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Abstract
We conducted a systematic review of studies employing complex systems approaches (i.e., agent based and system dynamics 
models) to understand drivers of mental health and inform mental health policy. We extracted key data (e.g., purpose, design, 
data) for each study and provide a narrative synthesis of insights generated across studies. The studies investigated drivers 
and policy intervention strategies across a diversity of mental health outcomes. Based on these studies and the extant litera-
ture, we propose a typology of mental health research and policy areas that may benefit from complex systems approaches.

Keywords  Mental health · Public policy · Complex systems · Systems science · Systematic review

Introduction

Preventing mental illness is an imperative public health chal-
lenge (Cohen and Galea 2011; Cottler 2011; NRC 2009). 
Globally, 11% of disability adjusted life-years lost are attrib-
utable to mental illness (Murray et al. 2013). In the U.S., 
estimates of the past-year prevalence of any mental illness 
among adults range from 18 to 26%. Data from the National 
Survey on Drug Use and Health suggests that the preva-
lence stayed fairly consistent near 18% from 2008 to 2016 
(Ahrnsbrak et al. 2017). Data from the 2008–2012 Mental 
Health Surveillance Study suggest a past-year prevalence 
of any mental illness of 22.5% (Karg et al. 2014), while the 

2001–2003 National Comorbidity Survey Replication sug-
gest a higher prevalence of 26% (Reeves et al. 2011).

There is increasing recognition among mental health 
researchers, clinicians, and policymakers that mental health 
outcomes are shaped by a complex interplay between neu-
robiological and psychosocial systems, risk and protective 
factors, and mental health systems and service utilization 
(Cicchetti 2010; Shern et al. 2016; World Health Organi-
zation 2014). Among the risk and protective factors are 
physical and social environments (Fowler et al. 2009; Lee 
and Maheswaran 2011; Lorenc et al. 2012), interpersonal 
interactions (Kawachi and Berkman 2001), and socioeco-
nomic characteristics (Cohen and Galea 2011; Eaton 2012; 
Lambert et al. 2015).

The drivers of mental health comprise a ‘complex sys-
tem’ of interdependent factors at multiple levels of influence 
(Mabry and Kaplan 2013). Complex systems approaches 
like agent-based modeling (ABM) and system dynamics 
modeling (SDM) may be helpful in generating insights into 
the structure and function of the complex systems that shape 
mental health. Despite their increasing use in other pub-
lic health areas (Carey et al. 2015; Levy et al. 2010, 2011; 
Nianogo and Arah 2015), there appear to be few applications 
of complex systems approaches in mental health research. 
This knowledge gap warrants attention because complex 
systems approaches have the potential to generate improved 
insights into drivers of mental health outcomes and thus bet-
ter inform the design and selection of intervention strategies 
that span multiple contexts (e.g., neighborhoods, schools, 
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workplaces) and scales of influence (e.g., neurobiological, 
interpersonal) (Cohen and Galea 2011; NRC 2009; WHO 
2014). This includes policies that emphasize not only treat-
ment of existing mental illness, but also the underlying 
social conditions and contexts that lead to future mental ill-
ness (Cohen and Galea 2011; Cottler 2011).

We conducted a systematic review to determine the extent 
to which studies have used complex systems approaches to 
understand drivers of mental health and to inform mental 
health policy. We extracted data regarding the purpose, 
design, and use of data for each study. We also provide a 
narrative synthesis of the types of insights generated by 
these studies. Based on our findings, complex systems lit-
erature within the broader field of public health, and major 
points of emphasis in mental health prevention and services 
research, we present a typology of questions for which com-
plex systems approaches may be particularly insightful. We 
conclude by highlighting potential challenges and opportuni-
ties in using complex systems approaches in mental health 
research and policy.

