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Abstract

:

How robust is our assessment of impacts to ecosystems and species from a rapidly changing climate during the 21st century? We examine the challenges of uncertainty, complexity and constraints associated with applying climate projections to understanding future biological responses. This includes an evaluation of how to incorporate the uncertainty associated with different greenhouse gas emissions scenarios and climate models, and constraints of spatiotemporal scales and resolution of climate data into impact assessments. We describe the challenges of identifying relevant climate metrics for biological impact assessments and evaluate the usefulness and limitations of different methodologies of applying climate change to both quantitative and qualitative assessments. We discuss the importance of incorporating extreme climate events and their stochastic tendencies in assessing ecological impacts and transformation, and provide recommendations for better integration of complex climate–ecological interactions at relevant spatiotemporal scales. We further recognize the compounding nature of uncertainty when accounting for our limited understanding of the interactions between climate and biological processes. Given the inherent complexity in ecological processes and their interactions with climate, we recommend integrating quantitative modeling with expert elicitation from diverse disciplines and experiential understanding of recent climate-driven ecological processes to develop a more robust understanding of ecological responses under different scenarios of future climate change. Inherently complex interactions between climate and biological systems also provide an opportunity to develop wide-ranging strategies that resource managers can employ to prepare for the future.
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1. Introduction


The Earth’s climate is experiencing rapid heating caused by an increasing accumulation of human-induced greenhouse gases in the atmosphere. The resulting climatic changes, which are unprecedented in at least the last 2000 years, are expected to continue and further intensify in coming decades as the concentrations of atmospheric greenhouse gases rise [1]. Shifts in large-scale climate regimes and their influence on climate and weather extremes experienced at local-to-regional scales are expected to drive significant ecological impacts during the 21st century. It is critical to understand plausible trajectories of change in biological systems on a landscape to maximize decision options for land and resource managers [2,3].



Climate change is already severely impacting ecosystems and, in the coming decades, it is expected to significantly transform ecosystems and biodiversity from local-to-global scales, degrade ecosystem services, and by extension impact human livelihoods [2,4,5,6,7,8]. However, understanding the nuanced details of a rapidly changing climate on biodiversity and biological responses at varying temporal and spatial scales is challenging [3]. These challenges arise from (a) uncertainties in model predictions of future changes (i.e., range of outcomes across these predictions), (b) the complexity inherent in climate and biological processes (especially indirect impacts) and the interactions between the two (including “known unknowns” and “unknown unknowns”), and (c) the constraints associated with the availability of relevant datasets at appropriate spatiotemporal scales that limit robust predictions (Table 1).



The challenges of uncertainty, complexity and constraints apply to all assessments of climate change impacts on ecosystems and species. Some cases appear to offer relatively straightforward climate–ecology interactions. Ocean warming is the main driver of coral bleaching [9,10]. Increased winter and summer average temperatures drive permafrost thawing [11]; these warming trends along with increases in soil water availability cause tundra greening in the circumpolar regions [12]. Overall warming plus longer frost-free periods appear to enhance pest populations [13]. Even these cases involve significant climate and ecological complexity, which grows dramatically when impact assessments grapple with transformational effects such as the hypothesized transition of the Amazon rainforest to a more savannah landscape [14] and the marine ecology of an ice-free Arctic Ocean [15].



The potential for climate-induced biological impacts at the scale of species, ecosystems or landscapes is now routinely evaluated through a multidisciplinary lens using a blend of qualitative and quantitative approaches, including different knowledge systems, in collaboration with land and resource managers [16,17,18]. To guide informed management, it is imperative that the best available science, tools, and expertise (including academic, local and indigenous knowledge) are combined for a more complete understanding of the potential consequences of a rapidly changing climate on species and ecosystems.



Resource managers are tasked with addressing current threats to the resources that they manage; however, increasingly, they must also incorporate impacts from future climate change into their management plans [19,20]. Managers seldom have the time or sufficient expertise and resources to fully assess the implications of climate change on ecosystems and species they manage. Therefore, providing managers with tools, such as conceptual models, maps, and scenarios of changes to ecosystems is critical. More information is needed by practitioners (i.e., scientists, boundary actors, managers) on best practices for integrating climate projections and uncertainty, particularly in how to select appropriate climate data, understand and manage sources of uncertainty, and quantitatively and qualitatively assess biological responses to climatic changes. Various frameworks are applied to provide guidance for incorporating impacts of future climate change into natural resource management. These frameworks include approaches such as Scenario Planning [18,21,22,23], Structured Decision Making [24], the Climate-Smart Conservation Cycle [25], the Adaptation for Conservation Targets framework [26], and the Resist–Accept–Direct framework [27]. However, one of the major challenges in the application of these approaches is our limited understanding of the relationships between climate and biological processes, which impedes robust prediction of plausible biological responses (both how and when) under specific future climate scenarios [5,6].



In this paper, we examine the issues of uncertainty, complexity, and constraints associated with assessing the impacts of a rapidly changing climate on ecosystems and species. Specifically, we discuss the uncertainty associated with future climate projections, the complexity of assessing relationships between climate and biological processes, the constraints associated with the availability of climate data and appropriate metrics for determining potential future stress to ecosystems and species, the relevance of extreme climate events, and how to build robustness into our understanding of future biological responses. We highlight important challenges for biologists and land managers in performing climate impact assessments that incorporate these issues, and the need for future research and data development to address the constraints and knowledge gaps. However, we argue here that the challenges of addressing uncertainty, complexity, and constraints do not justify inaction; rather scientists and managers should strive for comprehensive and robust assessments.



We draw upon our collective experience to describe commonly encountered challenges and effective approaches for evaluating the potential impacts of climate change on ecological systems. While there is no single best way to conduct these kinds of assessments, careful considerations of the issues we outline will better ensure that an assessment of climate change impacts is robust for real-world decision making. In particular, we discuss practices that: (1) incorporate the uncertainty associated with future climate projections and ecological impacts modeling; (2) more adequately integrate complexity that is not effectively captured in quantitative modeling; and (3) develop understanding of meaningful climate-biological sensitivities and generate relevant climate data where none exists. The more we engage with these challenges, the more our integrated and transdisciplinary approaches will become refined. We draw strongly upon personal experiences from several climate assessment projects; many of them supported by the North Central Climate Adaptation Science Center (NC CASC; https://nccasc.colorado.edu/). We specifically discuss two cases (see Case Studies 1 and 2 in the Appendix A) in depth to highlight successful science-management collaborations and activities that promoted a more robust assessment of biological responses despite the aforementioned challenges.



