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Highlights
e NBSs have not reached full potential due to dynamic socio-institutional factors.
e Feedback loops within the system may result in policy synergy or conflict.
e Causal maps help define such feedbacks but are difficult to analyze at large-scale.
e Systems-thinking is used to illustrate a causal archetype for human-NBS feedbacks.

e Policy scenarios are simulated with fuzzy maps and compared to causal loop behavior.
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Abstract

Nature-based solutions (NBSs) are often managed according to hydro-environmental characteristics
that disregard the complex interactions between decision-makers, society, and the environment. Numerous
barriers to NBS adoption have been identified as stemming from human behavior (e.g., community buy-in,
political will, culture), yet we lack an understanding of how such factors interrelate to inform policy design.
The identification of synergies and trade-offs among diverse management strategies is necessary to
generate optimal results from limited institutional resources. System dynamics modeling (SDM) has been
used within the environmental community to aid decision-making by bringing together diverse stakeholders
and defining their shared understanding of complex behavior. While these approaches have enhanced
collaboration efforts and have increased awareness of complexity, SDM models often result in numerous
feedback loops that are difficult to disentangle without further, data-intensive modeling. When investigating
the complexities of human decision-making, we often lack robust empirical datasets for SDM quantification.
An alternative to SDM is fuzzy cognitive mapping (FCM), which combines the strengths of stakeholder
knowledge with network theory to produce semi-quantitative scenarios of system change. However, sole
reliance upon computer-simulated outputs may obscure our understanding of the underlying system
behavior. Therefore, the aim of this study is to assess the applicability and strength of combining SDM and
FCM to both identify areas of policy coherence from stakeholder engagement and also to explain the
emergence of synergies and trade-offs according to causal loop logic. This framework is demonstrated

through a case study of NBS policy-making and socio-institutional feedbacks in Houston, Texas, USA.

1. Introduction

As climate change and urban densification continue to rise, traditional stormwater systems are being
challenged by limited conveyance capacitance and expensive mitigation strategies (ASCE, 2020). Many
communities are considering soft-scale nature-based solutions to complement existing drainage networks
by emulating natural watershed processes and limiting the amount of stormwater runoff entering the system
(Demuzere et al., 2014). Common NBSs include rain gardens, green roofs, retention ponds, bioswales,
water cisterns, and permeable pavements, which operate collectively to mitigate stormwater volume while
delivering numerous co-benefits (Ruangpan et al., 2020). The United Nations Environmental Programme
(UNEP) has positioned that the restorative properties of NBSs may significantly bend the curve of climate
change and biodiversity loss (UNEP, 2019) and deemed NBSs as an essential component of climate
adaptation and mitigation (UN Environment Programme, 2019). A workshop conducted by the UNEP’s
Intergovernmental Panel on Climate Change (IPCC) revealed that complex policy-making and social
dynamics are key impediments to NBS uptake and recommended a major shift toward co-produced
knowledge between practitioners and researchers to overcome such implementation challenges
(Frantzeskaki et al., 2019).

While there have been numerous attempts to incorporate social co-benefits into NBS planning
(Raymond et al., 2017), there exists a lesser understanding of how societies, in turn, impact NBS potential
(Nesshover et al., 2017). Observational case studies have identified several key challenges to NBS uptake,
including public perception (Baptiste et al., 2015), local culture (Derkzen et al., 2017), institutional
frameworks (Solheim et al., 2021), and technical roles (Zuniga-Teran et al., 2020) (literature review
summarized in Table Al). While these barriers have been studied as isolated events, we lack an
understanding of how such factors operate holistically and influence one another. When human actors
interact with NBS systems through planning and group behavior, social and political constructs adapt to the
new environment, which further refines local values and drives emergent phenomena. Each cycle of this
complex system denotes an additional human-NBS response, which must be assessed according to altered
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characteristics. Therefore, we cannot mitigate the system by simply assigning policies that resolve select
barriers (e.g., Table A1) and assume the results will be proportionally related to the change. Instead, we
must be able to incorporate human agency as an endogenous component that influences and co-evolves
with the physical systems they seek to shape. For this, we require the coupling of human behavior with
NBS responses, which may be accomplished through a holistic application of systems-thinking.

1.1 A holistic systems-thinking paradigm

The systems-thinking process involves a series of phases, often performed in sync with modelers and
stakeholders, to understand how complex phenomena operate. These phases (i.e., dynamic-thinking,
causal-thinking, feedback-thinking, and strategy-thinking) are depicted in Fig. 1 and described in terms of
the common phenomena they seek to address. The premise of systems-thinking is that complex issues
can be better understood when the individual components of the system are identified and the causal links
between them are associated (Allen, 1988). The initial stages of systems-thinking often include 1) Group
Model Building (GMB), which is used to derive a community understanding of the dynamic problem and
associated variables through stakeholder interactions (e.g., workshops, interviews), and 2) Causal Loop
Diagrams (CLD), which are simplified graphical representations of the stakeholder-defined variables and
their interactions that form feedbacks (Forrester, 1994). These feedbacks may connect to form closed
loops, which define the system trajectory as either balancing (i.e., trending toward equilibrium) or reinforcing
(i.e., propagating change) (Sternam, 2002). Large CLDs are often too convoluted for practical inference of
policy implications from a visual analysis of the many interactive feedbacks within the system (Bures, 2017;
Osoba and Kosko, 2019). System dynamics modeling (SDM) is then the translation of these feedbacks into
a quantified model to simulate the associated dynamics, which may be used to test unique hypotheses for
robust decision-making (Richmond, 1993). A common SDM technique is a stock-and-flow diagram (SFD),
which simulates accumulations and changes within the system through a set of integral equations. SFD
models require numerical descriptions of system performance over time, which are not often available when
considering novel policies and the dynamics of human behavior (Bures et al., 2020).

Systems-thinking Systems-thinking for Identifying
Process Policy Effectiveness
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Fig. 1. General framework of how a holistic application of systems-thinking can be used to define complex, dynamic
systems and assess policy effectiveness for a set of management strategies. The boxes on the left represent the
common systems-thinking processes included within each of the primary modeling approaches (CLD = causal loop
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diagramming, FCM = fuzzy-cognitive mapping, GMB = group model building). [Graphic loosely adapted from (Kim et
al., 2017), text updated.]

An alternative to SDM modeling is fuzzy cognitive mapping (FCM), which was first proposed by
(Axelrod, 1976) using constructivist psychology and optimized by Kosko (1986) from advances in mapping
theory (Raskin, 2002). FCMs are semi-quantitative maps that use communal knowledge and perception to
define dynamic system components and parameterize the strengths of their causal relationships. The
values in FCM maps are fuzzy (i.e., linguistic/qualitative) representations of human beliefs about how the
system components respond to each other. FCMs allow for the rapid assessment of system alternatives
through “what-if’ scenarios according to network/graph theory (Voinov et al., 2018). FCM-based scenarios
facilitate a dynamic understanding of complex human-environmental phenomena that may have otherwise
been difficult, or impossible, to assess through traditional empirical approaches (Gray et al., 2014; Ozesmi
and Ozesmi, 2004).

