COMMENTARY

Integrating Complex Systems Thinking into
Epidemiologic Research

Ashley I. Naimi

The less a science is advanced, the more its terminology rests on an uncritical assump-
tion of mutual understanding. —Quine'

omplex systems science is a new field that continues to garner prominence. Argu-
ments for a more widespread adoption of systems science in epidemiology are increas-
ing. These arguments are typically framed in specific ways. First, claims are made that
well-established methods in epidemiology are limited, and that these limitations justify the
adoption of complex systems methods. Second, complex systems methods have been con-
trasted with newer (so-called causal inference) approaches, and important differences have
been claimed to exist between them. Third, the conduct of complex systems science is often
presented as requiring little more than the adoption of a particular set of analytic tools.
This commentary will try to cast these claims under a critical light. Its purpose will be to
show that many of them do not stand up to closer scrutiny. With the first two arguments, I will
suggest that claims supporting the use of complex systems methods are uncompelling and sub-
ject to important fallacies. Assertions about the limitations of traditional epidemiologic methods
are often vague, or based on straw-man arguments. Furthermore, claims about the role of cer-
tain assumptions required for complex systems methods have led to an informal fallacy known
as an “irrelevant conclusion,” where the arguments fail to address the issue in question. Finally,
I will propose that complex systems science has little to do with a particular set of methods,
but consists of an approach to framing questions about population health that necessitates the
convergence of several disparate scientific areas. The central thesis of this commentary is that
integrating “systems thinking” into epidemiologic research is of central importance, and will
require a more rigorous treatment of the relations between these two fields.

COMPLEX SYSTEMS SCIENCE & POPULATION HEALTH RESEARCH
Precisely defining what constitutes a complex system is itself a complex matter.? However,
a complex system can be described as one whose properties are not fully explained by an
understanding of its component parts.’ The degree of complexity in a system can loosely be
defined as the amount of information needed to describe it, where information is character-
ized as a function of the number of possible states in which a given system may exist.*® !
Complex systems science can be defined as the study of the properties of and the relations
between units of a complex system, and the study of the relations between units and their
environments that give rise to collective or emergent features of that system.® This defini-
tion consists of several key components that merit emphasis: complex systems have units;
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these units have properties; these units share relations; and
these units exist in environments.

However, the operational definition of complex systems
science is quite different in the public health and epidemio-
logic literature. This definition is often made by claiming that
typical approaches to knowledge generation in epidemiology
are based on illegitimate and restrictive assumptions, and that
complex systems approaches avoid these assumptions. While
several examples exist,®” the Table, reproduced from Luke
and Stamatakis,'” is an instructive case in point. Using this
table, the authors attempt to make the case for “a mismatch
between the characteristics and assumptions of traditional
data analysis approaches...and the characteristics of the data...
from complex systems.”!%F 360)

DEFINING AND HANDLING NONLINEARITY IN
EPIDEMIOLOGY

Upon closer inspection, several questions arise about the

comparisons made in the Table. Take, for example, the claim

that traditional approaches fail to account for nonlinearity.

Despite the claim’s ubiquity,'®!” the term “nonlinear” is sel-

dom defined. This term has been used to describe

R1: The presence of certain link functions (e.g., logistic,
logarithmic).'®

R2: The situation in which a model’s parameters
are characterized by polynomial, trigonometric, or other
functions.!*® 31

R3: The situation in which a model’s covariates are char-
acterized by spline, polynomial, or other transformations.?

R4: The situation in which a given individual’s exposure
affects the outcome of other individuals.!*

This array of explanations makes it difficult to judge
the merit of claims that traditional methods cannot handle
“nonlinearity.” These difficulties are only compounded in the
absence of context about study objectives. The claims may
well be true when the goal is to visualize the degree of segre-
gation that arises when individual agents are subject to a set of

TABLE. Comparison of Traditional and Complex System
Analytic Assumptions, Reproduced from Luke and Stamatakis,
2012

Traditional
Analytic Techniques Complex Systems
Domain Assumptions Assumptions
Functional form Linearity Nonlinearity
Common distributions ~ Normality Non-normality

