, Hazzard, and Longenecker (2000) achieved promising results by explicitly teaching students this alternation strategy, using what they called “emergent exercises.”
In further research on students’ understanding of agent and aggregate levels of complex systems, Levy and Wilensky (2008) interviewed sixth grade students about everyday events for which both micro- and macro-level explanations were possible. They found a pervasive strategy among the students that involved constructing a “mid-level” – a new level between the micro and macro levels. A mid-level, typically made up of small groups of individual components in the system, appeared to reduce the amount of information needed to reason about the system. The cognitive construction of a mid-level thus helped students form mental models that students used in two main ways in their more general understanding of complex systems principles. One way was bottom-up, in which small groups were formed as a result of local interactions. The bottom-up mid-level way of thinking was associated with a greater understanding of complex systems principles such as equilibration and stochasm. The second way that students formed mid-levels was top-down, in which the whole system was dissolved into smaller groups that were treated as single entities. The top-down mid-level approach was associated with a less robust understanding of complex systems.
Research by Yoon (2008) has employed a complexity perspective to help students more deeply understand a challenging scientific area, genetic engineering, as well as to study the dynamics of the classroom interactions as a complex system. Another program of research investigates conceptual change in learning complex systems ideas (Charles, 2003; Charles & d’Appollonia, 2004). Charles (2003) conducted an experimental design that involved a three-day workshop in which students (ages 16–18) in the experimental group heard class lectures on complex systems concepts, ran StarLogoT (Wilensky, 1997) models of different types of complex systems, and had class discussions. Using a revised version of the complex systems analytical framework proposed by Jacobson (2001), students in the experimental group were found to employ an “emergent” explanatory framework to solve near and moderate transfer questions about complex systems phenomena, and to use significantly fewer “clockwork” explanations on near transfer questions than students in the control condition. Charles and Appollonia (2004) conducted a qualitative case study with nine students from the Charles (2003) study who received cognitive coaching while working with a set of StarLogoT complex systems models. The process-oriented data collected in the second study indicated that although students showed learning gains related to four of the six concepts they were taught about emergent causal processes, they had difficulty understanding the concepts of “random actions” and “nonlinear effects” of complex system agents. Recent research also suggests that nonlinearity is a particularly difficult complex systems construct for learners to understand (Jacobson, Kapur, So, & Lee, 2011).
Horn and Wilensky (2012) developed a version of NetLogo, called NetTango, that runs on a tabletop surface. The agents are controlled by placing blocks on the table that are read by a camera and interpreted as commands to the agents. They found that this new interface enabled much younger learners (ages 6–10) to have rich discussions of complex systems concepts (Olson & Horn, 2011; Olson, Horn, & Wilensky, 2010). There is also recent work on developing curriculum materials in which complex systems ideas are integrated with high school biology topics with the goal of enhancing the depth of student understanding of centrally important scientific knowledge in the standard science curriculum (Goh, Yoon, Wang, Yang, & Klopfer, 2012; Wagh & Wilensky, 2012a, 2012b, 2013; Wilensky & Novak, 2010).
While we are still at an early stage of research into learning about complex systems, overall, the studies discussed earlier suggest that K-12 students can learn and benefit from important concepts and perspectives about complex systems. Whereas some may think that complex systems thinking is so difficult that it should only be taught at the graduate level, these studies provide substantial evidence that younger students can understand complex systems ideas. Some of these ideas, such as nonlinearity, emergent properties, and stochastic processes, have been found to be challenging for students to learn. However, the application of diverse theory and research perspectives from the learning sciences is starting to shed light on factors that contribute to learning even difficult ideas such as these. Researchers are developing innovative pedagogies and technologies that may help students develop a richer set of cognitive resources that scaffold their learning about complex systems ideas and methods.
[bookmark: CBML_ch16_sec1_004]Complex Systems and Curriculum
Current science curricula are often criticized for superficially covering too many subjects, resulting in students failing to gain a solid understanding of any one single domain (National Research Council, 1996; Bransford, Brown, & Cocking, 2000). Consequently, it is vital that educational materials for complex systems not be developed as “add-ons” to an already bloated STEM curriculum.