While we emphasize that biological impact assessments are generally iterative (i.e., non-linear) and context-specific, we refer to a typical process flow diagram in Figure 1 that highlights the activities involved in conducting biological impact assessments under different future climate scenarios. This framework is increasingly applied to conservation projects, including our two case studies. In the following sections, we examine each of the activities described in Figure 1 in greater detail, including a discussion of the associated challenges and solutions.




2. Uncertainty Associated with Climate Projections


2.1. Uncertainty from Greenhouse Gas Emissions Scenarios


One of the primary uncertainties related to future climate change during the 21st century and beyond arises from future trajectories of greenhouse gas emissions (GHG). There is a near linear relationship between emissions and the heating of the Earth’s climate system, which in turn drives regional climate impacts in the form of increases in regional temperature and changes in the frequency and intensity of extreme weather [1]. Despite the link between emissions scenarios and the degree of heating, the divergence in projected climate change across the different emission scenarios is not materially significant until after 2050. Partly because of this reason, and to avoid large uncertainty in climate change at the end of the 21st century arising from the choice of an emission scenario, most climate adaptation and conservation projects tend to focus at the early-to-mid century time horizon. This is also the time horizon that is most relevant to natural resource management planning.



As an example, an analysis of projected changes in temperature and precipitation for a region in southwest Colorado ([17]; Figure 2) illustrates the high degree of similarity between intermediate (RCP 4.5) and high (RCP 8.5.) emissions scenarios by 2035. By 2050, the range of projected temperatures is only slightly greater (by about 1 °C) for RCP 8.5. However, by 2070, the range for increases in temperature for RCP 8.5 (3 °C–6 °C) is very different from the range of projected warming for RCP 4.5 (1 °C–4 °C). From an ecological impact perspective, the selection of an emission scenario therefore becomes relevant for understanding temperature changes by the late 21st century, but is less important for mid-century projections. On the other hand, for precipitation related changes, there is little difference in the projected range between the two emission scenarios even by the late 21st century. Therefore, emission scenario uncertainty is less important for understanding future changes in total precipitation.



When the late 21st century time horizon is of interest, analysts might choose to work with both high and low emission scenarios to capture a large range of futures, or focus on a single emission scenario selected based on a specific set of criteria. The latter approach could help to reduce the overall workload of the project and also reduce the range of uncertainty. One option could be to consider a single emission scenario with a higher likelihood given current climate policy and other relevant factors. For such a case, one could consider RCP 4.5. Another approach common in scenario analysis is to consider the more extreme scenario (e.g., RCP 8.5), even though its likelihood is extremely low, in order to better explore low probability/high consequence outcomes and the upper range of ecosystem stress. Useful commentary and analysis on the likelihood of emission scenarios can be found in [28,29,30].



Regardless of the emission scenario used, significant climate change is expected to occur between now and 2050. As we discuss in the next section, one of the primary sources of uncertainty in climate change stems from differences across climate models, which is more relevant for the near- and mid-term than differences across emissions scenarios.




2.2. Uncertainty from Different Climate Models


Global climate models (GCMs) are the primary tools to project future climate across the globe during the 21st century and beyond under different GHG emission scenarios. For regional applications, GCM projections are downscaled, using the larger pattern of change to guide projections to regional or local scale. Downscaling can involve simply applying relative change at the broad scale to local climate parameters, but more often involves correcting for model bias (i.e., the difference between observed and modeled climate over a common historical period) and spatial disaggregation to a higher resolution; for more information on downscaling see [31,32,33,34,35]. Nonetheless, the primary signals (both direction and magnitude) of future climate change at regional scales in all climate projection datasets (downscaled or not) come from GCMs. If a downscaling procedure substantially changes the magnitude, and in some cases even the sign, of climate change relative to the original GCM signal, then caution is advised in using that downscaled data [36]. It is also recommended to consult a climate scientist familiar with the regional setting about applicability of a specific downscaled dataset for a project.



There are more than 20 climate modeling centers across the world that have developed their own GCM(s), and thus some uncertainty in climate projections arises from differences across these multiple GCMs. In recent decades, climate projections from these modeling centers are being archived under the Coupled Model Intercomparison Project (CMIP) for the United Nations’ Intergovernmental Panel on Climate Change (IPCC) assessments. Versions of CMIP data that are being currently used for impact assessments include the Phase 5 (CMIP5) and Phase 6 (CMIP6) datasets. While drawing on the same physics and observational data, the models do vary; quantitative representation of processes (also referred to as parameterization) within each GCM create differences across GCMs, including in their climate sensitivity. Climate sensitivity is defined as the change in global mean surface temperature as a result of the doubling of atmospheric carbon dioxide (CO2) over its preindustrial value (2 × CO2) at equilibrium, that is, after earth systems have adjusted to the new forcing [37]. These differences across GCMs are the most important source of uncertainty in climate projections for the medium term (i.e., between now and mid-century). For example, in southwest Colorado (Figure 2), the range of projected warming by 2035 (relative to 1971–2000) is 1–3 °C, and by 2050 the range is 1–4 °C. Most of the variation in temperature on both time horizons stems from differences across the GCMs, largely as a function of the GCM’s climate sensitivity, as demonstrated in Figure 3. For more on why future climate projections differ from each other see also [36,38,39].




2.3. Uncertainty from Natural Climate Variability


Unlike human-caused climate change drivers such as greenhouse gas emissions or land use change, natural variability refers to variations in climate processes on various different timescales (months to decades and beyond) caused by stochastic and cyclical influences that are both internal (e.g., El Niño phenomenon) and external (e.g., solar cycles or volcanic eruptions) to the Earth’s climate system. Natural variability plays a bigger role in contributing to the differences seen across precipitation compared to temperature projections. Indeed, for future changes in precipitation as described in Figure 2, decadal-scale natural variability has a greater effect on the projections than does anthropogenic forcing. One way natural variability affects precipitation is through changes in storm tracks based on shifts in atmosphere and ocean patterns [42,43], which could result in some decades experiencing more storms (wetter period) than others (drier period).



Natural variability can account for half or more of the differences in precipitation projections [44]. To further illustrate this point, we compare projections from two different datasets describing changes in annual temperature and precipitation by 2050 for the central US Great Plains (Figure 4), where 35 distinct GCM projections (with each projection from a different GCM) are compared to 30 projections from a single model (CESM1-30). The difference in projections in CESM1-30 can all be attributed to natural variability. The comparison of the two datasets implies that precipitation projections are significantly influenced by natural variability, which can explain about 50% or more of the future variation in precipitation. Temperature projections are also influenced by natural variability, but to a much smaller degree. Uncertainty in climate projections arising from natural variability (as captured in Figure 2, Figure 3 and Figure 4) is irreducible in both the short and long term. However, aspects of natural variability could be significantly modified by climate change (e.g., changes in the character of the El Niño phenomenon, or a breakdown of the Ocean’s thermohaline circulation). These are extremely complex relationships to disentangle and much is still not known [45].




