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Abstract

The purpose of this work is to provide an overview of complex systems research for educational
psychologists. We outline a philosophically and theoretically sourced definition of complex
systems research organized around complex, dynamic, and emergent ontological characteristics
that is useful and appropriate for educational psychology. A complex systems approach is
positioned as a means to align underexplored elements of existing theory with appropriate
interaction dominant theoretical models, research methods, and equation-based analytic
techniques. We conclude with a brief discussion of several foundational topics for complex
systems research in educational psychology.

There is a gap between educational psychology theories of motivation, cognition, and
engagement and the common research methods used to test and refine them. Theories in
educational psychology describe complex, dynamic, and emergent processes that shape
intra- (e.g., cognition, motivation and emotion) and inter- (e.g., teacher—student, student—
student, parent—child interactions, collaborative teams) person phenomena at multiple levels.
These processes are fundamental characteristics of complex systems (CS). However, theory
in educational psychology that implicitly or explicitly treats phenomena of interest to
educational psychologists as complex is rarely examined using CS methodology, or tends to
translate CS to linear cause—effect models that do not adequately describe the theory. CS
approaches to research can be used to improve the alignment between theory and research
method in educational psychology.

Although dominant theories in educational psychology reflect many CS perspectives, they
are not typically explicitly framed, developed, or empirically investigated within a CS
framework. It is only recently that educational psychology scholars have begun to align
theory and method so that the basic theoretical underpinnings are accompanied by
methodology that acknowledges the assumptions of CS (Koopmans & Stamovlasis, 2016).
We contend that empirical CS research designs should flow naturally from theories in
educational psychology through alignment with appropriate methodology and method.
Accordingly, the purpose of this article is to provide guidance for translating theoretical
complexity into CS research designs and methods. Our intent is not to provide a
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comprehensive review of the history and principles of CS science or complexity thinking
(see Davis & Sumara, 2006; Mitchell, 2009; Patton & McMahon, 2014; for these types of
reviews). Rather, we define the salient, domain general characteristics of CS, providing an
ontology that can be used to guide CS research methodology and analyses in educational

psychology.

We begin our discussion of how to bridge the gap between theory and method from an
ontological perspective. Research is often driven by the development of conceptual models
that reflect ontological assumptions about the characteristics of the external world.
Ontological assumptions are a set of defining characteristics that describe the assumed form
and nature of a given phenomena. Ontological assumptions are represented by the properties
and relations used to describe reality within a domain of study (Guba & Lincoln, 1994). We
bring together the terms and concepts of CS science and complexity thinking to define the
differences between component dominant and interaction dominant models, making the
argument that interaction dominant models can provide useful representations of CS in
educational psychology. Calling upon existing frameworks and philosophy in the field
(Bunge, 2000; Jacobson, Kapur, & Reimann, 2016; Kaplan, Katz, & Flum, 2012), we
establish an ontological framework that defines the comp/ex macrobehavior of systems, the
dynamic microinteractions of system components, and the emergent mechanisms that
produce system outcomes (Mitchell, 2009; Sawyer, 2004; Wan, 2011). These three
ontological characteristics form the foundation of a CS approach to investigating interaction
dominant models in educational psychology (e.g., motivation, engagement, cognition, and
learning) that may be leveraged to close the gap between theory and method. After this, we
describe some empirical methods suitable for executing CS research. We summarize several
equation-based data intensive techniques for CS research that have not gained traction in the
field: nonlinear time series analysis, network analysis, and dynamic modeling. We
demonstrate conceptually how these methods and analytic techniques can be executed using
our ontological framework as a guide.

DEFINING CS FOR EDUCATIONAL PSYCHOLOGY

A CS is a collection of interacting components (i.e., those that interfere, cooperate, or
collaborate) that gives rise to complex behavior (Mitchell, 2009; Strogatz, 1994). System
components can take material, conceptual, or semiotic forms such as individual students,
teachers, and technological objects; motivation, behavioral, affective, epistemological, and
cognitive variables; or words, text, symbols, and discourses (Bunge, 2000). Components
within CS interact over time to produce emergent outcomes at higher levels of analysis that
are characterized by nonlinear behavior such as sudden transitions from one state to another
or bifurcations in topological structure. Emergent outcomes are more than the sum of their
parts, meaning the complex behavior cannot be reduced to the components that make up the
system (Holland, 2006). For example, imagine that a student suddenly becomes motivated to
learn during a lesson. A complex collection of shifting factors, too many to describe or
perfectly model (e.g., prior knowledge, self-perceptions and beliefs, content, context, etc.)
are related to the student’s energy to engage with the learning task. The motivation emerges
from the experience itself and cannot be reduced to or exactly explained by a small set of
isolated factors (Nakamura & Csikszentmihalyi, 2002).
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Because CS contain multitudinous interacting, changing parts they are often described as
Interaction dominant (Richardson, Dale, & Marsh, 2014). This means that the collection of
system components producing the outcome is softly assembled: The role of components in
producing the outcome and the strength of the relationships between them shift and change
over time. As a result, the collection of variables that produce the outcome cannot be
reduced to a perfectly, empirically defined set that, in total, accounts for the outcome. In
contrast, a component dominant system is rigidly assembled and can be precisely defined by
its components so that outcomes can be nearly perfectly reduced to the sum of their parts
(Holden, Van Orden, & Turvey, 2009). Because CS are interaction dominant, they are often
depicted as a complex network of components with an outcome proposed to emerge from
their complex interactions. In contrast, component dominant systems have a defined causal
structure, with an outcome that is proposed to be determined by the relationships among the
components. See Figure 1 for a graphical representation of a generic interaction dominant
system and a visual comparison between interaction dominant and component dominant
models.

Interaction dominant systems and component dominant systems each have different
mechanisms and sets of underlying assumptions that govern their behavior. In component
dominant systems the relationship among the components is considered linear, meaning that
the role of the components in the model and the strength and direction of their relationships
are considered stable across time and context, or nomothetic (Cronbach & Meehl, 1955;
Hempel, 1965). Feedback loops describe system maintenance, where independent variables
influence dependent variables in a cyclical fashion. Component dominant models are
typically examined using linear statistical methods (Fisher, 1925), which assume an
underlying normal distribution, independent observations, and homogeneity of variance.
Any disconnect among the system components is attributed to random measurement error or
weak, idiosyncratic, independently acting factors. Kaplan and colleagues (2012) described
model characteristics like these as central to a linear, deterministic way of viewing research
and the dominant paradigm in educational psychology.

In interaction dominant systems, the relationship among the system components is
considered interdependent and nonlinear, meaning that variable roles and the strength and
direction of their relationships change over time and context to context and are dependent
upon other system components. Supervenience describes system maintenance, where
emergent states influence the equilibrium of interactions among system components
(Sawyer, 2004; Witherington, 2015). Quantitatively, interaction dominant models are
typically examined using intensive data (i.e., time series and network data), which assume an
underlying power law distribution, dependent observations, and heterogeneity of variance.
Because all system components are dependent upon one another, the dynamic behavior of a
critical indicator over time can contain information about the entire system (Takens, 1981).
Davis and Sumara (2006) used the phrase complexity thinking to define the dominant
paradigm in CS research.

The distinction between interaction and component dominant models has implication for
theory development and empirical research. Theory building and testing are often
accomplished through the development of two forms of related submodels: (a) the
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conceptual or theoretical model and (b) the statistical model (Sloane & Wilkins, 2017).
Established through a series of design choices, these models stand between theory and the
phenomena under study and are central to the transportability or generalizability of findings
(Chronbach & Shapiro, 1982; Lincoln, Guba, & Pilotta, 1985). These two models are
considered a simplification or approximation of more complex conceptual or social systems
(Sloane & Gorard, 2003). The two submodels need to overlap conceptually, and be
commensurate with existing theory, to produce a working or useful research model (Sloane
& Wilkins, 2017). Although theoretical postulations in educational psychology often
describe interaction dominant phenomena, they are regularly reduced to complicated
theoretical models with component dominant characteristics that lend themselves to linear
empirical testing. And ergodicity, or the assumption that the structure and strength of the
relationships among model components are stable overtime, is often assumed and rarely
tested (Koopmans, 2015). In a review of motivation theory, Kaplan and colleagues (2012)
described many theoretical models as being complicated to the point that they are often
untenable to test using linear methods; thus, statistical models are used to further reduce
theoretical models to subsets of component dominant models to test linear, nomothetic
hypotheses. However, when complex theory is reduced to linear models, a gap between
theory and model is produced that restricts understanding and theory refinement. Even if
researchers adopt a flexible epistemological stance that positions the state of knowledge as
evolving and changing(i.e., over time and context to context) they may still utilize linear,
cause—effect models to describe the external processes underlying phenomena of interest. An
ontological shift in thinking about complex phenomena may help researchers to develop
interaction dominant models as a basis for their research that more accurately describe
complex, dynamic, and emergent processes.

CS AND THEORY IN EDUCATIONAL PSYCHOLOGY

CS research approaches can rise among existing theory in educational psychology that
focuses on dynamic and complex combinations of factors that shape and promote learning.
Some theoretical perspectives focus more heavily on intraperson processes that may be
shaped by interactions with context, whereas other perspectives focus more heavily on
interperson processes and place interactions between individuals at the center of inquiry. In
one intra-person example, Kaplan and Garner (2017) described a Dynamic Systems Model
of Role Identity that considers ontological and epistemological beliefs, purpose and goals,
self-perceptions and self-definitions, and perceived action possibilities as mutually
regulating elements within a contextually embedded system. In the model, system
components are described as interdependent, and identity development is viewed as an
emergent, nonlinear process that involves restructuring of the strength and relationships
among role identities over time and across context. Identity development is theorized to be
shaped by intra-and interperson processes that are mediated by sociocognitive and cultural
forces. Interest in mutually regulating, emergent processes is shared by others who don’t
always explicitly operate from a CS point of view but situate intraperson processes at the
center of their theories such as motivation science researchers interested in how affect and
motivation energize action (Bandura, 1977; Deci & Ryan, 2002; Ford, 1992; Husman,
Hilpert, & Brem, 2016; Linnenbrink-Garcia, Rogat, & Koskey, 2011; Op’t Eynde & Turner,
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2006; Pekrun & Perry, 2014; Pintrich, 2003; Renninger & Hidi, 2016; Sheldon, Cheng, &
Hilpert, 2011). It is also shared by researchers in epistemology seeking to understand how
people adhere to particular norms and practices related to shared beliefs about knowledge
and procedures (Greene, Sandoval, & Braten, 2016).

