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Complex Systems View
of Educational Policy Research

Agent-based modeling and network analysis
can help integrate knowledge on “micro-level”
mechanisms and “macro-level” effects.

E

ducation researchers have struggled
for decades with questions such as
“why are troubled schools so difﬁcult
to improve?” or “why is the achievement gap
so hard to close?” We argue here that conceptualizing schools and districts as complex adaptive systems, composed of many
networked parts that give rise to emergent
patterns through their interactions (1), holds
promise for understanding such important
problems. Although there has been considerable research on the use of complex systems ideas and methods to help students
learn science content (2), only recently have
researchers begun to apply these tools to
issues of educational policy.
We roughly categorize existing education research into two categories, “mechanism based” and “effects based.” Mechanism-based studies include ethnographies,
case studies, and laboratory experiments that
focus on understanding individuals and their
interactions inside schools. Such work has
provided insight into the motivation and cognition of students, teachers, and school leaders, as well as how social phenomena unfold
inside schools (3, 4). Effects-based research
treats factors contributing to academic performance of schools as inputs that work
together to yield a particular level of student
achievement (5). By analyzing variation in
quantitative observational data on inputs and
outcomes (6), or through the execution of
ﬁeld experiments (7), effects-based research
has increased our understanding of the relative importance of factors such as teacherpupil ratio, family background, and teacher
quality and has established effects (or lack
thereof) of speciﬁc interventions designed to
improve achievement.
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ABM of school choice in Chicago. Students,
represented by small dots, are shown in their
census block. Dark red indicates high-poverty
locations; dark green, low. Each circle represents a school. Color reﬂects the expected
academic performance of students attending
the school, given the experimental conditions
of the model. Light blue indicates high mean
achievement; dark blue, low. Circle size is proportional to expected enrollment. For more
information, see the text and (32).

What Works, How It Works

Despite of such successes, and as evidenced
by the call for more “mixed-methods”
designs (8), a key challenge facing education
research is to integrate insights about “microlevel” processes with evidence about aggregate, “macro-level” outcomes that emerge
from those processes. For example, suppose
we have results of a well-executed experiment using a nationally representative sample of schools that indicates students in small
classes perform better than those in large
ones. Although it is tremendously helpful
to know that, on average, students in small
classes do better, this alone is not enough to
fully understand what changes policy-makers
and school leaders should implement.
One reason for this is the issue of heterogeneous treatment effects (9). If small class
size mattered under certain conditions but not
others, school leaders would need to understand what happened differently in some
small classrooms that led to better student
outcomes. Both mechanism- and effectsbased research may be helpful here, examining differing contexts and how programs
are implemented. But we still face the challenge of aligning micro-level accounts with
aggregate data. This is all the more difﬁcult
when considering inherent impediments to
understanding complex systems: Effects are
disproportional to cause; cause and effect are

separated in time and space; and properties of the macro-level system may
be confused with properties of constituent, micro-level elements (e.g., attributing intelligence to individual ants
when observing an entire ant colony
intelligently gathering food) (10).
Additionally, we need to consider
what are often referred to as “general
equilibrium effects,” i.e., the systemic implications of class-size reductions enacted at a
large scale (11). For example, partly on the
basis of results of a randomized ﬁeld experiment in Tennessee, California mandated
statewide class-size reductions. However,
many school districts had to hire teachers
with limited training and credentials because
the supply of qualiﬁed teachers was too small
to handle the sudden increase in demand (12).
If identiﬁed a priori, we can try to account for
such effects using econometric models estimated from observational data (13). Although
such models can often help characterize particular equilibrium states of educational systems at a larger scale, we are still interested
in an additional, policy-relevant step: how to
best move the system from one equilibrium
state to another. Regardless of how well we
account for heterogeneous treatment and
general equilibrium effects, complex systems
methods can help bridge these aggregate outcomes to underlying mechanisms at work in
the system, as well as discover new and unanticipated systemic consequences.
Bridging the Gap

