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Abstract

In this review, we provide guidance on the construction of climate scenarios for stress
tests—scenarios that represent disruptive climatic events and can be used to assess the
impacts of climate and weather risks at the level of detail that is necessary to identify
specific adaptation actions or strategies. While there is a wealth of guidance on scenariobased climate adaptation planning, this guidance typically assumes the selection and use
of decadal to century-long time segments of downscaled climate model projections, rather
than the creation of a customized scenario depicting a specific extreme event. We address
this gap by synthesizing a variety of data sources and analytical techniques for constructing climate scenarios for stress tests that are customized to address specific end-users’
needs. We then illustrate the development and application of climate scenarios with a case
study that explores water sustainability under changing climate in the Truckee and Carson
River basins of California and Nevada. Finally, we assess the potential advantages and
disadvantages of the different data sources and analytical techniques described to provide
guidance on which are best suited for an intended application based on the system of
study, the stakeholders involved, and the resources available. Ultimately, this work is
intended to provide the building blocks with which scientist-stakeholder teams can
produce their own stress test scenarios to explore place-based weather and climate risks.
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1 Introduction
Across the globe, extreme weather and climate-related natural hazards such as floods,
droughts, and heat waves have cost thousands of lives and hundreds of billions of dollars
and threatened human and ecosystem health. These impacts are expected to increase as global
temperatures rise, climates change, and the human footprint continues to expand (Intergovernmental Panel on Climate Change (IPCC) 2012). For this reason, there is an increasing
recognition that assessments of climate change impacts should include evaluations of risks
from extreme weather and climate (Weaver et al. 2017).
Climate scenarios are commonly used to assess climate change impacts in efforts to identify
adaptation strategies that are likely to be robust to a range of climate futures (Rowland et al.
2014), and their use in scenario planning comes in a wide variety of applications and forms
(Star et al. 2016). One application of climate scenarios involves the use of stress tests (Stern
et al. 2013), also referred to as “wind tunneling” (Van Der Merwe 2008) or vulnerability
analyses (Brown and Wilby 2012), to evaluate the risks and impacts of disruptive climatic
conditions. In contrast to climate impact assessments that assess a diverse range of potential
futures that are expected to be broadly relevant for a particular place or set of resources (e.g.,
scenario-light or scenario-heavy approaches; Runyon et al. 2020), stress testing involves a
more narrow and targeted focus on a discrete event or set of extreme conditions under which a
system of interest breaks or fails (National Research Council 2013). This focus on specific
climate risks allows the impacts to be explored with enough detail to engage communities in
identifying strategies that explicitly address these risks (Weaver et al. 2017) including cascading impacts that can otherwise be difficult to recognize (Albano et al. 2016).
As is the case for most scenario planning applications, scenarios for stress tests may be
narrative or quantitative in nature, depending on the resources available to conduct the
assessment and the complexity of the system being studied. Narrative stress test scenarios,
consisting of a qualitative description of how an extreme event unfolds, are commonly used in
emergency response planning exercises (Department of Homeland Security 2013). In general,
narrative scenarios provide a valuable basis for diverse stakeholder groups to assess risks at
minimal cost. Quantitative stress test scenarios are based on data and model-based simulations
and thus require more computational resources to develop. Quantitative stress tests are
particularly beneficial for assessing climate impacts to highly managed, complex, or nonlinear systems where responses are difficult to anticipate and when there is a need for spatially
explicit response information. In this paper, we focus on methods for developing quantitative
climate stress tests.
Quantitative climate stress tests have been used in many planning and research contexts
(Groves and Lempert 2007; Mahmoud et al. 2011; Dettinger et al. 2012; Miller et al. 2017;
Symstad et al. 2017; Tariq et al. 2017; Ullrich et al. 2018) using a variety of methods and data
sources, but generalizable advice on how to develop them is not readily available. Existing
guidance documents that describe how to use quantitative scenarios for climate change impact
studies (Mckenzie et al. 2012; Wilsey et al. 2013; Rowland et al. 2014) contain information
that is highly relevant to the application of climate stress tests; however, these are generally
aimed toward the selection and use of already downscaled and bias-corrected global climate
model projections that serve as direct inputs to impact models. And while there is substantial
advice available for selecting and applying climate model projections for impact assessments
that is also useful and applicable to stress tests (e.g., Snover et al. 2013; Vano et al. 2015;
Sofaer et al. 2017), there is a lack of explicit guidance for constructing a customized scenario
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that represents a discrete climatic event or set of extreme conditions for use in stress test
applications.
In this study, we seek to address this gap by providing guidance on the types of data and
methods that can be used to construct climate stress test scenarios that are customized to the
needs of end-users. Our approach is to (1) present a general framework for generating and
applying quantitative climate stress test scenarios in the context of stakeholder-driven climate
adaptation planning and decision-making; (2) describe a range of climate data sources and
analytical techniques that can be used to generate stress tests and present advantages and
disadvantages for each of these; (3) provide examples of how these methods have been
implemented as part of a water resource sustainability planning effort in the Truckee and
Carson River basins of Nevada and California; and (4) provide guidance for choosing which
data and methods to use to support stakeholder planning and actions. Our overall objective is
to increase the accessibility and use of quantitative climate stress tests by providing guidance
on their construction and implementation.

2 A framework for climate adaptation planning based on stress test
scenarios
The quantitative climate stress test approaches described here are intended to be used in a
bottom-up (Dessai and Hulme 2004) iterative process that is driven by stakeholders’ questions,
concerns, and needs. The process begins with identifying the climate vulnerabilities stakeholders are most concerned about. From there, a small number of climate stress test scenarios
are developed that represent these vulnerabilities. Ideally, multiple scenarios that span a range
of uncertainties regarding future climate risks are explored to ensure that management
strategies identified are robust across multiple conditions (Lempert et al. 2003), but for
applications that seek to focus on particularly complex scenarios or responses, such as
emergency response exercises, it may be appropriate to focus on a single scenario. Regardless,
iteration with stakeholders throughout this process is critical to ensure that outputs are both
realistic and informative (Van Der Merwe 2008) and that stakeholders are invested in,
understand, trust, and have a sense of ownership in the results (Dilling and Lemos 2011;
Lemos et al. 2012).
An example of such a process is detailed in Fig. 1 and includes (1) an initial problem
framing and scenario narrative development step, (2) development and simulation of the stress
test(s), and (3) identification of adaptation strategies, with each of these steps involving
iterations with stakeholders. The framework recognizes two paths by which climate stress
tests can be developed—the storyline approach and the scenario discovery approach. In both
cases, preliminary discussions with stakeholders define the key climatic (and other) drivers of
interest, the decision-making context, and metrics of performance for the system being studied
(e.g., Groves and Lempert 2007; Mahmoud et al. 2009; Rowland et al. 2014). The key
difference between these two approaches is that in the storyline’s case, stress tests are defined
based on stakeholders’ perceptions of the climatic events they deem to be most impactful while
in the discovery case, stress tests are determined analytically, based on simulated impacts
(Groves and Lempert 2007).
The storyline (Garb et al. 2008; Hazeleger et al. 2015; Shepherd et al. 2018) approach starts
with identifying one or more climate-event “storylines” that reflect the climate vulnerabilities
of the system(s) or resource(s) of interest and constructing a climatic time series that captures