Several state-of-the-art reviews have highlighted a rise in systems-thinking approaches within
environmental sciences (Mashaly and Fernald, 2020; Moon, 2017; Turner et al., 2016; Zomorodian et al.,
2018). SDM concepts have been used to support decision-making for complex water management
systems, such as urban water supply (House-Peters and Chang, 2011), flood protection (Perrone et al.,
2020), irrigation (Pluchinotta et al., 2018), and agriculture (Inam et al., 2015). Other studies have applied
SDM to better understand hydrological relationships and to simulate complex watershed responses (e.g.,
Keshta et al., 2009; Li and Simonovic, 2002). Moreover, the field of socio-hydrology has proliferated by
applying system dynamics to better understand how society has co-evolved with water over time (Pande
and Sivapalan, 2017). Research has begun to emerge where systems-thinking has been applied to NBSs
to facilitate an understanding of overlapping co-benefits and to promote stakeholder involvement (Coletta
et al., 2021; Giordano et al., 2020; Gomez Martin et al., 2020; Pagano et al., 2019; Santoro et al., 2019).

Many of these studies have rightly applied dynamic- and causal-thinking to define the nature of complex
human-environmental systems (Mashaly and Fernald, 2020). Some studies have also explored alternative
management strategies through FCM-based scenarios (e.g., (Giordano et al., 2020; Gomez Martin et al.,
2020; Kokkinos et al., 2020)) and SFD models (e.g., (Kotir et al., 2016; Pagano et al., 2019; Susnik et al.,
2012)). Additional research has applied feedback-thinking to characterize system behavior into archetypes,
which are typically described with storylines and narratives (e.g., (Bahri, 2020; Gebrai et al., 2021)).

These studies operate under the assumption that dominant feedback loops within the system may be
used to inform management of key leverage points and to facilitate which types of action would result in
optimal results. However, quantitative investigations of how system feedbacks interact to inform strategy
are typically reserved for the SFD phase, which involve significant investment in resources, data, and time.
Manual interpretations of feedback structures are often not feasible given the large magnitude of many
dynamic systems. For example, Brennan et al., (2015) applied a systems-thinking approach to better
understand how various policies could impact social health across a large community. This study resulted
in 50 unique CLDs (590 participants, 227 variables, 1555 feedback loops). To derive insights from the data,
the 50 CLDs were synthesized into one composite diagram using the variables that were consistently
identified 20% of the time. In such an approach, it could be argued that much of the causal richness is lost
when ~80% of the variables proposed by the community are discarded. Aggregation of causal relationships
to aid human understanding is a common necessity within system dynamics (Ryan et al., 2021), especially
considering the limitation of reliable datasets for model quantification (e.g., SFDs) (Mirchi et al., 2012).

1.2 Policy coherence: synergies and trade-offs

As described by Richardson (2011), the foundations of systems-thinking extend far beyond stakeholder
participation and derivation of causal structures. Systems-thinking, when applied holistically, can be used
to reveal how human actions may impact the state of a dynamic system according to local knowledge
embedded within real-world experiences. Dynamic-, causal-, and feedback-thinking elicits crucial
information about the direction and central relationships of the system, which could reveal compensatory
effects of human-environment behavior (Richardson, 2011). However, without an understanding of the
strengths of the system feedbacks (e.g., through FCM-based modeling), identifying such compensations
may become elusive. An example is presented in Fig. 2 to demonstrate this idea:
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Fig. 2. Hypothetical causal loop graphic depicting potential policy conflict (or synergy) resulting from interaction of two
opposing feedback loops. Balancing loop is denoted with “B” to describe the tendency of channel straightening to
reduce riverine flooding by increasing stream velocity. Synchronous reinforcing loop is denoted with “R” to highlight the
amplifying effects of the channel intervention on stream discharge and, potentially, riverine flooding elsewhere within
the system.

A common approach in flood management involves converting natural streams into concrete-lined
channels to reduce riverine overflow by rapidly transitioning water further downstream. Such feedbacks
may be described by the balancing loop in Fig. 2, where the riverine dynamics are altered to increase
stream velocity and mitigate flooding. However, increased stream velocities at the project location may
result in flooding elsewhere if the downstream discharge is not carefully balanced to accommodate
additional inflow. Ideally, the reinforcing loop in Fig. 2 would remain weaker than the balancing loop through
careful engineering. However, this figure showcases how a policy change in one portion of the system could
result in adverse impacts elsewhere (e.g., amplified flooding downstream), thereby highlighting the need to
understand the causal structure of the system and the strengths of the interacting loops.

Policy coherence is used to describe the extent to which a given policy (or set of policies) imposed on
a system result in optimal interactions between the system sub-components toward achieving the overall
goal. While the literature is not consistent in defining policy coherence, this term is typically understood to
define the areas of synergy and conflict between sets of policy choices within the system (Muscat et al.,
2021; Reyes-Mendy et al., 2014). Policy conflict is used within the environmental literature to describes the
same phenomenon in the SDM literature called “policy resistance”, where well-intentioned management
strategies may be hindered by unforeseen consequences that evolve from systematic feedbacks (Sternam,
2002). Kotir (2020) describes policy resistance as “the tendency for an intervention to be jeopardized by
the system’s response to the intervention itself”. Within the system dynamics literature, the primary means
for circumventing policy resistance is to transition the planning paradigm from a reductionist worldview
toward a greater awareness of and appreciation for complexity. By approaching the problem as a dynamic
structure of moving parts, each impacting one another through causality, an assessment of interacting
feedbacks is assumed to reveal how the system would react if one of the components were altered by
policy intervention (Roxas et al., 2019). However, as previously discussed, such assessments by
visualization alone become impossible as the system grows larger.

According to John Sterman, a leader in SDM:

“Even if our cognitive maps of causal structure were perfect, learning, especially double-loop
learning, would still be difficult. To use a mental model to design a new strategy or organization we
must make inferences about the consequences of decision rules that have never been tried and
for which we have no data. To do so requires intuitive solution of high-order nonlinear differential
equations, a task far exceeding human cognitive capabilities in all but the simplest systems.”
(Sternam, 2002).



Non-peer reviewed EarthArXiv preprint.
Under review by Environmental Science, Policy, & Management.

Policy synergy is a term used to describe how well combined management strategies interact as a
cohesive unit to accomplish more than the sum of the results for each separate policy. In other words,
policies that exhibit synergy reinforce one another, according to the dynamic properties of the system
feedbacks and their internal strengths, to manifest the policy objectives (Muscat et al., 2021; Nilsson et al.,
2012). In adopting the view that policy coherence is the increase in synergies and reduction in conflicts, it
becomes clear that we should both identify interacting feedback loops from an SDM-based perspective and
also identify which loops tend to drive the system response according to feedback strengths (i.e., FCM-
based modeling). Failure to understand these processes often results in reductionist interventions aimed
at “fixing” one facet of the problem, which may initiate non-optimal system behavior and defeat the original
policy goal (Agyepong et al., 2012). To address such complex questions, this study stresses that the full
scope of systems-thinking provides the optimal means for elucidating policy coherence by seizing and
integrating the strengths from both SDM and FCM-based paradigms.

1.3 The need for integrated approaches

There have been several examples within the environmental literature of combining traditional SDM
concepts with FCM-based scenarios for assessment of complex systems (e.g., (Coletta et al., 2021; Hafezi
et al., 2020; Ruiz and Sanz-Sanchez, 2020)). However, such studies have generally considered the effect
of different environmental phenomena on system performance (e.g., land use change, climate change, co-
benefits production), and have not been used to assess policy effectiveness. Studies that have applied
systems-thinking to assess policy coherence have typically relied on manual interpretation of complex CLD
feedback loops and a qualitative presentation of results (e.g., (Collins et al., 2013; Paterson and Holden,
2019; Stepp et al., 2009)). FCM-based scenarios for evaluating policies have typically highlighted the
strengths of individual variables toward system goals with lesser discussion regarding how the feedback
loops (balancing and reinforcing) interacted to produce such behavior (e.g., (Olazabal et al., 2018; Singh
and Chudasama, 2020)). Instead, the complexities of the feedbacks are embedded within the numerical
simulation and not used to inform how the balancing and reinforcing dynamics produce policy conflict or
synergy (Harich, 2010). As such, FCM-based scenarios, when used in isolation, may be deemed black-box
methods that obscure the non-linear developments emerging from within the system and how their inter-
relationships influence policy relations (Kaljonen et al., 2012).

