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Abstract: Waterway managers face complex challenges in protecting and enhancing the health and social benefits
of freshwater systems from a range of current and future threats, including climate change and urbanization. Key
questions that need to be addressed by waterway managers include relative importance of future threats, where to
focus limited resources, what actions are likely to result in measurable benefits, how to set meaningful targets, and
how to integrate and achieve system-scale outcomes. This paper presents 5 key tools in a proposed decision sup-
port system (DSS) to enable waterway managers to identify needs, then assess and prioritize interventions through-
out a spatially explicit stream network using geospatial data, modeling, stakeholder engagement, decision-making,
and monitoring to optimize cost-effective management actions. Through case studies from diverse regional water-
way management agencies in Australia (Melbourne, Victoria) and the United States (Denver, Colorado; Southern
California; and Austin, Texas), we compare approaches that include habitat suitability models, physics-based wa-
tershed models, and predictive analytics to guide intervention strategies, resulting in more efficient, effective, and
equitable waterway management decisions. The proposed DSS emphasizes the importance of connectivity, scale,
and spatial context in stream management, enabling managers to predict outcomes, set quantitative targets, and
more clearly communicate benefits to stakeholders. By harnessing objective data in service of social values, the
tools presented and a DSS approach helps overcome potential technical, economic, and social challenges by im-
proving decision-making rigor and transparency, supporting accountability and adaptive management, and foster-
ing trust through the reproducibility of decision processes.
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INTRODUCTION
Waterway managers, the people and organizations responsi-
ble for protecting and improving the social, economic, and
environmental benefits that waterways provide, face a com-
plex and dynamic set of tasks (Ladson et al. 1999, Walsh
et al. 2005, Prosser et al. 2015). Fundamental to this role is
the need to understand 1) Where should we focus manage-
ment efforts? 2) What management actions are most likely
to be beneficial in each location? 3) How do we understand
potential risks from future threats such as climate change
and urban growth? 4) How do we set meaningful manage-
ment targets at the right scale? and 5) How do multiple pro-
jects function together to create system-scale outcomes? In
stream systems, as in many other environments, the question
of where to act may be just as important as what action to
implement. Waterway managers need approaches which can
parse a potentially overwhelming diversity of stream types,
scales, conditions, and threats, and focus attention where it
can have the greatest benefit relative to the cost of a water-
way management intervention (e.g., Steel et al. 2008). Ques-
tions of scale and connectivity are important when consid-
ering stream networks, where intervention success may be
highly dependent on connectivity to other interventions (e.g.,
protection of headwater streams at scale, removal of barriers
to fish migration, restoration of riparian corridors). With
finite resources, waterway managers, often working at the
watershed scale, need decision support tools to prioritize ac-
tions and their spatial arrangement (Reynolds et al. 2008).
Here we illustrate the application of waterway inter-
vention decision support systems (DSSs) based on spatially
explicit data and models. An intervention in the context
of this paper is any action taken by a waterway manager
to change environmental or social outcomes in a favorable
direction. It can be a project, program, or regulation (see
Herrington et al. 2026 for a detailed discussion of interven-
tions). Applied as part of a strategic planning framework
(Herrington et al. 2026), spatially explicit DSSs can help
waterway managers understand the complex systems they
work with, reduce uncertainty, and move forward with in-
terventions based on best-available, but imperfect, data
(Sanchez-Marre et al. 2006). In the most effective exam-
ples, DSSs and their integrated tools underpin the iden-
tification, assessment, and prioritization of stream inter-
vention activities at the right scale and level of detail for
the types of decisions they support. In particular, spatial
frameworks in DSSs can provide visual representations
that improve communication of decision benefits and costs
both at big-picture, regional scales and granular site-specific
scales. Similarly, DSSs can integrate public and stakeholder
aspirations by applying larger weights in the model inputs
to strongly held community values. These tools also allow
for the integration of quantitative analysis and qualitative
stakeholder input, weighting, and prioritization, but ideally
in the context of decision support, not rigid decision adop-
tion (Janssen 1992).
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In this paper, we outline key considerations for design-
ing robust spatial planning tools, drawing on several exam-
ples of successful development and application of spatially
explicit DSSs to support intervention planning, target set-
ting, and monitoring. This article is intended to provide in-
sights to decision makers on opportunities and challenges
when designing or improving spatially explicit DSSs. The
ideas and direction of this paper came together during a
knowledge-sharing workshop held at The University of
Melbourne in Burnley, Victoria, Australia, in 2023. The
15 participants, from Australia (Melbourne, Victoria) and
the United States (Austin, Texas, and Denver, Colorado),
quickly identified common approaches, challenges, and op-
portunities across regions. Evolving from this initial inspi-
ration, 3 follow-up workshops held virtually over the sum-
mer of 2024, each attended by ~10 participants from the
same group, incorporated further perspectives from Southern
California and established the goal of sharing lessons learned
with other water managers worldwide. Specifically, this article
explores how a spatially explicit DSS can be used by waterway
managers to identify the most cost-effective suite of manage-
ment actions across their area of operation. These tools help
identify priorities about where to intervene and what inter-
ventions to undertake for the greatest benefit to region-wide
waterway health in the face of current and future threats.

