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Urban stormwater management faces unprecedented challenges as weather extremes and rapid urbanization
intensify flood risks and overwhelm aging gray infrastructure. Green stormwater infrastructure (GSI) offers
a sustainable, decentralized alternative; however, its household-level adoption is hindered by socio-
behavioral barriers and is studied here. We address the socio-behavioral knowledge gap where we integrate
empirical survey data, structural equation modeling (SEM), and agent-based modeling (ABM) to
investigate these dynamics, taking the example of rapidly growing urban region of Austin, Texas. The
analysis quantified how environmental attitudes, social capital, financial capacity, and spatial factors
influence GSI adoption decisions. The resulting parameters informed an ABM that simulated
neighborhood-scale diffusion, revealing that strong pro-environmental mindsets and cohesive community
networks significantly boost adoption, whereas high costs and spatial limitations deter participation,
generating clusters of adoption. Study findings highlight the need for targeted financial incentives to
overcome behavioral and economic obstacles, thereby accelerating GSI diffusion and enhancing urban
resilience against weather extremes and associated stormwater impacts.
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Rapid urbanization, intensified by the escalating impacts of weather extremes, is reshaping global
landscapes, ecosystems, and socio-economic structures of cities'. As urban populations grow, the need for
resilient and sustainable infrastructure becomes increasingly urgent, challenging both planners and
managers to balance economic, environmental, and social objectives®. In this context, effective stormwater
management is increasingly essential due to the expansion of impervious surfaces (e.g., roads, parking lots,
and buildings) which inhibit water infiltration and drive-up overland runoff *. This intensification worsens
flooding, water pollution, and the heat island effect*. Although traditional gray infrastructure (featuring
large-scale drainage and sewer networks) has historically served as the backbone of urban stormwater
management, its capacity to address evolving and spatially dispersed challenges remains limited”.
Retrofitting or enlarging these conventional systems to accommodate growing runoff can be prohibitively
expensive®. Consequently, practitioners are increasingly turning to nature-based solutions and integrated
water management approaches that not only mitigate runoff but also foster urban livability, ecological
resilience, and broader community benefits’.

Within this context, Green Stormwater Infrastructure (GSI) has gained attention as a promising alternative,
offering both environmental and socio-economic advantages®®. GSI integrates natural processes to manage
runoff, while simultaneously enhancing urban biodiversity, improving air quality, expanding urban green
spaces, and promoting overall community well-being!®. Despite these benefits, GSI adoption at the
household level has been inconsistent, with sporadic implementation across different urban areas'!. This
inconsistency persists even though research indicates that GSI is highly effective when implemented
collectively on larger spatial scales'?. Over the past two decades, research has primarily focused on
optimizing the technical aspects of GSI, such as maximizing stormwater retention and refining spatial
deployment for efficiency!'>!'*. However, there remains a significant gap in translating these technical
advancements into widespread household adoption'>!®, This underscores the critical need to explore socio-
environmental factors that influence individual decision-making around GSI'’.

A major barrier to GSI adoption relates to perception. Many residents perceive GSI as a large-scale,
government-driven public initiative rather than a household-level solution'®!". In flood-prone areas,
skepticism persists that GSI—often framed around aesthetics or long-term sustainability—can
meaningfully mitigate immediate flood risks?®. While municipalities can invest in GSI on public lands,
efforts to encourage private property retrofits encounter regulatory, bureaucratic, and volunteer-related
hurdles?'. Moreover, barriers such as limited awareness, budget constraints, and a lack of coordinated
outreach across government and other sectors (e.g., industrial and nonprofit) further hinder GSI’s
potential®®. Furthermore, because GSI effectiveness hinges on cumulative implementation over broader
spatial scales, homeowners may view their individual contributions as negligible—thus creating a
disconnect between GSI’s theoretical merits and its perceived household-level relevance®.

Despite various efforts to increase GSI adoption—including community engagement practices and
incentives such as technical assistance, subsidies, stormwater fee reductions, tax incentives, and rebates—
participation remains low, particularly among households in disadvantaged neighborhoods®. This low
uptake is compounded by socio-cultural and institutional barriers, such as cognitive limitations (e.g.,
underestimating personal flood risk or misunderstanding GSI’s operational benefits) and socio-institutional
arrangements (e.g., fragmented agency oversight or bureaucratic processes), which underscore the need for
enhanced public education and governance reforms®?*. Many of these hurdles persist because trust,
community capacity, and social norms significantly shape household decisions®, yet current GSI
scholarship often remains narrowly focused on technical cost-benefit analyses—frequently driven by
extreme weather events—while neglecting the underlying social dimensions of decision-making?®*’. For



example, while subsidies may lower financial barriers, factors such as awareness, trust in government
initiatives, and prevailing social norms play a decisive role in whether households opt to implement GSI
solutions®®. In fact, social norms and perceived control over resources have been identified as critical
determinants of residential GSI adoption, sometimes outweighing even financial incentives?-*°.