There have been calls within the literature to more clearly identify policy effects from FCM-based
simulations by exploring the causal loops underlying the system structure and their resulting behaviors (de
Gooyert et al., 2016). To address this gap, this study integrated qualitative and semi-quantitative modeling,
thereby revealing systemic interactions that would not be clear from CLD or FCM alone, but which also do
not require complex numerical modeling (i.e., SFDs). The proposed framework promoting a deeper
awareness of dynamic feedbacks in the initial planning of complex systems and denotes the elucidation of
policy coherence as a primary goal for holistic systems-thinking. By amalgamating cognitive modeling with
causal loop logic, we extend beyond identifying the nature of the system to also elucidate the behavior and
structure of the system amidst complex policy-driven interactions.

2. Methodology: Applied to a case study in Houston, TX

To explore the feedback effects of system dynamics on NBS policies, a half-day virtual workshop was
conducted with stakeholders from the greater-Houston metropolitan region. A group model-building (GMB)
session was executed to elucidate prominent relationships between NBS adoption and various social and
institutional constructs, as observed by local stakeholders. The environmental feedbacks between NBSs
and humans were also highlighted through this exercise by encouraging the stakeholders to consider
relationships between NBS outputs and complex variables such as climate change or social equity.

A semi-structured scripting protocol was used to guide the stakeholders in deriving a shared CLD and
identifying the strengths of internal relationships. The causal system was then transposed into a weighted
FCM, which was used to simulate various “what-if’ management approaches. For each simulation, a unique
policy (or set of policies) was propagated throughout the system to identify relative change of NBS
implementation. The collective strategies were compared and ranked to elucidate areas of policy synergy
and conflict. Finally, the balancing and reinforcing properties of the CLD feedback loops were used to
confirm and better understand the policy implications resulting from the FCM-based scenarios.
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2.1 Group model-building

2.1.1 Selecting pertinent stakeholders

The virtual stakeholder workshop was held on July 9, 2021 to capture the mental models of experts
who had recently been involved with NBS implementation efforts in Houston, Texas, USA. The workshop
included nine participants across three jurisdictional scales (i.e., local, municipal, and regional-level). Each
of the stakeholders were well-known within the community as having a historical involvement in NBS
adoption and/or policy design. Several of the participants were previously involved in developing guidelines
associated with NBS initiatives and frameworks. For example, local NBS adoption was encouraged through
the “Incentives for Green Development” program, which supported green development through project
awards, tax abatements, and expedited permits (Bloom et al., 2019). The “Resilient Houston” strategy also
promoted sustainable infrastructure by identifying goals for green development and by highlighting the role
of NBSs in climate mitigation, social equity, and water management (Aho and Sarkozy-Banoczy, 2020). A
community-driven “Houston Climate Action Plan” recommended evidence-based strategies to achieve
carbon neutrality, which included enhanced levels of green space throughout the city (City of Houston,
2020). Regional partners had also encouraged nature-based development through numerous design
standards, planning guidelines, and pilot projects (HCFCD, 2020; RGME, 2021; Storey et al., 2011).
Moreover, several taskforces had been deployed to integrate community members with city and county
officials toward further NBS development. Appendix Table A2 summarizes the various institutions, roles,
and NBS backgrounds represented within the GMB workshop.

2.1.2 Facilitating the stakeholder workshop

The workshop was facilitated by leading the participants through a series of GMB scripts, which are
detailed in the supplementary material (Text S1). Scripting is a common practice in systems-thinking
research for fostering a collective understanding of how complex systems operate. The use of scripts
spawned from Andersen and Richardson's (1997)’s call to transition GMB, which was initially founded within
the social sciences, toward inter-disciplinary research by documenting best-practices for community
modeling. The scripts are typically intended for live workshops and encompass a range of topics, including
workshop preparation (stakeholder selection, room logistics, scheduling), group interaction (complex-
thinking skills, hopes and fears), causal loop modeling (variables, causal relationships, dynamic structure),
and follow-up (model review, reflection, feedback, action) (Hovmand et al., 2011).

The following scripts were used for the NBS case study:

1) Logistics and Room Set-up: Used to format the virtual environment by identifying necessary tools
and exploring options within the workshop platform.

2) Chicken and Eggs Example: Used to introduce the concept of a dynamic systems and causal loop
models by depicting a story of chickens who needed to cross a busy road due to over-population.
Feedbacks included birth, death, and management interventions to aid the chicken population (e.g.,
installing traffic barriers, building a fence, removing chickens).

3) Variable Elicitation: Used to facilitate a group discussion and identify causal variables to describe
social and institutional feedbacks associated with nature-based solutions (including both barriers
to and responses from successful implementation of nature-based solutions).

4) Causal Mapping with Seed Structure: Used to quickly illustrate a system of interacting feedbacks
using seed variables from Script 3. Demonstrates concepts of causation, polarity, balancing and
reinforcing loops, and dynamic change.

5) Creating Causal Loop Diagram from Variable List: Used to translate the identified variables into
causal relationships and to define the strength of each feedback.

6) Model Review: Used to elicit the balancing and reinforcing loops within the system and to guide
reflection of the major feedbacks. Model-based insights emerge from the interaction of multiple
feedback loops.
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The scripts were slightly customized to foster a virtual workshop environment, as depicted in the
supplementary material (Text S1). The stakeholders were guided through each script in successive order.
Hypothesized variables were identified on a virtual whiteboard through a collective group discussion. The
facilitator then drew the causal relationships, as defined by the stakeholders, within a web-based platform
for real-time visualization and optimization. After the workshop, the causal loop sketch was converted into
a CLD using Vensim SDM software and then emailed to the stakeholders for validation. A verbal transcript
of the recorded session was reviewed during the translation process to ensure the variables and causal
relationships were correctly identified and to highlight any areas of ambiguity.

2.1.3 Eliciting system variables

Prior to the workshop, the author identified key socio-institutional variables impacting NBS
implementation according to the literature (Table A1) and grouped the factors within four primary themes
to differentiate the dynamic components of the system (e.g., community buy-in, social culture, institutional
characteristics, and engineering and maintenance). These themes where then further categorized into
socio-institutional barriers, management opportunities, and exogenous factors for the workshop. During the
preparation phase (Script 1), a virtual whiteboard was drafted with themed boxes, each color-coded for
coherency of variable-types throughout the GMB process. One seed variable was inserted within each box
as a preliminary example.

During the workshop, the stakeholders were introduced to a CLD example (Script 2), which provided a
foundation for the types of variables to be considered in systems modeling. The stakeholders were then
shown the virtual whiteboard and asked to consider how unique factors have limited or advanced NBS
efforts according to their local experiences. Through a group discussion, participants described numerous
causal factors associated with NBS implementation (Script 3). The variables were documented by the
facilitator in real-time and grouped according to theme. The live whiteboard session from the workshop is
depicted in the supplementary material (Fig. S1).