Methods

Literature Search Strategy and Inclusion Criteria

We conducted a search of the peer-reviewed literature in 
April 2017 to identify studies that used ABM, SDM, or a 
related methodology to explore issues of mental health. Our 
intent was to identify computer simulation studies that used 
these modeling approaches, as well as conceptual studies 
that used empirical or participatory processes to explicate 
the variables and relationships in a system, but that do not 
necessarily include any mathematical modeling or computer 
simulation (Hovmand 2014). We searched three databases: 
PubMed, Web of Science, and Science Direct. We queried 
the following terms, using all combinations of one mental 
health term (“mental health,” “depression,” “post-traumatic 
stress disorder,” “schizophrenia,” and “anxiety disorder”) 
and one modeling term (“agent based,” “system dynamics,” 
and “discrete event simulation”). We selected specific men-
tal health conditions to include based on the top contribu-
tors to the global burden of mental illness, as identified by 
Vigo et al. (2016). We did not include substance abuse terms 
based on what we view as key differences in behavioral, bio-
logical, and social mechanisms. We focused specifically on 
ABM and SDM because they are recognized as key complex 
systems approaches pertinent to health and health policy 
(Hassmiller Lich et al. 2013). We included discrete event 
simulation because of its widespread use in health and health 
care policy decision support (Günal and Pidd 2010; Jacob-
son et al. 2006). We limited the search to results includ-
ing both a mental health term and a modeling term in any 

field in PubMed or in the title, abstract, or keywords fields 
in Web of Science and Science Direct. We also reviewed 
the bibliographies of eligible studies to identify additional 
studies. To ensure methodological rigor, we adhered to the 
Preferred Reporting Items of Systematic Reviews and Meta-
Analyses (PRISMA) guidelines for conducting and reporting 
the review process (Moher et al. 2009).

For all studies, first we screened the title and abstract 
for eligibility. Where eligibility remained unclear, we read 
the full-text version of studies to determine eligibility. We 
included studies in the review if they: (1) developed and/or 
implemented an ABM, SDM, or DES; (2) included a behav-
ior (e.g., utilization of mental health care services) or out-
come (e.g., depression) directly related to one of the mental 
health conditions listed above, and (3) were published in 
full-text format in a peer-reviewed journal or book indexed 
by the PubMed, Web of Science, and Science Direct data-
bases. We excluded conference abstracts and proceedings.

Because of our interest in studies that explore drivers of 
mental health or that can inform policy interventions across 
contexts and scales of influence, we excluded studies that: 
(1) were based exclusively within the context of a specific 
clinical or health care system (for an example, please see 
Zimmerman et al. 2016), (2) included exclusively biological, 
psychological, or other intrapersonal factors and processes 
(for an example, please see Tanaka 2010); (3) exclusively 
evaluated the clinical or cost effectiveness of a specific drug, 
medical technology, clinical treatment, or health system pro-
cess (for an example, see Wolstenholme et al. 2010). We did 
not exclude based on publication date.

Data Extraction

For each publication, we extracted the following informa-
tion: lead author name and date of publication, model type 
(i.e., ABM, SDM, DES), primary outcome, the explicit pur-
pose of the model, reality level, key design concepts, use 
of data for calibration and validation, and main findings. 
We characterized the reality level of models using a three 
category system: (1) low, if the environment, agents, and 
parameters were stylized (i.e., implausibly simplistic) rather 
than linked to empirical data, (2) medium, if some but not 
all factors of the environment, agents, or parameters were 
linked to empirical data, (3) high, if the environment, agents, 
and parameters were all linked to empirical data (please see 
‘Discussion’ section for further justification of assessing a 
model’s reality level).