In another example, Scardamalia and Bereiter (2006) offered an interperson theory of
knowledge-building communities. Calling heavily upon CS theory to explain their
framework, they argue that learning is a self-organizing process that exists at both individual
and collective levels of advancement. They call upon Popper’s (1973) concept of world
three, where knowledge has an external object-like existence that emerges from collaborative
behaviors. These arguments are similar to engagement researchers who may not explicitly
call upon CS but situate social processes involving interperson interactions and collective
action at the center of their theories (Connell & Welborn, 1991; Connor et al., 2014; Finn &
Zimmer, 2012; Jarvenoja, Jarveld, & Malmberg, 2015; Lawson & Lawson, 2013; Marchand
& Skinner, 2007; Shernoff et al., 2016; Skinner, 2016; Skinner, Furrer, Marchand, &
Kindermann, 2008). They are also shared by collaboration researchers interested in joint
meaning making in both face-to-face (Dillenbourg, 1999) and computer-supported (Stahl,
Koschmann, & Suthers, 2006) environments, as well as distributed or team cognition
(Cooke, 2015).

In an attempt to integrate CS principles into educational psychology research, Jacobson et al.
(2016) recently offered the Complex Systems Conceptual Framework of Learning. Calling
upon decades of CS science that distinguishes between the macrobehavior of systems and
the microprocesses within them (e.g., Holland, 2006; Kauffman, 1995; Mitchell, 2009), this
model was proposed as a metatheory to reconcile divergent perspectives in the learning
sciences (i.e., the cognitive vs. situative debate) and to guide the development of learning
theory (Jacobson, Kapur, & Reimann, 2014). Alternatively, we align with Davis and
Sumara’s (2006) notion that a CS approach can “rise among” existing theory and research to
provide insight into the multilevel, interactive nature of social and behavioral phenomena.
We don’t argue for CS as a pathway to a metatheory that harmonizes conflicting
perspectives. Rather, we view CS as a way to bridge the gap between theory and method in
cases where theory describes interaction dominant phenomena, or when the role and strength
of relationships between variables shifts and changes over time in nonlinear ways
(Richardson et al., 2014). Next we define an ontology of CS research derived from complex,
dynamic, and emergent principles that serve as the defining characteristics of interaction
dominant phenomena. We see these three principles as the foundation of a CS research
paradigm in educational psychology that can bridge the gap between theory and research
practices.

A Complex Dynamic and Emergent Ontology

Complex (Mitchell, 2009), dynamic (Koopmans, 2015), and emergent (Holland, 2006)
characteristics of complex educational and psychological systems are lost in the translation
of interaction dominant theories to component dominant models. The ontological
characteristics of CS are compromised in research design for two primary reasons. The first
is pragmatic. Technological constraints on data collection and analytic techniques have made
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empirical observation of complexity, dynamics, and emergence in social science domains
extremely difficult (Strogatz, 2001). The second is philosophical. The prevailing paradigm in
educational psychology is a linear approach that places a premium on nomothetic
relationships (Kaplan et al., 2012). Researchers are trained and encouraged to design studies
based on this paradigmatic worldview despite issues of feasibility and applicability to
educational phenomena.

Off-the-shelf technologies for gathering intensive data have improved in recent decades, and
advances in software packages have made new analytic techniques increasingly available to
researchers. However, advances in technology that assist in gathering and analyzing
intensive data that can be used to draw inferences about complex, dynamic, and emergent
processes may be irrelevant if philosophically, educational psychologists don’t accept an
ontology of CS (Wan, 2011) research models that describe interaction dominant phenomena.
As an alternative approach CS research has much to offer educational psychology: a
different set of domain general ontological principles that describe the underlying
mechanisms of complex phenomena. In the following sections we unpack the ontological
characteristics of interaction dominant CS research models around the three guiding
principles of complexity, dynamics, and emergence.

Complexity—Many definitions of complexity exist to describe the macrobehavior of CS in
the social and natural sciences (Mitchell, 2009). There is no single definition of complexity;
rather, complexity is defined in different ways in different contexts and fields of study. For
example, there can be complexity of size and shape, complexity of logical depth, or
complexity of entropy. Lloyd (2001) described three dimensions by which complexity can
be measured: How hard is it to describe? How hard is it to create? What is the degree of its
organization? The answers to these questions are not always obvious. Large objects aren’t
always more complex, nor are they always the most intricate. Mitchell (2009) used the idea
of a string of letters as an example to illustrate the concepts of algorithmic and statistical
complexity. The letters represent the emergent state of a CS as it changes over time, for
example, the emotional state of an individual over the course of a day where each letter
represents a different state. Imagine one string of letters, ABABAB, with 100 repeating
pairs. The algorithmic information required to reproduce this pattern is simple, “Print AB
one hundred times.” It is easily reduced and easily described in macro and, as such, is low in
complexity. Similarly, imagine another string of letters 100 characters long, this one created
purely at random. It is also easily reduced statistically via “print a random string of letters
one hundred characters long” and is easily described in macro. Accordingly, many
definitions of complexity rely on the notion of some balance between order and randomness.
This is the case within many social science fields, where complexity relies on what Gell-
Mann and Llyod (1996) called “effective complexity,” which is a combination of regularity
and randomness in macrosystem behavior. The principle of effective complexity can be
represented in many ways. Two common representations are in network structure and
dynamic time series data. See Figure 2 for a graphical representation of effective complexity
in a simulated dynamic times series and a simulated network.

The definitions of complexity that are perhaps most useful to educational psychology align
well with the effective complexity of education relevant phenomena. For example, statistical
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complexity (Crutchfield & Young, 1989) is based on the amount of information about the
past history of a system that is required to explain its future behavior. This approach relies
on constructing a model of the system, based on its observed behavior, such that the model
behavior is indistinguishable from the system’s behavior. Akin to Gell-Mann’s notion of
effective complexity, statistical complexity is low for both highly ordered and highly random
systems. Thus, CS require a large amount of information about past system behavior to
produce a forecast about its future behavior patterns over a longer time horizon.

Complexity can also be defined as the degree of hierarchy within a system. All systems have
a minimal hierarchical order or a whole that consists of related parts (\Valsiner, 2008). Simon
(1962) described the architecture of CS as their degree of hierarchy, or CS that are composed
of subsystems, which are in and of themselves composed of subsystems (e.g., students and
teachers make up classes, classes make up schools, schools make up districts, etc.). The idea
is that the system is composed of building blocks, but each building block can evolve, or
develop into new adaptive states, to become a new building block, the combination of which
becomes another larger subsystem. In Simon’s formulation, complexity can be measured in
terms of the depth of the hierarchy as well as the near decomposability of the system. The
complexity of the hierarchy is similar to the notion of the fractal, or self-similar patterns at
all levels of the hierarchy. Near decomposability is the notion that there are many more
strong interactions within subsystems than there are between. From this point of view,
complexity involves both the networked nature of strong interaction within and between
system components and the nested structure of the system as a whole, where nested
interaction dominant systems are more complex. Together, these characteristics can be used
to understand the complexity of a system.

Dynamics—Dynamics describes the microprocesses by which the component parts of a CS
interact over time, both among themselves and in conjunction with the overall macro-
behavior of the system. In dynamic microprocesses, component parts of the system change
one another through interaction. As the component parts interact, a dependency among the
components is created so that the behavior of individual components is constrained by the
actions of other components. Thus, the change of the system behavior is partly the result of a
self-organizing processes rather than deriving from some type of centralized control. In other
words, the system behavior is partly governed by a bottom-up process that may look
different at distinct points in time as the component parts organize and reorganize in a
nonlinear fashion. Further, the process of organization and reorganization of the components
is also partly shaped by the overall behavior of the system and the context in which the
system operates (Witherington, 2015). Change behavior may be gradual or sudden,
depending on the confluence of interaction among systems components, limits to behavior
imposed by macropatterns of system behavior, and changes in the context surrounding the
system. This type of interaction produces a discernible form of dynamic, nonlinear behavior
that can provide insight into its complex functioning.

Dynamic complexity is a necessary condition for self-organizing behavior and adaptive
change (Richardson et al., 2014). In contrast, loss of complexity over time, as evidenced by
increased order or increased randomness in a measure of a system, is associated with the
well-known concept of entropy. From an information perspective, entropy is described as the
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decline into disorder, or decomposition. For highly ordered or highly random systems,
complexity is low. They do not decline into chaos, or ascend to increased order, or produce
cyclical patterns oscillating between both. For systems in between, complexity is high. For
in between educational and psychological systems, the ability to resolve into some type of
partly stable, partly unstable equilibrium is treated as evidence for adaptive system function.
In the letter string example just cited, an adaptive case would manifest both repeatable
patterns and random strings of letters interlaced. Statistically this is akin to sequential
dependence, or autocorrelation. Complex dynamic behavior can be observed in microgenetic
time series data where many measures of the same variable(s) are taken in close proximity to
one another over time (Chinn & Sherin, 2014, Siegler, 2007). It can also be measured in
networks where measures of relationships between nodes (i.e., people or variables) form
through collaboration or interaction. Identifying stable patterns that emerge in time intensive
or relation intensive data, the conditions that lead to stability, and how robust a system is to
disruptions (or perturbations) is central to studying the dynamics of a system.

The tendency for a system to settle into a stable pattern is called an attractor state (Abraham,
Abraham, & Shaw, 1990). Attractor states are a way of describing homeostasis where the
stability of a system is maintained through a series of continual adjustments to internal or
external perturbations (Newton, 2000). Attractor states apply to all open, biological,
thermodynamic systems that exchange heat, matter, or information and involve the
consumption or production of energy. For example, one way to produce evidence of an
attractor state is to observe variables at short intervals to create a time series. Measurements
of variable combinations at a single time point can be treated as a vector. Each vector
represents a state of the system at a single point in time. A collection of vectors can be
treated as a state space, or all of the combinations of values for the system (Abraham et al.,
1990; Hollenstein, 2013). A point or orbit around which the system tends to evolve is
considered an attractor state and indicative of an emergent phenomenon. Component
dominant systems that act in mechanical ways produce only one attractor state. For example,
a pendulum produces a cycle or an oscillation. A CS, like a living organism or a group of
people engaged in coordinated activity, can produce many attractor states. For example,
Kaplan and Garner (2017) discussed stable motivational states such as performance-
orientation as attractor states related to student role identity that emerge from the complex
interaction among intra-person factors and contextual influences. Also, researchers who
examine collaborative learning and team work describe group-level processes such as
planning, reasoning, or decision making as attractor states with collective properties that
emerge from the complex interaction of group members during collaboration (Arrow et al.,
2000; Cooke, 2015).