Recent studies emphasize that successful GSI strategies must integrate physical design with insights into
social and cultural factors’3!. Socio-demographic profiles, local cultural values, economic constraints, and
behavioral intentions all intersect to shape the trajectory of GSI adoption®. For instance, households with
higher environmental awareness or those residing in communities with strong green values are more likely
to implement GSI practices®. Theoretical frameworks like the Theory of Planned Behavior (TPB) and
Social Cognitive Theory (SCT) offer valuable insights into these socio-behavioral influences***°. TPB
elucidates how attitudes (individuals' positive or negative evaluations of adopting GSI), subjective norms
(perceived social pressures from peers, family, and community), and perceived behavioral control (the
extent to which individuals feel capable of adopting GSI, influenced by resources and knowledge) affect
intentions and actions regarding GSI adoption!’. SCT, on the other hand, highlights the roles of
observational learning, self-efficacy (belief in one's ability to execute necessary behaviors), and social
influences (the impact of social interactions and relationships) in shaping behavior®®. These frameworks
underscore the necessity of a holistic approach to GSI promotion, integrating behavioral and social factors
with technical and environmental considerations®’. Ignoring these factors can lead to suboptimal outcomes,
where technically sound strategies fail to garner the community support necessary for successful
implementation?®,

Another critical reason for addressing these socio-behavioral factors is the need to reduce disparities in GSI
adoption across different urban contexts. Multiple spatial analyses reveal that GSI adoption is often
unequally distributed, mirroring broader patterns of socio-economic and demographic disparity®. In
response, conservation efforts and environmental planning increasingly seek to align with principles of
social justice, demanding fair policy solutions that address the needs of local communities®. Although
federal policies like the Infrastructure Investment and Jobs Act and the Clean Water State Revolving Fund
highlight equity as a core goal®, political risk-aversion and institutional inertia continue to stymie broad
GSI adoption*!.

This study bridges these gaps by integrating environmental and socio-behavioral dimensions into a cohesive
analytical framework'**?., We employ Agent-Based Modeling (ABM) to simulate how household-level
attributes, social interactions, and environmental contexts collectively influence GSI adoption®. Our
approach integrates quantitative modeling with qualitative insights, illuminating the interplay between
technical considerations and the behavioral realities that shape urban decision-making. Specifically, our
study explores several key questions: (1) How does GSI adoption evolve across distinct socio-demographic
contexts over time? (2) How do spatial and neighborhood characteristics drive variability in adoption rates?
(3) What are the dynamics of behavioral variables that shape the diffusion of GSI adoption? (4) What policy
interventions could effectively impact household-level GSI implementation?

To address these questions, we conducted a case study in Austin, Texas, a rapidly growing city with diverse
neighborhoods and significant stormwater challenges that make it an effective context for examining GSI
adoption. Our methodology integrates extensive survey data and Structural Equation Modeling (SEM) to
represent latent constructs (e.g., personal norms, attitudes, awareness, and social capital) that shape
household decisions. In our Agent-Based Modeling (ABM) framework, both the TPB and SCT theories
define behavioral rules, while SEM quantifies the relationships between observed and latent variables*+.
We also incorporate economic elements, such as income-based price sensitivity'®, and modelling peer
effects on GSI diffusion®’.



Spatial Distribution and Patterns of GSI Adoption

The adoption of structural and rain-catching measures across Austin's districts demonstrates varying
trajectories influenced by socio-demographic, physical, and social factors (Fig. 1a and 1c). We note
adoption rates vary in different regions ranging from 1% to 6% for structural practices and 5% to 15% for
rain-catching practices. Structural GSI practices, requiring higher investments and significant yard
modifications, display a smaller growth trajectory but overall rise to around 3% by the simulation’s end,
with variability across districts gradually increasing. District ranks show initial volatility before stabilizing,
with District 6 consistently performing best and District 4 notably improving after mid-simulation. On the
other hand, rain-catching practices exhibit higher overall adoption, stabilizing around a 10% mean adoption
rate with higher variability. Rankings fluctuate significantly at early stages but stabilize later, with District
6 maintaining a consistently high rank followed by Districts 10 and 8.

In terms of spatial heterogeneity (Fig. 2), western Austin exhibits notably higher adoption rates for both
structural and rain-catching practices. Districts 5, 6, 8, and 7 show above-average increases in each measure,
likely due to mixed land uses and moderate to high housing densities that facilitate social interactions.
Moreover, favorable socio-demographic factors—such as higher income levels, greater educational
attainment, and stronger social capital (See Table S3 in Supplementary Materials for further details)—tend
to boost latent variables like awareness, attitudes, and personal norms, further reinforcing GSI propensity.
In contrast, the eastern side exhibits lower adoption rates, mostly below average for both practices (Districts
1 and 2, Fig. 2¢). These areas typically have larger lot sizes and lower housing densities, limiting social
interactions due to greater distances between homes. This reduction weakens social influence on GSI
adoption. Additionally, larger properties often already include ample green spaces or have less impervious
surface coverage, diminishing the perceived need for additional GSI practices. Socio-demographic factors
further hinder adoption in these areas. Lower income and education levels, combined with lower social
capital and a higher percentage of communities of color, are compounded with financial barriers and limited
access to supportive networks. Consequently, these challenges limit the impactful improvement in
behavioral dynamics, reducing the likelihood of adopting cost-intensive structural GSI practices. The
interplay between a less suitable built environment and socio-demographic obstacles contributes to the
lower adoption rates observed.

Some districts also display distinctive adoption patterns linked to their built environment. For instance,
Districts 10 and 8 see large increases in rain-catching measures but only moderate growth in structural
practices. This may be due to yard-space limitations or other physical barriers that make structural changes
harder. While income levels in these areas are high enough to support the adoption of lower-cost rain-
catching systems, they may not be sufficient—or residents may be less willing—to cover the higher costs
of structural GSI. Meanwhile, District 9, located downtown, is characterized by multi-family buildings and
minimal yard space, limiting opportunities for GSI installations unless done by the city programs or by the
homeowner associations.