TOOLS AND APPLICATION

During a series of workshops in 2024, the authors proposed
a generalized structure for DSSs for waterway managers (Fig. 1)
made up of 5 key components, or tools, within a structured
decision-making framework (SDM; Gregory et al. 2012, Hem-
ming et al. 2022). These tools incorporate a geospatial database
that encodes stream network relationships (see the Geospatial
tools section, e.g., the National Hydrography Dataset [NHD];
McKay et al. 2012). Spatial data, along with relevant envi-
ronmental data, are used to build robust system-based mod-
els (see the Modeling tools section). Modeling is integrated
into an explicit decision-framing process that guides inter-
vention identification, scenario planning, cost—benefit anal-
ysis, and prioritization (see the Decision-informing tools
section). Communication and engagement tools are inte-
grated for knowledge sharing and stakeholder participation
(see the Communication and engagement tools section).
Monitoring data verify that the models and geospatial tools
are fit for purpose and that predictions of intervention ben-
efits are robust (see the Monitoring tools section). Each of
these components is important as part of a DSS (Fig. 1),
which can have a variety of forms and structures, each with
their own advantages and limitations within decision science
(Hemming et al. 2022).

Overview of case studies
Although routine environmental monitoring and land-use
data were often the historic basis for waterway management



Monitoring tools:

* Historic/public data for model
development and calibration

* Surgical data for verification

* Scaled monitoring for interventions

Monitor/verify
models and
intervention

effect

Communication/engagement tools:

* Critical throughout entire cycle

* Transparent and open flow between
waterway manager, decision-support
system, and community

* Mapping provides local connection

¢ Dense and explicit content and
materials

Integrate missions,
stakeholder values,
and spatial
crosswalk

Volume 45 September 2026 | 000

Geospatial tools:

e Spatially explicit

* Networked flow

* Remote sensing advantages

* Scalable (high, low resolution)
¢ Open data networks

Identify objectives
and appropriate
interventions

Modeling tools:
* Systematic, unbiased
intervention * Scalable
benefit, scale ¢ Physics based, statistical (not
effects black boxes)
¢ Cross-discipline flow

Quantify

Decision-informing tools:

¢ Connect problems and solutions

* Scenarios, alternatives, cost/benefit
¢ Ranking of interventions

* Opportunities analysis

* |dentify Synergies, collaborative
benefits

Prioritize and
identify
opportunities and
synergies

Figure 1. The 5 key tools (green boxes) in the waterway managers’ decision support system and how they are utilized and drive an
adaptive, recursive, and cyclical-structured decision-making cycle (blue circles). Gray arrows show the adaptive cycle and blue arrows
suggest where the tools are most directly relevant to the cycle, but note that where the tools are used is flexible and may not be only
in 1 place (e.g., the communication and engagement tools, which may be used throughout the entire cycle).

decision-making in much of the United States and Australia,
we describe case studies that incorporate the coupling of
spatial data, models, engagement, and monitoring that pro-
vide some important advantages for waterway managers
(Box 1). This paper reviews each of the 5 key DSS tools
noted above with reference to the 4 case studies of spatially
explicit DSSs around the world with which the authors have
direct experience (Table 1). The case studies were selected to
cover a range of contrasting contexts, including geographic
region, geographic extent, type of geospatial and modeling
tools used, nature of their application to waterway manage-
ment decision-making, stakeholder engagement, and mon-
itoring. In Melbourne, the Healthy Waterways Strategy uses
spatially explicit stream networks and habitat suitability
models (HSMs) toward the goal of selecting stormwater
and riparian waterway interventions in the most effective
combination. The Mile High Flood District (MHFD) in Den-
ver developed a geomorphic typology system with the goal
of assessing stream reach physical condition and commu-
nity values in a large and diverse jurisdictional region. The
Stream Classification and Prioritization Explorer (SCAPE)
prioritization tool in Southern California uses publicly avail-
able spatial data and predictive analytics to estimate biolog-
ical condition in reaches where empirical data are not avail-

able and estimate baseline conditions under different lev-
els of watershed development, providing resource effective
prioritization of restoration work. In Austin, the Watershed
Health Decision Support System integrates high-resolution
spatial data with physics-based watershed models to identify
optimized combinations of restoration solutions at parcel,
reach, and catchment scales. We use each of these contrast-
ing case studies to illustrate the application of our DSSs for
waterway managers, including across each of the 5 key compo-
nents, namely, the geospatial, modeling, decision-informing,
communication and engagement, and monitoring tools.