Emergence—Emergence is the mechanism by which dynamic microinteractions of system
components give rise to novel macro-system behavior (Holland, 2006). In the traditional
philosophy of social science the term mechanism refers to a causal system where the
relationship among system components is linear, reducible, and replicable (Cronbach &
Meehl, 1955; Hempel, 1965). Using the formulation of traditional logic, if x can be reduced
to set y, then set yis more basic than x, xis constituted by )y and is nothing more than it.
However, the philosophy of social science has been expanded to address the emergent
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characteristics of CS (Sawyer, 2004). The term mechanism is now commonly used in
contrast to its use in logical empiricism (i.e., the 20th-century philosophical movement that
sought a greater role for scientific methodology in shaping society) to explain
interdependent relationships among system components and the properties that emerge from
their interaction (Bunge, 1997; Hedstrom & Swedberg, 1998). A key defining factor is that
the emergent macrostate has an ontological status that is separate from its realizing
properties (Sawyer, 2004).

Some educational phenomena are reducible and others are not, and explanations about the
composition of educational phenomena rely upon adequate distinctions between emergent
phenomena and mechanical phenomena. Bar Yam (2003) described two forms of
emergence. The first is his notion of emergent simplicity, such as the complexity of chemical
interactions in a neuron cell that result in the simplicity of individual neuron firing to
activate or inhibit other neurons. The second is an emergent complexity, where from the
simple interactions between neurons the complexity of a brain emerges. One common
sociological example is a church (Sawyer, 2004). The complex interactions among people,
texts, and objects can emerge to what we understand as a church. Although in macro it is
repeatable and recognizable, the concept of a church cannot be perfectly reduced to a stable
set of microcomponents. Too, the cooperation and interference among churches can manifest
a complex sociological environment replete with both harmony and disorder.

From this perspective many constructs in educational psychology take on the ontological
qualities of emergent phenomena. Classrooms make up schools, schools make up districts,
and so on. However, distinguishing them from component dominant phenomena is critical.
To make this distinction, Sawyer (2004) argued that CS with emergent mechanisms produce
multiply realizable complex macroconstructs via wildly disjunctive dynamic
microinteractions (Fodor, 1974). If a latent construct can be described as emergent, as
motivation, affect, engagement, epistemology, and learning often are, then interaction
dominant relationships produce repeatedly identifiable, multiply realized attractor states.
Thus, it would be impaossible to define all combinations of components that produce an
identifiable macrostate of a CS. To be a truly emergent mechanism, the identification of a
precise set of interdependent interactions that can be delineated across time and context is
impossible to pin down; that is, it is wildly disjunctive. For example, let’s consider the
generic concept of a successful student-centered lesson. If an unknowable combination of
instructional strategies, student attributes, and environmental factors can produce what can
repeatedly be identified as such a thing, then it is emergent. If a successful student-centered
classroom can be perfectly reduced, it is mechanical. It is likely that many concepts and
constructs in educational psychology are driven by emergent mechanisms.

Implications for Research

Improving the alignment between complex theory and research method in educational
psychology requires a shift from component dominant to interaction dominant thinking
about conceptual research models. At the heart of this shift is establishing complex,
dynamic, and emergent CS ontological assumptions for educational psychological research.
A CS ontology suggests that research requires a multilevel examination of dynamic
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processes that yield complex emergent phenomena. Dynamic processes function differently
from context to context and are shaped by the macrocomplex, emergent behavior of the
system. Thus, the dynamic qualities and interdependent relationships among variables, not
summary differences, make meaning of system functioning. System self-organization and
the emergence of attractor states, evidenced by effective complexity, are critical for
understanding system behavior. Furthermore, choices about the context of investigation, the
critical variables of interest, and time intervals of study shape understanding of the overall
system of study. The assumptions inherent in a complex, dynamic, and emergent ontology of
interaction dominant models require a set of methods and research designs that are not
widely utilized in educational psychology. In the following sections we address CS research
designs, methods, and some related equation-based analytic techniques.

CS RESEARCH DESIGN

Alignment between research questions, method, and analyses with respect to investigations
of CS in educational psychology can help shift research from conceptual grounding to
methodological execution. In a component dominant approach the research questions, data
collection, and analyses are often formulated around a large number of variables and/or a
large number of persons, but data are collected on a single occasion or on very few.
Microgenetic change over time, and the quality of the relationships between persons is not
regularly observed. To preserve the complex, dynamic, and emergent ontology of interaction
dominant CS models, research should be formulated in a way that represents the changing
and interdependent relationships among individuals and observations over time, as well as
interactions amongst multiple levels of analyses. Accomplishing this requires intensive
methods that can capture change in system elements and the relationships between them.
Research questions should be formulated to address within element change over time and/or
the dynamic interaction between elements. Related research designs and data collection can
be intensive in three ways: time intensive, relation intensive, or time-relation intensive.

Time-intensive approaches are used to make inferences about system behavior using closely
spaced observations over time. Closely spaced observations of a single variable taken from
the system are used to examine microgenetic change and make inferences about
macrosystem behavior. Relation intensive approaches are used to make inferences about the
system behavior using measures of the dependent relationships between variables. Cross-
sectional data that captures the relationships among all persons or variables that compose a
system are used to examine the structure of the system and how and why relationships form
and change. Time-relation intensive approaches are used to make inferences about system
behavior using closely spaced, simultaneously collected observations of both within-element
change and changing between element relationships. The observations are used to examine
endogenous and exogenous effects on change within a system.

The interaction dominant ontological model offered in Figure 1 provides conceptual
guidance for formulating CS research around these three intensive approaches. Three
strategies may be helpful to researchers for deciding upon intensive methods to guide their
research: (a) examine a single element from the center of a CS and study its dynamic, time-
intensive behavior; (b) define a natural boundary for a CS and study the underlying, relation
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intensive structure; and (c) choose several critical elements from a CS and study their
dynamic, time-relation intensive interactions (see Figure 3 for a summary of these
strategies). These three approaches align with the intensive methods just described and
should be driven by research questions about time-intensive, relation-intensive, or time-
relation intensive processes.

Research Questions and Methods

Because the broad direction of research emerges from an iterative relationship between
research questions and research methods, it is important to examine the characteristics of
both that address complex, dynamic, and emergent properties. Research questions leading to
CS methods and analyses are focused on time-intensive, relation-intensive, or time-relation
intensive processes. Questions should correspond to data collection techniques that can
provide evidence for interaction dominant processes. Next we outline the salient
characteristics of CS research questions organized around time-intensive, relation-intensive,
and time-relation intensive approaches. Because these are broad categories of research, there
is no single prescribed way to carry out a specific approach. Accordingly, within each
section we provide example studies that contain research questions in line with these
approaches, as well as example studies that utilize aligned methods for collecting data.

Time-Intensive Questions—Time-intensive processes describe the dynamic change of
individuals or variables in a system over time in nonlinear ways. Research questions that
reflect time-intensive processes may focus on any unit of analyses undergoing a process that
is expected to unfold over time. Change processes may be framed as investigations of
intraindividual change, or the focal unit of analysis may be emergent processes or contexts
that offer affordances for development (e.g., classroom structures, social partners) or the
characteristics of collaborative groups. Although not an exhaustive list, time-intensive
research questions may query the structure and shape of the change processes, how prior
history affects subsequent behavior, how system memory constrains possibilities in change,
how learning or social-emotional processes change in response to external environment
perturbations, or how individual growth and change is influenced or governed by
environmental constraints or affordances.

Extant studies in educational psychology that apply a CS approach tend to ask time-
intensive research questions. For example, in their study on self-regulated learning during
academic tasks, Garner and Russel (2016) framed two research questions. The first asked
how patterns of visual attention shifted during a learning episode, whereas the second delved
deeper into investigating dynamic structures in visual attention sequences and how these
dynamics are shaped by contextual sensitivity to task characteristics. In another example,
Stamovlasis and Sideridis (2014) conducted a study on self-regulation framed by research
hypotheses about nonlinear changes in arousal during achievement situations (e.g., a class
presentation) as bound by motivational perceptions. Koopmans (2015) examined short-term
and long-term dependencies in high school attendance rates demonstrating that attendance is
not the stable predictor of school success it is often portrayed to be.

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 12

Time-Intensive Methods—Methods for collecting time-intensive data range from the use
of experience sampling techniques such as the use of diaries and surveys to the use of
sensors and video recordings. What defines the method is the microgenetic observation of
variables over time. Delignieres and colleagues (2004) used a specially designed piece of
software to administer a self-esteem instrument twice a day for 512 days. Now, off-the-shelf
applications for mobile phones and other electronic survey data collection methods make
this type of time series data collection increasingly accessible to researchers, especially for
so-called in-the-moment data collections, where data are collected in context, reducing the
possibility of reflection bias. For example, Martin and colleagues (2015) collected
motivation and engagement data three times a day, 5 days a week, for 4 weeks in a sample of
759 students to examine intraindividual variation. Another example of time-intensive data
collection methods include the use of electrodermal activity (EDA) sensors, which measure
microgenetic chemical changes in the skin due to physiological changes in emaotion.
Empatica (www.empatica.com) and Shimmer (www.shimmersensing.com) appeared to be
the two most popular companies for manufacturing sensors for collecting EDA data in
educational contexts. For example, Villanueva and colleagues (2014, 2016) took EDA
measures to examine students’ emotional states during an exam activity. They integrated
survey measures with the galvanic skin response data collection. Analyzing the time series
skin response data in conjunction with the survey data allows them to draw conclusions at
multiple levels of analysis.

Relation-Intensive Questions—Relation-intensive processes describe the relationships
or interactions among individuals or variables in a system. Research questions about
relation-intensive processes focus on identifying the structure of the relationships in a
system and the purpose and weight or value of exchanges. Relation-intensive questions may
focus on interperson relationships, or the focal unit of analysis may be relationships between
organizations or psychological constructs. Although not an exhaustive list, relation-intensive
questions may focus on the underlying self-organized structure of a system, the individual
characteristics of elements that predict relationship formation, the elements of a system that
influences the flow of information throughout the system, and the communities that have
emerged from interaction over time.