33

Page 4 of 25

Climatic Change

(2021) 164:33

Fig. 1 Iterative process for translating stakeholder concerns about extreme climate and weather events into
quantitative stress tests that can be used to explore adaptation strategies. Blue and gold boxes indicate points in
the process where the dominant sources of information come from scientists and stakeholders, respectively,
though both parties are ideally providing input in all cases. Red outlined boxes indicate outputs from each step
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one or more events described in the storyline. This could start with a broad characterization of
the types of events stakeholders are concerned about (e.g., extreme winter floods, extended
drought), followed by the identification of more specific attributes of the event or change that
make it of higher risk or concern. Once a small number of climate storylines are identified,
they are translated into quantitative stress tests using techniques described in the next section
of this paper. The stress tests are then input into one or more simulation models, and system
performance is evaluated across a range of management or policy options based on pre-defined
performance indicators (Fig. 1).
In the case of scenario discovery (Groves and Lempert 2007; Lempert 2013), a large
ensemble of climate time series is run through one or more impact simulation models to
identify the climatic conditions or decision alternatives under which the system does or does
not meet objectives, based on a priori–defined performance metrics. Climate sequences where
the system becomes stressed can then be identified and examined in greater detail. Regardless
of the approach (storylines vs. discovery), the output from the stress test construction and
simulation step is a small and digestible set of stress tests that represent a diversity of climate
stresses and management options that can serve as a focal point for discussion, iteration, and
shared learning with stakeholders.
The third step involves identification of management strategies that can accommodate the
impacts of the climate stress (i.e., adaptation strategies). Although it is identified as a “third”
step here, identification and simulation of adaptation strategies may come earlier in the
process, depending on stakeholders’ initial understanding of risks and initial desire to explore
various alternative strategies. Regardless, this step serves as the point at which stress tests are
explored in depth with stakeholders to identify viable management strategies or policy
guidance that mitigates risks, while also providing insights into potential system behaviors
and tolerance thresholds. This point in the process also serves as a driving force behind
iteration as uncertainties in climate stressors and/or management strategies are further explored, simulations are refined to achieve greater realism or incorporate new ideas and
information, and more novel or stressful scenarios are explored as scientist-stakeholder teams
develop greater rapport (Fig. 1).

3 Data sources and analytical techniques for specifying climate stress
tests
3.1 Data sources
Data sources for stress test applications include historical climate records, stochastically
generated weather time series, paleoclimate proxies, and climate model projections (Fig. 2).
Here, we describe how each of these could be used as a basis for stress tests and summarize
their advantages and disadvantages (Table 1).

3.1.1 Historical data
Historical climate records from weather stations or gridded climate products are one of the
most readily available sources of climatic time series that can be used to construct a climate
scenario, often with daily or potentially higher temporal resolution that can capture some types
of extreme weather quite well. A disadvantage is that observational records cover a limited
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Fig. 2 Overview of four potential data sources and four potential techniques for constructing climate scenarios for stress tests. Arrows indicate different ways techniques and data
sources could be combined
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Table 1 Summary of advantages and disadvantages of data sources and climate stress test scenario construction
techniques discussed in this paper
Advantages

Historical

Stochastic
weather
generator

Data types
• Familiar events provide good basis for
discussion
• Data are readily accessible and available
• Sub-daily resolution data and observations
may be available
• Ability to generate infinite number of climate
sequences for subsequent sensitivity
analysis
• Novel sequences offer opportunities for
surprise

• Represent real-world events outside the experiences of many stakeholders
• May include wider range of variability of
climatic conditions than climate model
projections or historical data
• Offers opportunities for surprise
Climate model • Data are readily accessible and available
projections • Best known representations of potential
climate futures and processes driving them
• Offer opportunities for surprise

Paleoclimate
reconstructions

Incremental

Splice

Scenario
mining

Scenario
discovery

Method types
• Straightforward to implement
• Useful for sensitivity and uncertainty
analyses
• Useful for pseudo-global warming experiments (see Section 3.2.1)
• Simple to implement
• Familiar events provide good basis for
discussion
• Avoids adjustments of magnitudes, changing
only duration or sequencing of event
• Results in large database of information for
additional analysis or iteration with
stakeholders
• Ability to generate conditional probabilities
of impact occurrence

Disadvantages
• Climate sequences limited to timeframe of
historical record
• Use of familiar historical event risks
‘de-facto’ thinking by stakeholders if not
sufficiently perturbed
• Lack process representation and may not
reasonably reflect climate dynamics
• Adequate simulation of spatial and temporal
autocorrelation over long time periods or
large spatial extents is difficult
• Do not capture variability and extremes well
• Additional processing needed to generate
sub-annual resolution climate sequences
• Lack of good spatial representation
• Potential to draw incorrect inferences from
proxy data
• Available projections limit the range of
uncertainty that can be explored
• Potential for bias/poor representation of extremes due to model structural errors and
bias correction

• Lack of climate process representation and
may not reasonably reflect dynamics or
thermodynamics of the event
• Unless combined with another method, one
cannot draw inferences about causal factors,
system sensitivities, or uncertainties

• Requires initial investment in generating
stress test relevant metrics
• Extreme meteorology does not necessarily
translate to extreme impacts
• Ability to generate conditional probabilities
gives false sense of uncertainty range
• Objective identification of scenarios based on • Computationally demanding. Requires
high-quality data and models and substantheir simulated impacts reduces perception
tial investment in simulation and data analof bias and more precisely targets impacts
ysis.
of interest
• Results in large database of information for • Ability to generate conditional probabilities
gives false sense of uncertainty range
additional analysis or iteration with
stakeholders
• Enables comprehensive exploration of
vulnerability space and analysis of system
sensitivities, conditional probabilities, and
uncertainties
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time span and thus may not capture the most extreme events, which tend to occur less
frequently, nor do they reflect novel climate time sequences that might arise due to nonstationarity of climate. One of the greatest strengths of using historical data is that stress tests
can be loosely based on events that were recently experienced by, or are familiar to,
stakeholders. Scenarios based on familiar events are much more likely to resonate with
stakeholders (Vasileiadou and Botzen 2014) and are more likely to be viewed as plausible
(Alexander 2000). They also provide a tangible starting point for discussions of climate-related
risks as stakeholders can use their past experiences (i.e., historical analogs) as a reference point
(Ford et al. 2010; Albano et al. 2016). The main challenge with this approach is ensuring that
the stress test is sufficiently different from the historical event upon which it is based that it
represents a novel experience for stakeholders so as to avoid “de facto solutions” (Alexander
2000).