We characterized use of quantitative data in the models 
for calibration and output validation. We defined calibra-
tion broadly, as any iterative process of ‘tuning’ the val-
ues of parameters to align specified output produced by the 
model with output describing the ‘real’ system (Railsback 
and Grimm 2012). For example, this might include making 
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incremental adjustments to the rate at which individuals in 
a model recover from episodes of depression in order to 
align simulated depression prevalence trends with those 
observed in a real-world population. Output validation refers 
to comparison of output generated by the model to observed 
real-world data. For each model, we made a dichotomous 
(yes/no) assessment of whether or not data were used for 
calibration and validation. We also assessed whether authors 
reported collecting data from experts to inform, refine, and 
validate the structure of models (i.e., input validation). This 
type of data can be gathered via facilitated group sessions 
(e.g., participatory group modeling) in which a series of 
scripted activities are used to make explicit participants’ 
mental models (Hovmand 2014). The participatory group 
modeling process is then used to develop a model structure 
that is consistent with group consensus around the concep-
tual model as it relates to the problem under investigation. 
A quantitative aspect can then be added to the conceptual 
model based on the available literature, extant data, and 
expert opinion.

Key design concepts of the models included summa-
ries of processes, parameters (e.g., depression incidence), 
stock (accumulation) and flow (dynamic) variables, feed-
back loops, effects of networks (i.e., if agents are embedded 
in friendship, family, or other social networks that affect 
outcomes) and simulation scenarios. For ABMs, we also 
described key rules governing agent behavior (e.g., under 
what conditions and how an agent’s behavior is influenced 
by other agents in his/her social network). We present all 
data extracted from each publication in Table 1, as well as a 
narrative synthesis of the types of insights generated across 
studies.

Results

Literature Search Results

The database search returned 72 publications in PubMed, 90 
in Web of Science, and 27 in Science Direct (n = 187). We 
identified two additional publications that met the inclusion 
criteria by reviewing the bibliographies of included manu-
scripts (n = 189). After removing 65 duplicates, we screened 
124 records by title and abstract and removed 112 that did 
not meet the inclusion criteria. Frequent reasons for exclu-
sion include that the study did not use a complex systems 
approach (i.e., ABM, SDM, DES) (n = 68), did not pertain 
to a mental health outcome (n = 16), or exclusively evaluated 
a single medical technology, clinical treatment, or health 
system process (n = 14). We then screened the full-text ver-
sion of 12 studies and identified eight for inclusion in the 
review (Fig. 1).

Data extracted for each publication are presented in 
Table 1. Publications that met the inclusion criteria con-
sisted of five distinct SDMs, three ABMs, and zero DESs. 
The primary outcomes were major depression or depres-
sive symptoms for one ABM (Mooney and El-Sayed 2016) 
and two SDMs (Lyon et al. 2016; Wittenborn et al. 2016), 
post-traumatic stress disorder (PTSD) for one ABM (Cerdá 
et al. 2015) and two SDMs (Ghaffarzadegan et al. 2016; 
Wang et al. 2013a), mental health service utilization for one 
SDM (Trani et al. 2016), and general physical and men-
tal health for one SDM (Kalton et al. 2016). Three of the 
models (Trani et al. 2016; Wang et al. 2013a; Wittenborn 
et al. 2016) were conceptual SDMs that used available data 
sources (e.g., the published literature) and participatory 
methods to develop visual representations of complex sys-
tems related to mental health.

Most of the empirical studies (i.e., the five studies that 
are not conceptual SDMs) leveraged empirical data in some 
way. We classified two ABMs (Cerdá et al. 2015; Kalton 
et al. 2016) and one SDM (Ghaffarzadegan et al. 2016) as 
having a high level of realism based on the characteriza-
tion of agents and environments. For example, the ABM of 
Kalton and colleagues (2016) integrated data from patients 
(e.g., demographics, behaviors), the care system (e.g., num-
ber and capacity of providers), and the criminal justice sys-
tem (e.g., jail sentence duration, diversion program entry). 
We classified one ABM (Mooney and El-Sayed 2016) as 
having a low degree of realism because individuals in the 
model had only a limited range of characteristics (e.g., body 
mass index, number of network connections) and because 
the model explored the impact of living in an obesogenic 
environment but did not integrate environmental or neigh-
borhood data. We classified the SDM of Lyon et al. (2016) 
as having a medium level of realism, because many of the 
model’s parameters (e.g., stock and flow variables) were 
anchored to empirical data, but the characteristics of the 
population and school environment were stylized. Output 
validation was limited to the SDM of Ghaffarzadegan et al. 
(2016) and the ABM of Mooney and El-Sayed (2016). For 
example, Mooney and El-Sayed compared the simulated 
prevalence of depression and obesity prevalence predicted 
by their model to observed rates in two U.S. states.