Examples of relation-intensive research questions in educational psychology tend to focus
on person-to-person interactions including studies of peer relationships in schools (e.g., Shin
& Ryan, 2014), collaborative teaching (e.g., Moolenaar 2012), and learning networks (e.qg.,
Dou et al., 2016; Grunspan et al., 2016). In one example, Moolenaar and his colleagues
(2012) framed research questions and hypotheses around dense school interactions at
multiple levels of analyses. Specifically, they investigated how the characteristics of
teachers’ personal and expertise networks related to perceptions of collective efficacy and, in
turn, how collective efficacy supported student achievement. Others have investigated how
classroom interactions are affiliated with the development of student self-efficacy in physics
courses (Dou et al., 2016).

Relation-Intensive Methods—Methods for collecting relationship-intensive data range
from observations of behavior to analysis of existing documents and the use of surveys. Both
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interperson and intervariable relations can be targeted. A recent interperson example in
educational psychology is an advice-seeking network among teachers in a school. Sweet
(2016) used an electronic survey that asked teachers to identify from whom they solicited
advice. The data were used to create a network representation of advice seeking, where
nodes are the teachers and the edges indicate who seeks advice from whom. Similarly,
Siciliano (2016) used an electronic survey to collect school network data to show how
teacher self-efficacy is shaped by both beliefs and peer interaction. Using surveys or existing
documents to map complex relationships between persons or schools and organizations has
become increasingly common (e.g., Au & Ferrare, 2015). Relationship-intensive data can
also be collected to examine the ties among psychological variables. For example, Fried and
colleagues (2015) created a network model of responses to self-report depression inventories
(i.e., Likert-type data) to model bottom-up relationships among depression indicators.

Time-Relation Intensive Questions—Time-relation intensive processes describe both
within-and between-element changes over time. Research questions about time-relation
intensive processes focus on microgenetic correspondence among social partners, individual
and contextual elements, psychological constructs, or intergroup/organizational change over
time. Time-relation intensive questions may focus on how individuals and their social
partners reciprocally influence each other over time, how multiple psychological phenomena
vary together, how group membership change over time, or how individuals influence
change in group behavior, to name a few areas of inquiry.

For example, researchers have asked how individual and instructor factors continuously
interact to influence student learning and how changes in learning influence shifts in
interaction patterns (e.g., van Vondel, Steenbeek, van Dijk, & van Geert, 2016). Researchers
have also investigated how interaction dependencies form between teachers and students
during learning situations and asked questions about the cyclical nature of interactions and
how classroom learning characteristics emerge from discrete moment-to-moment
interactions (Pennings & Mainhardt, 2016; Turner, Christensen, Kackar-Cam, Trucano, &
Fulmer, 2014). Shin and Ryan (2014) focused on changes in peer networks to investigate the
relationships between social networks and academic outcomes, investigating how peer
selection and influence processes were related to student motivation, engagement, and
achievement over time. Kapur and colleagues (2008) identified participation inequality in
problem-solving situations as a group property that emerged from the quality of early
individual interactions.

Time-Relation Intensive Methods—Methods for collecting time-relation intensive data
range from surveys to observations, video recordings, and sensors. For example, using
observations of trials that examine child—caregiver interaction within varied contexts, Thelen
and Smith (2003) provided an elegant investigation of how children develop object
permanence. Pennings and Mainhard (2016) have conducted several studies of student—
teacher interactions, coding classroom video recordings according to a 2 x 2 interpersonal
framework. Similarly, Turner and colleagues (2014) operationalized student engagement as
an interpersonal classroom activity, using classroom observations and state space models to
identify instructional differences in patterns of classroom engagement. In another example,
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Stamovlasis (2016) framed his research on collaborative group functioning (interindividual
processes) from a CS perspective, identifying patterns and structure in verbal interactions
that give rise to behavioral outcomes at the macrolevel. He used discourse analysis to
produce coded categorical time series data (i.e., a letter string) that described the functioning
of collaborative groups (e.g., YN = expressing approval; N = expressing disagreement; D =
expressing doubt to yield a time string such as YYNNDYNYDDNNY).

EQUATION-BASED ANALYTIC TECHNIQUES

A range of analytic techniques can be used to investigate CS research questions and study
complex, dynamic, and emergent processes. In the quantitative realm, Parunak and
colleagues (1998) distinguished between equation-based modeling and agent-based
modeling for CS research. In agent-based modeling, the goal is to emulate the system by
programming components (or agents) that follow behavioral rules, thereby producing
emergent outcomes. In equation-based modeling, the goal is to evaluate a system using
observations that are entered into equations. Both are based on the notion that two kinds of
entities can be examined, individuals and observables, both with temporal resolution. For
example, CS researchers from distinguished research centers such as the Santa Fe Institute
and the New England Complex Systems Institute have made extensive use of computation-
modeling techniques such as agent-based modeling and cellular automata that emulate the
behavior of CS. Agent-based models have also been utilized in educational psychology
research (Abrahamson & Wilensky, 2005). From a qualitative perspective, social cultural
researchers often adhere to very similar epistemological assumptions as CS researchers and
utilize longitudinal, thick descriptions to explain how systems function and change over time
(e.g., Turner & Patrick, 2008). There are a variety of resources for those interested in these
types of CS analytic techniques. Davis and Sumara (2006) provided guidance for complexity
inquiry in education, laying the foundation for descriptive complexity research (i.e.,
providing clear description of CS phenomena such as self-organization) and pragmatic
complexity research (i.e., identifying the conditions of emergence). Shalizi (2006) provided
a thorough overview of CS science methods and techniques that have been widely utilized in
the natural sciences. Wilensky and Rand (2015) provided a useful instructional primer on
agent-based modeling techniques and applications that is friendly to social scientists.

Here we focus on nonlinear equation-based modeling techniques because they are perhaps
closest to the types of methods that educational psychologists are familiar with. In the
following sections, we provide an overview of three nonlinear equation-based techniques
that can offer novel insight into interaction-dominant educational systems: nonlinear time
series analysis, dynamic modeling, and network analysis. These three techniques may be
attractive to educational psychologists because they can be used with data sources and data
collection methods that are already widely utilized among researchers in the field. Each
subsection is aligned with a strategy depicted in Figure 3. Rather than give a highly technical
description, we provide a conceptual overview of the analytic techniques and related
examples to demonstrate how they can be used. Each subsection begins with a review of the
types of evidence that need to be collected to utilize a given technique. Then we provide
some discussion about the analytic techniques themselves and various resources that contain
in-depth technical description. We encourage readers to consider these methods and analytic
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techniques as viable for scholarship in educational psychology, either as primary analytic
methods or in conjunction with more traditional methods.

Analyzing a Single Element Using Nonlinear Time Series Analysis

Overview—Complex dynamic systems involve the push and pull of interacting elements,
many of which are unknowable, not directly observable, or infeasible to measure.
Accordingly, researchers may be interested in examining the dynamic behavior of a single
variable hypothesized to be at the center of a CS with the goal of making an inference about
the overall functioning of the system itself. Because relationships among components are
assumed to be interdependent, dynamic changes in a single critical variable contain
information about the entire system (Takens, 1981). In one approach, a single dynamic
signal (i.e., time series) can be analyzed using nonlinear time series analysis (Coco & Dale,
2014; Richardson et al., 2014; Riley & Van Orden, 2005). The goal is to use the dynamic
qualities of a single variable to allow for inferences about the whole system. The
characteristics of the signal can be used to reconstruct evidence of system functioning
without the need to operationalize or measure all system elements. The researcher can
identify contextual influences and constraints, or other critical values that produce complex,
dynamic, and emergent characteristics. One example that helps to illustrate is the human
heart (Lipsitz & Goldberger, 1992). The human heart produces complex dynamic signals
when the body is healthy but overly ordered (e.g., congestive heart failure) or overly chaotic
(e.g., atrial fibrillation) signals during pathology. It is at the center of a CS that is
unknowable, but analysis of its dynamic functioning allows for inferences about the system
as a whole.

Analytic Resources and Possibilities—Nonlinear time series analysis can be used to
analyze dynamic behavior of system critical variables. The state of a system critical variable
is measured at consecutive time intervals sensitive enough to produce a dynamic signal that
contains iterations of system behavior. Nonlinear time series analysis is used to analyze the
qualities of that signal to provide evidence that the variable is networked within an
interaction dominant system. The characteristics provide information about the amount of
regularity in the time series. Various research designs can be leveraged to produce insights
into how contextual perturbations or contexts influence system functioning as described by
the signals it produces. There are a variety of ways to approach nonlinear time series
analysis depending upon whether the data collected are continuous or categorical, or
numerical or textual.

Koopmans and Stamovlasis (2016) contained several useful applications, including
examples of how to integrate time series analysis with hypothesis testing and linear analysis,
and other examples such as the use of orbital decomposition (a technique for nominally
coded time series data). Riley and Van Orden (2005) wrote a helpful primer on the topic, and
time series analysis is common in engineering and the natural sciences (e.g., Gao et al.,
2007). The American Psychological Association also sponsors a helpful advanced training
for nonlinear methods conducted by the Center for Action and Perception (2016).
Recurrence Quantification Analysis, Categorical Recurrence Quantification Analysis,
Fractal Time Series Analysis, and Phase Space Reconstruction are common methods
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covered in the training (Center for Action and Perception, 2016). Further, Hamaker and
Wichers (2017) described an approach to time series analysis called dynamic multilevel
modeling, where a time series model at Level 1 describes the within-person process,
whereas between-person differences in the dynamic features are modeled at Level 2.

Analyzing Bounded Systems Using Network Analysis

Overview—Researchers may also be interested in defining the natural boundaries of a CS
and analyzing its underlying structure at a given moment. The underlying structure of a CS
is a network, and quantified networks contain the artifacts of dynamic, self-organizing
properties. Network analysis allows researchers to test multiple levels of analysis
simultaneously by examining the self-organizing processes of CS that may not be directly
observable (Lusher et al., 2012; Watts, 1999). These tests allow for the examination of both
micro- and macrolevel processes and artifacts of the evolution of structural changes within a
system. Social Network Analysis and related techniques based on graph theory (Barabasi &
Albert, 1999; Erdds & Rényi, 1959) such as Quadratic Assessment Procedures and
Exponential Random Graph Modeling (Goodreau, Handcock, Hunter, Butts, & Morris,
2008; Goodreau, Kitts, & Morris, 2009) are becoming more common in educational
research. In addition, other approaches such as Ecological Network Analysis (Borrett & Lau,
2014; Laua et al., 2015) and Mixed Graphical Models (Haslbeck & Waldorp, 2015) have
been developed to examine general systems applicable to networks that contain continuous,
count, and/or categorical data.