Geospatial tools

An essential starting point for developing spatially ex-
plicit DSSs are geospatial tools, such as robust, data-rich
geographical information systems (GISs). Incorporating a
GIS that includes stream networks and remote sensing greatly
increases the power of spatial data, resulting in improved
understanding of the wide variety of landscape variables (e.g.,
Hall and Azad Hossain 2020). In a high-resolution spatial
database that includes flow paths, land use, and land cover
information, a wide range of environmental health indica-
tors can be identified, including riparian and impervious
cover, flow and reach connectivity, catchment area, and
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shops in the summer of 2024.

that can be built upon and adapted iteratively.

and stakeholders.

monitoring and evaluation of interventions.

Box 1

Advantages of robust spatially explicit decision support system (DSS), developed during a series of 3 coauthor work-

1) Consolidates existing stream data and knowledge needed to support decision-making into a single spatial network

2) Identifies stressor—response relationships between landscape variables and aspects of waterway health, providing
insights into the relative benefits of contrasting interventions.

3) Estimates waterway condition and values at locations where monitoring data are not available using models.
4) Identifies the most cost-effective suite of management actions across regional networks.

5) Incorporates subjective, values-based input from community stakeholders into a transparent and analytical decision-
making framework that validates and quantifies inputs for open communication between the waterway manager

6) Provides rich data on spatial context to assist in the setting of quantitative management targets for more efficient

7) Supports performance and business cases for effective allocation of waterway improvement resources.

infrastructure (culverts, stormwater pipe outfalls, etc.) that
can be powerful predictors of key environmental goals or
outcomes, and drive intervention selection. For example,
the City of Austin has used available remote sensing data
(e.g., Nearmap, Bangaroo, New South Wales, Australia) to
calculate the percentage of canopy cover, impervious cover,
and pervious cover in floodplains to serve as a novel indicator
of stream health at a municipal scale (Scoggins et al. 2021).
An additional benefit of having robust spatial data is to
provide inputs to models that can help develop predictive
relationships between stressors and response variables.
The amount of impervious cover or specific land uses
can be influential drivers of watershed health and can be
readily quantified at different scales, and linked to drain-
age networks (e.g., Walsh 2023), as was demonstrated in
the MHEFD case study (Denver; Table 1). The results of
this study demonstrated strong links between stream con-
dition and urban land cover as well as between population
density and impervious area (Murphy et al. 2025). The
DSS example from Southern California makes use of read-
ily available public datasets, such as the National Hydrog-
raphy Dataset (NHD; McKay et al. 2012) and StreamCat
(Hill et al. 2016). These resources can address many of
the geospatial needs of waterway managers in the conti-
nental United States at no cost to users, and similar re-
sources are available in much of the world. In Melbourne,
substantial investment was needed over multiple years to
develop accurate stream network and subcatchment map-
ping, including a library of associated environmental in-
formation (e.g., vegetation cover, impervious cover, tem-
perature, modeled runoff depth) for over 8000 stream
reaches with a median stream length of ~1 km (Coleman

et al. 2018, Walsh 2023). Our case studies highlight how
spatially explicit, network-focused geospatial tools can in-
tegrate datasets into the DSS (Fig. 1) and provide a foun-
dation for objective setting and modeling efforts.

Modeling tools

Geospatial data can serve as inputs into models of
stressor—response relationships. Many modeling software pro-
grams, such as Soil and Water Assessment Tool (SWAT),
Gridded Surface Subsurface Hydrologic Analysis (GSSHA),
and United States Geological Survey’s open-source, modular
hydrologic software (MODFLOW) routinely allow for these
types of inputs. The level of model-building effort can span
between parsimonious, data-driven statistical models to
complex physics-based models (Harris et al. 2023), depend-
ing on the needs and resources of the users. At the more
complex end of this modeling continuum, the City of Austin
built 2D gridded watershed models to estimate the change
in hydrology associated with impervious cover for any point
in a drainage network (Porras et al. 2025). This example
highlights the contribution of physics-based models with
geographic data to identify specific areas of infiltration defi-
ciency for focused intervention and how existing GIS data at
large spatial scales can be utilized to inform decision-making at
multiple scales (e.g., site, reach, and catchment scales). On the
other end of the spectrum, empirical data can be used to formu-
late stressor—response relationships using traditional statistical
techniques or machine learning algorithms to develop a more
parsimonious model than physics-based models, which can
still be spatially explicit and include stream network con-
nectivity (e.g., spatial statistical stream network models; Pe-
terson and Ver Hoef 2010). Southern California’s SCAPE



Table 1. Case studies of spatially explicit planning and 5 key tools that make up the decision support systems in the United States
and Australia. MHFD = Mile High Flood District, SCAPE = Stream Classification and Prioritization Explorer, NHD+ = the National
Hydrography Dataset Plus, StreamCat = Stream-catchment dataset.