3.1.2 Stochastic weather generation
Time series developed using stochastic weather generators (SWGs) are a second data resource.
These generators draw random values from probability distributions fitted to a reference
climate record (past or future) to simulate novel weather sequences that preserve statistical
attributes such as means, variances, and frequencies, as well as their spatial and temporal
autocorrelation characteristics (Wilks and Wilby 1999). Stochastic weather (and streamflow)
generators have been used in a variety of contexts to assess climate impacts (e.g., Wilks and
Wilby 1999; Fatichi et al. 2011; Kirsch et al. 2013). The strength of using SWGs is that an
infinite number of time series can be generated that allow for statistically robust sensitivity
analyses to be conducted (Brown and Wilby 2012). The weaknesses of this approach are that
many SWG models do not capture variability, extremes, or spatial patterns well and those that
do are complicated in structure (i.e., require the use of multiple parameters or data
distributions; Chen and Brissette 2014) and therefore require significant expertise to implement. Moreover, in the absence of specialized interventions, this approach can result in
unrealistic sequences that lack the multi-scaled spatiotemporal autocorrelations and longterm structure of observed climatic time series, especially at multi-year to decadal timescales
and longer (Chen et al. 2010), so their use is best limited to short-duration (< 1 year) events
over localized areas.

3.1.3 Paleoclimate reconstructions
Paleoclimate reconstructions based on proxy data provide a third alternative data source for
stress test development. A variety of proxy data, such as ice or sediment cores, pollen, or
biological organisms (e.g., tree rings, corals, plankton, diatoms) are available. These can be
useful for characterizing a variety of past climatic conditions and are especially helpful in
quantifying their variability and persistence, given the long-term records they provide
(Sorooshian and Martinson 1995). Tree-ring reconstructions are one of the more convenient
data sources because they are widely available (e.g., Cook and Krusic 2004), can represent
conditions that occurred in relatively recent times (i.e., the past few thousand years), and are
generally available at annual resolution. Tree-ring data can be used to reconstruct temperature
and precipitation conditions, as well as some of the ecological or hydrological effects of
droughts or pluvial events. For example, tree rings have been used to reconstruct fire histories
and forest dynamics (Amoroso et al. 2017), flood stages (Ballesteros-Canovas et al. 2015), and
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streamflows (e.g., Meko and Graybill 1995; Woodhouse and Lukas 2006), any of which could
be useful in the context of stress tests.
For some extreme event applications, sub-annual time series may be desirable. One
relatively straightforward approach to achieving this using paleoclimate reconstructions is to
apply daily time series from the historical climate record to analog years in the proxy record
(Dettinger et al. 2017). This “temporal analog” approach is best applied when conditions in a
given year in the paleoclimatic record are within the bounds of historical data records. In cases
where reconstructed conditions are outside the bounds of the historical record, incremental
adjustments (see Section 3.2.1 on incremental techniques) could be made to closely analogous
years to match the proxy record (Dettinger et al. 2017). More complicated approaches involve
the stochastic generation (see previous section) of sub-annual weather or streamflow sequences
(e.g., Gangopadhyay et al. 2009, 2015; Sauchyn and Ilich 2017).
Overall, the strength of paleoclimate proxy-based tests is that they can represent real-world
events that are outside the bounds of what many stakeholders have experienced. They may
also capture a wider range of variability than is contained in future climate projections, which
are often limited to 100 years. Using paleoclimate proxies of climate extremes may also be
more accepted by some stakeholders who are skeptical of climate models or by indigenous
groups with traditional knowledge of the impact of climatic events on their communities
(Norton-Smith et al. 2016). Conversely, this data source can be more challenging to work with
relative to others in cases when proxy information must be integrated with historical or
stochastic time series to generate sufficiently high temporal resolution but simple techniques,
such as those described in Dettinger et al. (2017), are available.

3.1.4 Climate model projections
Climate model projections, including those from global climate models (GCMs; e.g., from the
Fifth Coupled Model Intercomparison Project (CMIP5); Taylor et al. 2012) or regional climate
models (RCMs), are a fourth resource for developing climate stress test scenarios. The
advantages of using climate models are that their outputs have become readily available in
recent years, they provide the best-known representations of potential futures, and they can
simulate connections and changes that may surprise researchers and stakeholders in useful
ways. Disadvantages of their use are that they can underestimate variability and extremes
(Mote et al. 2011), they may share structural errors that result in systematic biases (e.g., Seager
et al. 2019), and typically, only a limited number of projections (compared to the full range of
possible climate changes) is available, and thus, they provide a narrow and biased view of the
uncertainty space (Brown and Wilby 2012), which may be seen as a limitation for applications
where exploring a wide range of uncertainties is desired (see Section 3.2.4). In addition,
climate model outputs often need to be bias-corrected and downscaled before they can be used
for adaptation planning, which has the potential to create unanticipated but influential artifacts
(Maraun et al. 2017) that are not directly observable by end-users (Sofaer et al. 2017), and it
requires expertise to understand how post-processing steps may have affected the extreme of
interest.
To represent an extreme event at a local scale, climate model outputs are typically
downscaled to a resolution appropriate to the extreme and the impacts being analyzed while
also correcting for bias at that resolution. For many hydrologic applications, daily resolution
data are needed, and several statistical downscaling approaches have been developed to
achieve this. Statistical downscaling methods can differ substantially in their abilities to
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reproduce different types of climate and hydrologic extremes (Werner and Cannon 2016), and
some (e.g., Pierce et al. 2014) resolve these with finer spatial and temporal detail than others
and can be useful for representing daily-resolution extremes. If finer than daily resolution is
required, as might be the case for some applications of short-duration events such as storms or
fires, an RCM such as the Weather Research and Forecasting (WRF; Skamarock et al. 2008)
model may be used to dynamically downscale an event to get the necessary spatial and
temporal detail, using a bias-corrected GCM to supply boundary conditions.