2.4. Approaches That Work across Climate Projections-Related Uncertainties


The magnitude of uncertainty in climate projections, as expressed by Figure 2, has remained relatively unchanged over decades despite significant improvements in our climate models that simulate different climate processes. It is highly likely that it will remain so for the foreseeable future. Rather than trying to deliberately reduce this uncertainty based on certain criteria (e.g., by considering projections that lie at the center of the scatter in Figure 2 as more likely), we recommend that projects incorporate the range of uncertainty into impact assessments to better account for potential risks that the system of interest could experience.



One approach to incorporating climate projections-related uncertainty at regional scales into impact assessments and climate adaptation planning is to develop scenarios of future climate change that are based on the divergence in projections [22,46,47,48,49]. For example, the Southwest Colorado Social-Ecological Climate Resilience (SECR) project (see Case Study 1 in Appendix A) selected three future climate scenarios (Figure 5) to use in planning processes. For this project, the primary interest was to consider impacts of climate change on four widespread ecosystems within a large region of southwest Colorado, which were selected following consultations with local stakeholders. In order to evaluate annual changes in temperature and precipitation on a near term time horizon of 2035, a bivariate-scatter plot was used to assess plausible future scenarios. Three scenarios (i.e., projections) were then selected from that scatter to account for divergence in future climate projections, thereby incorporating projections-related uncertainty into the assessment of future ecological responses. Table 2 describes web tools to create bivariate-scatter plots of climate projections for a given location and time horizon (with a choice of various different climate variables) and web data portals to access downscaled spatial and time-series data for selected climate scenarios.



While the use of bivariate-scatter plots is an easy and useful approach to both assessing plausible climate futures and selecting scenarios [17], the specific selection of climate scenarios may be performed in several different ways, and there is no single perfect prescription for it. Nuances and incorporation of our understanding of sensitivities of ecological processes to particular climate phenomenon or variables could be brought into these scatter plots by choosing specific climate variables mapped on to the X and Y axes, choosing specific timescales (e.g., season) and future time horizon (e.g., 2050). The use of multiple bivariate-scatter plots with different variables and timescales, based on the understanding of climate–ecological sensitivities, ensures a more comprehensive and informed scenario selection process [50].



Typically, selecting anywhere from three to five future climate scenarios is recommended [18]. Any more scenarios may add considerably to the analysis workload. Furthermore, it becomes more and more difficult to assess meaningful divergence in climate-driven impacts as the number of scenarios increases, particularly for more qualitative assessments. In addition, complexity in the decision-making process (i.e., an Endangered Species Act listing decision) increases as the number of scenarios increases. Once these scenarios are selected, the relevant climate data can then be extracted, analyzed or compiled to carry out ecological impact assessments that could be either qualitative or quantitative, or be a combination of the two. For example, specific data layers of climate covariates from these scenarios could be extracted or derived (if not already available) as input to a bioclimatic niche model. Before the downscaled climate data can be used, it is sometimes necessary to further spatially disaggregate it to match the resolution of the ecological data, which is often at a higher spatial resolution.



A question that is frequently encountered, from decision makers in particular, is: which scenario is more likely? Likelihoods are not usually assigned to scenarios, as doing so goes against the basic premise of a scenarios-based assessment. The scenario-based approach allows the decision maker to assess each scenario individually and base their decision on their personal level of risk acceptance regarding the varying levels of projected changes presented to them in the scenarios. There are also analytical challenges to assigning likelihoods to different climate projections in addition to the risk of undermining uncertainty by doing so [51,52]. Furthermore, it is usually not easy to identify and remove “bad” models relevant to one’s location and processes, and therefore climate scientists usually recommend that practitioners be more inclusive than exclusive in considering future projections data [52]. Still, some efforts to regionally rank models based on their performance in certain metrics relative to observations [53,54] have been used to inform scenario selection in recent studies. For example, Joyce et al. [48] used such rankings of models to inform selection of five scenarios for the 2020 Resources Planning Act Assessment of the U.S. Forest Service. These rankings have also been considered in informing scenarios selections in some recent National Park Service scenario planning projects [50]. Practice in this area may change as assessors become more adept at choosing model output, tap into expert advice on which simulations best fit the regional climate, or even design custom simulations and selective ensemble runs for specific assessments.



Summarized quantitative information associated with climate scenarios, either as one-to-two-page tables [17,55,56] or reports with graphics and short text [50,57], are increasingly used for impact assessment by resource managers and scientists. Tables S1 and S2 in the Supplementary Materials provide examples of climate scenario summary tables developed for the SECR project (Case Study 1 in Appendix A; [17]) and the southern white-tailed ptarmigan Species Status Assessment (SSA; Case Study 2 in Appendix B; [55]). These tables include projected quantitative changes in various climate variables, including basic climate metrics (i.e., annual and seasonal temperature and precipitation) as well as more biologically-relevant metrics, such as growing degree days, dates of first fall and last spring freeze, return frequency of an extreme drought year witnessed in the recent past, among many others. The choice of these metrics is usually made collaboratively with climate scientists and biologists assessing the appropriateness of different climate data and the relevance of the metrics to the anticipated response (both direct and indirect) of the species to future changes. These summaries provide valuable supporting materials for brainstorming sessions with subject-matter experts and local resource managers during qualitative assessments of the ecological consequences of these projected changes. Information from these summaries can also support semi-quantitative risk assessments by estimating specific thresholds for impacts and assessing risk associated with each scenario. The U.S. Fish and Wildlife Service has and continues to employ this approach in the future condition phases of their SSAs [56].





3. Constraints Associated with Data Availability at Relevant Spatiotemporal Scales


Despite a plethora of climate data available from climate modeling, particularly CMIP5 and CMIP6 datasets (including their downscaled versions), there exist critical constraints on the availability of ecologically-relevant climate variables (e.g., streamflow, snowfall and snow cover, soil moisture, severe storms and heatwave events) at appropriate spatial and temporal resolutions. While many of these climate variables are available as CMIP5 or CMIP6 GCM output, the coarse spatial scales (100–300 km grid cell size) of the native data and biases between the model and observed climate limit their local-to-regional application. Typical downscaled GCM output (discussed in Section 2.2), such as temperature and precipitation can be used to derive other datasets (e.g., snow, streamflow and soil moisture), but these derived data often require additional modeling (e.g., hydrological modeling), which can introduce additional uncertainty to the process.