Location Melbourne, Australia Denver, Colorado Southern California Austin, Texas
Case study Healthy waterways strategy, spatially MHEFD broad-scale stream  SCAPE tool (Beck et al. Environmental In-
explicit modeling, and prioritiza- condition assessment and 2019, 2020) tegrity Index,
tion (Melbourne Water 2018a) geomorphic-based reach Watershed
typology Health Decision
Support
Purpose Provide predictions of biotic condi-  Provides an overall evalua-  Provide expected ranges of Identifies environ-
tions across a region and under tion of physical conditions  biological conditions for mental problem
different scenarios to support pri- leveraging stream typology ~ both sampled and areas every ki-
oritization of interventions that aim  to evaluate downstream unsampled catchments. lometer along
to protect and improve stream patterns, response poten- Sites that substantially every waterway
health under future threats. tial, and evolutionary deviate from predictions in Austin, pri-
trajectory. (ie., over- or oritizes these
underperforming sites) areas, and pro-
are flagged for further vides a strategic
actions (e.g., restoration, and effective
causal assessment, pro- suite of
tective assessment). solutions.
Geospatial Mapping of stream network and Leveraging a custom stream Models are built off the The geospatial en-
subcatchments and compilation of =~ network and sub- NHD+ flowline dataset vironment pro-
environmental variables in a spa- catchments to assess and the associated vides input lay-
tially explicit database (Walsh the condition of ~4000 km  geospatial data in the ers, such as
2023). Environmental variables are of streams through the StreamCat dataset land use, im-
mapped to the stream network, ac-  lens of 5 elements: com- (https://www.epa.gov/na pervious cover,
counting for connectivity and dis- munity values, hydrology, tional-aquatic-resource geology, and
tance attributes (e.g., connected hydraulics, geomorphol- -surveys/streamcat soil types, for
imperviousness, fish barriers, proxi-  ogy, and vegetation. A -dataset; Hill et al. 2016). physics-based
mal riparian forest cover), and companion remote-sensed ~ Reaches not represented/  modeling. It is
key variables are available for both reach-scale classification incorrectly represented in  also used for
the local subcatchment and the method promotes inte- NHD+ are therefore displaying
cumulative upstream catchment. grated understanding of excluded. dashboards of
urban stream physical the modeled
character and behavior environmental
and the associated man- results.
agement implications.
Modeling Individual habitat suitability models ~ Open-space access, land use, Landcover parameters from The modeling en-

(using boosted regression trees) for
52 macroinvertebrate families,

13 native fish species, and the Platy-
pus Ornithorhynchus anatinus.
These models predicted reach-scale
habitat suitability for each of the
modeled taxa across the

8200+ reaches in the nearly
13,000-km?> region (Chee et al.
2020, Coleman et al. 2022).

floodplain connectivity,
and sediment-supply mod-
eling are inputs into the
assessment approach. The
outcomes provide an over-
all evaluation of physical
conditions and community
values based on various
types of spatial and tem-
poral physical function
and social—ecological
quality data.

StreamCat are the model
inputs (quantile random
forest). Model outputs
are predicted ranges of
bioassessment index
scores, applied to all
stream segments in
NHD+ (McKay et al.
2012). Key points within
the range (e.g., 10", 50",
90" percentiles) are com-
pared to assessment
thresholds to classify
reaches as “likely con-
strained”, “likely
unconstrainted”, etc.

vironment is a
2D gridded
physics-based
watershed
model (Porras
et al. 2025). It
uses geospatial
and meteoro-
logical data to
simulate over-
land flow and
stream flow
over the course
of 1y for every
creek in Austin.
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Table 1. (Continued)