3.2 Stress test specification techniques
Here, we describe four analytical techniques that use the data sources described above to
construct quantitative stress tests. Although we outline methods individually, here many of
these methods are used in combination to achieve study objectives (Fig. 2). We further discuss
their strengths and weaknesses (Table 1).

3.2.1 Incremental method
The incremental method (Mearns et al. 2001), which is inclusive of techniques known as
change factor, delta change factor (Anandhi et al. 2011), or delta (Sofaer et al. 2017) methods,
involves the adjustment of climate variables such as temperature or precipitation magnitudes
by a specified amount. This approach can be applied to historical, paleoclimate, or stochastically generated sequences (Fig. 2). It is a straightforward technique to apply, is the simplest to
explain to diverse stakeholder groups, and is useful when a goal of the study is to understand
behaviors and sensitivities of a system driven by mean changes in one or more variables at a
time (Sofaer et al. 2017). There are numerous ways in which adjustments can be made (see
Mearns et al. 2001, Anandhi et al. 2011, and Sofaer et al. 2017 for more comprehensive
reviews), ranging from simple applications of spatially and temporally uniform changes to
space- and time-varying adjustments (e.g., to modify variance or to make season-specific
adjustments). Adjustments could also include random components to add elements of realistic
uncertainty and fluctuation to the spatial or temporal changes or could be informed by climate
model projections (Bureau of Reclamation 2015). For stress test applications, temperature or
precipitation adjustments could be applied to an already-extreme event in the climate record to
alter its intensity. For example, a drought period could be made warmer or drier, and an
extreme storm could be adjusted to be wetter or to change the relative amounts of rain vs.
snow. If system sensitivities and response thresholds are of interest, incremental adjustments
could be systematically applied to a climate sequence, simulated to generate response surfaces,
and combined with climate projection information, following methods described in the
decision-scaling literature (Brown et al. 2012; Whateley et al. 2015).
Incremental adjustments to one or more climate variables, whether uniform or selective, do
not realistically capture the physics behind spatial and temporal variations of change. In cases
where such internal consistency is important (e.g., when synergistic interplays between several
different climatic variables have the potential to be as important as any single variable), some
applications have instead used incremental methods to adjust the boundary conditions of
numerical weather prediction models (Dominguez et al. 2018; Mahoney et al. 2018; Ullrich
et al. 2018). In doing so, this “pseudo global warming” method (Kawase et al. 2009) offers a
potentially more internally consistent depiction of how the event would unfold relative to a
simple adjustment of the climate record, albeit at significantly greater computational cost.
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3.2.2 Splice method
The splice method (Fig. 2) involves stitching together selected episodes from within a climate
record to alter the sequencing, duration, or frequency of extreme events. Once the desired type
and key attributes of an extreme event are initially identified, the climate record is searched for
time periods that could potentially contribute to the storyline. These time periods are then
spliced at points where the transition between them is as plausible as possible from a
meteorological standpoint. For example, Dettinger et al. (2012) developed a 23-day extreme
winter storm scenario by selecting and splicing together two large historical storm sequences,
with the concatenation point chosen specifically to be the time when geopotential height fields
over the Pacific and North America were best matched to ensure reasonable continuity of
precipitation patterns over the two events. For other types of extremes, like droughts, attention
to larger scale atmospheric patterns becomes less important and continuity can be accomplished by splicing during dry periods with similar temperatures, for example. Although this
method may require some expertise to create internally consistent event sequences, this
approach is relatively simple to implement, as a scenario can be developed by making
straightforward and very plausible adjustments such as increasing the duration of an event
or changing its sequencing, without adjusting observed magnitudes of meteorological
variables.

3.2.3 Scenario mining method
The scenario mining method applies moving-window calculations of climate metrics that
characterize extreme events of interest (e.g., a 10-year drought, a month-long storm, a weeklong heatwave) across the duration of one or more climate time series to identify a time
segment that best represents the climate-extreme condition(s) of interest (Fig. 2). The selection
of the time period could involve plotting the resultant moving window calculations in one or
more dimensions of the extreme of interest, akin to approaches to scenario selection that
involve mapping potential scenarios along dimensions of high-priority external drivers
(Rowland et al. 2014). This time period is then extracted and becomes the focus of detailed
assessment. A variety of metrics could be evaluated in this application (see Karl et al. 1999 for
examples). For example, extremes could be defined relative to the historical record (i.e., as
occasions when a historical-period percentile or recurrence interval is exceeded) or based on
specific thresholds.
Extremes in meteorological variability, such as alternating wet and dry periods (i.e.,
“weather whiplash”; Swain et al. 2018), may also be of interest. These can be identified in
several ways, depending on how one chooses to measure variability. If the goal is to maximize
or minimize variability for a specified time period, this could be characterized by standard
deviations or coefficients of variation. Alternatively, if the goal is to enhance variation around
a specific frequency band, variability could be estimated and ranked by first applying low- or
high-pass filters (Chatfield 2004) to the raw projections and then calculating variances or
coefficients of variation of the filtered series (compared to raw variances or coefficients of
variation). Spectral methods, which are used to transform time series into component frequencies (Ghil et al. 2002), could be used to identify time periods with enhanced variability at the
desired frequency. In other cases, a specific sequencing of variability might be desired; for
example, a series of alternating wet and dry years or a series of multiple wet years followed by
a series of multiple dry years. In these cases, the specified sequence could be represented as a
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schematic time series of highs and lows (e.g., 1 s and 0 s). Correlations between this sequence
and a running time series of the same length in the climate projections can then be calculated,
with the time periods with the highest correlations indicating those that most closely correspond to the desired sequencing of variability.
The scenario mining method is more computationally demanding than those previously
described due to the initial investment required to screen the climate model projections.
However, once this step is completed, there is a trove of information that can be tapped for
subsequent analysis and iteration with stakeholders. We include a detailed workflow and
example of how this approach was used in the case study described later in this paper. Another
disadvantage of this method is that meteorological extremes do not necessarily translate to
extreme impacts (Van Der Wiel et al. 2020); this can be addressed by the scenario discovery
method described in the next section.