Behavioral Dynamics and Latent Variables

Interpreting the dynamics of latent variables (attitudes, awareness, personal norms, and social capital) is
challenging due to the large, and varying, number of agents within each district or census tract. Statistical
measures across such samples tend to converge toward mean values, confounding subtle differences and
making it difficult to discern. Consequently, the analysis next focuses specifically on households that have
adopted GSI. Overall, as GSI adoption increases across all districts, a positive feedback loop emerges.
However, the intensity of this feedback varies according to the initial latent variable conditions,



socioeconomic characteristics, and environmental context. We observe broadly similar behavioral patterns
for structural and rain-catching practices across most variables, with the notable exception of awareness
(Fig. 3).

Attitudes among adopters gradually increase and reach a steady state approximately halfway through the
simulation (which consists of 40 cycles, each representing six months), coinciding with the period when
adoption growth slows down (Figs. 3a and 3b). This suggests that positive attitudes stabilize at a point
where additional growth in attitude provides diminishing returns for adoption rates. The rise in attitudes
correlates with early increases in both awareness and personal norms. Personal norms exhibit a sharp initial
increase due to the rapid adoption uptake, followed by a slight decrease before settling into a steady state
(Figs. 3e and 3f). This stabilization likely occurs as pro-environmental behaviors become socially normative
following initial adoption by innovators. Awareness dynamics differ somewhat between practices. For
structural practices, adopters' awareness increases in early steps before plateauing around step 15 (Fig. 3c).
On the other hand, awareness levels for rain-catching practices show less variation over time, reflecting
possibly higher baseline awareness at the simulation's start (Fig. 3d). Social capital among adopters
gradually increases throughout the simulation, aligning with expectations of higher adoption rates
facilitating improved knowledge sharing and social connectivity (Figs. 3g and 3h). However, the magnitude
of this growth depends heavily on initial conditions and how adoption diffusion unfolds. For instance, in
districts such as District 2, lower adoption growth correlates with initially lower social capital and weaker
networks. Despite these areas having higher baseline personal norms, relatively positive attitudes, and
sufficient awareness, the diffusion rate is hindered by combined socioeconomic and built environment
constraints, including economic challenges, higher density, and larger lot sizes.

Demographic Outcomes

Building on the temporal dynamics shaped by socio-demographic factors, the simulation results (Fig. 4)
demonstrate how income, education, and demographic subgroups (i.e., race/ethnicity) intersect to influence
GSI adoption trajectories across different socio-geographic areas, raising questions related to the socio-
spatial patterns of adoption. Census tracts with median household incomes below $50 k typically exhibit
very low structural GSI adoption; as median income surpasses $50 k (vertical dashed line), adoption
increases to around 5-6%. Although rain-catching practices—being less capital-intensive—can reach
higher adoption rates (often above 12% in well-resourced districts), lower-income tracts still remain closer
to 5-8%.

Meanwhile, predominantly nonwhite districts consistently report lower adoption rates than comparable
white-majority areas, both for structural GSI (e.g., 1-3% vs. 5-6%) and rain-catching (6—10% vs. 12—-16%).
Educational attainment further amplifies these disparities: where a greater proportion of residents hold
bachelor’s degrees or higher, both structural and rain-catching GSI achieve the upper ends of their
respective ranges. Conversely, lower education levels correlate with reduced adoption. Taken together, the
intersections of income with demographic subgroups, education with income, and demographic subgroups
with education highlight the persistent influence of socio-demographic variables on GSI uptake. Without
targeted policy interventions to address cost barriers, outreach deficits, and financing inequities, lower-
income, predominantly nonwhite communities with lower education levels risk being excluded from the
benefits of green infrastructure.



Discussion

Our simulation underscores the pivotal role of latent behavioral variables—attitudes, awareness, personal
norms, and social capital—in driving the adoption of GSI practices. These variables are not static; they
evolve over time through social interactions and internal feedback mechanisms. The results demonstrate
that households with initially high positive attitudes and strong environmental awareness are more inclined
to adopt GSI practices. This inclination is reinforced by positive feedback loops whereby early adoption
enhances social influence, further improving community attitudes and norms. However, the evolution of
these latent variables is sensitive to social dynamics. In areas with strong social networks, the diffusion of
information and normative pressures amplifies these feedback loops, leading to higher adoption rates. In
contrast, weaker social cohesion and limited reinforcing interactions can constrain the diffusion and growth
of positive attitudes—even when environmental awareness is initially high. Consequently, non-adopting
households exhibit stagnant or fluctuating patterns in their latent variables, failing to benefit from the social
reinforcement that drives adoption.