Location Melbourne, Australia Denver, Colorado Southern California Austin, Texas
Decision- Two-step process, first identifying the Data-driven decisions: re- For unsampled reaches, The modeled en-
informing most cost-effective action at any mote sensing based on model outputs can be vironment pro-
given reach, followed by spatial pri-  reach-scale, functional used to identify sites that ~ vides decision
oritization using Zonation to rank condition scoring provides  are likely to be in good/ makers with a
the 8200+ stream reaches across a dynamic mapping envi- poor condition. map of prob-
the landscape in order of priority ronment for planning and  For sampled reaches, ob- lem areas and
for intervention (Chee et al. 2020). management decision- served scores are com- their specific
making. pared with model outputs problem. From
to identify those that this, solutions
score within/above/below  to the problem
expected ranges and pri- are proposed
oritize these for different and simulated
actions. in the model to
determine the
cost—benefit
balance of each
proposed
solution.
Engagement  Co-designed catchment program in-  Pilot testing across multiple Watershed-scale dash- Watershed-scale
and cluded workshops and forums at watersheds and communi-  boards have been devel- dashboards
communication ~ which spatially explicit modeling ties with input from local oped to help decision based on moni-
was used as 1 input, along with lo-  governments, and agency makers set priorities for toring and
cal knowledge and expertise, to partners through stake- their sites (https://sccwrp ~ modeling out-
support community co-design de- holder outreach. Public- .shinyapps.io/scape/). puts depict the
cisions about management priori- facing website with spatial Qutputs have been included ~ areas with over-
ties (Melbourne Water 2018b). mapping of condition as- in other (larger-scale) lapping
Public-facing website with spatial sessment and reach typol-  dashboards to provide problems and
mapping of habitat suitability and ogy that includes urban additional context for in-  the severity of
prioritization results. characteristics such as terpreting monitoring re- the problems.
near natural or channel- sults. (https://sccwrp
ized for all reaches in the shinyapps.io/sqi_shiny
stream network. _dynamic/)
Monitoring Spatially explicit modeling supports  Field verification prioritizes ~Bioassessment data are col- The monitoring

monitoring through the selection
of 1) eDNA monitoring sites that
achieve moderate to strong statisti-
cal power in detecting changes in
macroinvertebrate, fish, and platy-
pus occupancy (Tingley et al.
2020); 2) macroinvertebrate sam-
pling sites across gradients of im-
portant environmental conditions
(imperviousness, forest cover, and
climate) while also preserving ex-
isting long-term sites; 3) fish-catch
monitoring sites in expected habi-
tats for priority species (Melbourne
Water 2019).

checking metrics that can
be difficult to score using
aerial photographs, such
as geomorphic properties
(e.g., depositional reaches),
bank stability, and riparian
vegetation width. Field
verification used to clear
up instances of uncer-
tainty and to calibrate
scoring guidelines. Ongo-
ing monitoring of field
verification sites and up-
dates to the stream condi-
tion assessment results.

lected under a range of
programs, including
statewide and regional
ambient monitoring pro-
grams, as well as permit-
mandated compliance
monitoring. Follow-up
monitoring distinguishes
long-term and transient
deviations from predicted
conditions.

environment
validates the
modeled out-
puts. Empirical
data are col-
lected on the
hydrology,
chemistry, and
biology of the
stream at ran-
domized dis-
crete points,
which signifi-
cantly reduces
effort and cre-
ates robust pre-
dictive ability.
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tool (Beck et al. 2019) is based on a relatively simple ran-
dom forest model that predicts ranges of bioassessment in-
dex scores based on their empirical relationship with land
cover in the watershed and catchment. When the model is
applied to the StreamCat dataset, ranges are then predicted
for all stream segments in the state, and these predictions
provide managers with spatially explicit estimates of biolog-
ical integrity in their region, including in unsampled systems.
In Melbourne, using long-term (20+ years) environmental
survey data and environmental predictor information for the
entire stream network, a boosted regression tree modeling ap-
proach was used to develop HSMs for 52 macroinvertebrate
families, 13 native fish species, and the Platypus Oruithorhyn-
chus anatinus (Coleman et al. 2018, Chee et al. 2020). HSMs
identify relationships between sites where a species is de-
tected or not detected and the corresponding environmental
predictors to make quantitative predictions of the probabil-
ity of occurrence at other sites. HSMs enabled the quantifi-
cation and visualization of instream biodiversity value at the
reach scale, including the likely benefits of management in-
terventions in isolation and in combination (e.g., stormwater
management, riparian revegetation). The modeling tools dis-
cussed in these case studies integrate a wide range of complex
information into systematic, scalable, and iterative systems
that can then frame and guide decision makers toward more
objective and effective resource management (Table 1).