Insights Generated by the Included Studies

One insight related to the interrelationships between dif-
ferent drivers of mental health outcomes (Ghaffarzadegan 
et al. 2016; Trani et al. 2016; Wang et al. 2013a; Wittenborn 
et al. 2016). For example, the conceptual SDM developed by 
Trani et al. (2016) examined the interrelationship between 
mental health care service utilization, poverty, and commu-
nity and family stigma among those with mental illness in 
Afghanistan. The study was one of several to use stakeholder 
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(e.g., community members, academics, content experts) 
engagement methods to elucidate key variables, relation-
ships, and feedback loops in the multiple systems driving 
mental health outcomes. The study found that “vicious 
cycles” linking stigma to social isolation and poverty to utili-
zation of costly mental health services are key drivers of low 
service utilization. Another example is the ABM developed 
by Mooney and El-Sayed (2016), which found that weight-
based norms can lead to social ostracization of obese people 
and, ultimately, to depression. These interrelationships are 
thus a plausible mechanism for observed comorbidities in 
obesity and depression.

Another type of insight related to the structure and 
functioning of complex systems which may provide 
opportunities for the prevention, screening, and treatment 

of mental health conditions (Cerdá et al. 2015; Ghaffar-
zadegan et al. 2016; Kalton et al. 2016; Lyon et al. 2016; 
Wang et al. 2013a). For example, Wang and colleagues 
(2013a) developed a conceptual SDM of PTSD develop-
ment, screening, and treatment among service members 
within the context of the U.S. military service cycle. The 
model elucidated time delays in the psychological health 
system, including those between the onset and diagnosis of 
PTSD among service members. Awareness of PTSD was 
also identified as an important issue among the public and 
politicians, an issue with the potential to delay decisions 
among politicians and administrators to increase govern-
ment funding for PTSD prevention and treatment. These 
time delays can lead to discordance between the need for 
services and the timing of funding decisions. One of the 
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Fig. 1   PRISMA flow diagram of study identification, screening, eligibility, and inclusion
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implications of the study was that better communication 
between military leaders and lawmakers can help coun-
teract the potentially-negative effects of these time delays.

Studies also provided insight into strategies that com-
bined multiple interventions to improve mental health 
service delivery. Cerdá et al. (2015) developed an ABM 
suggesting that the combination of targeted policing and 
cognitive behavioral therapy may be more effective at 
addressing violence-related PTSD than either policy in iso-
lation. Similarly, Lyon et al. (2016) developed an SDM to 
examine the likely effectiveness of depression screening and 
treatment programs in high schools, including “business-
as-usual,” universal screening, and universal screening and 
enhanced treatment capacity. A main finding was that imple-
mentation of universal screening alone may result in a bot-
tleneck of youth in need of mental health services that were 
waiting for treatment.

Discussion

Public health researchers and funding agencies that have 
called for complex systems approaches to understand how 
interdependent variables at multiple scales of influence 
impact health and produce population-level patterns like 
racial/ethnic and income disparities (Diez Roux 2011; Fink 
et al. 2016; Lambert et al. 2015; Mabry and Kaplan 2013). 
In this paper, we sought to determine the extent to which 
complex systems approaches have been used in mental 
health research, and to advance the use of these approaches 
in mental health by extracting key data and insights from the 
literature. Relative to the use of complex systems approaches 
in the broader field of public health focused on physical 
health issues (Carey et al. 2015), particularly chronic dis-
ease (Nianogo and Arah 2015), obesity (Levy et al. 2011), 
and smoking (Levy et al. 2010), we found few such studies 
focused on mental health outcomes.