Analytic Resources and Possibilities—No matter the approach, all networks are
graphs composed of nodes and edges. In education research, nodes can be used to represent
variables such as people or psychological constructs, and the edges represent the presence of
a relationship or the exchange of energy or information. At its best, network analysis allows
researchers to simultaneously examine endogenous and exogenous effects within interaction
dominant contexts, or how system structures influence nodal attributes and vice versa.
Researchers typically examine ego networks (a focus on a single node and the immediate
relationships) or census networks (a focus on all possible relationships among nodes in a
given bounded context). Networks can be directed or undirected (i.e., whether the direction
of a tie is specified) or weighted or unweighted (i.e., whether the value of a tie is specified).
Network analysis can be broken down into four specific levels (Borgatti & Ofem, 2010;
Krackhardt, 1988; Scilliano, 2016). At Level of Analysis 0, the researcher is focused on the
whole network, such as its density or network centrality. At Level of Analysis 1, the
researcher is focused on the network nodes and their position within the network. At Level
of Analysis 2, the researcher is focused on dyadic relationships in the network. At Level of
Analysis 3, the researcher is focused on choice and influence and/or external perceptions of
the network. External perception may include accuracy of outsider’s mental models of the
network, or cognitive social structures (Krackhardt, 1987).

There are a multitude of instructional primers and resources for learning network analysis,
the extent of which go well beyond what can be explicated here. Sweet (2016) and Grunspan
et al. (2014) have written excellent primers on social network analysis within educational
contexts. And because R is perhaps the most popular software for conducting network
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analysis, many instructional materials for R packages, for example, Social Network Analysis
(Butts, 2016); Mixed Graphical Models (Haslbeck & Waldorp, 2015), Ecological Network
Analysis (Borrett & Lau, 2014), and network visualizations (Csardi & Nepusz, 2010), are
helpful for those interested in pursuing network analysis further.

Analyzing Several Elements Using Dynamic Modeling

Overview—Researchers may also be interested in the dynamic relationships among
multiple system critical variables, where changes in one variable may influence changes in
others, and vice versa. Researchers may be interested in describing relationships between the
current state of a system critical variable and how it is changing, or how a variable changes
in response to another variable, or how a variable changes in response to changes in other
variables. Using nonlinear dynamics (Abraham et al., 1990; Hollenstein, 2013; Richardson
et al., 2014; Strogatz, 1994), researchers can examine how multiple system critical variables
change together over time. There are two main types of dynamic systems equations:
differential equations (for modeling continuous time) and difference equations (for modeling
discrete time). The dynamic relationships among variables are described in terms of their
state space, or all the possible points or pairs of the values (i.e., vectors) for a given set of
time series observation. Time is represented in the phase space, or a plotting of the trajectory
created by the changing relationship between the two variables over time. Relationships that
emerge from the dynamic interaction describe emergent system behavior in macro. Inspired
by the foundational work of Waddington (1942), possible stable systems states are described
as attractors. A geometric approach to analysis of attractors allows researchers to understand
under what initial conditions, or intensity of perturbations, a system will remain stable or
phase transition into alternative attractor states.

Resources and Possibilities—Dynamical modeling (Abraham et al., 1990; Hollenstein,
2013) can be used to provide evidence for how multiple variables in a system change
together over time and form possible emergent attractor states. Similar to nonlinear time
series analysis, the state of system critical variables are measured at consecutive time
intervals (often within nested time scales) sensitive enough to produce dynamic signals that
capture iterations of system behavior. The result of the analysis is patterns that describe the
long-term behavior of a system. Dynamical systems models have been popular in
developmental psychology for some time (Thelen et al., 1994), which offers excellent
resources. Also, catastrophe theory has become increasingly popular among education and
psychological researchers (Chow, Witkiewitz, Grasman, & Maisoto, 2015; Sideridis &
Stamovlasis, 2016). Rooted in differential equations, catastrophe models can be used to
determine how continuous changes in system control parameters (independent variables) can
result in discontinuous changes, or sudden shifts between attractors states in outcome
variables such as how changes in motivational valence disrupt the self-regulation process
(Stamovlasis & Sideridis, 2014).

Furthermore, Hollenstein (2013) wrote a helpful primer on how to use state space analysis to
study the interaction of two people in settings for use with Gridware software (Lamey,
Hollenstein, Lewis, & Granic, 2004). Deboeck (2013) illustrated how derivatives can be
integrated into structural equation analysis to model continuous time. Abraham and
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colleagues (1990) provided what they call a “visual approach” to the study of dynamic
systems in psychology that is accessible to readers with a basic understanding of algebra.
Strogatz (1994) also wrote a very helpful primer on nonlinear dynamic systems in the
natural sciences that is accessible to those with a basic understanding of calculus. Work in
food webs that capitalizes on predator—prey models (e.g., Pimm, 2002) has also been helpful
to the authors for understanding how to expand the technique to educational contexts. There
are a variety of ways that researchers can approach nonlinear dynamical modeling to
examine educational systems. Educational psychologists who incorporate contextual factors
into their models of motivation, engagement, and cognition may be able to leverage
dynamical systems approaches to provide additional explanatory power to their models,
especially with regard to how context shapes the activation of concepts, epistemologies, or
other psychological states.

SOME FUNDAMENTAL TOPICS FOR CONSIDERATION

There are several topics that we see as foundational to the integration of CS research in
educational psychology that can be investigated using the methods just described. These
topics are specific to the principles of CS research and may be examined using mixed
methods in ways that include the integration of hypothesis testing, linear statistics, and
qualitative data with nonlinear techniques. They include (a) establishing context for levels of
analysis and multiple time scales of a system of interest, (b) examining the change in
complexity of educational systems, and (c) studying the decentralization and
(de)differentiation of learning and psychological processes. Each of these ideas builds on the
next and can be considered critical aspects of developing a CS research agenda or study.

Multiple Time Scales and Levels of Analysis

An important first step for CS researchers in educational psychology is to map the context
for levels of analysis and multiple times scales of systems of interest. A CS unfolds over
time and can span many levels of analysis. Taking time and context seriously involves the
integration of multiple levels of analysis and time scales that are useful or meaningful to the
researcher. Models should include a hierarchical conceptual mapping (e.g., persons, within
classrooms, within schools) and spacing of measurement points (e.g., moments, days,
weeks) to determine the conceptual and temporal resolution of interest for a given system.
Multilevel time scale maps are an important precursor to defining the context for levels of
interest, critical variables at each level, and time scales for measurement, allowing
researchers to develop studies that are more sensitive to change processes. They are central
to preserving the complexity of theory, generating sound research questions, and developing
research designs that lead to the collection of intensive data. They can also lead to a more
complete understanding and theorizing about the behavior and properties of a system and
how those might change over time in reaction to perturbations or interventions.

Change in Complexity and System Functioning

Another important goal for CS researchers in educational psychology is developing evidence
for the interaction dominant dynamics of systems of interest. A critical property of every CS
is its capability to self-organize the interactions among components to meet task demands
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(Vaillancourt & Newell, 2002). Evidence for self-organization can be demonstrated through
a balance of randomness and order in macrosystem behavior, or effective complexity. A
concept known as the Change in Complexity Hypothesis suggests that self-organizing
properties of a given system allow for adaptive assembly, or the stabilization and
dismantling of synergies between elements in a system. Adaptive assembly ensures efficient
informational exchanges within and between systems through interdependent regulation
processes. Increases in the amount of randomness or order in a system can be examined to
test changes in complexity and draw inferences about adaptive system functioning. It is not
clear at what level of measurement complexity and self-organization begin to emerge within
complex time series data and transitive network structures when examining motivation,
engagement, cognition, and learning. Establishing multilevel time scale maps and using
intensive data to examine change in complexity in educational systems through the analytic
techniques just described can lead to insights into the conditions and levels of analysis and
granularity of data collection at which evidence for adaptive assembly emerges. Testing
change in complexity hypotheses in educational systems can provide information about
contextually specific influences and constraints that lead to adaptive system functioning.
Examination of the ability of a system to resist and recover from perturbations, and what the
dynamic patterns of resistance and recovery are, can provide context specific information
about educational psychological theory and principles.

Decentralization and Differentiation in Theoretical Models

A final important goal is to examine how the strength, direction, and structure of systems
change over time and context to context. At the heart of effective complexity is an
interaction dominant structure. However, many educational psychological theories are rooted
in information-processing theory and make strong assumptions about the role of centrally
controlled processes (so-called common cause models). They are phenomenological in
nature, placing a premium on the serial, centralized way humans tend to experience reality,
as opposed to the decentralized, nested, self-organizing nature underlying experience (Ellis
& Newton, 2000). The role of variables in common cause models, and the strength and
structure of their relationships, is assumed to be static. Observed differences between
individuals are often modeled as latent variables. Learning theorists often position
knowledge and concepts as things or structures possessed by individuals, and many theories
of mativation, engagement, and cognition incorporate executive function or appraisal
processes as stable and central to system input and output. Yet much of the intra- and
interperson phenomena that educational psychologists study is, theoretically, interdependent
and interaction dominant, meaning the role, strength, and structure of relationships shifts and
changes to adapt to both context and internal changes within a system. Research that
examines contextually differentiated roles of system components, or how perturbations and
development leads to dedifferentiation (i.e., where consolidation of system components can
change system functioning) is rare. CS research that examines decentralization and
(de)differentiation may provide insight into such things as how it happens that a person
experiences a certain psychological state at a particular moment in a specific context but not
in others, or how individual history interacts with immediate context to prompt the
emergence of particular knowledge activation patterns.
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FINAL REMARKS

CS research can provide a powerful strategy for investigating core phenomena in educational
psychology, but deep consideration of ontological assumptions, theoretical and conceptual
models, research questions, data characteristics, and possible analyses is required, and key
challenges need to be considered, vetted, and adopted. Integrating CS research into
educational psychology may require more flexible thinking about research methods,
particularly with regard to significance testing, commensurate forms of data, and generally
what counts as sound evidence within empirical research. Researchers and reviewers need to
be open to new forms of evidence that describe context-specific patterns of interaction and
be mindful of how to integrate new methods and analytic techniques with existing theory
and method. This openness may begin with education and training in CS theory, methods,
and analytic techniques in graduate-level educational psychology and learning science
programs, as well as interdisciplinary research partnerships that transcend traditional
boundaries. If we acknowledge that many of the intra- and interperson core phenomena we
study in educational psychology have complex qualities that emerge from dynamic
interdependent relationships among a multiplicity of factors, then CS approaches to research
in educational psychology have much to offer. CS approaches can rise among existing
research by aligning educational psychology theory with interaction dominant models and
related methods and analytic techniques. In turn, these findings can be used to make
inferences about dynamic interactions that give rise to structure, stability, and change within
complex educational psychological systems, providing a more complete picture of learning
in context.