The climate and data science community can help to reduce climate data constraints. New downscaled projections that are more relevant for ecological applications can be generated, and tools and guidance provided to practitioners, including information on limitations and strengths of the datasets [58]. Most biological assessment projects would also benefit from a deeper (if not an embedded) involvement of a climate scientist who understands the specific context of the data needs and advises the project team accordingly. Collaborations between the biological and climate science communities will also facilitate an increase in the shared science literacy of the individuals involved, and may lead to co-development of new approaches to climate impact assessments.



In many of our past and ongoing projects, we have developed approaches to generate projections for various desired metrics that were not available. Part of this process involves identifying proxy variables or indices that could effectively capture the tendency of the desired metric. For example, downscaled projections of soil moisture are not widely available. The limited data that are available have a high level of uncertainty, which limits their use. As a result, practitioners often use proxies, such as Water Deficit (the difference between potential evapotranspiration and precipitation; [56]), or the Standardized Precipitation and Evapotranspiration Index (SPEI; [50]) to assess projected soil moisture and the frequency of drought. Furthermore, the interactions between climate scientists and biologists have also led to the realization that future ecological water availability is not solely dependent on precipitation (water supply) but on the balance of precipitation and evapotranspiration; the latter is controlled by the atmospheric evaporative demand which is increasing rapidly as the climate warms.



Snow is one example for which we have very limited, scale-appropriate (both temporal and spatial) projections. Most downscaled projections data provide total precipitation and do not discern whether it falls as snow or rain. Mathematical formulations have been developed in recent years to more accurately calculate snowfall from total precipitation [59] and could be used to generate snowfall data for the practitioner community. Other widely desired snow metrics are ground snow cover (also a measure of snow persistence), snow water equivalent (SWE; a measure of the amount of snow), and the consistency of snow. A hydrological model is typically required to estimate SWE and snow cover. For a topographically complex region, such as the Rocky Mountains, it is also important to run these models at a much finer spatial resolution to capture the true effects of elevation, slope, and topographical aspect. Barsugli et al. [60] demonstrated enhanced snow persistence on the north and east facing slopes in the Rocky Mountains under future climate scenarios by mid-21st century by running a hydrological model at 250-m spatial resolution, which resolved the terrain slopes. In our projects, we often quantify future changes in mountain snowline based on a strong observed relationship between the atmosphere freezing level and surface air temperature. Such relationships could be assessed for different months or seasons, and then can be used to project future changes in snowline based on how much the temperature increases. Snow consistency and freeze/thaw events that potentially can impact species (e.g., the snow burrowing capability of ptarmigan) are variables that biologists would like to estimate, but currently this type of data is not available. High-fidelity projections of snow are highly desired by the practitioner community to understand future changes in biological processes, species impacts, and future water availability.



Practitioners also desire quantitative information on different climate extremes. One example is future changes in the frequency and intensity of severe storms and extreme precipitation. There is high confidence in the climate science community that future storms and precipitation will be more intense even in regions that will see an overall decrease in precipitation [61]; however, quantifying that risk is a current challenge. Most of our climate models, particularly those that are run at a grid cell size of 10-km or higher, are not able to adequately resolve convective processes and therefore are not suitable specifically for assessing and quantifying how extreme rainfall events will change in the future [62]. Very high spatial resolution (~1 km grid cell size) models that resolve convective processes (also called convection-permitting models) are being increasingly used to understand the behavior of future changes in extreme rainfall events [63,64]. However, projections from convection-permitting models are extremely limited, and the chances that such data is available for a chosen climate scenario are extremely low. Nevertheless, insights from convection-permitting models and high-quality observations could provide us with an important understanding of how extreme rainfall events on sub-hourly to daily timescales will change in the future [65], which could be useful for practitioners. For example, these studies have increasingly demonstrated that climate change related risk is particularly important in short duration (minutes to hours) rainfall events, and illustrate how the future intensity of rainfall increases with additional warming [65]. In developing quantitative information for climate scenarios in our projects (e.g., Table S2 in Supplementary Information), we have used the relationship between temperature and rainfall intensity to quantify changes in the intensity of rainfall events under different climate scenarios. However, more nuanced information is desired by the practitioner community on how the character of future storms will change, which will benefit from the availability of relevant datasets and tools.



Metrics related to drought are another set of extreme climate data that is of high interest for application, e.g., how will the frequency and intensity of droughts change, and how long will a severe drought last? Drought is a complex phenomenon and drought-related stress can be expressed through a variety of metrics, such as a drier atmosphere, drier soils, and hotter air and land temperatures. Furthermore, how extreme these conditions get and how long (months to years) they last drive biological impacts to different degrees [66]. We have already discussed variables such as soil moisture and snow that are salient to drought, but sound data on them is limited. Another way to assess and quantify extreme drought conditions in both historical and future periods is through variables and indices based on more easily available and trustable atmospheric variables such as temperature, precipitation, and humidity. In extreme drought conditions, the land and the atmosphere are highly coupled and thus atmospheric conditions are a reliable indicator of dry conditions on land. Potential evapotranspiration [67] and vapor pressure deficit [68] are good measures of the stress experienced by plants and other organisms due to atmospheric heat and dryness. Furthermore, several drought indices that could integrate the effects of precipitation (atmospheric water supply) and evapotranspiration (atmospheric water demand), such as SPEI could indicate ecological water availability on different timescales (months to years). Such indices are increasingly used to assess extreme drought conditions in the future. For example, for the Ptarmigan SSA (Case Study 2), biologists were interested in understanding how often an extreme drought such as 2002 (one of the most extreme droughts in southern Colorado) would occur under different climate scenarios (Table S2 in Supplementary Materials; [55]). The project team considered the Forest Drought Stress Index, which is a suitable indicator of the water-year drought in the western US [69], to quantify how often the threshold associated with the 2002 drought would be crossed under different future scenarios. Based on engagement on such projects, we have developed tools to project different drought indices under different climate scenarios (https://droughtindexportal.colorado.edu/).