3.2.4 Scenario discovery method
The scenario discovery approach (Bryant and Lempert 2010), coined by the RAND Corporation as part of a formalized robust decision-making framework (RDM; Groves and Lempert
2007), can also be used to identify climate stress test scenarios. For example, in RDM, a large
(i.e., hundreds to millions) ensemble of climate sequences and management alternative
combinations spanning a range of uncertainties or decisions that a stakeholder group wishes
to explore are fed through one or more impact simulation models to characterize the range of
possible outcomes, identify the circumstances under which the system succeeds or fails, and
identify management strategies that are robust across that range of outcomes (Groves and
Lempert 2007). Data mining algorithms are then used to identify representative scenarios to be
examined in greater depth that illustrate system stress or failures across a range of conditions
(Bryant and Lempert 2010). This approach was developed to address the problem of how to
objectively identify a small number of scenarios that are both relevant to decision-making and
span a large range of uncertainty, given that the storyline approach (see Section 2) may be too
subjective for some audiences (Groves and Lempert 2007).
In scenario discovery, input climate sequences could take the form of an ensemble of
climate projections, incrementally adjusted historical or paleoclimate time series, or stochastically generated time series (Fig. 2). Climate models provide the best physical process
representation of these time series inputs; however, one downside to this approach is that
there are a limited number of climate realizations to draw from, which limits the range of
uncertainty in climate parameter space that can be considered (Brown and Wilby 2012). Thus,
studies have typically either (1) systematically applied incremental changes of temperature and
precipitation across a range of expected uncertainty to the historical record and used this to
analyze sensitivity (Schwarz et al. 2018) or (2) used stochastic weather generators to generate a
very large number of climate sequences (Brown et al. 2012). While the advantages of these
latter approaches are that they permit a more comprehensive exploration of the uncertainty
space, the scenarios selected for in-depth exploration with stakeholders may not be climatically
plausible, given that incremental and stochastic weather generated time series are unlikely to
be inconsistent with larger scale dynamics that drive precipitation variability (Breinl et al.
2017). If physical process representation is important, scenario mining techniques (Fig. 2)
could be applied to find analogs in historical records or in climate model projections that are
known to simulate the climate and weather characteristics of the focal extreme event
realistically.
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The ability to objectively identify stress test scenarios based on a comprehensive analysis of
simulated impacts is a key advantage of the scenario discovery method, as it ensures that the
scenario selected stresses the system at the level that is intended. The very large simulated
datasets produced by this method have considerable scientific value as causal factors leading to
system failure can be analyzed and system sensitivities can be identified with high statistical
power. The primary disadvantages of this approach are its substantial data and computational
requirements. In addition, the process of developing the scenario may be more complicated to
explain or may appear more “black box” to stakeholders than for a scenario that originates
from a storyline approach (see Section 2).

4 Water for the Seasons case study
In the previous sections, we described an iterative stakeholder process and various approaches for generating climate stress test scenarios. Here, we describe a study in which
these have been applied in practice. The Water for the Seasons (WftS) project (http://
waterfortheseasons.com) engaged federal water agencies, state water engineers, local
water utilities and districts, farmers, ranchers, native American communities, and
ecosystem managers throughout the Truckee and Carson River basins in California and
Nevada in the development of stakeholder-informed climate scenarios. These scenarios
were used in combination with hydroclimatic models and social science collaborative
modeling approaches to simulate water supplies and demand outcomes and assess options
to enhance water sustainability in a changing climate (Singletary and Sterle 2017). The
Truckee and Carson River systems rely almost entirely on snowpack-derived water supplies, which are very vulnerable to climate change due to increased temperatures that reduce
snowpack storage, increase evaporative water demand, and increase demand from agriculture and urban users (Bureau of Reclamation 2015).
The WftS project followed the process identified in Fig. 1. Primary climate-related concerns,
policy constraints, adaptation options, and indicators of impacts to the system were initially
identified based on semi-structured interviews of 66 individuals from organizations with regulatory
or water management responsibilities (Singletary and Sterle 2017). This initial data collection effort
was complemented by semi-annual meetings with a Stakeholder Affiliate Group representing 12
key water management organizations (Sterle and Singletary 2017). These engagements facilitated a
broad characterization of the types of events stakeholders were concerned about, followed by a
narrowing to the more specific and quantifiable attributes (e.g., timing, magnitude, frequency,
duration, extent) of events of greatest concern (Singletary et al. 2016).
Four sets of climate stress test scenarios were developed using a storyline approach and data
and methods described in previous sections to explore the potential effects of (1) increased
temperatures, (2) extended drought conditions, and (3) increased precipitation variability on
water supplies and demands. The fourth set of scenarios focused on a scenario discovery–
based sensitivity analysis of water levels in the largest and most upstream reservoir in the
system, Lake Tahoe, which is one of the most important indicators of water supply availability.
Fundamentally, each of these scenarios was constructed from 4- to 6-km-resolution gridded
daily temperature (minimum and maximum) and precipitation datasets spanning the study
region. These grids, along with meteorological station data, formed the inputs to the suite of
hydrological (GSFLOW, Markstrom et al. 2008; MODFLOW, Harbaugh 2005), open-water
evaporation (Complementary Relationship Lake Evaporation (CRLE) model; Huntington and
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McEvoy 2011), and operation (MODSIM, http://modsim.engr.colostate.edu/; RiverWare,
http://riverware.org/) models that were used to simulate impacts.
The stakeholder process also identified several potential adaptation options, including
specific strategies related to farm- and municipal-scale water conservation measures, enhancing water storage, altering crops, and changing reservoir management within the bounds of
existing policy constraints (Sterle and Singletary 2017). Several of these strategies were
simulated under historical and climate changed conditions (Sterle et al. 2020a, 2020b).
Streamflows and reservoir levels at specific times and locations (i.e., system performance
indicators) were evaluated under the climate and management scenarios to quantify the ability
of the system to meet user demand.

4.1 Increased temperature scenarios (incremental method)
A large majority of the stakeholders interviewed identified increased temperatures as a top
concern. They recognized that warming temperatures drive decreased snowpack storage,
earlier snowmelt runoff resulting in altered streamflow timing, increased crop evapotranspiration and reservoir evaporation, impacts to water quality, and increased demand by agricultural,
municipal, and industrial users (Singletary et al. 2016). A temperature increase of 4.3 °C was
applied to historical weather station records from the area to form this scenario using the
incremental method (Fig. 2). This increase was selected because stakeholders felt it was an
extreme change, and it was informed by an ensemble of 15 downscaled GCM projections
responding to moderating (RCP 4.5) and accelerating (RCP 8.5) greenhouse gas emissions
where 4.3 °C was the ensemble average temperature change projected by the year 2080 and
was also near the maximum projected by the year 2050 (Sterle et al. 2020b). Scenarios
consisting of historical precipitation with baseline and warmer temperatures (historical, historical + 4.3 °C) were run through linked hydrological and river operation models to isolate the
influence of temperature change on water supplies and demands relative to the historical time
period. This scenario set was used to quantify reductions in reservoir storage under warmer
temperatures that could occur under status quo, fixed-date, reservoir operations and explore
alternative management strategies that might help to mitigate these effects (Sterle et al. 2020a).
Use of the incremental approach also enabled a temperature sensitivity analysis to be conducted whereby the hydrology was simulated at 0.5 °C increments of temperature increase
from historical up to 4.5 °C. This provided estimates of the potential timing and magnitude of
change in percentage of winter precipitation that fell as snow (vs. rain) as a function of
temperature change that captured a range of temperature increases projected by the ensemble
(as recommended in Sofaer et al. 2017) through the year 2050.