ACKNOWLEDGMENTS

We extend sincere gratitude to Dr. Kathryn Wentzel and the three anonymous referees who challenged our thinking
with their feedback and comments during the review process. The time and effort these referees dedicated to their
reviews is deeply appreciated.

FUNDING

This research was supported in part by grants from the National Science Foundation (Grant 1245081) and the
National Institute of General Medical Sciences (Grant P20GM109025).

REFERENCES

Abraham FD, Abraham RH, & Shaw CD (1990). A visual introduction to dynamical systems theory
for psychology. Santa Cruz, CA: Aerial Press.

Abrahamson D, & Wilensky U (2005, 6). Piaget? Vygotsky? I’'m game! Agent-based modeling for
psychology research Paper presented at the annual meeting of the Jean Piaget Society, Vancouver,
Canada.

Arrow H, McGrath JE, & Berdahl JL (2000). Small groups as complex systems: Formation,
coordination, development, and adaptation. Thousand Oaks, CA: Sage.

AuW, & Ferrare JJ (Eds.). (2015). Mapping corporate education reform: Power and policy networks in
the neoliberal state. New York, NY: Routledge.

Bandura A (1977). Self-efficacy: Toward a unifying theory of behavioral change. Psychological
Review, 84, 191-215. doi:10.1037/0033-295X.84.2.191 [PubMed: 847061]

Barabasi AL, & Albert R (1999). Emergence of scaling in random networks. Science (New York,
N.Y.), 286, 509-512. doi:10.1126/science.286.5439.509

Bar-Yam Y (2003). Dynamics of complex systems. New York, NY:Perseus.

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 21

Borgatti SP, & Ofem B (2010). Social network theory and analysis In Daly AJ (Ed.), Social network

theory and educational change (pp. 17-29). Cambridge, MA: Harvard Education Press.

Borrett SR, & Lau MK (2014). enaR: An R package for ecosystem network analysis. Methods in

Ecology and Evolution, 5, 1206-1213. doi:10.1111/2041-210X.12282

Bunge M (1997). Mechanism and explanation. Philosophy of the Social Sciences, 27, 410-465. doi:
10.1177/004839319702700402

Bunge M (2000). Systemism: The alternative to individualism and holism. The Journal of Socio-
Economics, 29, 147-157. doi:10.1016/S1053-5357(00)00058-5

Butts CT (2016). Package ‘sna’ (Version 2.4) [Program]. Retrieved from https://cran.r-project.org/web/
packages/sna/sna.pdf

Center for Action and Perception. (2016). Center for Cognition, Action & Perception, University of
Cincinnati. Retrieved from https://www.uc.edu/cap.html

Chinn CA, & Sherin BL (2014). Microgenetic methods In Sawyer KR (Ed.), The Cambridge handbook
of the learning sciences (2nd ed., pp. 171-190). New York, NY: Cambridge University Press. doi:
10.1017/CB09781139519526.012

Chow SM, Witkiewitz K, Grasman, R. PPP, & Maisto SA (2015). The cusp catastrophe model as
cross-sectional and longitudinal mixture structural equation models. Psychological Methods, 20,
142-164. doi:10.1037/a0038962 [PubMed: 25822209]

Coco MI, & Dale R (2014). Cross-recurrence quantification analysis of categorical and continuous
time series: An R package. arXiv pre-print arXiv:1310.0201. doi:10.3389/fpsyg.2014.00510
Connell JP, & Wellborn JG (1991). Competence, autonomy, and relatedness: A motivational analysis
of self-system processes In Gunnar MR & Sroufe LA (Eds.), Self processes in development:

Minnesota Symposium on Child Psychology (vol. 23, pp. 43-77). Hillsdale, NJ: Eribaum.

Connor CM, Spencer M, Day SL, Giuliani S, Ingebrand SW, McLean L, & Morrison FJ (2014).
Capturing the complexity: Content, type, and amount of instruction and quality of the classroom
learning environment synergistically predict third graders’ vocabulary and reading comprehension
outcomes. Journal of Educational Psychology, 106, 762—778. doi:10.1037/a0035921 [PubMed:
25400293]

Cooke NJ (2015). Team cognition as interaction. Current Directions in Psychological Science, 24,
415-419. doi:10.1177/0963721415602474

Cronbach LJ, & Meehl PE (1955). Construct validity in psychological tests. Psychological Bulletin,
52, 281-302. doi:10.1037/h0040957 [PubMed: 13245896]

Cronbach LJ, & Shapiro K (1982). Designing evaluations of educational and social programs. San
Francisco, CA: Jossey-Bass.

Crutchfield JP, & Young K (1989). Inferring statistical complexity. Physical Review Letters, 63, 105
Retrieved from https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.63.105 [PubMed:
10040781]

Csardi G, & Nepusz T (2010). igraph reference manual. Retrieved from http://igraph.sourceforge.net/
documentation.html

Davis B, & Sumara DJ (2006). Complexity and education: Inquiries into learning, teaching, and
research. Mahwah, NJ: Erlbaum. doi:10.1016/B978-0-12-407187-2.00002-2

Deboeck PR (2013). Dynamical systems and models of continuous time. The Oxford Handbook of
Quantitative Methods, 2, 411-431. doi:10.1093/oxfordhb/9780199934898.013.0019

Deci EL, & Ryan RM (2002). Handbook of self-determination research. Rochester, NY: University of
Rochester Press.

Deligniéres D, Fortes M, & Ninot G (2004). The fractal dynamics of self-esteem and physical self.
Nonlinear Dynamics, Psychology, and Life Sciences, 8, 479-510.

Dillenbourg P (1999). What do you mean by collaborative learning In Dillenbourg P (Ed.),
Collaborative learning: Cognitive and computational approaches (pp. 1-16). Bingley, UK:
Emerald.

Dou R, Brewe E, Zwolak JP, Potvin G, Williams EA, & Kramer LH (2016). Beyond performance
metics: Examining a decrease in students’ physics self-efficacy through a social networks lens.
Physical Review Physics Education Research, 12, 020124. doi:10.1103/PhysRevPhysEducRes.
12.020124

Educ Psychol. Author manuscript; available in PMC 2019 August 20.


https://cran.r-project.org/web/packages/sna/sna.pdf
https://cran.r-project.org/web/packages/sna/sna.pdf
https://www.uc.edu/cap.html
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.63.105
http://igraph.sourceforge.net/documentation.html
http://igraph.sourceforge.net/documentation.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 22

Ellis RD, & (2000). Newton N (Eds.). The cauldron of consciousness: Motivation, affect and self-
organization—An anthology. Amsterdam, The Netherlands: John Benjamins. doi:10.1075/aicr.16

Erdos P, & Rényi A (1959). On random graphs, I. Publicationes Mathematicae (Debrecen), 6, 290—
297.

Finn JD, & Zimmer KS (2012). Student engagement: What is it? Why does it matter? In Christenson
SL, Reschly AL, & Wylie C (Eds.), Handbook of research on student engagement (pp. 97-131).
New York, NY: Springer.

Fisher RA (1925). Theory of statistical estimation. Mathematical Proceedings of the Cambridge
Philosophical Society, 22, 700-725. doi:10.1017/S0305004100009580

Fodor JA (1974). Special sciences (or: The disunity of science as a working hypothesis). Synthese, 28,
97-115. doi:10.1007/BF00485230

Ford ME (1992). Motivating humans: Goals, emotions, and personal agency beliefs. Newbury Park,
CA: Sage. doi:10.4135/9781483325361

Fried El, Bockting C, Arjadi R, Borsboom D, Amshoff M, Cramer AQJ, ... Stroebe M (2015). From
loss to loneliness: The relationship between bereavement and depressive symptoms. Journal of
Abnormal Psychology, 124, 256-265. doi:10.1037/abn0000028 [PubMed: 25730514]

Gao J, Cao Y, Tung WW, & Hu J (2007). Multiscale analysis of complex time series: Integration of
chaos and random fractal theory, and beyond. Hoboken, NJ: Wiley. doi:10.1002/9780470191651

Garner JK, & Russell DM (2016). The symbolic dynamics of visual attention during learning:
Exploring the application of orbital decomposition In Koopmans M & Stamovlasis D (Eds.),
Complex dynamical systems in education (pp. 345-378). Cham, Switzerland: Springer.

Gell-Mann M, & Lloyd S (1996). Information measures, effective complexity, and total information.
Complexity. 2, 44-52. doi:10.1002/(S1CI1)1099-0526(199609/10)2:1<44::AlD-
CPLX10%-3E3.0.C0O;2-X

Goodreau SM, Handcock MS, Hunter DR, Butts CT, & Morris M (2008). A statnet tutorial. Journal of
Statistical Software, 24, 1 [PubMed: 18612375]

Goodreau SM, Kitts JA, & Morris M (2009). Birds of a feather, or friend of a friend? Using
exponential random graph models to investigate adolescent social networks. Demography, 46(1),
103-125. doi:10.1353/dem.0.0045 [PubMed: 19348111]

Greene JA, Sandoval WA, & Braten | (Eds.). (2016). Handbook of epistemic cognition. New York, NY:
Routledge.