Streamflow is another very challenging but highly desired hydro-climate variable for which very limited applicable data is available, particularly at small watershed scales. While GCMs provide streamflow projections, their applicability is limited because of their coarse spatial resolution, and biases in the model’s climate and representation (e.g., mountain orography) of a region. Therefore, for hydrological and biological applications on local-to-regional scales, streamflow projections are obtained by running an offline hydrology model that is forced with downscaled climate data [36]. For the same climate scenario, different hydrological models could give very different results. Furthermore, the data available is usually of lower temporal frequency (i.e., monthly or yearly), and is therefore not appropriate to capture characteristics of streamflow that are desired on daily to weekly timescales. As a result, future trends in streamflow for ecological projects are generally assessed more qualitatively than quantitatively, e.g., the sign of change during a particular month or season. Practitioners will greatly benefit from the availability of more appropriate data in the near future.




4. Assessment of Relationships between Climate and Biological Processes


In order to select relevant climate variables and predict ecological conditions under future climate scenarios, researchers must first understand existing relationships between climate and ecosystem properties [70]. Since describing the relationships between organisms and their environment is a major focus of ecological research [71], a large number of methods exist for deriving and integrating this kind of knowledge to assess the sensitivities of ecological processes to climate [72,73]. While a comprehensive list of these methods is beyond the scope of this paper, in this section, we highlight some widely-used methods, some broad differences across them, and key strengths and limitations associated with each. Due to the effort required to obtain and analyze data on climate–ecological relationships, many planning efforts in natural resource agencies will rely upon previously published data and descriptions. Nevertheless, understanding how these descriptions are acquired is important for identifying the uncertainty and limits of this knowledge.



Tools for understanding relevant climate–ecosystem relationships range from purely phenomenological (e.g., correlative) to mechanistic, and include both quantitative and qualitative information [72,74]. For example, physiological models [75,76] describe mechanistic relationships among climate (e.g., temperature, water availability) and ecological variables (e.g., annual growth, body mass, productivity). Experimental approaches, such as growth chamber studies [77,78], manipulative field experiments [79,80], mesocosms [81], and, increasingly, large-scale distributed field experiments [82,83] provide an opportunity to directly test how ecological properties respond to changes in certain climate variables. Correlational approaches are widely used to estimate relationships among climate and ecological variables, with the latter often being species distribution or abundance [84,85]. These statistical approaches often require long-term or large-scale observational datasets that encompass variation in climate [73]. For example, data from long-term monitoring programs is often used to understand species’ response to climate variability [70,86]. On even broader temporal scales, the paleoecological record has provided key insights on how ecosystems have responded to past changes in climate [87,88]. Altogether, these data can provide quantitative estimates of the relationship between climate and ecological variables, which can be used to parameterize models that project future conditions (see Section 6).



Although the above techniques are primarily quantitative, qualitative approaches are also important in understanding the effects of climate variables on ecosystems, particularly when the system and underlying processes are complex, and not well represented in a quantitative model. Expert opinions and local knowledge can provide key insights, and numerous methods exist for systematically obtaining this information and for integrating expert knowledge with other types of ecological data [89,90]. Relationships among ecological processes and climate are often well-described in traditional ecological knowledge [91,92]. Observations and natural history knowledge from local experts are critical to understanding potential future threats from climate change particularly when climate change impacts manifest through indirect pathways or involve complex interactions [90,93]. Indirect or complex effects of climate change (e.g., impacts to key food sources or specific habitat needs at critical times within a species life cycle) may be difficult to quantify but highly important [94,95,96]. Expert workshops are one of the best methods for gaining insight into complex and indirectly mediated impacts that might have otherwise been missed. For example, in the Ptarmigan SSA (Case Study 2), expert workshops allowed for discussion and assessment of inadequately modeled processes such as potential for prolonged intense rainfall events during the early brood-rearing period, when chicks are most vulnerable, and the increase in dust settling on snow due to increased frequency and duration of drought that hastens melting of high-elevation snowpack.



For many ecosystems and species, lack of information (i.e., those related to the direct and/or indirect impacts of climate change on a given species) represents a primary constraint for understanding species and/or ecosystem response and by extension, future viability [70,74]. In these cases, practitioners may consider using surrogate species or trait-based approaches, soliciting additional information from local experts, or identifying data needs that can be addressed with additional experiments or monitoring protocols [70,97]. Even where the relationships between certain ecological processes and climate appear to be well-described, practitioners should consider and examine important limitations. For example, relationships that are quantified based on historical observations may not adequately capture non-linear or transformative responses of ecosystems or species under future climate conditions (see Section 6). Experimental approaches may fail to test a relevant range of climate variables or may poorly represent natural conditions [98,99]. Finally, many of these approaches may be overly simplistic in describing climate–ecological relationships. For instance, they may fail to capture feedback, species interactions, or adaptive capacity [100], whereas in the real world, ecosystems or species respond dynamically and in complex ways to multiple concurrent pressures.




5. Relevance of Extreme Climate Events in Driving Biological Impacts


It is well-recognized that ecosystems are experiencing, and will continue to experience, directional changes in climate, including trends in mean climate variables (e.g., increases in annual or seasonal temperature, decreases in seasonal snowpack, or reduced soil moisture). However, we also expect increases in variability, which includes more frequent occurrences of extreme climatic events such as droughts, heatwaves, and storms [101]. Transformative stress can be experienced by biological systems as a result of high intensity-low frequency climate events, low intensity-high frequency climate events, or a particular sequencing of these events. Yet, ecological responses are typically modeled as a function of mean climate conditions [102,103] , with few models examining the implications of more short-lived climatic extremes [104,105,106]. The failure to incorporate extreme events into ecological models can create an inaccurate or incomplete understanding of future ecological conditions [6,103], since ecosystems respond to both changes in mean environmental conditions, as well as to extreme events [107,108]. The two acting in concert are more likely to push systems over important thresholds and into novel ecological states [109]. Significant short- and long-term system alterations, even ecological transformations, have been associated with extreme events [110,111], which can accelerate the pace of ecological change beyond what mean climate trends indicate [105,112]. For example, extreme drought can cause widespread mortality of long-lived tree species, which may either speed vegetation transitions that would otherwise occur at a considerably slower rate due to current climate trends, or may initiate completely different ecological trajectories [113].



Despite advances in data availability and modeling approaches, integrating extreme events into ecological response models entails several challenges. One limitation, particularly in the past, has been the availability of data from climate models on extreme events at appropriate spatial and temporal scales. However, such limitations have been significantly reduced in recent years (as discussed in Section 3) and outputs from GCMs are now better able to describe the likelihood of extreme events (see guidance in [114]). In addition to selecting plausible climate scenarios representing future means, users can select scenarios to represent discrete future extreme events (i.e., stress testing; [115]). Yet another limitation arises from the fact that many of the quantitative ecological methods have been developed to incorporate mean climate conditions as model inputs. Future efforts will have to reframe these models such that they can work with longitudinal data of high temporal frequency [105].