Decision-informing tools

Spatially explicit models support data-driven decision-
making. Importantly, the objectives of the decisions must
come first. Commonly, decision support systems involve
cost—benefit analysis (Melbourne and Austin; Table 1),
which allows decision makers to see where in a stream net-
work actions are likely to be most cost-effective based on up-
stream interactions from the model and stressor—response
relationships. This analysis of spatially explicit models goes
beyond a comparison of the cost-effectiveness of different
types of interventions and can elucidate complex dynamics
associated with spatial stream patterns, such as the benefits
of intervening at headwaters vs larger streams (Melbourne;
Table 1), or the benefits of multiple connected interventions
along a stream (Austin, e.g., removal of barriers; Table 1).
Models can also inform decision-making to identify loca-
tions for further investigation. That is, models can provide
predictions of degraded conditions in unmonitored reaches,
or comparison of monitoring data to predictions to identify
surprisingly good or poor biological conditions relative to
other reaches with similar levels of watershed alteration
(e.g., Southern California; Table 1). Additionally, the results
from the models can be statistically analyzed for trends or to
determine whether environmental phenomena are within
acceptable ranges or control points (Shewhart 1931). Finally,
spatially explicit models can support better selection of
monitoring sites across gradients of important environmen-
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tal conditions or in expected habitat areas. For example, the
Melbourne habitat suitability modeling supported selection
of new eDNA monitoring sites which achieve moderate to
strong statistical power of detecting changes in macroinver-
tebrate, fish, and platypus occupancy (Tingley et al. 2020).
The City of Austin’s DSS begins with geospatial data from
digital elevation maps, soil surveys, and aerial imagery as in-
puts to the physics-based GSSHA modeling tool. These in-
puts, particularly impervious cover from image data, serve
as stressors to produce hypothetical outputs anywhere along
the stream network (Porras et al. 2025) which, for example,
could identify specific areas of flashiness or lack of baseflow,
values which could then be presented to and prioritized by
waterway managers and policymakers. Decision-informing
tools provide the transition from empirical or modeled data
into evaluating cost—benefit, ranking, and prioritizing inter-
ventions, and allow for higher confidence in engagement and
implementation (Fig. 1, Box 1).

Communication and engagement tools

Communication and engagement are critical for balanced
social-ecological outcomes in waterways (Scoggins et al.
2025), particularly collaborative identification of objectives.
This topic is more closely examined in Herrington et al.
(2026). Spatially explicit DSSs are particularly effective at fa-
cilitating communication of complex waterway health data.
The mapped outputs of models can support engagement
and communication with neighborhoods, nonprofits, valued
stakeholders, and others that are part of the waterway com-
munity (Yaryan Hall and Bledsoe 2023, Herrington et al.
2026). For instance, local communities are often interested
in specific locations and experience waterways at a granular
scale. Mapping allows diverse stakeholders to respond to
modeled predictions and share knowledge and information
at the scales and scope that is important for them. Objectives
used to select optimal interventions (which could be the out-
put of DSSs) must be relevant to the waterway community
and waterway manager and capable of being measured and
integrated back into the structured decision-making cycle
(Fig. 1). The challenge for modelers and decision makers is
how to select and distill outputs of complex models and de-
cision support tools into formats that are relevant to the
community to enable meaningful public engagement, and
vice versa. DSSs are most successful when they include com-
munication tools that are intentionally designed and involve
the waterway community in its development. The City of
Austin’s Rain to River plan solicited information from its res-
idents on intervention preferences, such as delivering a small
number of expensive projects vs many inexpensive pro-
grams. Based on these social surveys, various waterway man-
agement intervention scales can be assessed against their
cost (Austin; Table 1).

In Melbourne’s Healthy Waterways Strategy develop-
ment process (Melbourne; Table 1), maps were used in mul-
tiple, staged workshops to share the waterway managers’
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understanding and predictions concerning macroinverte-
brates, fish, and platypuses in streams throughout the region,
expectations under climate change and urbanization scenar-
ios, and the effectiveness of different interventions. Analyti-
cally identified priority interventions were combined with
local knowledge and expertise of stakeholders to ultimately
determine priorities. A crucial aspect of effective stakeholder
engagement is that this engagement takes place through the
entire duration of the project and beyond, not simply after
the technical work has been completed (Hampton et al.
2015, Beck et al. 2020, Herrington et al. 2026). In the South-
ern California example, much of this input was provided by
a collaboration of permitted stormwater dischargers, regula-
tory agencies, and community groups that provided guid-
ance on a range of topics, such as the kinds of data that would
be appropriate to include in model development, which
thresholds should be used to classify streams, and what types
of management actions should be considered at streams in
each classification (Beck et al. 2020). The case studies pre-
sented here demonstrate the value and application of deep
and perennial engagement and communication (Table 1),
which is central to a robust waterway management frame-
work (Coleman et al. 2026, Herrington et al. 2026).

Monitoring tools

Existing and historic monitoring data can initially be used
to develop and calibrate the models. Independent monitor-
ing data can then be used to validate the models. An increase
in both temporal and spatial resolution of data and predic-
tions can be achieved in a stream network through the inter-
action of monitoring and modeling, where sparse monitor-
ing results can inform models, which then enhance the
monitoring program with results at a finer scale. This adap-
tive cycle between monitoring and modeling results in ro-
bust predictive ability for the waterway manager, providing
solutions better aligned with waterway-scale visions of suc-
cess that help reduce tradeoffs between spatial and temporal
monitoring resolution. For example, the City of Austin used
20 y of monitoring data from sites that were several kilome-
ters apart to develop and calibrate a model relating the hy-
drology of the creek to benthic macroinvertebrate commu-
nity metrics (Porras et al. 2025). This model predicted the
same metrics for every kilometer of Austin’s streams. This
model will be validated with future targeted monitoring and
further refine benthic macroinvertebrate community scores
at any location in the stream network without labor-intensive
routine sampling surveys (Austin; Table 1).