Grunspan DZ, Eddy SL, Brownell SE, Wiggins BL, Crowe AJ, & Goodreau SM (2016). Males under-
estimate academic performance of their peers in undergraduate biology classrooms. PLoS One, 11,
€0148405. doi:10.1371/journal.pone.0148405. [PubMed: 26863320]

Grunspan DZ, Wiggins BL, & Goodreau SM (2014). Understanding classrooms through social
network analysis: A primer for social network analysis in education research. CBE—L.ife Sciences
Education, 13, 167-178. doi:10.1187/cbe.13-08-0162 [PubMed: 26086650]

Guba EG, & Lincoln YS (1994). Competing paradigms in qualitative research In Denzin NK &
Lincoln Y'S (Eds.), Handbook of qualitative research (pp. 105-117). Thousand Oaks, CA: Sage.

Hamaker EL, & Wichers M (2017). No time like the present: Discovering the hidden dynamics.
Current Directions in Psychological Science, 26, 10-15. d0i:10.1177/0963721416666518

Haslbeck J, & Waldorp LJ (2015). Structure estimation for mixed graphical models in high-
dimensional data. arXiv preprint arXiv:1510.05677.

Hedstrom P, & Swedberg R (1998). Social mechanisms: An analytical approach to social theory. New
York, NY: Cambridge University Press.

Hempel CG (1965). Aspects of scientific explanation and other essays in the philosophy of science.
New York, NY: Free Press.

Holden JG, Van Orden GC, & Turvey MT (2009). Dispersion of response times reveals cognitive
dynamics. Psychological Review, 116, 318-342. doi:10.1037/a0014849 [PubMed: 19348544]

Holland JH (2006). Studying Complex Adaptive Systems. Journal of Systems Science and Complexity,
19, 1-8. doi:10.1007/s11424-006-0001-z

Hollenstein T (2013). State space grids: Depicting dynamics across development. New York, NY:
Springer.

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 23

Husman J, Hilpert J, & Brem S (2016). Future time perspective connectedness to a career: The
contextual effects of classroom knowledge building. Psychologica Belgica, 56, 210-225. doi:
10.5334/ph.282 [PubMed: 30479437]

Jacobson MJ, Kapur M, & Reimann P (2014). Towards a complex systems meta-theory of learning as
an emergent phenomenon: Beyond the cognitive versus situative debate In Polman JL, Kyza
EA,O’Neill DK, Tabak I, Penuel WR, Jurow AS, ... D’Amico L (Eds.), Proceedings of the
International Conference of the Learning Sciences (ICLS) 2014 (Part 1, pp. 362—369). Boulder,
CO: International Society of the Learning Sciences.

Jacobson MJ, Kapur M, & Reimann P (2016). Conceptualizing debates in learning and educational
research: Toward a complex systems conceptual framework of learning. Educational Psychologist,
51, 210-218. doi:10.1080/00461520.2016.1166963

Jarvenoja H, Jarveld S, & Malmberg J (2015). Understanding regulated learning in situative and
contextual frameworks. Educational Psychologist, 50, 204-219. doi:
10.1080/00461520.2015.1075400

Kaplan A, & Garner J (2017). A complex dynamic systems perspective on identity and its
development: The dynamic systems model of role identity. Developmental Psychology, 53, 2036—
2051. doi:10.1037/dev0000339 [PubMed: 29094968]

Kaplan A, Katz I, & Flum H (2012). Motivation theory in educational practice: Knowledge claims,
challenges, and future directions. APA Educational Psychology Handbook, 2, 165-194. doi:
10.1037/13274-007

Kapur M, Voiklis J, & Kinzer CK (2008). Sensitivities to early exchange in synchronous computer-
supported collaborative learning (CSCL) groups. Computers & Education, 51, 54-66. doi:10.1016/
j.compedu.2007.04.007

Kauffman S (1995). At home in the universe: The search for laws of self-organization and complexity.
New York, NY: Oxford University Press.

Koopmans M (2015). When time makes a difference: Addressing ergodicity and complexity in
education. Complicity, 12, 5.

Koopmans M, & Stamovlasis D (Eds.). (2016). Complex dynamical systems in education: Concepts,
methods and applications. Cham, Switzerland: Springer.

Krackhardt D (1987). Cognitive social structures. Social Networks, 9, 109-134. doi:
10.1016/0378-8733(87)90009-8

Krackhardt D (1988). Predicting with networks: Nonparametric multiple regression analysis of dyadic
data. Social Networks, 10, 359-381. d0i:10.1016/0378-8733(88)90004-4

Lamey A, Hollenstein T, Lewis MD, & Granic | (2004). GridWare (Version 1.1). [Computer software].
Retrieved from http://statespace-grids.Org

Laua MK, Borretth SR, & Singhb P (2015). Ecosystem network analysis with R: A guide for using
enaR. Retrieved from /cran.r-project.org

Lawson MA, & Lawson HA (2013). New conceptual frameworks for student engagement research,
policy, and practice. Review of Educational Research, 83, 432—-479. doi:
10.3102/0034654313480891

Lincoln YS, Guba EG, & Pilotta JJ (1985). Naturalistic inquiry. International Journal of Intercultural
Relations, 9, 438-439. doi:10.1016/0147-1767(85)90062-8

Linnenbrink-Garcia L, Rogat TK, & Koskey KL (2011). Affect and engagement during small group
instruction. Contemporary Educational Psychology, 36, 13-24. doi:10.1016/j.cedpsych.
2010.09.001

Lipsitz LA, & Goldberger AL (1992). Loss of ‘complexity’ and aging: Potential applications of
fractals and chaos theory to senescence. JAMA, 267, 1806-1809. doi:10.1001/jama.267.13.1806
[PubMed: 1482430]

Lloyd S (2001). Measures of complexity: A nonexhaustive list. IEEE Control Systems Magazine, 21,
7-8. doi:10.1109/MCS.2001.939938

Lusher D, Koskinen J, & Robins G (Eds.). (2012) Exponential random graph models for social
networks: Theory, methods, and applications. Cambridge, UK: Cambridge University Press. doi:
10.1017/CB09780511894701

Educ Psychol. Author manuscript; available in PMC 2019 August 20.


http://statespace-grids.Org
http:///cran.r-project.org

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 24

Marchand G, & Skinner EA (2007). Motivational dynamics of children’s academic help-seeking and
concealment. Journal of Educational Psychology, 99, 65-82. doi:10.1037/0022-0663.99.1.65
Martin AJ, Papworth B, Ginns P, Malmberg LE, Collie RJ, & Calvo RA (2015). Real-time motivation
and engagement during a month at school: Every moment of every day for every student matters.

Learning and Individual Differences, 38, 26-35.

Mitchell M (2009). Complexity: A guided tour. Oxford, UK: Oxford University Press.

Nakamura J, & Csikszentmihalyi M (2002). The concept of flow In Snyder CR & Lopez SJ, (Eds.),
Oxford handbook of positive psychology (pp. 89-105). New York, NY: University Press.

Newton N (2000). Conscious emotion in a dynamic system: How | can know how | feel In Ellis RD &
Newton N (Eds.), The caldron of consciousness: Motivation, affect, and self organization (pp. 91—
105). Amsterdam, The Netherlands: John Benjamins. doi:10.1075/aicr.16.07new

Parunak HVD, Savit R, & Riolo RL (1998). Agent-based modeling vs equation-based modeling: A
case study and users’ guide. Lecture Notes in Computer Science, 1534, 10-25. doi:
10.1007/10692956_2

Patton W, & McMahon M (2014). Career development and systems theory: Connecting theory and
practice. Rotterdam, The Netherlands: Sense.

Pekrun R, & Perry RP (2014). Control-value theory of achievement emotions In Pekrun R &
Linnenbrink-Garcia L (Eds.), International handbook of emotions in education (pp. 120-141).
New York, NY: Routledge.

Pennings HJ, & Mainhard T (2016). Analyzing teacher—student interactions with state space grids In
Koopmans M & Stamovlasis D (Eds.), Complex dynamical systems in education: Concepts,
methods and applications (pp. 233-271). Cham, Switzerland: Springer.

Peter Op’t, Eynde., & Turner JE (2006). Focusing on the complexity of emotion issues in academic
learning: A dynamical component systems approach. Educational Psychology Review, 18, 361—
376. doi:10.1007/s10648-006-9031-2

Pimm SL (2002). Food webs. Chicago, IL: University of ChicagoPress.

Pintrich PR (2003). A motivational science perspective on the role of student motivation in learning
and teaching contexts. Journal of Educational Psychology, 95, 667-686. doi:
10.1037/0022-0663.95.4.667

Popper K (1973). Objective knowledge. New York, NY: Oxford University Press.

Renninger KA, & Hidi S (2016). The power of interest for motivation and engagement. New York,
NY: Routledge.

Richardson MJ, Dale R, & Marsh KL (2014). Complex dynamical systems in social and personality
psychology In Reis HR & Judd CM (Eds.), Handbook of research methods in social and
personality psychology (pp. 253-282). New York, NY: Cambridge University Press.

Riley MA, & Van Orden GC (2005). Tutorials in contemporary nonlinear methods for the behavioral
sciences. Retrieved from http://www.nsf.gov/she/bcs/pac/nmbs/nmbs.jsp

Sawyer RK (2004). The mechanisms of emergence. Philosophy of the Social Sciences, 34, 260-282.
doi:10.1177/0048393103262553

Scardamalia M, & Bereiter C (2006). Knowledge building: Theory, pedagogy, and technology In
Sawyer RK (Ed.), Cambridge handbook of the learning sciences (pp. 97-118). New York, NY:
Cambridge University Press.

Shalizi CR (2006). Methods and techniques of complex systems science: An overview In Deisboeck
TS & Kresh JY (Eds.), Complex systems in biomedicine (pp. 33-114). Boston, MA: Springer.

Sheldon KM, Cheng C, & Hilpert J (2011). Understanding well-being and optimal functioning:
Applying the multilevel personality in context (MPIC) model. Psychological Inquiry, 22, 1-16.