2.2 Structuring a causal loop model

The facilitator then selected several variables from the elicitation exercise and drew them as nodes
within a live web-based platform (Text S2). Causal relationships and feedback loops were described and
demonstrated visually within the shared web interface (Script 4). The participants were then asked to
describe their understanding of dynamic behavior between the different elements (Script 5), which
stimulated robust considerations of the underlying dynamics. During the live modeling session, CLD
connections were drawn as one-way arrows between variables using the following polarity notations:
positive (+), such that related variables changed in the same direction, or negative (-), where a change in
one variable had an opposing impact on the linked variable. The stakeholders were also asked to define,
qualitatively, the strength of connections between each variable, which were recorded by the facilitator (see
Fig. S2). For purposes of simplicity, the GMB exercise did not consider time delays, as the resulting CLD
was not intended for predictive SDM modeling. This approach was meant to mimic the use of color-coded
sticky notes often used in GMB (Andersen and Richardson, 1997; Inam et al., 2015), thereby facilitating a
virtual workshop environment with interactive group discussions and real-time causal loop diagramming.

The facilitator then translated the causal loop sketch into a CLD using the Vensim software, which is a
widely-used system dynamics platform (Eberlein and Peterson, 1992). During the translation process,
causal connections were compared to the recorded workshop transcript and optimized, as necessary, for
coherency. For example, floods and climate change were noted as redundant variables (as they both
provided a similar exogenous impact in the system) and were therefore merged by the modeler. The
optimized CLD was emailed to all stakeholders for final validation, and no discrepancies were noted.

2.3 Defining a weighted fuzzy cognitive map

The preceding steps identified the stakeholders’ understanding of key system variables and how they
interact amongst one another to facilitate, or hinder, local NBS implementation. These system components
provided the qualitative foundation for explaining causal relationships. Next, the CLD was transposed into
a semi-quantitative FCM model using the web-based mapping suite Mental Modeler (Gray et al., 2013), a
necessary step to structure the system for dynamic scenario-building of decision-making strategies (Gray
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et al., 2015). To prepare the map for scenario development, the causal variables were identified as either:
1) Management opportunities = variables that were able to be altered by this specific cohort of stakeholders,
or 2) Exogenous factors = variables that impacted the system but which the stakeholders did not possess
decision-making power to change, as depicted in Fig. 3.
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Fig. 3. Summary of key variables elicited by the stakeholder group describing socio-institutional challenges, exogenous
factors, and management opportunities within the human-NBS system. Blue boxes = management opportunities, within
the scope of stakeholder influence. Black boxes = exogenous variables, outside the scope of stakeholder influence.
Green box = system goal variable. Blue arrows = ‘+’ polarity. Black, dashed arrows = *-* polarity. Strengths of connecting
arrows are represented by line weights, as defined in the legend. Note: Color should be maintained when printed.

The degree of influence for each causal link was then defined with fuzzy logic according to the
stakeholder perceptions during the GMB session. A weight of -1 to +1 was used to identify the strengths
of system feedbacks according to the following categories and respective scores: low strength (+0.25),
medium strength (£ 0.50), high strength (+ 0.75), where ‘+’ represented positive causality, and ‘- described
negative causality. A score of £ 1.00 was reserved for “clamping” key decision variables for scenario
development, further described in Sect. 2.4. Because FCMs are derived from graph theory, the system
structure may also be represented mathematically by a square adjacency matrix (i x j variables). The NBS
cognitive map was translated into an adjacency matrix to summarize the connectivity strengths between
each of the FCM variables (depicted in the supplementary material, Table S2).

2.4 Simulating numerous management strategies

The management opportunities were incorporated into “what-if” scenarios to better understand how a
change in local policy would impact the resulting state of the NBS variable. FCM-based scenarios are used
to alter specific variables and trace causal propagation throughout the system. FCM simulations use the
adjacency matrix to represent the strengths of interconnections and state vectors to characterize the degree
of variable change once a scenario is activated. Here, the degree of activation for each variable within the
proposed management strategy was assigned a value of +1.00, also known as “clamping” within the FCM
literature (Gray et al., 2015), and the feedback effects on the NBS state vector were noted. FCM-based
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scenarios quantify dynamic interactions between system components for discrete time-steps until the
system converges to equilibrium by applying formalized activation rules and transformation functions to the
adjacency matrix. This study used the Kosko’s activation rule (Eq. 1) and the hyperbolic transformation
function (Eq. 2) in Mental Modeler, which are detailed by Gray et al. (2015, 2013).

n
a§t+1) — f Z le’a]gt) (1)
j=1

where, Ag”l) represents the value of variable V; at time step t + 1, wy; is the weight of connection between
variable V; and V;, n describes the total number of variables in the system, AJ(.t) represents the numerical
value of variable V; at time step ¢, and f is the transformation function.

2x_1
fx) = sz—-l-l 2

The final FCM contained 9 management opportunities out of the 19 total system variables. The system
variables that were deemed to be within the stakeholders’ influence included: Educational Outreach (EO),
Technical Training (TT), Pilot Projects (PP), Incentives Programs (IP), Advocacy and Leadership (AL),
Political Will (PW), Maintenance (MT), Funding (FU), Regulations (RE). From these variables, 129 fuzzy
scenarios were identified by assuming the stakeholders would implement either a single policy (n=9), a
combined set of two policies (n=36), or a combined set of three policies (n=84), further described in Sect.
2.5. An example of the outputs from FCM-based scenario-building is demonstrated in Fig. 4, where unique
variables are clamped to assess dynamic system change in the remaining state variables.
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Fig. 4. Scenario output from fuzzy-cognitive mapping (FCM)-based model, whereby the policy variable(s) listed in each
chart title are “clamped” to a value of +1.00, and the system is activated according to Kosko’s activation rule and the
hyperbolic transformation function. The system stabilizes after a number of time-steps, and the changes in each
variable state vector between the status quo and the final dynamic simulation are graphed here as a relative
percentage. Nature-based solutions, which are the goal variable for this system, are shown in green.
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2.5 ldentifying policy synergies and conflicts

Policy analysis describes the sensitivity of the model to human interaction. By altering one (or more)
of the system variables and assessing the resulting outcomes, patterns begin to emerge that reveal which
policies would lead to optimal (or sub-optimal) results (Barlas, 2002). Here, the single-policy strategies were
compared with the multi-policy strategies to identify areas of synergy or conflict. These concepts are defined
below by Eq. 3 and Eq. 4, respectively.

Policy Synergy:
n
ASkj > ASy; 3
i=1
Policy Conflict:
n
ASy; < ASy; 4)
i=1

where AS, ; describes the change in state vector for a strategy that combines multiple policies (k = EO, TT,
PP, IP, AL, PW, MT, FU, RE), AS,,; is the change in state vector for a single-policy strategy, and n is the
number of policies within each strategy.

Areas of policy synergy and conflict were then compared to the reinforcing and balancing feedback
loops from the CLD to better understand the implications and to explain them as a form of causal logic,
elucidated with the aid of FCM-based scenario modeling.