Other challenges arise from an imperfect understanding of how species and ecological processes will respond to extremes. Future extremes may represent no-analog conditions, for which data on ecological responses do not currently exist [116]. Moreover, ecological responses to extreme climate events can be strongly non-linear, making extrapolation from previously observed patterns inaccurate [117]. Consequently, predicting how systems and species will react to extreme events can be constrained by a lack of data and scientific understanding. Ecological research seeks to rectify this problem. Information on how past ecosystems have responded to extremes are being extracted from paleo records [87,88], and long-term and large-scale monitoring programs are providing data that span an increasingly wide range of climatic conditions [101]. Experiments that simulate extreme events can also quantify responses, such as rates of mortality or temperature thresholds, that can be used to better parameterize ecological response models [118,119]. Finally, mechanistic models, which are growing in sophistication and popularity, can more accurately predict responses to climate conditions outside the range of historic variability [70,85]. Altogether, such advancements will improve our ability to consider and model the impacts of extreme climate events, which will be essential for managers’ capacity to anticipate and respond to them.



At present, methods to bring extremes into impact assessments remain poorly developed. As quantitative approaches are refined, ecological assessments can apply more qualitative tools, such as inserting historical analogs, what-if scenarios, and worst-case storylines into future projections. This approach especially calls on joint input from scientists and managers drawing on systematic knowledge, experience, and extrapolation to examine less likely, but plausible, high impact events that can accompany cumulative change, especially as systems approach thresholds and undergo transformations [7].




6. Building Robustness into Our Understanding of Future Biological Responses


A final step in understanding and planning for potential ecological futures is to examine the ecological impacts of each future climate scenario. That is, climate scenarios (Section 3) and knowledge of climate–ecological relationships (Section 4) must be integrated to project future ecological conditions. To enhance robustness, this process could involve combining the results of quantitative ecological modeling with expert opinion and other qualitative approaches to create narrative descriptions of plausible ecological futures. In this section, we discuss approaches and potential challenges associated with this process.



6.1. Choosing Ecological Response Variables and Prediction Methods


First, practitioners must make decisions about the response variable being modeled or assessed. Broadly, the intent is to choose an ecological variable (or variables) that relates to the management question and which may respond to changes in climate. The appropriate response variable(s) will be context-specific and dependent upon management priorities, data availability, and scale of study, among other considerations. For instance, constraints associated with a lack of available data or prior information mean that a related proxy variable or indicator variable may be chosen as a response variable, rather than modeling the ecosystem property of interest directly [120,121,122]. These proxy variables may be data rich, have better characterized or stronger climate–ecological relationships, or can be more easily modeled. In the Ptarmigan SSA, suitable habitat availability was modeled as a response variable, rather than predicting future ptarmigan distributions directly (Case Study 2). Next, the overwhelming complexity of ecological systems also requires choosing a limited suite of ecological response variables rather than modelling all parameters or processes of interest. For example, rather than modeling the abundance of all species in a community separately, species can be grouped into categories, such as functional types (as in Dynamic Global Vegetation Models; [123]) or vegetation states (as in state-and-transition models; [124]). Alternatively, a few representative species may be chosen for quantitative modeling, as in the SECR project (Case Study 1 in Appendix A) which used focal species to derive insight into broader changes in the entire pinyon-juniper ecosystem.



Managers must next choose an appropriate method to predict changes in each ecological variable in response to future climate conditions. Both quantitative and qualitative approaches may be used, and combining the two will likely yield more robust estimates of future change. While a complete list of all approaches is beyond the scope of this paper, some of the more widely used quantitative methods include state-and-transition simulation modeling [124], projections of species distribution models [125,126], demographic models [127], and process-based models such as Dynamic Global Vegetation Models [123]. However, while quantitative models may provide useful results to stakeholders (e.g., maps or other visualizations) and may be perceived as more informative or trustworthy [18], they also provide a simplified and sometimes biased picture of future conditions. Moreover, in some cases, lack of data or resources may preclude fitting new quantitative models. Thus, other approaches, including expert opinion [128,129], qualitative ecological models [130], and scenario planning [21,131] are often used instead of or in tandem with quantitative models. In many cases, qualitative data (i.e., from expert interviews and input) are analyzed to provide quantitative estimates [128,129]. Another common approach is to conduct a literature review to compile the results of existing quantitative modeling studies and use this to make qualitative predictions of future impacts (see Case Study 2 in Appendix B). Qualitative approaches can account for some of the shortcomings of quantitative models, particularly by recognizing additional complexity in ecological systems and processes (including socio-ecological factors), and by contributing additional local and expert knowledge of climate–ecological relationships [132]. Numerous methods exist for structuring expert elicitations, analyzing qualitative data from expert interviews, and adding quantitative information (such as degree of uncertainty) to information obtained from experts, which can further increase the utility and rigor of these data [90,133,134]. Overall, the choice of response variable, scale of study, and available data and expertise will inform how climate and ecological data are combined to project future conditions. Selecting the ecological response and the appropriate framework for modeling it may be an iterative process, with one choice informing the other, and this process is best informed by input from managers and local experts beginning in the early stages of model selection and parameterization [135].




6.2. Linking Climate Variables to Ecological Responses


After selecting the appropriate response variable and modeling approach, the next step is to obtain suitable climate variables from each divergent scenario, and then use these variables as inputs in the model (Figure 1). The type of climate data required as model inputs varies by ecological model and depends on previous knowledge about relevant climate variables (Section 4). For example, species distribution models require multiple climate variables (e.g., future mean annual temperature, annual precipitation, growing degree days at various locations) to parameterize the simulation [136]. Downscaled climate projections may be required for these types of quantitative modeling approaches as described in Section 2 [137]. More qualitative approaches might draw on detailed storylines of future climate, historical analogs, or arbitrary but plausible changes (e.g., 2 °C warming and 10% precipitation increase) informed by future climate scatterplots. The choice of relevant climate variables depends upon communication between ecologists and climate scientists to understand the availability of data, select relevant climate variables for a particular question, and obtain data at the appropriate spatial scale [138].




6.3. Challenges and Limitations of Modeling Biological Responses to Climate


Regardless of the type of model used, the desired outcome of ecological modelling is an estimate of the ecological or biological response under a particular climate scenario. The estimates produced from ecological models must be carefully interpreted and evaluated in light of each model’s assumptions and limitations as well as degree of uncertainty. Models differ in their key limitations and therefore we emphasize that users should refer to the literature on each particular method for a complete understanding of the caveats. Rather than discuss the limitations of particular models, we next discuss some of the broader challenges encountered by managers implementing, interpreting, and making decisions based upon ecological models.