Despite these positive behavioral drivers, financial constraints emerge as a significant barrier that can
override the benefits of strong environmental awareness and favorable attitudes. The simulation indicates
that even in areas where households demonstrate robust pro-environmental behaviors, the costs associated
with implementing GSI practices can deter adoption. For example, households with high initial positive
attitudes toward GSI but located in low-income regions did not achieve the same adoption rates as their
higher-income counterparts. This dynamic shows that financial limitations not only impede the translation
of positive attitudes into action but can also initiate negative feedback loops. Socio-demographic factors
such as race/ethnicity, income, and education intensify these dynamics, creating inequities in GSI adoption
and uneven distribution of environmental benefits*3,

With the urgency around sustainable development, transitioning to sustainable solutions like GSI requires
us not only to understand these practices but also to prioritize and implement them effectively. Although
the technical expertise for sustainable transitions is available, the real challenge lies in mobilizing public
actors and individuals. The question remains: how do we advance systems toward a more sustainable state
while aligning with broader objectives within interconnected, multi-layered systems? Striking a balance
between, what can be often times conflicting goals (such as between efficiency and fairness) demands
careful negotiation of trade-offs, resilience to resource constraints, and an adaptable approach that supports
both immediate needs and long-term sustainability*.

Our study's findings have significant implications for urban water management strategies and policy
development. The simulation results highlight that financial constraints can negate the positive effects of
pro-environmental attitudes and awareness, underscoring the need to integrate economic support
mechanisms into GSI promotion efforts’. Policies that provide financial assistance—such as subsidies,
rebates, or low-interest loans—can strategically target areas where residents already exhibit high initial
attitudes and personal norms but are hindered by economic barriers. This approach has the potential to
maximize intervention outcomes by preventing the onset of negative feedback loops driven by financial
limitations. Moreover, our simulation provides estimates of population segments requiring varying levels
of financial assistance, ranging from full (100%) to partial (50% or 25%) subsidies, or even no support for
installation costs. This analysis can inform the allocation of fixed budgets to maximize overall adoption
rates, taking into account the interplay between social influence and financial barriers. Policymakers can
use these insights to design tiered financial support programs that distribute resources for optimal impact—
for instance, offering more substantial subsidies in areas with greater economic need while providing
smaller incentives elsewhere.



For example, historically under-resourced communities, particularly those with lower incomes and higher
percentages of minority populations, face greater barriers to GSI adoption. By aligning cost-effective
strategies with the distribution of financial assistance to priority communities — a trade-off approach that
weighs efficiency against fairness — ensures that the benefits of GSI are accessible to all.

Finally, the importance of fostering and maintaining strong social networks is evident in our findings, as
higher social capital correlates with increased GSI adoption. In areas where social capital is lower, targeted
programs can strengthen community ties through neighborhood GSI workshops, community-led projects,
and platforms for sharing success stories. Such initiatives not only enhance social influence but also sustain
the positive feedback mechanisms essential for widespread adoption by increasing awareness, improving
attitudes, and reinforcing personal norms. While education and awareness campaigns remain critical, they
must be coupled with practical support to translate positive attitudes into action. Tailored messaging that
addresses cost concerns and provides information on available financial assistance can be particularly
effective in areas with lower initial awareness. Involving community leaders and leveraging existing social
structures can further enhance the reach and impact of these campaigns, ultimately driving higher GSI
adoption rates. Moreover, the benefits of strengthened social networks and increased civic engagement can
extend beyond GSI, supporting broader community resilience and collective capacity to address other
environmental and social challenges.

Our methodology simplifies the representation of the built environment by abstracting complex
hydrological dimensions and stormwater risk associations into generalized spatial factors. In this approach,
potential single-family households are identified through basic filtering of parcel and building sizes, though
refining this initialization could enhance accuracy. The spatial grid, while computationally efficient, does
not fully capture real-world complexities; accurately positioning agents would increase computational
demands and require sensitive data.

Data limitations also constrained our ability to differentiate between specific rain-catching and structural
GSI measures, leading to a collective representation that may obscure distinct socio-behavioral drivers.
Socio-demographic and latent variables were assigned based on census tract distributions rather than
through more robust Bayesian methods, and our assumption of no initial GSI adoption—addressed via
adjusted thresholds—may not accurately reflect baseline conditions. Calibration based on plan-to-action
survey data lacked precise temporal alignment with real-world adoption cycles.

Despite these limitations, the study contributes to the literature by integrating socio-behavioral insights with
technical considerations to inform sustainable urban stormwater management and by clarifying how
targeted interventions can overcome both financial and socio-cultural barriers, emphasizing the role of
neighborhood-level interactions and economic mechanisms (e.g., tiered subsidies) in facilitating equitable
GSI adoption.

In conclusion, this study provides an in-depth analysis of the complex interplay between socio-behavioral
factors, economic constraints, and spatial characteristics influencing the adoption of Green Stormwater
Infrastructure (GSI) at the household level. By integrating empirical data into an ABM framework, we have
illuminated how internal behavioral characteristics and socio-demographic factors converge to shape GSI
adoption patterns. The findings reveal that while positive attitudes and environmental awareness are crucial
drivers, financial barriers can negate these advantages, leading to negative feedback loops that hinder
widespread adoption.
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Fig. 1 | Time-series plots of GSI adoption for structural and rain-catching measures. Panels (a) and (c) illustrate
the mean adoption rates (solid lines) and their corresponding min—max district adoption percentage ranges (shaded
areas) for structural and rain-catching practices, respectively, aggregated across all districts over the simulation steps.
Panels (b) and (d) depict the district rankings for structural and rain-catching practices, respectively, displayed as a
bump plot, with the x-axis representing time steps and the y-axis indicating district rank.
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Fig 2 | Spatial distribution of GSI adoption at the district level. Panels (a) and (b) illustrate the percentage of
single-family households that adopted structural and rain-catching practices, respectively, in the final step of the
simulation. These maps provide a detailed view of the spatial patterns of adoption across the city. Panel (c) quantifies
the adoption rates for each district and compares them with the citywide averages (indicated by the dotted lines).
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between structural and rain-catching practices.
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Methods
Empirical Data Collection and Processing