Characteristics of actors Homogeneity Heterogeneity

Level of analysis Single level Multiple levels

Temporality Static or discretely Dynamic, with feedback
longitudinal
Fundamental Among variables Interaction of actors

relationships

Perspective Reductionist Holistic
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behavioral rules.?! But when the goal is to predict or compare
means, risks, rates, or odds, traditional methods can account
for several types of nonlinearity with ease. In fact, Nelder and
Wedderburn’s* seminal contribution enabled fitting nonlinear
models when the outcome belongs to the exponential family
of distributions, and the conditional mean of the outcome can
be linked to the covariates through some smooth and invert-
ible linearizing function. These generalized linear models,
perhaps the most standard method in our field, were expressly
developed to handle nonlinearities described in scenarios R1
and R2, and easily accommodate “nonlinearities” encountered
in scenario R3.%* But what of R4?

Philippe and Mansi'* correctly describe the situation in
which an individual’s exposure affects another’s outcome as
“structural interaction” or dependent happenings. But they go
on to suggest that this leads to “nonlinearity” that cannot be
examined using “linear” methods of analysis. This situation
was long ago recognized by Ross* and described by Cox* as
“interference.” Recently, several authors have provided defini-
tions of direct, indirect (or spillover), total, and overall effects in
the presence of such interference.?** Though interference cer-
tainly complicates analysis, and methods such as agent-based
modeling may usefully capture this complexity, such effects
are not a priori incompatible with standard “linear” methods of
analysis. For example, VanderWeele et al.3! note how contrasts
defined under interference can be estimated using standard
maximum likelihood or estimating equation techniques.

Under more careful scrutiny, the argument that “non-
linearity” necessitates the use of so-called complex systems
methods (e.g., agent-based models, systems dynamic models)
breaks down. At the very least, such arguments are subject
to vagueness (due to the lack of a clear definition of “non-
linearity”) or equivocation (enabling the evasion of criticism
by switching between the many definitions of “nonlinearity”).
More consequentially, the alleged need for “complex systems
methods” is based on a straw-man argument in which the
properties of standard epidemiologic methods are misrepre-
sented to justify the need for alternative approaches.

This critique applies specifically to claims about nonlinear-
ity. However, similar arguments can be made about other entries in
Table. Extensive literature exists, for example, on how to deal with
dynamic feedback loops (often referred to as time-varying con-
founding),*> multiple levels of analysis,* and the violation of para-
metric assumptions, such as normally distributed error terms.**

NATURE AND SCOPE OF ASSUMPTIONS

IN COMPLEX SYSTEMS SCIENCE:

EXCHANGEABILTY AND VALIDITY
Another claim has arisen regarding assumptions required
when using agent-based models. For example, El-Sayed
et al.?®® argue that agent-based models “bypass Holland’s
‘Fundamental Problem of Causal Inference’...” which entails
the need for several assumptions to infer causation. Similarly,
Marshall and Galea''®“9 argue that to estimate average causal
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effects, “several standard causal inference assumptions are
not relevant in agent-based modeling (e.g., exchangeability is
assured by design).”

The claim that exchangeability is not required with
agent-based models is true in a very specific and critically
important sense. In an agent-based simulation model, both
“experimental” and “control” interventions are applied to the
same population of agents. Thus, “[a]ssuming no changes in
initial conditions and update rules, each simulation is identi-
cal within the bounds of stochasticity,”'*®® and the condition
(e.g., all other things being equal) underlying assumptions
such as exchangeability are met by definition.

Yet this reasoning reveals precisely how agent-based
models bypass key causal inference assumptions. With this
approach, one seeks to ascertain the behavior of the simulated
environment under different “computational interventions.”
The object of inference is no longer the population system
under study, but the computational model itself. However,
if interest lies in estimating the effect of changing a line of
programming code on the resulting simulated data, the same
line of reasoning can be used to claim that exchangeability
is not relevant for any modeling strategy (from simple logis-
tic regression models, to more involved approaches such as
the parametric g-formula). In effect, any method can be used
to “bypass” the fundamental problem of causal inference by
expressing interest in the simulated environment rather than
the (human) population of interest.