In addition to using monitoring to calibrate and validate
models, over time monitoring can play an important role
in understanding the waterway health outcomes from cer-
tain interventions and track progress toward waterway
management visions—ultimately underpinning continu-
ous learning and adaptive management (Herrington et al.
2026). For example, the Healthy Waterways Strategy in

M. Scoggins et al.

Melbourne is supported by a Monitoring, Evaluation, Re-
porting and Improvement framework and associated Mon-
itoring and Evaluation Plans that track progress toward wa-
terway condition and value management targets, including
testing assumptions about the likely benefits of manage-
ment actions (Melbourne Water 2019). The incorporation
of monitoring tools is not new to waterway management,
but the ability to identify, target, and scale empirical data
collection within a larger DSS framework and create learn-
ing loops (Fig. 1) improves efficiency and may provide the
ability to enhance resolution and accuracy over time (Peter-
son and Freeman 2016).

Finally, the potential benefit of deep learning models
and artificial intelligence (AI) in supporting these DSSs
and their components should be noted. Al tools may dramati-
cally improve the ability to integrate large amounts of spa-
tial, environmental, and social data into waterway improve-
ment decision-making, which can result in better outcomes
(Pandey et al. 2023). The City of Austin recently developed
a deep learning model to explore the nonlinear relation-
ship between hydrology and biological community metrics
(Porras et al. 2025). However, exploring these relationships
requires large amounts of empirical data (>200 data points)
and new ways to interpret complex, convoluted models
(Zheng et al. 2023). Another use of Al is through large lan-
guage models that can be useful in incorporating and ana-
lyzing qualitative observations and text from the deep and
long-term community engagement that a waterway man-
agement framework requires (Herrington et al. 2026). Con-
volutional neural networks, another AI method, can also
be used to classify land use based on image data, thus im-
proving GIS capabilities (Carranza-Garcia et al. 2019, Chen
et al. 2021).

CHALLENGES AND OPPORTUNITIES

Developing robust, spatially explicit decision support
tools for waterway management can be a complex and
resource-intensive process that requires careful planning
and stakeholder engagement to maximize their utility to
the waterway manager. In some cases, these tools require
large, comprehensive datasets that may take many years to
collect, and their development can span multiple years, in-
volving iterative refinement and validation (Coleman et al.
2018, Chee et al. 2020). A key challenge lies in building initial
acceptance, or buy-in, in the value of the tools, both within
the organizations developing them and among external
stakeholders (Coleman et al. 2018). To address this chal-
lenge, we recommend a participatory approach that begins
with clear communication and alignment on objectives.
Open and participatory science is particularly important
for environmental management (Hampton et al. 2015, Beck
et al. 2020). Consistent with the process for establishing a
shared vision for the future of the waterway with stake-
holders and assessing intervention options (Herrington



etal. 2026), the process for creating a DSS involves participa-
tion with stakeholders to assess the tradeoffs associated with
intervention options. Stakeholders need to agree on the con-
text of the decision to be made, for example, will the tool help
to distinguish among conflicting intervention priorities, and
what is an agreed upon definition of success? To build con-
fidence in the DSS, transparency about the tool’s limitations
is also important, clearly outlining what it cannot achieve
and where supplementary data or local knowledge may be
required. This honesty fosters confidence that the outputs
of the DSS will be accepted by stakeholders, builds owner-
ship in the DSS, and ensures realistic expectations (Thokala
and Madhavan 2018). Finally, although initial tools can be
built using existing, and even limited, internal or external
datasets, it is crucial to plan for targeted data collection to
enhance the tool’s long-term capabilities and validate the
DSS outputs when modeling is statistical or data-driven
(Hazir 2015).

For many waterway managers around the world, the de-
fault system of decision-making is based on larger-scale reg-
ulatory drivers and very local forces associated with moni-
toring, climatic events, or stakeholder experiences. This
information can be misleading (e.g., historical data that no
longer represent conditions under a changed climate), un-
predictable (based on factors other than statistical probabil-
ities or physics), biased (reactionary, nonrepresentative re-
porting), and inefficient (not connecting problems with
solutions targeting the underlying root causes). Developing
a systems-level approach to decision-making combined with
robust technical tools has the potential to make a step
change in social—ecological outcomes in the complex and
resource-limited world of waterway management (Yaryan
Hall and Bledsoe 2023, Menichino et al. 2025). Quantitative
tools, including spatially explicit data, GIS, models, machine
learning, and artificial intelligence have the potential to
provide powerful abilities to integrate larger and more com-
plex input datasets and understand robust cost—benefit re-
lationships (Barfod et al. 2011, Kenney et al. 2012). The goal
of waterway decision support should not only try to make
good decisions but also to avoid bad ones. For instance, site
prioritization tools can help identify obviously ineffective
actions or actions proposed purely for opportunism (McKay
et al. 2020) or by stakeholders with bias or hidden agendas
(Enriquez-de-Salamanca 2018). Tool results may also be ca-
veated or overridden for a variety of valid reasons like local
knowledge, qualitative outcomes, or objectives not included
in models, so the availability of these tools does not force
decision makers to blindly follow the DSS, but also provides
boundaries that limit the waterway manager or policymak-
ers from subjectively selecting the answer they want.