4.2 Extended drought scenarios (splice + incremental)
When the WftS project began in 2015, the Truckee-Carson River System was experiencing the
fourth year of a drought that many stakeholders viewed as one of the worst in history (Singletary
et al. 2016). Throughout 2012–2015, precipitation was below average with exceptionally low
precipitation in 2014, record-breaking high temperatures in both 2014 and 2015, and a record low
snowpack in 2015. This resulted in an accumulated precipitation deficit of 100–180% of the
annual average, extensive forest die-off, crop loss, native fish loss, and dramatic economic losses
across the California-Nevada region (Ullrich et al. 2018). Water levels at Lake Tahoe dropped
below the natural rim, ceasing water flows from Lake Tahoe into the Truckee River. This
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compromised the ability of water providers to meet legal required flows in the Truckee River and
fulfill the myriad of downstream demands. As a result, urban water users were encouraged to
reduce water use by 10%. Agricultural producers were forced to sell livestock and many suffered
significant crop losses. The recreation industry and local economy were also severely impacted, as
the meager winter snowpack reduced tourism visits (DeLong 2015).
At the request of the Stakeholder Affiliate Group, an “extended drought” scenario was developed
to assess how water supplies would be affected if this drought were to continue for an extended
period of time under contemporary temperatures and how this same extended drought might be
worsened under mid-century (2050) conditions (Dettinger et al. 2017). To develop a plausible
baseline (current temperature) extended drought scenario, the research team used the splice method
(Fig. 2) to extend the 2012–2015 drought by following it with a second recent drought (1987–1995),
resulting in a 13-year drought sequence. The time series was based on daily gridded PRISM (Daly
et al. 2008) data. Because the 1987–1995 time period was cooler than the 2012–2015 period, all
daily grid-cell temperatures for the 1987–1995 record were uniformly adjusted by the difference
between period temperature averages for 1987–1995 and 2012–2015 in that grid cell. The incremental method was used to develop a climate change version from this historical baseline by adding
2.5 °C to all grid cells and time steps to reflect mid-century conditions. The resulting set of 13-year
drought scenarios represented a challenging set of conditions that were used to explore drought
impacts to modeled streamflows, reservoir levels, and water supply and demand under current and

Fig. 3 Workflow for identifying stress tests that was developed for the Water for the Seasons project using the
scenario mining technique. For each GCM and time step, a spatial mean is calculated across the study area for
each climate variable. Metrics relating to 20-year precipitation variability, average precipitation, and average
temperature were calculated on a rolling basis for the historical time period and for each GCM time series. These
values were then screened to identify the 20-year period that best matched the criteria for the scenario identified
by the stakeholder-researcher team, and the time series corresponding to this was used for the scenario
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warmer temperatures, as well as how to minimize these impacts through operational changes using a
dynamic decision support system (Boyer 2018).

4.3 Precipitation variability scenarios (scenario mining)
The WftS stakeholder group represented a wide diversity of water use interests, with each
having the potential to be challenged by climate change impacts in very different ways. The
third set of scenarios was intended to explore some key differences between how water
supplies for stakeholders might be differentially impacted in the Truckee and Carson River
basins: The Truckee River basin contains significant reservoir storage capacity and provides
the majority of municipal water for the Reno-Sparks area, with groundwater providing
supplemental water when surface water reserves are insufficient. In contrast, the Carson River
basin contains no constructed reservoir storage and most municipal and industrial water
supplies are drawn from groundwater and supplemented by surface water. The dominant
water use in the basin is for agriculture, and these supplies are drawn directly from surface
flows in the Carson River, which are supplemented by water diverted from the Truckee River
in lower parts of the basin (Sterle and Singletary 2017). These differences had the potential to
result in contrasting responses among the two basins to rapid fluctuations between drought
years and wet years (i.e., precipitation whiplash (Swain et al. 2018)) or to multi-year droughts
and wet periods. To explore precipitation variability frequency (“whiplash” vs. multi-year)
effects, a third set of scenarios was constructed from the GCM ensemble of future climatic
episodes with high-frequency (roughly quasi-biennial) precipitation variations vs. lowerfrequency (roughly 5-year) precipitation variations. These scenarios illustrate both the general
characteristics of the projected future climate (warmer with new precipitation regimes) and
specific frequency traits of local interest.
A novel workflow (Fig. 3) for the “scenario mining” method (Fig. 2) was developed as part of
this project and used to construct the “precipitation variability” scenarios. To accomplish this,
daily temperature and precipitation data from an ensemble of 30 localized constructed analog
(LOCA)-downscaled (6-km resolution; Pierce et al. 2014) GCM projections for 2006–2100 were
first spatially averaged across the study area. The resulting daily time series from each projection
was then screened on a rolling basis to identify 20-year periods that met the following criteria: (1)
had similar average temperature (+ 4.3 °C from historical) and precipitation as the “increased
temperature” scenarios (see Section 4.1) so that they all could be compared and (2) exhibited
dominantly low- (~5-year) or high- (~2–3 year) frequency precipitation variations.
Low-frequency variations (LF) were identified in terms of the ratio of the standard deviations
of 5-year moving averages of precipitation (MA(P5 yr)) to the unfiltered annual totals (P1 yr) (Eq.
1). Larger values of this ratio indicate relatively greater contributions of 5-year variability to the
total variability during the 20-year period and thus a stronger lower frequency variability signal.