To illustrate this point, consider a recent agent-based
network model that sought to assess whether hypothetical
interventions specifically targeting highly networked indi-
viduals would yield larger reductions in the prevalence of
obesity than more generally targeted interventions.*® In addi-
tion to several system features, the authors parameterized the
effect of one person’s (ego) obesity status on another’s (alter)
obesity state using a logistic regression model with an odds
ratio of 1.16, taken directly from the work of Christakis and
Fowler.3¢Te 2 Given this assumed effect, they examined the
behavior of their agent-based model under different hypotheti-
cal interventions, and found that targeting highly networked
simulated agents did not outperform an “at random” targeting
strategy.

However, several authors have questioned the validity
of Christakis and Fowler’s results.’’° Indeed, the most com-
monly cited concern is whether their estimated associations
could be explained by confounding due to latent homophily,*
in which two individuals become connections in a network
because of shared latent characteristics. Using directed acy-
clic graphs, it has been shown that homophily results in a
d-connected path between the ego’s prior obesity status (the
exposure) and the alter’s subsequent obesity state (the out-
come).* In other words, the population of alters connected to
obese egos may not be exchangeable with the population of
alters connected to nonobese egos.*' Thus, while this agent-
based model provides information on the properties of the
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simulation under different computational interventions, one
must assume exchangeability (among other causal inference
assumptions) to infer that targeting highly networked indi-
viduals will yield the same obesity distribution as targeting
highly networked agents in the simulated environment.

THE SUBSTANCE OF SYSTEMS SCIENCE
A final consideration worth noting is the distinction between
methodology and complex systems science. Implied in much
of the research using so-called complex systems methods is
the notion that employing such techniques amounts to com-
plex systems science. Some authors have even stated as
much.#® 11303® 1299 Quch a conflation has occurred in other
areas of study as well. For example, in the field of causal infer-
ence it would be conceivable, but incorrect, to assume that the
use of a particular method (e.g., marginal structural models or
targeted minimum loss-based estimation) is what ultimately
confers a causal interpretation.*#

In contrast to this methods-based characterization is a
more general portrayal. Boulding,*®*® for example, long ago
noted that systems science “provides a framework or struc-
ture on which to hang particular disciplines in an orderly and
coherent corpus of knowledge.” More contemporary authors
have also made a clear distinction between systems thinking
and modeling.*® This distinction has important implications
for epidemiologists. If, for example, interest lies in interven-
tions that will alter the distribution of obesity in the popula-
tion, complex systems science prompts us to consider a host
of inter-related attributes, structures, and organizations poten-
tially affecting the distribution of obesity, including individual
physiology, the social environment, agricultural systems, the
built environment, and political and economic systems.

CONSTRUCTIVELY QUESTIONING COMPLEX
SYSTEMS SCIENCE IN PUBLIC HEALTH
RESEARCH
The current state of the literature on complex systems sci-
ence in epidemiology is growing. Yet critical terminology
remains abstruse and crucial questions unarticulated. This is
not surprising, considering the recency of the field. Indeed, it
is no irony that the opening quote in this commentary is cited
in a landmark text on complex systems science with agent-
based models.*’® ! To that end, one might pose several ques-
tions related to complex systems thinking in epidemiologic

research. These include

1. Do systems methods (e.g., agent-based models, sys-
tems dynamic models) really account for nonlinearity
in ways that standard statistical approaches don’t? If so,
what kind(s) of nonlinearity, and how specifically do they
account for it?

2. How do the theoretical, computational, and empirical
properties of systems methods compare to their “standard”
counterparts. Some of this work has begun in other fields.*
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3. How is “feedback” different from time-dependent con-
founding? How, specifically, do systems methods account
for this feedback?

4. How are the causal inference assumptions (e.g., exchange-
ability, positivity, consistency, correct model specification)
relevant when agent-based models or other systems tools
are employed?

5. What are the benefits and tradeoffs of adopting “systems
methods” versus engaging in “systems science,” more
broadly defined?

Shannon,® the founder of information theory, long
ago cautioned that the increasingly widespread applica-
tion of concepts and tools of his field to other scientific
domains, although exciting, carried “an element of danger.”
Establishing interdisciplinary applications of information
theory, he argued, “is not a trivial matter of translating
words to a new domain,” but requires “a thorough under-
standing of [its] mathematical foundation” and “the slow
and tedious process of hypothesis and experimental veri-
fication.” Given the logical and experimental foundations
of our field, epidemiologists have much to contribute to the
work of integrating complex systems science into popula-
tion health research.
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