Many of the shortcomings of ecological models result from the need to simplify underlying processes, which can result in the omission of important ecological processes or relationships. First, existing quantitative models have been criticized for failing to incorporate biotic interactions, such as mutualism, competition, or parasitism [139], even though biotic interactions strongly mediate species’ response to climate change [96,140,141]. As species ranges shift, novel communities form, and the contingencies and stochasticity involved with community assembly dynamics further impede our ability to predict future ecological conditions [140,142]. Models that do incorporate interactions among species tend to perform better [143], yet these data may not be available, or modeling frameworks may not easily accommodate this information. Dispersal is another process that may be difficult to model directly, yet it strongly shapes species’ ability to track changing climate. Species distribution models that do not incorporate dispersal can show unrealistic predictions of species’ future distributions [144,145]. Finally, another source of complexity that may not be represented in ecological models is the presence of compounding disturbances (e.g., a combination of drought, fire, flooding, diseases, pests and invasive species), whose effects may not be purely additive [146]. One approach for representing complexity is to combine the results of several types of ecological models, each of which may incorporate different ecological processes [147].



Another challenge in projecting ecological responses to climate arises due to the fact that many quantitative ecological models are parameterized using correlational, rather than mechanistic approaches (see Section 4). When knowledge of climate–ecological relationships is based on correlations between past conditions (e.g., past climate data and species occurrences), obtaining future projections can require extrapolation [147]. Many models attempt to predict responses to no-analog climate or ecological conditions while assuming that past relationships between climate and biological variables will remain the same [116]. This assumption may not be true, particularly when non-linearities such as threshold responses exist, as is common in ecological systems [148]. Moreover, a key assumption of many correlative approaches (particularly species distribution models) is that species occurrences reflect suitable climatic conditions, which is a flawed assumption when species are not necessarily in equilibrium with their climate [149]. Models that incorporate mechanistic relationships between climate variables and biological responses show improved predictive ability, but require intensive data to parameterize [70]. Earth system models incorporate complexities and interactions among ecosystem components and climate processes, and thus may ultimately provide the opportunity to simultaneously model future climate and ecological responses [150]. More broadly, “predictive ecology” is an actively growing field which seeks to develop models that do not just estimate climate–ecological relationships (Section 4) but can more accurately project future conditions [85,147]. These transferrable models could be more effective at predicting future ecological conditions.



Finally, a third shortcoming of quantitative ecological models is that they may produce valid predictions for the future state of an ecological variable, but fail to identify the time frame at which change occurs. Some changes may occur faster than expected (i.e., in the case of extreme events, compounding disturbances, or thresholds). Conversely, for other species (especially long-lived species or those with poor dispersal ability), distributions tend to lag behind the suitable climate, and thus change occurs more slowly than forecasted by approaches such as climate envelope models [151,152,153]. Furthermore, shifts in species ranges may occur at different rates at leading or trailing edges, due to rates of recruitment and mortality [151,154]. Identifying this variation in the rate of change, rather than just estimating the future equilibrium distribution, can help managers prioritize locations for interventions [155]. Both mechanistic models and observational data from on-the-ground experts are useful in identifying whether lags appear to be present and for understanding the current pace of change [72,154,156].



The limitations of quantitative methods were observed in the Ptarmigan SSA, which examined output from a dynamic global vegetation model ([157]; see Case Study 2 in Appendix B) to evaluate future projections of alpine ecosystems within the range of the southern white-tailed ptarmigan. Under all climate scenarios, the vegetation model showed a near complete conversion of alpine tundra to coniferous forest by 2050, conflicting with the current understanding of how alpine ecosystems will respond to climate change based on other expert knowledge of the system. This model had other limitations, as it underrepresented the elevations of Ptarmigan habitat and did not incorporate the topographic complexities associated with alpine systems, which significantly influences vegetation distribution responses to climate change [158]. Furthermore, treeline advancement is dependent upon a number of factors, including soil type, microclimate, and tree species composition [159,160]. The degree of treeline advancement displayed in the model was in conflict with past, current, and anticipated trends of treeline progression for the region [161,162] and other areas of the Rocky Mountains [163]. Finally, the potential time lags between shifts in suitable climate and vegetation distributions were relevant for species management, but not adequately captured by the model.



In short, the realities of complex ecological relationships are not fully captured by any modeling approach, and expert opinion, local knowledge and skepticism are therefore essential for interpreting model outputs and for adding missing details. Results of multiple modeling approaches, as well as both qualitative and quantitative information can be combined to produce more holistic, narrative descriptions of the ecological futures under a future climate scenario. These integrated approaches are often more useful in planning and stakeholder engagement than quantitative predictions or qualitative scenario planning efforts alone [164]. A critical evaluation can help identify where and how models oversimplify reality, and where extreme events, species interactions, and non-linearities could alter the outputs. Moreover, an assessment of the shortcomings of modeling approaches can inform future modeling or data acquisition needs. Workshops with experts are therefore useful at several stages of this process, both in choosing ecological responses and appropriate models and in adding important contingencies and complexities to their outputs. Participatory scenario planning approaches that bring together a set of experts to evaluate such processes are one way to integrate these multiple lines of evidence [16,17,18]. Managers are encouraged to develop a community of practice by building partnerships with boundary or climate service organizations (e.g., Climate Adaptation Science Centers, NOAA Regional Integrated Sciences and Assessments, United States Department of Agriculture Climate Hubs) and subject matter experts to make the overall assessment process more efficient, better-informed and robust.





7. Concluding Remarks


While there is high confidence that climate change during the 21st century will drive significant transformation of ecosystems and loss of biodiversity, how and when those impacts will occur in a given location are far from well known. Uncertainty related to climate projections and ecological modeling, complex interactions between climate and biological processes and our limited understanding of these interactions, and constraints from availability of relevant climate and biological datasets at appropriate spatiotemporal scales, all present significant challenges to predicting future trajectories of ecosystems and viability of species. Nevertheless, managers must grapple with decisions that will have long lasting, and in some cases irreversible impacts on the species and ecosystems in their charge. The resources available for conservation are also limited, while the magnitude of challenges to conservation from a changing climate are large and expected to grow in the future. Despite these challenges, we show here that scientists and practitioners have been developing approaches to incorporate uncertainties and complexities into ecological assessments by considering scenarios of future climate change derived from the growing and improving suite of climate models, and integrating quantitative ecological modeling with expert elicitation from diverse disciplines and experiences. These approaches promote more robust predictions and give practitioners guidance for choosing management pathways through altered future conditions.