There are many ways complex systems concepts could be infused into school curricula to form the basis of a new type of scientific literacy (Jacobson, 2001). Concepts derived from the complex systems perspective could provide organization to bewildering properties of diverse phenomena in the physical and social sciences. Complex systems concepts like self-organization and positive feedback can be applied to biological systems such as insect colonies (Dorigo & Stuetzle, 2004; Resnick, 1994) and to social science systems such as national and global economies (Anderson, Arrow, & Pines, 1988; Epstein & Axtell, 1996; Sawyer, 2005). Research is needed to explore how pedagogies and curricular materials, organized around a complex systems perspective, could help students make conceptual links between traditionally separate subject areas in the natural and social sciences such as chemistry, biology, psychology, and economics. Furthermore, cognitively powerful cross-domain links may be fostered by designing models and simulation tools that help students identify structural and functional similarities across these very different systems. Most students have little reason to believe that a simulation capturing a cell’s genetic network and one capturing the topology of the World Wide Web share much in common. Yet many physical and social networks are similar, such as scale-free networks (Barabasi & Albert, 1999), that look the same no matter at what level of magnification you view them and that develop over time using simple mechanisms of growth and preferential attachment.[endnoteRef:1] Future research could explore whether complex systems-infused curricula allow for additional depth of coverage of traditional physical and social science subjects, or for cross-disciplinary conceptual and cognitive “hooks” that may support far transfer of knowledge to dramatically new situations and problems. [1: Note
 See http://ccl.northwestern.edu/netlogo/models/preferentialattachment for a NetLogo model of this mechanism.] 

Over the past decade, learning scientists and computer scientists have called for students to learn computational thinking (Bundy, 2007) and to gain computational literacy (diSessa, 2000). While there is still some debate as to the exact meaning of these terms, there is broad agreement that 21st-century students must learn to partner with computers to obtain, manipulate, and analyze large datasets and to work with computational models. As described in the introduction, complex systems grew up alongside and is deeply reliant on computation. As such, it provides both a framework and a context for the practice of computational thinking.
In addition, complex systems phenomena are well suited to problem- and inquiry-centered learning that implements constructivist models of teaching. Research could investigate whether learner-centered curricula that integrate complex systems perspectives ameliorate some students’ view of science as rote memorization irrelevant to everyday life. Research could also explore if such a curricular approach helps make cross-disciplinary connections cognitively easier for students to learn.
[bookmark: CBML_ch16_sec1_005]Implications of Complex Systems for the Learning Sciences
The conceptual frameworks and principles of complex systems raise many important theoretical and methodological issues for the learning sciences. The multidisciplinary fields that study various types of complex systems use a set of conceptual perspectives and scientific methodologies that function as a shared framework for the discourse and representations used in scientific inquiry. The potential scientific value of complex systems is best reflected by Kauffman’s (1995) observation that we may be at a historic juncture at which the relentless reductionism (i.e., increased fragmentation into narrow subspecialties) that has occurred over the past three centuries of scientific work may be coming to an end. For learning sciences researchers, an important question may be asked: What do complex systems perspectives provide that is not already represented in the conceptual and methodological toolkits of the field? Complex systems perspectives can enhance learning sciences theory through the computational modeling of systems of learning and education. Jacobson and Kapur (2012) contend that the traditional qualitative and quantitative methods of the learning sciences do not suffice to explain learning, because learning itself is a complex phenomenon. They argue that existing methods fail to adequately address the issues of nonlinearity, temporality, spatiality, and phase space that are central to understanding emergent phenomena. They propose that these issues can be addressed by integrating computational agent-based methods with existing quantitative and qualitative methods.
In recent years, there has been a major shift in our understanding of what constitutes a legitimate source of scientific information (Jackson, 1996). The origins of modern science are often credited to Aristotle and his use of careful observations to obtain information on which to make informed decisions rather than the logical argumentation of philosophical beliefs. The next phase in the conduct of the inquiry now regarded as science came via the intellectual contributions of Brahe, Galileo, Newton, Kepler, Liebniz, and Euler, who not only advanced the field of mathematics, but also demonstrated how new scientific discoveries could be made through mathematical manipulations of observational data. The remarkable scientific achievements of the ensuing 300 years were predicated on these two approaches; observational and mathematically derived information have been the norm for almost all published research in the learning and cognitive sciences and in education to date.
However, Jackson (1996) has proposed that we are in the midst of a second historical metamorphosis in scientific inquiry, one involving the use of computational tools to generate a third legitimate source of scientific information. Others, such as Pagels (1988), have observed how the use of computational tools in science has dramatically enhanced capabilities to investigate complex and dynamical systems that could not otherwise be systematically investigated. These computational modeling approaches include cellular automata, agent-based modeling, and genetic algorithms, generally used in conjunction with scientific visualization techniques. Examples of complex systems that have been investigated with advanced computational modeling techniques include climate change (West & Dowlatabadi, 1999), urban transportation models (Balmer, Nagel, & Raney, 2004; Helbing & Nagel, 2004; Noth, Borning, & Waddell, 2000), and economics (Anderson et al., 1988; Arthur, Durlauf, & Lane, 1997; Axelrod, 1997; Epstein & Axtell, 1996). New communities of scientific practice have also emerged in which computational modeling techniques, especially agent-based models and genetic algorithms, are being used to create synthetic worlds such as artificial life (Langton, 1989, 1995) and artificial societies (Epstein & Axtell, 1996; Sawyer, 2003) that allow tremendous flexibility to explore theoretical and research questions in the physical and social sciences that would be difficult to impossible in “real,” nonsynthetic settings.