3. Results and discussion

4.1 Characterizing human-NBS system variables

The stakeholders nominated 26 total variables, which were optimized within Vensim to reveal 19 unique
variables and 37 causal links. These results corresponded well with the average number of variables (n=23)
and connections (n=37) observed in typical FCMs, according to the meta-study by Ozesmi and Ozesmi
(2004). Interesting insights from the workshop included unique trade-offs associated with collective
understanding of socio-institutional barriers compared with findings from the NBS literature (Table Al).
Several key challenges were noted by the group that were not commonly observed within the NBS
literature. For example, the stakeholders felt strongly that a lack of regulations and laws at the state and
federal level was the strongest hindrance to local NBS implementation. Moreover, the stakeholders rejected
a causal association between NBS co-benefits and improved implementation, which has been strongly
linked within the NBS literature. Instead, the group suggested that local constituents are not aware of such
co-benefits and are therefore more concerned with stormwater abatement characteristics than social and
environmental derivatives.

Other surprising insights from the workshop included a robust debate regarding how increased
vegetation within the urban fabric is considered an adverse, rather than a beneficial, impact of local NBSs.
In the study region, a lack of NBS maintenance had resulted in habitat overgrowth, leading to pests, rodents,
and aesthetic nuisances. Additional contradictions between the stakeholder-defined system and the NBS
literature were observed, including conflicting opinions about design efficacy, community perception,
political will, and institutional partnership. Such discrepancies have been identified in Fig. S1, which
highlights the importance of understanding local conditions and clarifying stakeholder insights when
assessing policy dynamics for complex socio-environmental issues. To aid in validating the CLD, several
participants requested clarification of variable meanings and roles. Each variable was uniquely defined to
represent the group’s collective understanding (Table S1), which was then emailed to the stakeholders for
use during the CLD validation phase.

11



Non-peer reviewed EarthArXiv preprint.
Under review by Environmental Science, Policy, & Management.

4.2 Assessing feedback loop interactions

The final causal loop diagram is depicted in Fig. 4. Reinforcing loops propagate the direction of change
within the system, which continue to grow, “+” (or decrease, “-), over time when a linked variable is altered.
Conversely, balancing loops counteract the direction of change and transition the system toward states of
equilibrium. From the CLD model, four primary reinforcing loops and two balancing loops were identified.
Reinforcing loop R1 was noted as the “Maintenance Loop”, whereby improved maintenance from local
regulations would reduce habitat over-growth and improve community buy-in of NBS technologies, driving
political will and additional regulations. Reinforcing loop R2, the “Funding Loop”, was identified as an
opportunity to increase NBSs by using local funds to implement more pilot projects, thereby enhancing
visualization of co-benefits and strengthening community buy-in. The reinforcing loop R3, “Community
Loop”, describes the general stakeholder belief that enhanced external regulations would drive local
regulation, negating the need for local incentives programs (which were observed to have a negative effect
on community buy-in due to their volunteering nature). This, in turn, would drive local political will and trigger
additional influence of federal and state governmental constructs. Reinforcing loop R4, the “Advocacy
Loop”, describes the condition where political will could be used to increase the amount and influence of
NBS advocacy groups and local champions, thereby driving implementation of additional pilot projects,
trainings, and outreach to bolster community acceptance.

External @

Regulations/Laws
(Federal & State)

/’*—;_ocal Funding

Local Political Increased
will Development

Local
Regulation

Local Advocates &
Leaders

Population
Climate Growth

Incentives

Programs External

Grants

Nature-based
Solutions

Pilot Projects
—

Community @
Buy-in +
\ R1 Maintenance
= Habitat _ —"—

Technical
Growth

Training
Educational'/_'_)q.o

Outreach

Visualization of
Co-benefits

Fig. 5. Stakeholder-derived causal loop diagram depicting social-institutional factors involved with implementation of
nature-based solutions. Blue = management opportunities, within the scope of stakeholder influence. Black =
exogenous variables, outside the scope of stakeholder influence. Green = system goal variable. Polarity of feedback

loops is indicated by ‘+' for positive (same-direction causation) and ‘-* for negative (opposite-direction causation).
Note: For optimal clarification, color should be maintained when printed.
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The balancing loop B1, “Climate Loop”, was identified as an opportunity to balance the system of NBS
implementation upon achieving a desirable level of climate mitigation (e.g., urban heat regulation,
stormwater flow abatement, water quality enhancement, carbon sequestration), depending on local goals
and conditions. The balancing loop B2, “Equity Loop”, was observed as an opportunity to counteract the
negative impacts of population growth and subsequent impervious development while also strengthening
community buy-in. These overarching themes were used to drive the assessment of causal feedbacks and
their influence on policy effectiveness, further described in Sect. 4.3.

Table 1 summarizes the feedback loops and their initial average strengths, according to Eq. 5:

Zlivi1294=1|wij|
= (5)

where w, describes the average initial strength of each feedback loop f attime t = 0, w;; is the stakeholder-
defined strength between variable i and j, and M is the total number of unique connections within the loop.
The loop strength is assigned a polarity of ‘+’ for reinforcing loops and ‘- for balancing loops.

(t=0) _
W =

Naturally, the feedback loop weights will change during the dynamic simulation as the loops are
influenced by other loops and variables over time. However, by identifying the initial feedback loop strengths
according to Eq. 5, it becomes possible to complement our understanding of the FCM-based scenario
results with insights regarding loop dominance, as well as shifts in loop dominance, according to how the
loops inter-relate within the system.

Table 1. Summary of feedback loops identified within the stakeholder-led causal loop diagram. R = reinforcing feedback
loop (even number of negative connections). B = balancing feedback loop (odd number of negative connections). The
direction of polarity and strength of each feedback is shown.

Loop Variable Connections wf(tzo)

. +0.75 . +0.50 . -0.75 .
Local Political Will — Local Regulation — Maintenance — Habitat

R1 0.35

-0.25 ) . +0.50 . .
Growth — Community Buy-in — Local Political Will

» 4075 . 4025 +0.75 .
Local Political Wil — Local Funding — External Grants — Pilot
) +0.50 o . 4050 . .
R2  projects — Visualization of Co-benefits —— Community Buy-in 0.54
+0.50
—— Local Political Will

+0.25 +0.75
R3 Local Political Will — External Regulations / Laws — Local Regulation
-0.25

. -0.25 . . +0.50 o i 0.40
— Incentives Programs — Community Buy-in — Local Political Will

. . +0.50 +0.25 . . +0.25
Local Political Will — Local Advocates —— Pilot Projects —

. L +0.25 . +0.25 . .
R4 Technical Training — Educational Outreach —— Community Buy-in 0.33
0.50
2% Local Political Will

. . 40.75 . 4050 . —0.50
Local Political Will — Local Funding — Nature-based Solutions —

Bl -0.56

+0.50
Climate Intensification — Local Political Will

0.25

. .. -025 . +0.75 +0.
Social Equity — Population Growth — Increased Development

B2 - 0.40

. 4025 . +0.50 . .
Local Funding — Nature-based Solutions — Social Equity

4.3 Understanding policy with causal logic

The dynamics of the system resulted in a positive increase in the state of the NBS variable for all of
the modeled management strategies. The relative change in NBS implementation for each strategy (n
=1,2,3) is shown in Table 2 as a percentage (AS;). Typically, when performing FCM-based scenario
modeling for policy assessment, the change in state vector for the goal variable is calculated as the
difference between the baseline-scenario and the strategy-scenario. In such cases, the baseline scenario

13



Non-peer reviewed EarthArXiv preprint.
Under review by Environmental Science, Policy, & Management.

is defined as the state vector of the model when all driver variables (i.e., variables that have no input
feedbacks) are clamped to a value of +1.00 (Singh and Chudasama, 2020). However, the FCM model for
this study had no driver variables, meaning all variables were ordinary and contained both input and output
feedbacks (Ozesmi and Ozesmi, 2004), therefore the baseline NBS state vector was null (ASnes =0). As
such, ASk represents the state vector value for the NBS variable after each policy, or set of policies, was
modeled within the Mental Modeler scenario-builder, expressed as a percentage.