Our modeling framework for understanding Green Stormwater Infrastructure (GSI) adoption draws on
multiple empirical sources and comprehensive statistical analyses, enabling both citywide coverage and
nuanced representation of household decision-making. We began with a household survey in Austin, Texas,
which was designed through mixed methods to capture diverse demographic, economic, and behavioral
profiles. Random postcard invitations and targeted outreach in underrepresented communities yielded 592
valid responses. To preserve data integrity and avoid bias from missing entries, we applied Bayesian
multiple imputation (see Supplementary Material), ensuring that partially completed surveys were still
usable. Our survey instrument included questions on socio-demographic characteristics (e.g., income,
education, race/ethnicity), as well as sets of Likert-scale items measuring latent behavioral constructs:
Attitudes toward stormwater management, Awareness of water issues, Personal Norms regarding
environmental responsibility, and Social Capital reflecting neighborhood networks. We verified that these
items reliably captured each construct via factor analysis and confirmatory modeling, providing each
respondent with scores on these latent variables.

To complement survey results, we obtained census data from the American Community Survey (ACS) to
align our synthetic population with the real-world distribution of household attributes. Using census tract-
level ACS 5-year estimates for income, demographic subgroup, and education levels, we constructed
probability distributions from which synthetic households were sampled. Because incomes are typically
right-skewed, log-normal curves were fitted to ACS income brackets, ensuring that randomly generated
household incomes resembled local economic patterns. Similarly, demographic and education attributes
were assigned to agents based on tract-specific proportions, so that aggregate synthetic demographics match
observed values. When integrating the smaller survey sample, which did not represent every tract
proportionally, we aggregated respondents at the City Council District level and drew from those district-
level distributions to assign latent behavioral scores (see Supplementary Material).

We also integrated parcel-level spatial data from the City of Austin’s GIS layers, focusing on single-family
properties where individual households directly influence GSI adoption. By intersecting parcel shapefiles
with building footprints, we calculated each lot’s total area and building footprint, helping to determine
physical feasibility for GSI measures. We filtered out multi-family or outlier parcels based on lot and
building sizes, leaving a sample more consistent with typical single-family residential contexts. Using this
spatial information, we computed site-specific indices to estimate each household’s potential for different
GSI practices—such as how much roof area is available for a rain barrel or cistern, or how much yard space
might accommodate a rain garden or slope modifications.

Our survey captured both present and future adoption behavior by asking respondents about any GSI
practices they already use and whether they plan to adopt them moving forward. These details of self-
reported data helped us identify households at different stages of the adoption process. We explicitly tracked
six GSI practices, divided into two categories:

e Rain-catching practices: Rain Barrel, Cistern, and Rain Garden
e Structural practices: Yard Slope Modification, Yard Vegetation Change, and Irrigation Reduction

Cost estimates were combined with perceived importance values from scenario-based survey questions,
which varied potential rebate levels (e.g., 100%, 50%, 25%, or no subsidy) to assess how financial
incentives might influence adoption decisions. From these analyses, we derived a Financial Constraint
Index that measures the extent to which a household depends on subsidies to finance GSI installations—a
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higher index indicates greater reliance on external support, while a lower index suggests the ability to self-
finance installations.

To integrate and interpret these variables, we employed several analytical methods (see Supplementary
materials for further details). First, we used structural equation modeling (SEM) to confirm that each set of
latent factors—Auttitude, Awareness, Personal Norms, Social Capital—exhibited strong internal consistency
and significantly correlated with GSI adoption intentions. The SEM also helped quantify how these factors
interrelate (e.g., whether high social capital reinforces awareness). Next, we constructed multiple linear
regression models to estimate household-level adoption propensity for structural GSI and for rain-catching
GSI, based on both socio-demographic predictors and the latent behavior factors’ value. The resulting
regression coefficients yielded formulae that compute a baseline GSI adoption likelihood for any
combination of household attributes, ensuring that, for example, higher-income or more environmentally
oriented households receive correspondingly higher propensity to adopt.

During model initialization, each household in Austin is assigned its demographic attributes through Monte
Carlo draws from the census-based distributions and is given a corresponding set of latent behavior
variables value. We then combine these attributes and the regression-based propensity scores to determine
whether a given practice (e.g., rein-catching or structural) is feasible and attractive. If the physical capacity
index and the household’s baseline interest are sufficiently high—adjusted by any financial constraints—
then that agent is more likely to adopt the practice in the model’s early stages. Over time, household
decisions can also shift as they gain awareness or observe peers. At the city scale, aggregating these
individual adoption trajectories allows us to capture potential spatial and socio-demographic patterns.

Finally, to validate this integrated dataset, we compared synthetic households’ aggregated profiles against
observed census benchmarks for income, demographic, and education distributions. We also checked
alignment between district-level average latent factor scores among our modeled agents and the survey’s
actual district-level means; minor discrepancies were within acceptable sampling variability (see
Supplementary Material). The result is a coherent, citywide dataset in which each household agent has
realistic demographic, spatial, behavioral, and financial characteristics, all consistent with empirical
evidence. This thorough integration of data sources—survey responses, ACS statistics, GIS parcels, and
adoption trajectories—provides the robust empirical foundation needed to simulate how financial
incentives, social factors, and property characteristics collectively shape GSI adoption in Austin.