The studies we reviewed generated important insights 
into drivers of mental health and potential policy interven-
tions to improve mental health. We extracted several key 
pieces of data regarding each model, including the reality 
level and use of data. We assess reality level because models 
that are heavily anchored to empirical data regarding spe-
cific contexts (e.g., a city), populations (e.g., low-income 
population in that city), and processes (e.g., parameter val-
ues derived from a longitudinal study of that population) 
are often developed for different purposes and generate dif-
ferent types of insights than models that are more stylized. 
Models with a high degree of realism, for example, may be 
developed to predict the effects of a policy implemented in 
a specific context. A tradeoff is that the implications of these 
models may be less informative and generalizable across 
contexts, populations, and outcomes than models less strictly 

tied to empirical data that explore more general and broadly-
applicable processes and mechanisms. In general, we identi-
fied studies with both a high (Kalton et al. 2016) and low 
(Mooney and El-Sayed 2016) degree of realism.

We found that the studies included in the review all 
generally made at least some use of empirical evidence to 
inform the values of key parameters, calibrate the values of 
parameters for which data were not available, and validate 
outcomes produced by models. As described further below, 
a challenge in using complex systems approaches is ensuring 
that insights generated by models are real and don’t simply 
‘reflect back’ decisions made in the model design process. 
Continued comparisons with empirical evidence can help 
build credibility in the causal structures that underpin com-
plex systems models. For example, the mechanisms posited 
by Mooney and El-Sayed (2016) to explain the observed 
association between obesity and depression can be further 
validated using longitudinal studies that collect data regard-
ing obesity, depression, and social stigma at various points 
throughout the life course.

Typology of Complex Systems Approaches to Mental 
Health

Complex systems approaches are particularly useful for 
addressing the following types of questions related to men-
tal health: (1) questions that involve the influence of factors 
defined at multiple levels that can interact with each other, 
(2) questions that involve strong feedbacks (e.g., feedbacks 
between physical and mental health), (3) questions related 
to the effects of policies and interventions that are distal in 
nature, because they either operate over a long time horizon 
(e.g., early childhood interventions), at a level above indi-
viduals (e.g., changes to the environment), or ‘upstream’ 
in a causal chain (e.g., poverty reduction on mental health 
outcomes), and (4) questions pertaining to the conditions 
necessary for a policy or intervention to be successful.

Complex systems approaches allow the inclusion of fac-
tors defined at different levels. They also allow investiga-
tion of how the effect of a given factor varies depending 
on the state of other factors in the system. For example, 
the conceptual SDM developed by Wittenborn et al. (2016) 
includes cognitive, biological, social, and environmental 
drivers of depression. This is an excellent example of how 
complex systems approaches can leverage research across 
disciplines (e.g., neurobiology, psychology, social epide-
miology) regarding the structure and function of drivers of 
mental health conditions. Complex systems modelers can 
then conduct in silica studies to build preliminary evidence 
regarding how these drivers interact, as well as in support 
of policy interventions that involve factors across multiple 
scales of influence.
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Feedback loops play a particularly prominent role in 
the pathogenesis of mental health conditions because of 
bi-directional relationships involving neurobiological and 
psychosocial systems, mental health, physical health, and 
social and environmental risk and protective factors (Renn 
et al. 2011). Systems approaches can help the role of these 
feedbacks in shaping individual- and population-level men-
tal health outcomes, as well as implications for policies 
and interventions. For example, the ABM of Cerdá et al. 
(2015) demonstrated that a transition to hot-spot policing 
(i.e., increasing police presence in violent neighborhoods) 
without any increase in the size of the police force could 
have an effect on violence-related PTSD comparable to the 
effect of a much larger investment in providing treatment to 
past victims or perpetrators of violence. This is likely due 
to an important but unanticipated ‘amplifying effect’ that 
results from reinforcing feedback loops, since preventing 
an individual act of violence reduces exposure to violence 
among community members, and exposure to violence is a 
risk factor for future perpetration of violence.