Table 2. Fuzzy cognitive mapping-based scenario output used to understand policy effectiveness on the final state
change ASj of nature-based solutions. k = nomenclature of each strategy, where: Educational Outreach = EO,
Technical Training = TT, Pilot Projects = PP, Incentives Programs = IP, Advocacy and Leadership = AL, Political Will
= PW, Maintenance = MT, Funding = FU, Regulations = RE. *’ denotes highest effectiveness within each cohort of
management strategies.

1 Policy (n=1) 2 Policies (n = 2) 3 Policies (n = 3)

k ASi k ASy; k ASy; k ASy; k ASy; k ASy;
EO 9% TT-MT 7% EO-TT-PP 53% EO-PW-RE 55% TT-FU-RE 63% IP-MT-RE 18%
TT 5% TT-FU 66% EO-TT-IP 24% EO-MT-FU 67% PP-IP-AL 71% IP-FU-RE 7%
PP 48% TT-RE 3% EO-TT-AL 42% EO-MT-RE 10% PP-IP-PW 86% AL-PW-MT 68%
P 12% PP-IP 60% EO-TT-PW 56% EO-FU-RE 63% PP-IP-MT 62% AL-PW-FU 80%
AL 36% PP-AL 60% EO-TT-MT 14% TT-PP-IP 62% *PP-IP-FU 90% AL-PW-RE 67%
PW 56% PP-PW 76% EO-TT-FU 67% TT-PP-AL 61% PP-IP-RE 62% AL-MT-FU 81%
MT 5% PP-MT 51% EO-TT-RE 9% TT-PP-PW 76% PP-AL-PW 79% AL-MT-RE 36%
*FU 65% *PP-FU 84% EO-PP-IP 64% TT-PP-MT 51% PP-AL-MT 61% AL-FU-RE 79%
RE 0% PP-RE 47% EO-PP-AL 63% TT-PP-FU 84% PP-AL-FU 88% PW-MT-FU 73%

IP-AL 50% EO-PP-PW 76% TT-PP-RE 48% PP-AL-RE 58% PW-MT-RE 55%
2 Policies (n = 2) IP-PW 74% EO-PP-MT 54% TT-IP-AL 53% PP-PW-MT 76% PW-FU-RE 72%
k ASkj IP-MT 18% EO-PP-FU 84% TT-IP-PW 64% PP-PW-FU 85% MT-FU-RE 63%
EO-TT 11% IP-FU 76% EO-PP-RE 50% TT-IP-MT 20% PP-PW-RE 75%
EO-PP 52% IP-RE 16% EO-IP-AL 55% TT-IP-FU 7% PP-MT-FU 84%
EO-IP 21% AL-PW 68% EO-IP-PW 74% TT-IP-RE 19% PP-MT-RE 48%
EO-AL 41% AL-MT 39% EO-IP-MT 27% TT-AL-PW 68% PP-FU-RE 82% Synergy:
EO-PW 56% AL-FU 81% EO-IP-FU 7% TT-AL-MT 40% IP-AL-PW 81% Conflict:
EO-MT 13% AL-RE 35% EO-IP-RE 24% TT-AL-FU 81% IP-AL-MT 53%
EO-FU 66% PW-MT 56% EO-AL-PW 68% TT-AL-RE 37% IP-AL-FU 88%
EO-RE 8% PW-FU 73% EO-AL-MT 43% TT-PW-MT 56% IP-AL-RE 52%
TT-PP 50% PW-RE 55% EO-AL-FU 81% TT-PW-FU 73% IP-PW-MT 74%
TT-IP 18% MT-FU 66% EO-AL-RE 39% TT-PW-RE 42% IP-PW-FU 84%
TT-AL 39% MT-RE 2% EO-PW-MT 56% TT-MT-FU 66% IP-PW-RE 74%
TT-PW 56% FU-RE 62% EO-PW-FU 73% TT-MT-RE 4% IP-MT-FU 7%

Policy combinations that were synergistic, meaning they worked together to produce a greater NBS
state change than had the policies been implemented in silo, are highlighted in Table 2 with light orange.
Policy combinations that were conflicting, meaning they interacted to produce an NBS state vector that was
less than (or equal to) that of the corresponding individual policies, are noted in green. For example, strategy
PP-RE (pilot projects and local regulations) is a conflicting policy, which resulted in ASpp-re=47%. However,
had pilot projects (ASpr=48%) been implemented as a single strategy, we observe a greater change in NBS
implementation potential (ASer>Spr-re). Such results may be explained by investigating the location of PP
and RE within the CLD and assessing how the feedback loops interact. Pilot projects are included in loop
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R2 (Funding Loop, wr2=0.54) and R4 (Advocacy Loop, wra=0.33), whereas local regulations are impacted
by loop R1 (Maintenance Loop, wr1=0.35) and R3 (Community Loop, wrs=0.40). The initial strength of the
interacting loops for PP (wr2+r4=0.87) is much greater than the initial strength of the interacting RE loops
(wr1+r3=0.70). As such, the combination of these policies would not produce a greater end-result after
dynamic simulation of the clamped variables, and it could be concluded that implementing the RE policy is
not an optimal use of resources.

A similar investigation is used here to explain policy synergy. For example, the combined strategy IP-
PW resulted in a state change of ASip-rw=74%. Had each of these policies been implemented at separate
times, and the dynamic interactions not considered, the NBS state would only be 68%
(ASIP=12%+ASpw=56%). In checking the corresponding feedback loops, IP is only included within R3
(wr3=0.40) is much weaker than the numerous reinforcing loops impacted by PW (Wr1+r2+r3+r4=1.62). Even
when consider the balancing effects of loop B1 on political will (we1= - 0.56), it becomes clear that combing
the PW policy with the IP policy results in stronger system dynamic change.

While such manual interpretations of all policy combinations and feedback loops within the system
would quickly become burdensome, the proposed CLD+FCM-based scenario approach presented here
provides a rapid assessment of how strategies may interact within the system dynamics to produce synergy
or conflict. Similar insights may be derived, for example, by ranking the final NBS state vectors (i.e., the ASk
values) and noting the occurrence of variables, as shown in Table 3. The local funding (FU) variable is
present within almost all of the highest-efficiency strategies (i.e., upper quartile). The political will (PW)
variable is highly representative within the top-half of strategies, while the only instances of PW within the
bottom-half are indeed those combinations that were identified as policy conflicts. In exploring the
interaction of associated feedback loops, FU is a component of both the strong balancing loop B1 and the
strong reinforcing loop R1, which may have trended the system toward equilibrium had there been no other
dynamic forces involved. However, loop R1 triggers each of the additional reinforcing loops, thereby
amplifying total systematic change. This causal logic also explains why pilot projects (PP) and political will
(PW) are highly associated with greater NBS impact in the system. Other system variables that interacted
with balancing loop B1, but which did not have the added reinforcement from loops R2 and R3 to counter-
act the balancing forces, showcased less favorable outcomes and often policy conflict.

Table 3. Rank of management strategies (k) and their corresponding NBS end-state vector values (Sk), describing the
efficacy of policy combinations toward furthering implementation of nature-based solutions in the case study model.