Applying a complex systems perspective to
education research parallels the recent use of
complex systems methods to model the spread
of epidemics (14). Traditionally, one relied on
(i) detailed case studies that traced social con-
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reform. Empirical research on programs that
give households more choice is inconclusive,
with methodological concerns arising for both
observational and experimental studies (28).
Computation has enabled work addressing the
systemic effects, and related policy implications, of programs. For example, economists
have used computational general equilibrium
(CGE) simulations to identify features likely
to minimize “cream-skimming” of top students by private schools in systems where
government-issued vouchers are used to pay
for private schooling (29).
ABM can extend such research by addressing questions pertaining to the paths between
equilibrium points, such as whether a transition to choice might make a system worse
before it gets better and for how long and for
whom it is worse. Moreover, ABM enables
investigation of a broader range of agentlevel behaviors, including rules for students
and schools that more directly correspond to
behaviors observed from mechanism-based
studies and agent-level data (30, 31). We have
used student- and school-level data from Chicago Public Schools to initialize an ABM that
allows households to choose among all public
schools in a district (see the ﬁgure). In one set
of computational experiments, we allowed for
schools with a greater “value-added” (ability
to increase student test scores) to enter the
district and varied the manner in which students ranked schools. When students valued a
school’s previous test scores much more than
its geographic proximity, it became more difﬁcult for new schools of higher, but initially
unknown, value-added to survive. Consequently, a micro-level rule that one might
surmise should aid district improvement
(placing a relatively high value on school
achievement) can also limit district-level performance in certain conditions (32). Future
models could be used more directly to design
school choice programs. For instance, by calibrating the model with more detailed information about the distribution of household
decision-making rules, one could identify
locations for new schools that would most
increase district-level achievement.
By providing tools to characterize and
quantify relationships between individuals and to investigate how individual actions
aggregate into macro-level outcomes, a complex systems approach can help integrate
insights from different types of research and
better inform educational policy. Education
research must establish not only what works
but also how and why it works.
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tacts of a few infected individuals to identify
the origin of an outbreak and elucidate infection mechanisms (15), or (ii) theoretical studies assuming large “perfectly mixed” populations where differences in infection mechanisms were simpliﬁed to aggregate measures
of susceptibility and infectiousness (16).
More recent work utilizing agent-based modeling (ABM), which allows modelers to “run”
scenarios involving interconnected agents
over discrete time steps to discover the emergence of macro-level properties, has helped
link theoretical and case studies. Researchers now understand epidemics as macro-level
outcomes that depend on relational, microlevel properties of the system, such as the
structure of the contact network (17) and the
reactions of agents to changing conditions
(18). Such work has aided the development
of antiviral drug distribution and quarantine
strategies (19).
Although operationalizing rules governing individual behavior in educational systems may be more difﬁcult than specifying
micro-level rules of disease transmission,
techniques for studying complex systems can
complement more traditional approaches to
education research in at least two ways. The
ﬁrst way is through visualization techniques,
measures, and algorithms that facilitate network characterizations of social context.
Although network characterizations are not
new in social science (20–22), recent advances
are particularly useful for education research.
New tools for visualization of longitudinal
network data enable researchers to connect
ﬁne-grained observations of classroom interactions, such as the content of student conversations, to emergent outcomes such as classroom discipline (23). Algorithms and measures developed to identify “communities”
in networks (24) can identify boundaries of
potentially inﬂuential social groups as they
emerge from interactions driven by the local
school context (as opposed to a priori categorizations of students into groups of “scholars,” “athletes,” etc.). Such techniques can be
applied to widespread, existing data, enabling
large cross-context analysis. For instance, one
study used a network clustering algorithm to
identify adolescent peer groups from class
schedules and showed in a national sample of
U.S. high schools that girls are more sensitive
to social inﬂuence with respect to enrollment
in mathematics courses (25).
The second way complex systems methods complement existing research is through
the use of ABM, providing insights into how
individual and group-level behaviors relate to
systemwide phenomena (10, 26). To illustrate
the potential of ABM, consider school choice
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