Spatially explicit data and decision support tools can be
an effective means to identify more transparent, publicly
supported, and cost-effective waterway management inter-
ventions. For example, in Melbourne, prior to the develop-
ment of the HSMs and use of Zonation to quantify benefits
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of management actions (Melbourne Water 2018a, Chee et al.
2020), it was harder to justify the necessary resources to
managers (i.e., the consequences of a reduced budget to
waterway health across the region could not be quantified
or clearly articulated). It was also not possible to set quanti-
tative management targets to communicate the antici-
pated benefits of the investment to stakeholders and
against which meaningful monitoring and evaluation of ef-
forts could be achieved. In the case of Austin, a decision
support system was able to group (or cluster) contiguous
areas with similar needs at a scale smaller than previously
realized, but larger than an individual land parcel. In South-
ern California, watershed managers overseeing the San
Gabriel River used the DSS to evaluate a list of >100 sites
with poor bioassessment index scores and prioritize just
a handful where scores were substantially lower than ex-
pected, primarily in the undeveloped upper watershed
(Beck et al. 2020); thus, follow-up verification assessments
were prioritized at only these sites. With a robust DSS, wa-
terway managers can more effectively identify the type and
location of interventions across a range of spatial scales.

In addition to their decision value, coupled data and
modeling systems create pathways to reproducibility, pro-
vide a focal point for stakeholder engagement and inter-
and transdisciplinary dialog, and establish a framework for
learning loop cycles of adaptive management (Fig. 1). In fact,
coupled monitoring and modeling can provide a means to
dialog about urbanizing watersheds. Models are increas-
ingly being built with stakeholders through participatory
processes, which provide a pathway to demystifying the use
of models (Herman et al. 2019) and increasing trust between
stakeholders and analysts. Data systems can also serve as
boundary objects that facilitate knowledge integration and
become a pathway to innovation (Caccamo et al. 2023).
For instance, the act of a multidisciplinary team creating
a modeling system generally requires interdisciplinary dia-
log among technical team members about what data should
be collected and synthesized (Herrington et al. 2026). Sim-
ilarly, the models can then be used as an interactive means
for working with stakeholders and creating transdisciplin-
ary dialog about the relative merits of different manage-
ment strategies.

Making good environmental management decisions has
often hinged on the consideration of empirical data with
subjective value systems (Gregory and Keeney 2002, Deason
et al. 2010), and coupled data and modeling systems cannot
overcome all decision-making challenges in complex urban
systems. Furthermore, good models and decisions cannot
guarantee good outcomes, particularly in systems with high
uncertainty and stochasticity. However, these modeling sys-
tems can increase the transparency and reproducibility of
decision processes, particularly if principles and methods
of open science are embraced (Powers and Hampton
2019). The adaptive management literature has long high-
lighted the importance of iteratively learning and applying
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that knowledge (Fischenich et al. 2019), and models have
been emphasized as an important mechanism for enshrining
and using knowledge alongside monitoring and manage-
ment activities (Peterson and Freeman 2016). However,
monitoring data can be collected for diverse purposes rang-
ing from compliance to research (van Rees et al. 2022), and
jointly undertaking modeling alongside monitoring can lead
to more strategic data collection focused on the value of in-
formation associated with new data (Herrington et al. 2026).
Coupling spatial data and modeling systems provides an im-
portant feedback mechanism for creating more effective
decision-making environments over time. Coupled data and
modeling systems are thus invaluable pathways to effective
waterway interventions and improved decision-making
through time. In summary, key considerations in building
and effectively using robust planning and decision-making
tools include 1) the utilization of historic and publicly avail-
able spatial data, 2) the ability to evaluate interventions at
multiple scales, 3) the integration of different types of inter-
ventions, 4) the use of physics-based and statistical model-
ing to predictively and adaptively optimize scenarios, 5) the
use of targeted monitoring to calibrate predictive tools and
to verify a priori measures of success, and 6) the importance
of transparent communication with stakeholders throughout
the entire planning, implementation, and monitoring phases
to ensure buy-in and long-term engagement.
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