Shernoff DJ, Kelly S, Tonks SM, Anderson B, Cavanagh RF, Sinha S, & Abdi B (2016). Student
engagement as a function of environmental complexity in high school classrooms. Learning and
Instruction, 43, 52-60. doi:10.1016/j.learninstruc.2015.12.003

Shin H, & Ryan AM (2014). Early adolescent friendships and academic adjustment: Examining
selection and influence processes with longitudinal social network analysis. Developmental
Psychology, 50, 2462—-2472. doi:10.1037/a0037922 [PubMed: 25221841]

Educ Psychol. Author manuscript; available in PMC 2019 August 20.


http://www.nsf.gov/sbe/bcs/pac/nmbs/nmbs.jsp

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 25

Siciliano MD (2016). It’s the quality not the quantity of ties that matters: social networks and self-
efficacy beliefs. American Educational Research Journal, 53, 227-262. doi:
10.3102/0002831216629207

Sideridis G & Stamovlasis D (2016). A catastrophe model for motivation and emotions: Highlighting
the synergistic role of performance-approach and performance-avoidance goal orientations In
Koopmans M & Stamovlasis D (Eds.), Complex dynamical systems in education (pp. 379-394).
Cham, Switzerland: Springer. doi:10.1007/978-3-319-27577-2_17

Siegler RS (2007). Microgenetic analyses of learning In Damon W &L erner RM (Series Eds.), Kuhn D
& Siegler RS (Vol. Eds.), Handbook of child psychology: Volume 2: Cognition, perception, and
language (6th ed., pp. 464-510). Hoboken, NJ: Wiley.

Simon HA (1962). The architecture of complexity. Proceedings of the American Philosophical Society,
106, 467-482. Retrieved from http://www.jstor.org/stable/985254

Skinner E, Furrer C, Marchand G, & Kindermann T (2008). Engagement and disaffection in the
classroom: Part of a larger motivational dynamic? Journal of Educational Psychology, 100, 765—
781. doi:10.1037/a0012840

Skinner EA (2016). Engagement and disaffection as central to processes of motivational resilience
development In Wentzel K & Miele D (Eds.), Handbook of motivation at school (2nd ed., pp.
145-168). Malwah, NJ: Erlbaum.

Sloane FC, & Gorard S (2003). Exploring modeling aspects of design experiments. Educational
Researcher, 32, 29-31. doi:10.3102/0013189X032001029

Sloane FC, & Wilkins JLW (2017). Aligning statistical modeling with theories of learning in
mathematics education research In Cai J (Ed.), Compendium for research in mathematics
education (pp. 183-207). Reston, VVA: The National Council for the Teachers of Mathematics.

Stahl G, Koschmann T, & Suthers D (2006). Computer-supported collaborative learning: An historical
perspective. Cambridge Handbook of the Learning Sciences, 2006, 409-426. doi:10.1017/
CB09780511816833.025

Stamovlasis D (2016). Nonlinear dynamical interaction patterns in collaborative groups: Discourse
analysis with orbital decomposition In Koopmans M & Stamovlasis D (Eds.), Complex
dynamical systems in education (pp. 273-297). Cham, Switzerland: Springer.

Stamovlasis D, & Sideridis GD (2014). Ought-approach versus ought-avoidance: Nonlinear effects on
arousal under achievement situations. Nonlinear Dynamics, Psychology, and Life Sciences, 18,
67-90.

Strogatz SH (1994). Nonlinear systems and chaos. Reading, MA:Perseus.

Strogatz SH (2001). Exploring complex networks. Nature, 410, 268-276. doi:10.1038/35065725
[PubMed: 11258382]

Sweet TM (2016). Social Network Methods for the Educational and Psychological Sciences.
Educational Psychologist, 51, 381-394. doi:10.1080/00461520.2016.1208093

Takens F (1981). Detecting strange attractors in turbulence. Lecture Notes in Mathematics, 898, 366—
381. doi:10.1007/BFb0091924

Thelen E, & Smith LB (2003). Development as a dynamic system. Trends Cogn. Sci. (Regul. Ed.), 7,
343-348. doi:10.1016/S1364-6613(03)00156-6 [PubMed: 12907229]

Thelen E, Smith LB, Karmiloff-Smith A, & Johnson MH (1994). A dynamic systems approach to the
development of cognition and action. Nature, 372, 53-53.

Turner JC, Christensen A, Kackar-Cam HZ, Trucano M, & Fulmer SM (2014). Enhancing students’
engagement: Report of a 3-year intervention with middle school teachers. American Educational
Research Journal, 51, 1195-1226. doi:10.3102/0002831214532515

Turner J, & Patrick H (2008). How does motivation develop and why does it change? Reframing
motivation research. Educational Psychologist, 43, 119-131. doi:10.1080/00461520802178441

Vaillancourt DE, & Newell KM (2002). Changing complexity in human behavior and physiology
through aging and disease. Neurobiology of Aging, 23, 1-11. doi:10.1016/
S0197-4580(01)00247-0 [PubMed: 11755010]

Valsiner J (2008). Open intransitivity cycles in development and education: Pathways to synthesis.
European Journal of Psychology of Education, 23, 131. doi:10.1007/BF03172741

Educ Psychol. Author manuscript; available in PMC 2019 August 20.


http://www.jstor.org/stable/985254

1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hilpert and Marchand

Page 26

van Vondel S, Steenbeek H, van Dijk M, & van Geert P (2016). “Looking at” educational
interventions: Surplus value of a complex dynamic systems approach to study the effectiveness of
a science and technology educational intervention In Koopmans M & Stamovlasis D (Eds.),
Complex dynamical systems in education (pp. 203-232). Cham, Switzerland: Springer. doi:
10.1007/978-3-319-27577-2_11

Villanueva I, Raikes A, Ruben N, Schaefer S, & G€unther J (2014). The use of physiological tools to
identify changes in affective responses for graduate students recently admitted into a scientific
discipline In 2014 IEEE Frontiers in Education conference proceedings, 1-5. Piscataway, NJ:
IEEE. doi:10.1109/FIE.2014.7044316

Villanueva I, Valladares M, & Goodridge W (2016). Use of galvanic skin responses, salivary
biomarkers, and self-reports to assess undergraduate student performance during a laboratory
exam activity. Journal of Visualized Experiments, 108, €53255. doi:10.3791/53255

Waddington CH (1942). Canalization of development and the inheritance of acquired characters.
Nature, 150, 563-565. doi:10.1038/150563a0

Wan PYZ (2011). Reframing the social: Emergentist systemism and social theory. Surrey, UK:
Ashgate.

Watts DJ (1999). Small worlds: The dynamics of networks between order and randomness. Princeton,
NJ: Princeton University Press.

Wilensky U, & Rand W (2015). An introduction to agent-based modeling: Modeling natural, social,
and engineered complex systems with NetLogo. Cambridge, MA: MIT Press.

Witherington DC (2015). Dynamic systems in developmental science In Overton WF & Molenaar
PCM (Vol. Eds.), & Lerner RM (Ed.), Handbook of child psychology and developmental science.
\ol. I: Theory and method (7th ed., pp. 63-112). Hoboken, NJ: Wiley.

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Hilpert and Marchand Page 27

Complex System © Macrolevel

Behavior

Emergence
eSS
E ; i

Dynamic, &/// /

Interdependent Microlevel
Interactions
sfi=l= G
Vs. s -
== ¢ b =
EEN
FIGURE 1.

Graphical representation of an interaction dominant model and comparison to a component
dominant model. Note. The upper portion of the figure contains a graphical representation of
an interaction dominant system. The network represents a softly assembled system. The gray
oval at the top represents an ontologically distinct, macrolevel of analysis that emerges from
the interaction of microsystem components. The lower portion of the figure contains a
comparison of a generic component dominant system (left side) to an interaction dominant
system (right side). The figure is meant to provide a gestalt for understanding the difference
between the two types of models.
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FIGURE 2.
Effective complexity in networks and dynamic time series data. Note. Center network graph

shows aggregate collaborative relationships (edges) among students (nodes) during a 90-min
class period (data gathered for an unpublished pilot study). Left and right network graphs are
perfectly ordered (i.e., a lattice) and perfectly random (i.e., Bernoulli process) simulations of
the observed data calculated using the Social Network Analysis package in R. Graph layout
was produced using a forced atlas algorithm. The dynamic signal was simulated to illustrate
the random, complex, and ordered types of fluctuations in the degree distribution (i.e.,
number of collaborative partners) of a single node in the network over time ranging from
ordered to chaotic. The time scale for the time series is arbitrary and frequency reflects a z-
transformation of possible degrees from the observed graph distribution. The network in the
center of the figure and the middle portion of the time series illustrate the balance between
randomness and order described in the principle of effective complexity.

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Hilpert and Marchand

Time

Page 29

Macrolevel

Emergence

Single system element:

Data: a single times series
measure of an element taken
from the system center.

Analysis: Nonlinear Time

Bounded system elements:

Data: relational network
data taken from a bounded
system.

Analysis: Network Analysis

Several system elements:

Data: several time series
measures taken from critical
elements of the system.

Analysis: Dynamic Modeling

Series Analysis

WM

Wom W W W m W

FIGURE 3.
Characteristics of complex systems that guide analytic choices about analysis. Note. The

figure demonstrates three strategies for observing and analyzing complex systems: taking a
single observation from the center of the system, taking several measures from a system, or
arbitrarily bounding an entire system. Network and time series graphs (bottom left and
center) were generated as described in Figure 2. The attractor state (portrayed in the bottom
right of the figure) is a strange attractor simulated in MATLAB using a GUI provided by the
Center for Action and Perception (Center for Action and Perception, 2016).

Educ Psychol. Author manuscript; available in PMC 2019 August 20.



	Abstract
	DEFINING CS FOR EDUCATIONAL PSYCHOLOGY
	CS AND THEORY IN EDUCATIONAL PSYCHOLOGY
	A Complex Dynamic and Emergent Ontology
	Complexity
	Dynamics
	Emergence

	Implications for Research

	CS RESEARCH DESIGN
	Research Questions and Methods
	Time-Intensive Questions
	Time-Intensive Methods
	Relation-Intensive Questions
	Relation-Intensive Methods
	Time-Relation Intensive Questions
	Time-Relation Intensive Methods


	EQUATION-BASED ANALYTIC TECHNIQUES
	Analyzing a Single Element Using Nonlinear Time Series Analysis
	Overview
	Analytic Resources and Possibilities

	Analyzing Bounded Systems Using Network Analysis
	Overview
	Analytic Resources and Possibilities

	Analyzing Several Elements Using Dynamic Modeling
	Overview
	Resources and Possibilities


	SOME FUNDAMENTAL TOPICS FOR CONSIDERATION
	Multiple Time Scales and Levels of Analysis
	Change in Complexity and System Functioning
	Decentralization and Differentiation in Theoretical Models

	FINAL REMARKS
	References
	FIGURE 1
	FIGURE 2
	FIGURE 3