Given the development of sophisticated computational modeling tools and their increased acceptance in a wide range of physical and social sciences fields, there is great potential in the application of computational methods to research in the learning sciences on complex learning within educational systems. Use of these methods would have four broad ramifications. First, the articulation of models, particularly “bottom-up” ones such as agent-based models, often help researchers distill their qualitative intuitions about critical factors most responsible for the behavior of the system of interest. Second, complex systems models become scientifically inspectable artifacts that may be compared to real-world data and iteratively revised to improve the fit of the model. Third, models validated with one or more datasets may be used to explore the behavior of the system by varying model parameters (via multiple runs on all parameter combinations to examine the system’s stochastic properties). Fourth, such models may assist in generalizing findings from the observed and modeled system(s) to similar system types with different specific local features. The use of models and computation in these four ways can ultimately lead to a reformulation of the content of a knowledge domain in terms of computational representations, what Wilensky and Papert (2010) call “restructurations.” The field of learning sciences will need to grapple with creating and choosing such discipline restructurations and evaluating their utility for researchers as well as students.
There are numerous examples of computational modeling of learning systems and learning environments. Lemke and Sabelli (2008) have proposed building “SimSchool” or “SimDistrict” simulation programs that would not just model existing school (or district) systems, but could also be used to create synthetic schools and district systems to study their evolution over time in terms of needs, problems, and probable outcomes. Some actual systems have been developed along these lines, such as agent-based simulations for areas of educational policy like school choice where parents and school officials are agents within the simulation (Lauen, 2007; Maroulis et al., in press; Maroulis et al., 2010; Maroulis & Wilensky, 2005) or modeling factors associated with successful versus nonsuccessful educational policy reforms (Levin & Datnow, 2012). Researchers are also utilizing agent-based modeling methods to articulate and test social science theory, arguing that modeling can support the development of richer theoretical models that integrate contrasting theories. Abrahamson and colleagues (Abrahamson & Wilensky, 2005b; Abrahamson, Wilensky, & Levin, 2007; Blikstein, Abrahamson, & Wilensky, 2006) have used ABM to embody theories of learning and to contrast Piagetian and Vygotskian theories. Researchers are also using network analysis methods to study topics ranging from how social structure impacts technology’s adoption in schools (Frank, Zhao, & Borman, 2004) to the role of social structure on student achievement (Maroulis & Gomez, 2008). Jacobson and Kapur (2012) have also applied network-theoretic methods to bridge between alternative theories of conceptual change. Related, Brown and Hammer (2008) have proposed that the processes of conceptual change may be understood from a complex systems theoretical perspective as being emergent, dynamic, and embedded. In other work, several researchers (e.g., Frey & Goldstone, 2013; Goldstone & Wilensky, 2008) have used participatory simulation environments as data collection tools whereby distributed subjects can be placed in an environment with programmed agents where their behavior and interactions can become data sources. Overall, there appears to be great potential for computational modeling to enhance learning sciences research at other micro and macro levels of cognitive and educational systems, from the evolution of cognitive representational networks and design experiments of technology interventions in classrooms to social network analysis of collaborative interactions patterns and educational policy initiatives.
[bookmark: CBML_ch16_sec1_006]Conclusion
This chapter has provided an overview of issues, research, and reflections on the potential need for primary and secondary students to learn about complex systems in the physical and social sciences. We expect the learning sciences to continue to generate research on learning that can contribute to our understanding of learning complex systems – research on topics such as conceptual change, knowledge transfer, and sociocultural dynamics of learning that are discussed in many of this handbook’s chapters.
During the past few years, new science standards have been created in the United States that foreground the study of systems, modeling, and complexity. The Next Generation Science Standards (NGSS) use seven cross-cutting concepts to structure K-12 science learning: patterns, similarity, and diversity; cause and effect; scale, proportion, and quantity; systems and system models; energy and matter; structure and function; and stability and change. Arguably all of these concepts relate to complex systems and two of them mention complex systems explicitly. This presents an opportunity to infuse scientific understandings about complex systems into primary and secondary curricula. Research that explores student learning of complex systems ideas may expand our views of what kinds of advanced knowledge students are capable of learning, including understandings that are conceptually challenging. Moreover, conceptual perspectives and methodologies from complex systems have the potential to impact important theory and research issues within the field of learning sciences itself.
It has been just more than a decade since researchers began exploring the vast number of cognitive and learning issues associated with complex systems principles, as well as the theory and research implications such perspectives might hold for the learning sciences more generally. How the study of complex systems might impact the field of the learning sciences and the education system at large remains to be determined. In the next phases of research in these areas, we would do well to heed Proust’s observation that “the real voyage of discovery lies not in finding new landscapes, but in having new eyes.”
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