Systems models can serve an important role in assessing 
policies and interventions that are temporally or conceptu-
ally distal, either because their effects will play out over a 
long time horizon or because they target variables that are 
far upstream in the causal chain of the outcome of interest. 
For example, Ghaffarzadegan et al. (2016) assess the long-
term effects of policies to help mitigate PTSD among U.S. 
service members. One of the key findings of their study is 
that it can take several decades (i.e., around 40 years) to 
mitigate the psychiatric consequences of war. This study 
illustrates the utility of systems models for exploring tem-
porally-distant outcomes of policies and interventions that 
are not amenable to experimental evaluation.

A further example is the potential use of complex sys-
tems approaches to elucidate the causal pathways through 
which features of neighborhoods and communities can lead 
to mental illness. For example, Wilkinson and Pickett (2017) 
recently commented on decades of research suggesting that 
mental illness is the “most recent addition” to the list of 
negative health outcomes that seem to increase in countries 
with high levels of income inequality. They argued that the 
causal pathways through which income inequality impacts 
health are mediated by social capital and trust, and that this 
mediating effect is likely related to neurological systems like 
the human brain’s behavioral dominance system. Complex 
systems approaches could help to conceptualize and test 
whether hypothesized causal mechanisms that link indi-
vidual-level income, community-level income inequality, 
social interactions, and neurological processes can explain 
observed patterns in mental illness both within and between 
countries.

Complex systems models can identify the conditions 
necessary for a policy or intervention to be successful. 

For example, Trani et al. (2016) developed a conceptual 
SDM to explore mental health care service utilization 
among Afghanis with mental illness. The model suggests 
that increasing availability of mental health care services 
is unlikely to produce a meaningful improvement in men-
tal health outcomes because service utilization is highly 
dependent on community stigma and poverty. It makes intui-
tive sense that improving access to mental health services 
would improve utilization and, ultimately, mental health 
outcomes; however, this simplistic view overlooks the inter-
related nature of multiple factors within the same complex 
system. In this case, people’s decision to use mental health 
care services is influenced by the level of stigma within the 
community, as well as their own poverty status.

Complex systems models can help anticipate and address 
unforeseen and unintended consequences of policies and 
interventions. As described by Lipsitz (2012), the policy 
levers and regulations used to improve population health 
outcomes can lead to unintended consequences that are dif-
ficult to predict due to the very complexity of systems that 
impact health, as well as unforeseen responses from impor-
tant actors in the system (Lipsitz 2012). These unintended 
consequences can have a critical impact on the success of 
policies and interventions.

An example can be drawn from the Community Men-
tal Health Centers Act in 1963 that intended to transition 
from a paradigm of care for those with severe mental ill-
ness centered around large, custodial facilities (i.e., mental 
hospitals), to a more decentralized system in which patients 
receive treatment and rehabilitation in facilities in their own 
communities. The impact of the policy was constrained by 
a range of implementation challenges, including lack of an 
adequate system to offer comprehensive and coordinated 
services in communities, as well as public discontent from 
having people with severe mental illness living in their com-
munities (Bassuk and Gerson 1978; Stevens et al. 2006). 
Complex systems approaches can help to elucidate these 
types of implementation challenges a priori: (1) stakeholder 
engagement methods like community-based system dynam-
ics modeling can help elucidate key variables and relation-
ships in the system in which a policy is being implemented 
(e.g., Trani et al. 2016), (2) formal SDMs can help identify 
bottlenecks in service capacity (e.g., Lyon et al. 2016), and 
(3) ABM can help to understand how diverse actors will 
respond to a change in the system.