σ20 yr MA P5 yr

LF ¼
ð1Þ
σ20 yr P1 yr
High-frequency variability (HF) was calculated by subtracting a 2-year moving average
precipitation (MA(P2 yr)) from unfiltered annual totals (P1 yr) and calculating the ratio of the
standard deviation of these values to the standard deviation of the unfiltered annual totals for
the 20-year period (Eq. 2). Larger values indicate greater relative contributions of the interannual component and thus higher frequency variability.
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n¼1
 ; where Pn ¼ P1 yr −MA P2 yr
HF ¼
σ20 yr P1 yr
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ð2Þ

The 20-year precipitation variability, average temperature, and average precipitation metrics
were calculated for all 20-year periods in all climate model projections and in the historical
period (Fig. 3, Step 3). These values were then plotted against each other to identify 20-year
periods that met all criteria (Fig. 3, Step 4). Variability during future time periods was also
compared to a gridded dataset of historical observations upon which the LOCA downscaling is
based (Livneh et al. 2013), to serve as a reference point. The 20-year periods that best fit all
criteria were then selected, and daily gridded data from the selected ensemble model and time
period were extracted to construct the scenario.
Because the hydrologic models used in the WftS project are parameterized with meteorological station data, gridded precipitation projections required additional bias correction in
order to reduce the effects of “drizzle,” small precipitation amounts that are an artifact of GCM
representations and downscaling (Pierce et al. 2014) that were still observed in the data despite
the LOCA process including a bias correction step. This “drizzle” resulted in cumulatively
large positive biases in the gridded precipitation data as compared to observed. Bias-correction
was achieved by modeling the relationship between the square roots of observed and gridded
precipitation for the base period 1980–2010 using asynchronous linear regression (Stoner et al.
2013), then applying adjustments to the future projections, based on this modeled relationship.
The variability scenarios highlighted the adverse effects that low-frequency variability
would have on most Truckee River water users due to reduced upstream reservoir capture
during repeated wet years and lessened reserves during multi-year droughts. They further
demonstrated how warming conditions under status quo management differentially affect
water users, depending on the basin (lack of storage in the Carson River results in greater
impacts from warming) and position in the watershed (downstream water users benefit from
uncaptured upstream runoff) (Sterle et al. 2020b). These scenarios were further explored to
understand the implications of alternative groundwater management strategies in the Carson
River basin, in particular (Sterle et al. 2020b).

4.4 Lake Tahoe water surface elevation scenarios (scenario discovery)
A final set of scenarios was explored to address how climate change may affect future Lake
Tahoe water surface elevation. As the largest and uppermost reservoir in the Truckee River
system, Lake Tahoe water surface elevation is an important indicator of the water supply
situation and is used to trigger operational decisions regarding downstream flows and water
allocations to users in both the Truckee and Carson systems under the Truckee River
Operating Agreement. Notably, only a small fraction of water in the lake is available for
downstream water supply, as the natural rim of the lake is only about 6 ft below the height of
the dam. As a result, lake level can only rise so far (about 6 ft) above the natural rim at which
point water must be released, but the lake level can fall below that rim in times of drought by
tens of feet and more. Thus, stakeholders view lake levels as a particularly strong and
impactful indicator of water supply availability in the study area.
To address these questions, 16 downscaled climate projections were used to drive an
integrated set of hydrologic, lake evaporation, and water management operations models for
the Lake Tahoe basin. Researchers employed the multivariate adaptive constructed analogs set
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of downscaled GCMs that included estimates of solar radiation and wind speed (Abatzoglou
and Brown 2012) so that more precise estimates of lake surface evaporation and evapotranspiration could be developed. The resulting ensemble of projected Lake Tahoe levels was used
to estimate probabilities that the Lake will fall below the natural rim and the potential
frequencies and magnitudes of this type of system failure under future climate changes.
As described, these calculations modify the description presented above for scenario
discovery (Fig. 2), because they were designed to analyze and parameterize the overall
ensemble instead of focusing on a particular extreme or challenging time periods within the
overall ensemble. Scenario discovery could be applied to the resulting lake-level ensemble,
if a more detailed exploration of consequences and causes were desired. One example of this
would be to calculate appropriate statistics in all 20-year windows in the lake-level ensemble to identify the cases of lake-level extremes (low and high). Time periods with the fastest
declines (or rises) in lake levels could also be identified and retrieved from the ensemble for
more study.

5 Discussion
In the preceding sections, we reviewed several ways that climate stress tests can be developed
and key advantages and disadvantages (Table 1), as well as concrete examples of how some of
these methods were implemented in an ongoing stakeholder-driven water-climate resiliency
project. We discuss here some of the key factors that might influence the choice of approach,
data, or techniques, drawing, in part, from observations and lessons from our case study.
Although we have focused on a climate adaptation planning case study here, we emphasize
that the climate scenario construction techniques described herein can be applied in a wide
variety of contexts to address weather and climate risks. For example, scenarios are especially
useful for emergency response exercises and planning (Committee on Homeland Security and
Governmental Affairs 2006; Dettinger et al. 2012; Albano et al. 2016) and many of the same
considerations apply in this context.

5.1 Audience
Choices related to approach, data, and methods are ideally based on needs and priorities of the
stakeholders involved to ensure that end products are usable (Dilling and Lemos 2011),
including their planning horizons, their interests and expertise, and their experiences with
climatic events and climate science. For example, if the local planning horizon is 20 years, a
stress test drawn from end-of-century climate projections or from the paleoclimatic record may
not be well-accepted, even if scientific evidence suggests that it is physically possible for this
to occur within that timeframe. Engagement with an audience to understand the limits of what
they are willing to explore and how this relates to the scientific evidence regarding climate or
weather risks will be required to find the common ground that is necessary for productive
response and adaptation planning.
The storyline approach and techniques (all but scenario discovery) tend to draw heavily on
the experiences of stakeholders and researchers, including climatic events that have impacted
them (or their communities) and connections they see between climate drivers and impacts.
The strengths of the storyline approach are that stress tests can be quite straightforward to
develop, requiring fewer resources. Moreover, by linking personal experiences to the scenario,
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stakeholders can easily draw connections between past and future risks (Brewer 2007),
understand the impacts more vividly (Marx et al. 2007), and may express greater concern
and a stronger desire to adapt (Vasileiadou and Botzen 2014). This approach may resonate in
cases when experiences with extreme climatic events have already spurred adaptation actions.
In contrast, scenario discovery draws heavily from analytical information and model-based
conceptualizations of how climate may impact a study system. These analytical approaches
may resonate more with stakeholder groups who tend to think and interpret information
analytically.
In the Water for the Seasons case study, the first two scenarios included increased
temperature and extended drought scenarios—both drawing from historical data and using
simple, storyline approaches to scenario construction. The latter scenario was designed in
direct response to an ongoing climatic event that stakeholders wanted to explore and provided
an excellent jumping off point for the co-development of climate adaptation options. All these
scenarios provided opportunities for developing relationships while exploring familiar but
challenging territory at the forefront of stakeholders’ minds. Building from that foundation, the
group went on to explore less familiar climate changed scenarios, drawing from GCM
projections. These later scenarios explored more challenging and unique weather sequences,
not experienced historically, providing more opportunity for novel policy considerations and
surprise.