Agent-Based Modeling Framework

GSI adoption can be viewed as a dynamic socio-behavioral, economic, and environmental process
unfolding over time and space. An ABM is used to simulate this process by representing individual
households as autonomous decision-making agents and modeling their interactions. By capturing
heterogeneity among households and the influence they exert on one another, the ABM produces emergent
patterns of GSI adoption at the neighborhood scale. This bottom-up approach enables exploration of how
local decisions aggregate into citywide diffusion trends, often yielding the characteristic S-shaped adoption
curve of innovations (slow start, rapid growth, plateau). The model is empirically grounded with real-world
data (survey responses, census statistics, GIS layers) and behavioral theory, allowing it to account for both
quantitative factors (e.g. income, parcel size) and qualitative drivers (e.g. social norms, perceived benefits).

Our ABM consists of four major components that together simulate the GSI adoption process (Extended
Data Fig. 1). These components are:
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e Household Agents: Individual households characterized by socio-demographic profiles, property
attributes, and behavioral traits.

o Social Interactions: Network mechanisms through which agents influence each other via local
neighbors and broader community ties.

e Behavioral Evolution: Dynamic updates of each agent’s attitudes, awareness, norms, and social
capital over time through self-reflection and social influence.

e Adoption Decision Rules: Criteria and thresholds that determine if and when a household
implements a GSI practice, given its constraints.

Each component is described in detail below, along with how they interconnect to model the adoption
process.

Household Agent Design

Household agents are assigned static socio-demographic variables, property characteristics, and dynamic
latent behavioral attributes. Static attributes include income bracket, ethnicity, educational attainment, and
a property “potential” index( P;) for installing structural or rain-catching GSI. The potential index captures
parcel-level feasibility, such as roof size for rainwater storage or yard area. Latent behavioral attributes are
drawn from survey-derived distributions of Attitude (Af), Awareness (Aw), Personal Norms (Pn), and Social
Capital (Sc).

From these attributes, each agent’s baseline propensity to adopt GSI is quantified by behavior scores for
two categories of practices: (1) structural measures and (2) rain-catching measures. We compute these
scores using equations below, calibrated on the survey data (further details in Supplementary Materials).

BY; = (1.51 — 0.45 x I(Demographic subgroup; = NonWhite) + Bj,comes (IncomeB)
— 0.16 x I(Education; = NoAdvDegree) + 0.37 X Pn} + 0.23 X Sc
—0.02 x AtY + 0.02 x Aw}) X P

BY; = (0.39 — 0.18 x I(Demographic subgroup; = NonWhite) + Bjycomes (IncomeB)
— 0.05 x I(Education; = NoAdvDegree) + 0.22 x Pn + 0.07 X Sc!
4 0.005 x At — 0.02 X Aw?) X P,;

where Income (Brefers to income bracket), Demographic Subgroup, and Education are categorical
variables integrated into the regression models to influence behavior scores, with specific coefficients
assigned to each category to reflect their impact on the likelihood of adopting GSI practices (Supplementary
Material). The P; is potential index for agent i, the subscript s, and r refer to structural and rain-catching,
respectively. Additionally, we also assign each agent a price sensitivity factor between 0 and 1 based on
their income percentile and survey responses about willingness to pay. A value of 1 indicates the household
would require a full rebate to afford the GSI (high financial barrier), whereas a value of 0 indicates little to
no subsidy is needed. This factor does not initially alter the behavior score but will modulate the adoption
decision as is described later.

Finally, during initialization, each agent is assigned an adoption threshold that determines the level of
motivation required to implement a GSI practice. This threshold reflects the agent's willingness to act. We
draw thresholds from a sigmoid (S-shaped) distribution ranked by each agent’s baseline behavior scores
(Blp ) (higher baseline = lower threshold). This approach creates heterogeneity in adoption readiness: early
adopters have low thresholds and will act with minimal prompting, whereas late adopters require much
stronger drivers (social pressure, subsidies, etc.) to participate. This approach, grounded in Rogers’ (2003)*
diffusion of innovations theory, ensures an initial variety in adoption resistance across the population,
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helping the model produce a realistic sigmoidal adoption curve over time (few early adopters, then
acceleration, then saturation). The whole process is defined using following equation.

6; = Buuse + (1/(1 + KR ) 5 BY x (1 4+ 0.5(1 = Ry))

where 0; is agent-specific threshold, By,g.is the median of all BY scores, R; is the percentile rank of agent
i’s score, and k controls the steepness of the sigmoid function (further details in Supplementary Material).

Social Network and Interaction Rules

Household agents do not make decisions in isolation — they are embedded in social networks through which
they influence each other’s attitudes and actions. In our implementation, each agent is placed on a spatial
grid that represents Austin’s census tracts and distribute agents within these regions proportional to the
number of households in each tract, with multiple agents potentially occupying a single grid cell in denser
neighborhoods. The grid wraps toroidally (edges connect), which prevents artificial boundary effects in
neighbor interactions.