Challenges and Opportunities

Both challenges and opportunities remain for application of 
complex systems methods in mental health research. Imple-
menting systems models requires that explicit decisions be 
made about the boundaries of the model, or which types 
of variables will be included and which will be considered 
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exogenous. As a general rule, models should be as parsimo-
nious as possible while still maintaining the detail necessary 
to yield new insights (Railsback and Grimm 2012). Parsi-
mony is particularly important in simulation studies, because 
as the number of “moving pieces” in a model increases it 
becomes increasingly difficult to interpret the results and 
understand how and why emergent properties of the system 
(i.e., results driven by the function of the system as a whole 
but that cannot be traced specifically to any of the system’s 
component parts) are generated. Decisions about the scope 
and boundaries of models should be closely related to the 
specific questions that the model is trying to answer (Ham-
mond 2015).

For example, the conceptual SDM developed by Witten-
born et al. (2016) found that the literature on major depres-
sive disorder supported 13 reinforcing feedback loops 
involving nearly four dozen relationships between two dozen 
variables. The study was highly informative as a concep-
tual tool for understanding the important role of feedback 
loops in development of major depressive disorder, but if 
the entire system were implemented via a computer simula-
tion it would be difficult to identify the mechanisms driving 
any unanticipated results. Simulation studies based on this 
work would benefit from an iterative approach, with initial 
efforts focused on exploring the relationships and feedback 
loops that comprise each of the sub-systems (e.g., cogni-
tive, social) delineated by Wittenborn. Once the structure 
and function of variables and relationships in each of the 
dimensions are better understood, larger efforts that integrate 
multiple sub-systems would be more likely to generate com-
prehensible insights.

Many complex systems studies use computer simulations 
to explore counterfactual scenarios. These counterfactuals 
can be used to estimate the effects of a hypothetical policy or 
intervention (for example, the SDM of Lyon et al. 2016) or 
to explore causal mechanisms posited to drive mental health 
(for example, the ABM of Mooney and El-Sayed 2016). 
Because modelers construct the virtual worlds in which the 
simulations run, an important challenge when interpreting 
results, particularly those that are unanticipated or counter-
intuitive, is understanding whether the model is providing 
actual insights, or simply ‘reflecting back’ decisions made in 
the model design process. Models are necessarily a simpli-
fication of the more complicated environments and systems 
that drive mental health in the real world; the goal in model 
design is to represent important aspects of the system being 
investigated in a way that is consistent with the underlying 
causal pathway and neither overly simplistic (i.e., leaves out 
important causal structures) nor overly complicated (i.e., 
includes structures that are unnecessary and make model 
outputs less comprehensible). Getting this process right is 

always a challenge, and even more so if the causal structures 
being explored are not well understood.

As described by Wittenborn et al. (2016), accurately 
representing the underlying causal mechanisms will be a 
challenge in complex systems approaches to mental health 
because of information deficits regarding many mechanisms 
that drive mental health and how these mechanisms inter-
sect. Particularly in areas where causal mechanisms are 
poorly understood, the modeling process should be viewed 
as an iterative exercise: by working in tandem with epide-
miologic and policy intervention research, models can help 
to inform the questions we ask, refine our understanding of 
the mechanisms driving mental health, and help to generate 
new insights into how these mechanisms intersect and can be 
leveraged by policy interventions to improve mental health. 
Generally speaking, there is a real opportunity to continue to 
use empirical evidence and data to inform, validate, and lend 
credibility to models. Comparison to empirical evidence 
can help to assess whether unanticipated or counterintuitive 
results are plausible and insightful, or simply reflect mis-
specification of the underlying mechanisms.

Given the multiple scales of factors that influence mental 
health, complex systems approaches should seek out mul-
tidisciplinary collaborations. An ABM that examines the 
cumulative effects of stress on mental health across the life 
course, for example, may benefit from working with cogni-
tive scientists to understand neurobiological processes in the 
stress response system, and with social scientists to develop 
a model of exposure to neighborhood stressors. This collabo-
rative process can be mutually beneficial: working with con-
tent experts can help modelers to produce more robust and 
structurally-valid models, and the results of modeling studies 
can help shed light on important structures and mechanisms 
for which data do not currently exist (Brown et al. 2012).