5.2 Study goals
While most climate adaptation planning efforts share a common goal of improving management strategies to accommodate climate impacts, study goals may vary depending on (1) the
most pressing risks, (2) the scientific information available to the study, and (3) the degree to
which the group wishes to conduct modeling and analysis versus leveraging existing knowledge. All of these factors have the potential to influence what data sources or techniques are
used and are worth considering in selection and construction of scenarios (Table 1).
The type of climate extreme that the group wishes to explore and the spatial extent of the
study area will contribute to the data and methods that can be used. Short-duration extremes on
the scale of days to months likely require daily or even sub-daily data. Scenarios in these cases
may need to use historical data or dynamically downscaled projections to achieve the desired
temporal resolutions. Stochastic weather generator–based sequences may be reasonable to use
for a small study area or limited number of locations and short-duration extremes (if properly
tuned to provide realistic sub-daily weather transitions), but as the size of the study area or
number of locations modeled increases, generating sequences with reasonable spatial autocorrelation structures (Chen et al. 2010) becomes increasingly difficult.
The choice of methods might also vary depending on how much analysis is desired by the
group. For example, if the purpose of the exercise or planning effort is geared toward
facilitating stakeholder discussions of cascading hazards or adaptation strategies, less analysis
may be required than if the main goal is to increase scientific understanding, quantify
sensitivities, or estimate risk. For example, for a tabletop emergency response exercise where
the scenario is merely a focal point for exploring risks and responses, the scenario may not
need to have accurate process representation and internal climatic consistency, whereas this
could be quite important for engineering design purposes. For design purposes, estimates of
the probability of occurrence of the particular scenario explored might also be of interest, and
the raw materials used for scenario mining or discovery can be revisited to provide plausible
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estimates of that needed ancillary information (Brown et al. 2012; Weaver et al. 2013). In these
instances, any estimated probabilities should be interpreted with a clear understanding of the
biases and limitations of these model ensembles (Mote et al. 2011), along with their inability to
represent true probabilities (Dessai and Hulme 2004).
If one of the objectives of the study is to comprehensively explore sensitivities of a system
across a range of uncertainties, the incremental (i.e., for analysis of a defined source of
uncertainty) or scenario discovery (for analysis of multiple sources of uncertainty) is a good
approach. The advantage of both of the more analytically intensive approaches (mining and
discovery) is that once the initial processing of data is complete, there is ample opportunity to
explore outputs in response to stakeholder questions and iterations. If there is less interest in
quantification and analysis but more interest in detailed exploration of a small number of
scenarios as a foundation for information exchange and discussion, the splice or incremental
methods may offer a simpler and less computationally demanding alternative.
As described in the previous section, the WftS project explored several of these
methods. Since none of the scenarios were focused on short-duration extreme events,
the types of data and methods used were less constrained by the need to use sub-daily or
fine spatial resolution data, allowing the full range of options to be used. Some of the
scenarios (e.g., increased variability) were not attached to any sensitivity or probabilistic
analysis, and thus, they could not be compared to each other in a controlled way since
they differed in several ways (e.g., timing and phase of precipitation), despite having
similar average temperature and precipitation amounts. While these were useful for
stimulating discussions with stakeholders about the impacts of increased variability,
opportunities to draw robust scientific inferences about the impacts of climate change
on variability based on these scenarios were more limited in comparison to the other
scenario sets, which allowed for system sensitivity assessment and estimation of
(conditional) probabilities.

5.3 Resources available
The resources available for the climate adaptation planning effort, including availability of data,
models, technical expertise, and participants’ time, are also an important consideration. Although
storyline-based approaches can, in some cases, require significant data processing and analytical
capacity, they do not have to and are likely to be a better choice under time or resource constraints.
Incremental or splice methods based on historical data are technically the simplest while scenario
discovery is the most computationally resource intensive. In the scenario mining and scenario
discovery methods, up-front investments in data processing provide good opportunities to explore
additional stress tests if an initial test does not lead to the desired discussions and discoveries.
The WftS project had significant resources to build upon, given the availability of longterm data; well-developed models of the hydrologic system; several subject matter experts in
climate, hydrology, economics, and social sciences; and a stakeholder group that was eager to
invest time and energy. This permitted iteration and exploration of a variety of scenarios.
Nonetheless, most of the scenarios simulated in the Water for the Seasons project were
constructed using relatively simple methods. First, the scenarios were merely an important
avenue to explore the greater problems of how the physical and social systems work and fail
and what engineering, management, or policy options might be developed to reduce the costs
and likelihoods of failure and were thus not a central focus of the study. Second, the TruckeeCarson River system being studied is highly complex and interlinked geographically and
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hydrologically. In order to properly represent the consequences of scenarios and stakeholder
options, the hydrologic simulations and analyses required linking seven different hydrologic
and management models. Due to the complexity of modeling this system, the scenario
discovery approach was applied only for the Lake Tahoe level analysis. That analysis was
focused only on the Upper Truckee watershed, so that it only required three of the seven
hydrologic and management models. Despite this only being applied to one part of the system,
the scientists on the team deemed this to be a worthwhile investment of resources given the
opportunities to continue to explore these simulations far beyond the project life cycle.

6 Conclusions
In this paper, we describe a variety of data sources and techniques available for constructing
climate stress tests that are customized to stakeholders’ needs. We also provide examples of
their implementation and preliminary guidance for determining which options might be best
suited for a given application. In summary, we recommend considering the following key
factors when selecting a data source or technique for scenario construction: the spatial and
temporal extent and resolution needed to characterize the climatic event or time series, how
essential it is for the scenario to be physically internally consistent, how different data sources
or techniques are likely to be perceived by stakeholders, what resources are available to
develop the scenario, and what research questions the team wishes to answer. In addition,
we suggest that connecting a scenario to stakeholders’ experiences with past climatically
stressful events provides a good opportunity to develop trust, gain traction by discussing
experiences and concerns that are readily available and tangible, and leverage the practical
knowledge they can offer based on their experiences to identify adaptation strategies. From
there, the group can collectively work outward to explore impacts and adaptation options
under more novel or extreme conditions.
We expect the information provided here to be applicable across a range of contexts, from
nearer term emergency response exercises and planning to longer term climate adaptation
planning. Generating usable science requires the co-production and shared ownership of
information (Dilling and Lemos 2011). Ultimately, this work is intended to support these
objectives by providing the necessary guidance to allow scientist-stakeholder teams to develop
their own customized stress test scenarios that address their specific weather and climate risks
of concern so that specific strategies for mitigating or adapting to these risks can be identified
(Weaver et al. 2017).
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