Within this space, agents interact through two distinct mechanisms—Neighborhood Influence and Social
Network Influence—each governed by different spatial radius to capture varying degrees of interaction.
Neighborhood Influence remains localized, where each agent considers others within a fixed radius of one
grid cells as its immediate neighbors. However, broader social interactions extend beyond these immediate
neighbors. To account for slightly wider influence through social ties, Social Network Influence extends to
a radius of three grid cells, allowing agents to interact with a larger pool of connections beyond their
immediate neighborhood. Each agent’s social network size is bounded by its social capital level, linking
the breadth of social interactions to the agent’s networking capability. Agents with high social capital
maintain larger networks and therefore have greater exposure to adopting peers and more capacity to
influence others.

Peer influence in the model is a function of multiple factors that determine how strongly one household
affects another. We define a weighted interaction index (I;;) between any two agents i and j, composed of
four factors: Similarity, Spatial Proximity, Communication, and Visual cue. The Similarity component
gives higher weight to interactions between agents who share socio-demographic traits (e.g., similar income
or education), representing homophily. Spatial Proximity gives higher weight to neighbors that are
physically closer on the grid, acknowledging that very nearby neighbors exert stronger influence than those
farther away. The Communication Influence component represents social interactions such as conversations
or online exchanges; it is modeled as a function of the social capital of both the influencer and the receiver,
emphasizing that an agent with higher social capital (strong social networks) can more strongly sway others.
Finally, Visual Influence captures observational learning — if a neighbor has visibly adopted a GSI practice
(e.g., one can see a rain barrel or rain garden), that neighbor’s influence on the agent is increased. These
factors are combined into the interaction index, which is used each time step to update agent i’s behavioral
state based on the adoption status of agent j. Importantly, in our implementation, Attitude, Awareness, and
Personal Norms are updated based on interactions with broader “social network” neighbors, who contribute
these four influence factors (further details in supplementary).

Social capital is conceptualized as a distinct latent variable. By treating social capital as an independent
factor, the model captures the network-level dynamics that influence individual behaviors without
conflating them with individual-level behavioral constructs. We incorporate two positive mechanisms for
social capital growth from the interactions. First, positive reinforcement from network adopters, where the
presence of adopters within an agent's social network directly increases social capital by enriching the
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agent's access to resources and connections. Second, neighborhood-based feedback loops, these activate
only when both the agent and its neighbors adopt GSI practices, leveraging shared traits to strengthen
mutual trust and coordination. These two intersecting feedback loops ensure that agents experience both
direct and indirect social capital benefits, enhancing their network connections and reinforcing positive
feedback loops (Extended Data Fig. 2).

The model mitigates the influence of non-adoption by reducing the weight of non-adopters in interaction
calculations, thereby minimizing negative peer pressure. Specifically, agents who have not adopted GSI
contribute much less to social influence, as all influence components (e.g., similarity, communication) are
assigned lower weights when interacting with a non-adopter. This ensures that agents are not strongly
discouraged by others' inaction. Since GSI adoption is not a highly salient community issue, non-adoption
lacks strong normative weight. This perspective aligns with a number of studies in innovation diffusion and
social contagion that argue visible adoption acts as an active signal—both conveying the innovation’s
benefits and generating a normative pull toward adoption—whereas non-adoption (i.e., the absence of
behavior) remains largely silent >*°'52, Consistent with TPB and SCT, social influence is primarily shaped
by the presence of a behavior rather than its absence >*. By downplaying the impact of non-adopters, the
model prevents scenarios where hesitant neighbors indefinitely suppress adoption in their area. Instead,
diffusion is driven by the presence of adopters (positive examples), while non-adoption remains a weak
counterforce .

Behavioral Update

At each time step t, agents update their Personal Norms, Awareness, and Attitude for each behavior—
structural and rain-catching—through the influence of (1) social interactions and (2) internal feedback
effects among the latent variables derived from SEM relations. The update process is governed by the
following equation:

t—-1
Yien iy X Lizp
Yien; lij

where Lti’z‘b is the latent variable for behavior b with z explicitly representing the specific latent factor

Lti,Z,b = a X LEE)I + B X ( ) + Yb X ALti,Z,b

(Attitude, Awareness, or Personal Norms), , a is the self-influence weigh, B is the network-influence weight,
v is the SEM influence weight scaling the internal feedback term, A Lg,z,b represents the net change to the
latent variable due to interdependencies uncovered by SEM — essentially, how much L,;, should shift
because other latent factors have changed, and N is the set of network connections for agent .

In our model, SEM analysis of survey data provided path coefficients indicating, for example, how a change
in social capital (S Cl-t ) could lead to a change in personal norm (Pn;l-), or how increased awareness (Awit)

could affect attitude (Atf), etc. We encode these relationships as additive adjustments each time step. In
practice, for each latent variable and behavior type, there is an equation (further details in supplementary
material).

We calibrate the weights o, B, and y to ensure a balance between stability and social influence *. In the
baseline configuration, we set a = 0.85 and f = 0.15, meaning an agent’s own prior state has a large
influence (85%) on its next state while network collectively has a moderate influence (15%) %8, These
values reflect the idea that attitudes and norms are generally stable but can be shifted to some extent by
social interactions. However, as the overall adoption in the community increases, we gradually decay the
neighbor influence weight B, representing the diminishing marginal effect of social pressure in a saturated
environment. Intuitively, if most people have adopted, the incremental influence of each additional adopting
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neighbor on a holdout household is smaller (because adoption is already normative). We implement this by
tying P to the global adoption rate of each GSI behavior — f§ is high when few have adopted (neighbors are
crucial to kickstart the trend) and decreases as adoption becomes widespread (late-stage adopters are less
sensitive to peers). The self-influence weight a is adjusted in tandem to keep the sum o+f roughly constant,
ensuring the update equation remains properly normalized.