Participatory methods like community-based systems 
dynamics can facilitate involvement of key mental health 
stakeholders in the modeling process, by building capacity 
in complex systems thinking and a platform to describe the 
complex systems that drive mental health (Hovmand 2014). 
The study by Trani et al. (2016), which used community 
based system dynamics modeling to examine mental health 
and stigma in Afghanistan, provides an illustrative example 
of how this can lead to refinement of mental models, new 
understanding of systems problems, and identification of 
leverage points for policy interventions.

Limitations

This study has both strengths and limitations. Strengths 
include the structured systematic search strategy, use of 
multiple databases, and that it is the first literature review of 
which we are aware to narrowly focus on complex systems 
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approaches to mental health. Potential limitations include 
that we may have missed studies that used different terminol-
ogy than that for which we searched, or that were published 
in journals not indexed by the search engines we used. We 
did not extract all data from each study that may be of use to 
other mental health researchers seeking to employ complex 
systems approaches. For example, similar reviews in other 
topical areas (e.g., Nianogo and Arah 2015) extracted data 
regarding the software used and whether a conceptual frame-
work was presented. We chose not to extract this information 
because our focus was on understanding the types of ques-
tions that complex systems approaches are being used for 
in mental health, as well as characterizing important design 
elements, use of external data, and key findings.

Conclusion

The studies we identified have provided useful insights into the 
pathogenesis of mental health outcomes, as well as potential 
policy and intervention strategies to improve mental health. 
Continued integration with empirical evidence will help build 
credibility in the insights generated by these models. We also 
found that simulation-based studies ranged from those with 
high levels of reality that are strongly tied to data regarding 
specific contexts, populations, and health outcomes, to those 
with low levels of reality that explore more broadly-relevant 

mechanisms that impact mental health. Generally, opportu-
nities remain for expanded use of complex systems research 
as a complement to other methodologies in mental health 
research. We have presented a typology of research questions 
that complex systems methods are well-suited to address, as 
well as identified some of the potential challenges to develop-
ing impactful systems models for mental health research and 
policy.
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Appendix

See Table 2.

Table 2   Complex systems terms and definitions

Term Definition

System A set of elements or parts that is coherently organized and interconnected in a pattern or structure that 
produces a characteristic set of behaviors, often classified as its ‘function’ or ‘purpose’ (Meadows, 2008)

Model A purposeful representation of some real system (Railsback and Grimm 2012; Starfield et al. 1990)
Mental models A cognitive representation of a real dynamic system (Doyle and Ford 1998; Hovmand 2014)
Causal loop diagram Causal maps that provide a broad view of the different components of a system, including major subsys-

tems and how these are related through multiple feedback loops (Brennan et al. 2015)
Agent-based model Models where unique or autonomous entities that usually interact with each other and their environments. 

Agents can be humans, businesses, or other entities that pursue specified goals (Railsback and Grimm 
2012)

System dynamics modeling An approach that involves development of causal diagrams and/or computer simulation models that por-
tray processes of accumulation and feedback (Homer and Hirsch 2006)

Community based system dynamics A participatory method for involving stakeholders in a modeling process (Hovmand, 2014)
Feedback loop The mechanism (rule or information flow or signal) that allows a change in a stock to affect a flow into or 

out of that same stock. A closed chain of causal connections from a stock, through a set of decisions and 
actions dependent on the level of the stock, and back again through a flow to change the stock (Meadows 
2008)

Reinforcing feedback loop An amplifying or enhancing feedback loop, also known as a ‘positive feedback loop’ because it reinforces 
the direction of change. These are vicious cycles or virtuous cycles, depending on whether the outcome 
is detrimental or desirable (Meadows 2008)

Balancing feedback loop A stabilizing, goal-seeking, regulating feedback loop, also known as a ‘negative feedback loop’ because it 
opposes, or reverses, whatever direction of change is imposed on the system (Meadows, 2008)

Stock An accumulation of material or information that has built up in a system over time (Meadows 2008)
Flow Material or information that enters or leaves a stock over a period of time (Meadows 2008)
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