Upper Quartile (Q3) Middle Quartile (Q2) Lower Quartile (Q1)
No Strategy Efficacy Strategy Efficacy Strategy Efficacy Strategy Efficacy
(k) (ASy), % (k) (Asy), % (k) (ASk), % (k) (Asy), %
1 PP-IP-FU 90% EO-IP-PW 74% TT-PP-AL 61% EO-TT-AL 42%
2 PP-AL-FU 88% IP-PW-MT 74% PP-AL-MT 61% TT-PW-RE 42%
3 IP-AL-FU 88% IP-PW-RE 74% PP-IP 60% EO-AL 41%
4 PP-IP-PW 86% PW-FU 73% PP-AL 60% TT-AL-MT 40%
5 PP-PW-FU 85% EO-PW-FU 73% PP-AL-RE 58% TT-AL 39%
6 PP-FU 84% TT-PW-FU 73% EO-PW 56% AL-MT 39%
7 EO-PP-FU 84% PW-MT-FU 73% TT-PW 56% EO-AL-RE 39%
8 TT-PP-FU 84% PW-FU-RE 72% PW-MT 56% TT-AL-RE 37%
9 PP-MT-FU 84% PP-IP-AL 71% EO-TT-PW 56% AL-MT-RE 36%
10 IP-PW-FU 84% AL-PW 68% EO-PW-MT 56% AL-RE 35%
11 PP-FU-RE 82% EO-AL-PW 68% TT-PW-MT 56% EO-IP-MT 27%
12 AL-FU 81% TT-AL-PW 68% PW-RE 55% EO-TT-IP 24%
13 EO-AL-FU 81% AL-PW-MT 68% EO-IP-AL 55% EO-IP-RE 24%
14 TT-AL-FU 81% EO-TT-FU 67% EO-PW-RE 55% EO-IP 21%
15 IP-AL-PW 81% EO-MT-FU 67% PW-MT-RE 55% TT-IP-MT 20%
16 AL-MT-FU 81% AL-PW-RE 67% EO-PP-MT 54% TT-IP-RE 19%
17 AL-PW-FU 80% EO-FU 66% EO-TT-PP 53% TT-IP 18%
18 PP-AL-PW 79% TT-FU 66% TT-IP-AL 53% IP-MT 18%
19 AL-FU-RE 79% MT-FU 66% IP-AL-MT 53% IP-MT-RE 18%
20 EO-IP-FU 77% TT-MT-FU 66% EO-PP 52% IP-RE 16%
21 TT-IP-FU 7% EO-PP-IP 64% IP-AL-RE 52% EO-TT-MT 14%
22 IP-MT-FU 7% TT-IP-PW 64% PP-MT 51% EO-MT 13%
23 IP-FU-RE 7% EO-PP-AL 63% TT-PP-MT 51% EO-TT 11%

15



Non-peer reviewed EarthArXiv preprint.
Under review by Environmental Science, Policy, & Management.

24 PP-PW 76% EO-FU-RE 63% TT-PP 50% EO-MT-RE 10%
25 IP-FU 76% TT-FU-RE 63% IP-AL 50% EO-TT-RE 9%
26 EO-PP-PW 76% MT-FU-RE 63% EO-PP-RE 50% EO-RE 8%
27 TT-PP-PW 76% FU-RE 62% TT-PP-RE 48% TT-MT 7%
28 PP-PW-MT 76% TT-PP-IP 62% PP-MT-RE 48% TT-MT-RE 4%
29 PP-PW-RE 75% PP-IP-MT 62% PP-RE 47% TT-RE 3%
30 IP-PW 74% PP-IP-RE 62% EO-AL-MT 43% MT-RE 2%

FU

3]
=

>
—

«— Lower Efficiency Greater Efficiency —

Fig. 6. Relative difference for individual variables toward system efficiency, where the system goal is increasing the
NBS end-state vector. Educational Outreach = EO, Technical Training = TT, Pilot Projects = PP, Incentives Programs
= IP, Advocacy and Leadership = AL, Political Will = PW, Maintenance = MT, Funding = FU, Regulations = RE.

Fig. 6 demonstrates the relative efficiency of management variables by summing the ASi values for
each corresponding k. RE, TT, and MT exhibit weak efficiencies when combined with other policy options.
An assessment of the associated feedback loops (which are color-coded in Appendix Fig. A2 for improved
visualization) demonstrates how these variables are each located on only one feedback loop, thereby
triggering less change and momentum in the overall system trajectory than those variables that are
leveraged at the intersection of many overlapping loops.

5. Conclusion

Environmental problems and their solutions are complex in nature and are often further challenged by
social and institutional constructs that are not well-understood. A key issue in mitigating such factors and
designing effective policies includes the inability to examine a range of dynamic system trajectories, state
changes, and feedback loops for alternative futures. Moreover, policy-making with limited resources and
external influences require an understanding of emergent system behavior for optimal coupling of unique
management strategies. A shift in one system variable could trigger self-regulating interactions and/or
divergent outcomes elsewhere, depending on the structure of the model and their connective strengths.
This study highlights how identifying the nature of the system must be supplemented by also identifying the
social context within which the system is embedded, demonstrated here through a case study of NBSs as
a complex human-environmental phenomena.

Mainstreaming NBSs into urban agendas is a key challenge that must be overcome in order to realize
global climate goals (UNEP, 2019), which necessitates understanding the human feedbacks within the
system to identify transition variables that, if strengthened, could improve implementation. As challenged
by the UN IPCC, inclusion of social influences in our NBS planning paradigms would improve the efficacy
of our management objectives (Frantzeskaki et al., 2019). This research schematized interactions within a
complex human-NBS system according to loops and linkages derived from real-world stakeholder input. A
holistic approach to systems-thinking provided a means for describing complex behavior and assessing the
relative effectiveness of various management strategies in NBS planning.

The initial stages of systems-thinking capture the overall concept of a system from stakeholder
knowledge by representing key variables and their interrelationships. An analysis of the resulting feedback
loops explains how the system responds to change in a resistant or complementary manner. Policy conflict
and synergy stems from these underlying mechanisms that are often difficult to disentangle visually, even
at simple scales. Instead, incorrect assessments of interacting feedback loops may lead to the failure of
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systematic learning and undermine implementation of the most beneficial policies. As systems increase in
complexity, computer-based simulations are often necessary to understand how interventions alter the
state of the system. Simulation modeling enhances our ability to elicit insights from complex systems by
capturing long-term accumulation processes and trajectory shifts. However, SDM-based simulations are
typically conducted using data-intensive dynamic models (e.g., SFDs), which are not always feasible when
considering human-environmental feedbacks. FCM-based scenario-building is a practical tool for simulating
CLD systems by assigning a degree of influence between components, clamping plausible variables, and
assessing changes to the goal element (Gray et al., 2014). This approach assigns meaning to processes
that are otherwise difficult to compute by leveraging knowledge embedded within stakeholder experiences
and their previous interactions with the system.

A benefit of transposing CLDs into FCMs involves the mathematical foundation of FCMs in graph
theory, which provides a computationally-efficient method for rapidly simulating system trajectories.
Although coupled CLD-FCM modeling has been demonstrated in the literature (Coletta et al., 2021;
Giordano et al., 2020, 2007; Shahvi et al., 2021), it is not commonly used to assess social interactions in
policy-making. To transition toward management-oriented research for socio-environmental phenomena,
this study encourages the coupling of traditional SDM approaches (e.g., GMB, CLD), which identify the
nature of the system, with FCM-based scenarios, which simulate the structure of the system. By integrating
qualitative and semi-quantitative modeling, this approach reveals systemic interactions that would not be
clear from CLD or FCM alone, but which also do not require complex modeling with robust datasets.
Instead, empirical data for weighted connections may be elicited from the stakeholders at the same time as
the GMB session. Such an interactive process transforms elusive systematic barriers into a broad vision of
new and adaptive management opportunities.