Meanwhile, the agent’s social capital (Sc) is updated (as described earlier) in parallel each step using
following equation.

Sci,t = Sci,t—l +
ASc K .
networ X network influence rate X Z Ijj X A; +

—Zjen; lijxAj
1+e i i,

AS Cneighborhood
1+e” ZjENeighborhoodi 1ijXAj

X neighborhood influence rate X Z I;j X A;
J€Neighborhood;
X I(agent has adopted any behavior)

Where SC;; is social capital of agent i at time 7. ASCyeqyork Captures direct contributions from network
adopters. ASCpeighbornood Captures additional synergy if both the agent and neighbors adopt GSI practices.

The exponential terms (e_zfe”il“' “4) saturate social-capital gains when many neighbors have already
adopted. [;; is interaction weight between agents as calculated in previous section. 4; is the adoption state
of neighbor j (1 if j has adopted; O otherwise). [ is indicator function (1 if the agent has adopted any GSI
practice; O otherwise).

Adoption Decision Process

Once an agent’s behavior scores (for structural and rain-catching practices) have been updated in a given
time step, the model determines whether the agent will adopt any new GSI practices (Figure S3,
supplementary martials). This decision-making rule accounts for financial constraints via price sensitivity,
practice-specific requirements, and individual thresholds, ensuring that both personal motivation and
feasibility align before an adoption occurs (further details in supplementary material).

Financial Constraints and Price Sensitivity: If an agent’s price sensitivity for a given practice is high, its
effective adoption score for that practice is substantially reduced, indicating that the agent cannot proceed
without subsidies (if it’s equal to 1, drop the adoption score to zero). A sensitivity of zero leaves the full
behavior score intact. This mechanism ensures that households needing significant financial help do not
adopt costly GSI practices prematurely, even if they are otherwise motivated.

Practice-Specific Likelihood: To compute final adoption propensity, each agent’s category-level score
(structural or rain-catching) is decomposed into sub-scores for the six GSI practices, weighted by cost and
complexity. More expensive practices (e.g., major yard regrading) command higher “importance” shares
of the total score. Price sensitivity then partially or fully nullifies sub-scores for practices the household
cannot afford. Re-summing the adjusted sub-scores produces an effective overall score, preventing lower-
cost practices from inflating an agent’s adoption propensity while still leaving higher-cost measures viable
if finances allow.
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Suitability and Final Criteria: Lastly, two conditions must be met for adoption: (a) the adjusted score
surpasses the agent’s threshold, and (b) the parcel meets fundamental suitability requirements (e.g.,
adequate yard space). If both are satisfied, the agent adopts that practice and retains it thereafter (no “un-
adoption”). Adoption is tracked cumulatively: once a household adopts at least one practice, it is no longer
a complete non-adopter.

We ran the model over a 20-year horizon (40 cycles, with each cycle representing 6 months). All calibration
procedures, including parameter tuning against observed adoption intentions, and one-at-a-time sensitivity
testing to assess model robustness, are documented in the Supplementary Material.

Data Availability

All spatial data for the Austin area are publicly available at the City of Austin GIS Data Portal
(https://www.austintexas.gov/department/gis-data). Map boundary shapefiles were obtained from the U.S.
Census Bureau (https://www.census.gov/geographies/mapping-files/time-series/geo/cartographic-
boundary.html). Census tract-level demographic data are available at: https://www.census.gov. The survey
data used for reproduction, along with the extended data is available for this paper can be found in the
supplementary materials.

Code availability

All codes used to analyze data and create figures will be made available on a GitHub repository once the
review comments are incorporated.
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Extended Data Fig. 1 | Agent-based modeling framework for GSI adoption. Hexagons represent data sources or
model inputs (e.g., socio-demographics, GIS layers), while rectangular boxes indicate key processes or decision
modules within the simulation. The color-coded boundaries correspond to the four major components of the model:
blue for Household Agents (demographics, property attributes, and behavioral traits), red for Social Interactions
(network formation and peer influence), green for Behavioral Evolution (dynamic updates of attitudes, awareness,
norms, and social capital), and orange for Adoption Decision Rules (criteria and thresholds for GSI implementation).
Together, these interconnected components capture how individual household decisions, shaped by both internal states
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and social networks, evolve over time to produce emergent citywide adoption patterns.
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Extended Data Fig. 2 | Schematic illustration of household-level social interactions and network formation,
highlighting two contrasting scenarios. In Case Example 1, the focal household has higher social capital and
maintains a stronger social network, evident from multiple connections extending to the broader network (red dashed
rectangle) and direct links to immediate neighbors (brown dotted rectangle). In Case Example 2, the focal household
(outlined in orange) exhibits lower social capital, resulting in fewer overall connections to the broader network, though
some ties to immediate neighbors remain. Network influence (connections to the red dashed rectangle) is two-way for
all linked households—regardless of whether they have adopted GSI—though adopters (green houses) exert stronger
influence. By contrast, immediate neighbor influence (brown dotted rectangle) is one-way and activates only when
those neighbors have adopted a GSI practice. This distinction illustrates how variations in social capital and network
reach can shape both the spread of adoption and the strength of peer influence at the neighborhood level.
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