Several major synergies and tradeoffs associated with NBS implementation, which had hitherto been
studied as a series of siloed challenges, were revealed by combining the strengths of system dynamics
with cognitive mapping. This integrative approach enriches the theoretical merging of systems-thinking
epistemology (i.e., embedding human cognition within the system), with ontology (i.e., using the underling
structure of the system to elicit insights). In summary, feedbacks and adaptations amongst complex human-
environmental systems must be understood and explicitly accounted for in order to optimize system-wide
sustainability with limited resources. The vision for the future is that we will approach human-environmental
problems as a web of interlinked connections with weighted interdependencies through the lens of systems-
thinking, thereby providing a mechanism based on human reality to better understand management actions
within a rapidly changing world.
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Appendix

Table A.1. Summary of literature review identifying key socio-institutional barriers to widespread NBS adoption and

implementation.

Theme Variable References Key Considerations
Economic (Baptiste et al., 2015; Tayouga and Subsidies, grants, loans, fee reductions.
Incentives Gagné, 2016; Vogel et al., 2015) Incorporated into local development plants.
Drainage tax/fee reduction for individual residents.
£ Federal subsidy programs.
>
o Educational (Chaffin et al., 2016; Derkzen et al., Community perceptions and understanding of NBS
> Opportunities 2017; Solheim et al., 2021; Thorne et functionality and benefits, as well as costs. Outreach
= al., 2018) programs. Media reporting.
]
E Public (Baptiste et al., 2015; Bissonnette et al., Adaptive governance structure. Targeted and
S) Participation 2018; Cohen-Shacham et al., 2019; strategic citizen involvement in selection and
© Dhakal and Chevalier, 2017; Santoro et  planning process, funding, increasing public
al., 2019; Wamsler et al., 2020; Zuniga- awareness. Neighborhood workshops. Dialogue
Teran et al., 2020) with civil groups. Targeted media outlets.
Cultural Values  (Derkzen et al., 2017; Solheim et al., Traditional versus progressive engineering culture.
2021; Thorne et al., 2018) Public perception shift. Fear of perceived risk to
change. Lack of sense of urgency to addressing
g climate change.
>
> Equitable (Derkzen et al., 2017; Zuniga-Teran et Capacitance building in vulnerable and marginalized
% Resilience al., 2020) communities with reference to NBSs.
-g Strategy
v Co-benefits (O’Donnell et al., 2017; Ramirez- Clear identification of co-benefits to support shared
Agudelo et al., 2020; Solheim et al., set of values and community support. Long-term
2021) focus on co-benefits.
Fragmentation (Chaffin et al., 2016; Ellis and Lundy, Central, singular NBS department. Integrated
2016; Kabisch et al., 2016; Ramirez- across sectors, separate from other utilities.
9 Agudelo et al., 2020; Solheim et al., Transverses multiple jurisdictions. Interagency
2 2021; Vasquez et al., 2016; Wamsler et  work. Active cohesion.
5 al., 2020; Zuniga-Teran et al., 2020)
§ Financing (Li et al., 2017; McRae, 2016; Understanding cost comparison to grey-
s O’Donnell et al., 2017; Solheim et al., infrastructure.  Quantification of  co-benefits.
(@) 2021; Thorne et al., 2018; Zuniga- Combined funding sources. Adequate economic
§ Teran et al., 2020) resources. Competing priorities.
o
= Regulatory (Dhakal and Chevalier, 2016; Less stringent than grey-water, improves costs and
b= Frameworks Gersonius et al., 2016; Levy et al., implementation. Defined legal standards.
@ 2014; O’'Donnell et al., 2017; Sarabi et Thresholds to trigger NBS stormwater management.
- al., 2020; Solheim et al., 2021) Confusion/conflicting  provisions. Regulations
regarding long-term maintenance requirements.
Design (Kronenberg, 2015; Solheim et al., Uncertainties regarding how NBSs work locally.
Standards 2021; Zuniga-Teran et al., 2020) Technical manuals. Spatial planning guidelines.
Technical (Li et al., 2017; O’'Donnell et al., 2017; History of past project success. Certified expertise.
Experience Solheim et al., 2021; Wamsler et al., Workshops and trainings. Staff turnover of NBS
2020; Zuniga-Teran et al., 2020) expertise.
Maintainability (Kabisch et al., 2016; Li et al., 2017 Regular inspections, monitoring guidelines. Cost of

Engineering & Maintenance

Pilot Projects

Ramirez-Agudelo et al., 2020; Thorne
etal., 2018)

(Li et al., 2017, 2018; Zuniga-Teran et
al., 2020)

regular maintenance (diversified
Low-maintenance design options.

responsibility).

Political leadership and champions. Successful
community pilot projects (tours, educational
signage, press coverage).
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Table A.2. Local stakeholder titles and jurisdictional domains involved in the group model-building session for
elucidating barriers and management opportunities between humans and nature-based solutions.

Domain Name: Institution Role NBS Experience
Environmental coalitions and local communication of grassroots
Rachel Powers: . efforts.
Local Citizens Environmental Community . . .
- Engagement v' Contributor, Houston Climate Action Plan
Coalition
v' Contributor, Resilient Houston Strategy
Houston Arboretum & . . Conservation leadership of local ecological restoration and nature-
Local Ecological Expertise .
Nature Center based practice.
Walter P. Moore & . . . Engineering for design and construction of numerous NBS projects
Local . Civil Engineering -
Associates, Inc. throughout greater-Houston region.
Sustainability consulting expert and engineer for numerous NBS
projects, involving a variety of community builders.
. v' Author, Harris County Residential Green Infrastructure
Michael F. Bloom, . Standards — Imagination Zones
Local P.E., ENV SP, CFM: Environmental
R.G. Miller Engineers, Engineering v" Author, Houston Incentives for Green Development
Inc. . .
v' Member, Harris County Community Flood
Resilience Task Force
v" Member, Houston Drainage Task Force
] ) Rehabilitation, construction, and planning of water resources and
Municipal  City of Houston Drainage Planning: environmental projects throughout Houston.
Public Works -
v" Resilient Houston Strategy
Municipal City of Houston Infr_astructure Maintenance of public works facilities, including green
Maintenance development.
Trans-disciplinary resilience-building efforts for region, including
natural disasters, infrastructure, and social inequality.
Municipal  City of Houston Sustainability & v Houston Climate Action Plan
Recovery Planning -
v" Resilient Houston Strategy
v" Incentives for Green Development
Regional drainage planning for county, including stormwater
Harris County Flood conveyance and quality for NBS projects.
Regional Control District Stormwater Planning )
ontrol Distric V' Harris County Low Impact Development Infrastructure
Design Criteria
County engineering and planning for regional low-impact
development and green infrastructure projects.
Regional Harris County Public Works v/ Harris County Low Impact Development Infrastructure
9 Engineering Planning Y P P

Design Criteria

v' Houston Drainage Task Force
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Fig. A.1. Feedback loops in causal diagram, delineated by color, presented for ease of visualization while reading and
considering the impact of causal logic on policy effectiveness. Note: Color should be maintained when printed.
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