A large effort is underway to improve climate projections; simultaneously, experience and research must improve our understanding of the different ways that ecosystems and species will respond. Our collective involvement on various climate adaptation projects and species status assessments has underscored the need to better understand climate-biological interactions across different ecosystems and species, and develop methodologies that allow practitioners to distinguish and characterize important climate–biological sensitivities for specific use cases. Finally, climate impact assessment is a continuous learning process. Past assessments should be re-evaluated in light of advances in climate modeling and our understanding of the interactions between climate and biological processes, and availability of new and more appropriate datasets. This cumulative climate adaptation science will help managers to develop best strategies for present action, and maximize decision options for the future.
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Appendix A


Case Study 1. Assessment of Pinyon-Juniper landscapes in the San Juan Basin under three climate scenarios (Warm and Wet, Feast or Famine, and Hot and Dry; described in Table S1 in Supplementary Materials) using qualitative and quantitative ecological response models.



	Southwest Colorado Social-Ecological Climate Resilience (SECR) Project: Pinyon-Juniper Landscape



The Southwest Colorado Social-Ecological Climate Resilience (SECR) Project utilized an interdisciplinary team of land managers, ecological and climate scientists, ranchers, and conservation planners to develop an innovative climate planning framework for four targeted landscapes. The Pinyon-Juniper landscape in the San Juan Basin described below was one of four landscapes evaluated throughout the 3-year duration of the SECR Project [17].

One of the management targets was the Pinyon-Juniper landscape. This 376,358-hectare landscape occurs on warm and dry foothills, mesas, canyons, and plateaus and consists of a mosaic of vegetation types; dominant tree species include pinyon pine (Pinus edulis), Utah juniper (Juniperus osteosperma), and Rocky Mountain juniper (J. scopulorum). Elevations are generally between 1,600–2,300 meters. The bi-modal precipitation pattern is important for cone crop production; winter precipitation primarily replenishes deep soil moisture, while summer precipitation provides shallow rooted plants with additional growing season moisture. Any change to the historic precipitation pattern is likely to influence mortality and recruitment of the dominant trees. These evergreen woodlands withstand very cold winter nights and hot summer days. The landscape is exceedingly rich with historic cultural resources, primarily from the ancestral Puebloans (500–1200 AD), as well as biological and land-use diversity. The assessment of ecological responses was evaluated using three climate scenarios: Hot and Dry, Feast or Famine and Warm and Wet to describe the potential future mid-century (2035) scenarios (described in Table S1 in Supplementary Materials).

Important climate metrics were compared across all three scenarios. Droughts similar to the 2002 severe drought year were projected to become more frequent (once every 5-years) in the Hot and Dry scenario compared to no change in drought frequency in the Warm and Wet scenario. The wildfire season was projected to increase in duration by 1- month per year in the Hot and Dry scenario, whereas, only a slight increase in the fire season was projected for the Warm and Wet scenario. The fire season was also projected to lengthen in the Feast or Famine scenario.

Both qualitative and quantitative ecological response models were developed. The important drivers were determined to be precipitation, temperature and drought. Winter moisture is critical for replenishing deep soil moisture and can help mitigate hot and dry summers. Summer monsoon moisture is required for pinyon pine cone production. Drought impacts are amplified by insects; Ips spp. bark beetles generally increase with drought and large old trees are more susceptible, leading to large die-off of mature trees. Fires are also more likely to increase in severity during severe droughts. Crown fires that kill the dominant pinyon and juniper trees are also more prevalent during drought years. For each climate scenario we delineated areas that were likely to be lost, threatened, persistent, and emergent for pinyon and juniper. Random Forest models were used to depict the change for each future scenario. Expert elicitation was used to evaluate the plausible socio-ecological impacts from the qualitative and quantitative response models. The process and plausible socio-ecological impacts are summarized below.
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Appendix B


Case Study 2. Assessment of future southern white-tailed ptarmigan viability under three climate scenarios (Very Hot and Dry, Hot, and Hot and Very Wet; described in Table S2 in Supplementary Materials) using qualitative and quantitative ecological response models.



	Species Status Assessment for the Southern White-tailed Ptarmigan (Ptarmigan SSA)



The U.S. Fish and Wildlife Service (USFWS) uses a species status assessment (SSA) framework to inform listing decisions under the Endangered Species Act (ESA; [165]). The SSA gathers available information on a species’ biology and ecological needs, assesses current conditions of the species’ habitats and populations, and forecasts future conditions for the species under a range of plausible scenarios. An SSA for the southern white-tailed ptarmigan (Lagopus leucura altipetens) was initiated in 2018 and involved an interdisciplinary collaboration of species experts, climate scientists, conservation geneticists, and population modelers. In 2020, the USFWS completed the SSA for the southern white-tailed ptarmigan [55], which was used to inform the determination that the subspecies was not warranted for listing.

The management target was the viability of the southern white-tailed ptarmigan. The subspecies inhabits alpine ecosystems at or above treeline year-round; in Colorado they occupy alpine habitats between 3353–4114 meters [166]. A conceptual model of habitat and demographic factors required by southern white-tailed ptarmigan to maintain population resiliency and support species viability was developed that included: (a) winter snow conditions that support well-distributed areas of soft snow suitable for snow roosting; (b) late-lying snowfields that help maintain brood-rearing habitats and provide thermal refugia; (c) summer precipitation/monsoonal moisture that provide regular cooling and late-season moisture; (d) brood-rearing habitat that provides young chicks with invertebrates and adults with chicks desirable forage forbs; and (e) abundant willow needed by all life stages that influences the distribution of ptarmigan.

Ptarmigan populations are maintained through immigration [167,168,169], emphasizing the importance of demographic connectivity among suitable alpine habitats.

The assessment of biological responses was evaluated using three climate scenarios: Very Hot and Dry, Hot, and Hot and Very Wet to describe the plausible future scenarios (described in Table S2 in Supplementary Materials) out to mid-century (2050). Several climate metrics important to ptarmigan habitat were considered under these scenarios, including frequency of severe drought, spring snowpack, seasonal temperatures, frequency of intense rainfall events, and monsoonal precipitation.

This SSA considered both qualitative and quantitative ecological response models. Expert input was used to evaluate the impacts of future climate scenarios on ptarmigan habitat and demography, specifically in terms of projections for temperature and precipitation. Dynamic global vegetation models (DGVMs) were also considered as a tool to inform the evaluation of future conditions for the southern white-tailed ptarmigan. However, the results of the DGVM that were evaluated conflicted with the understanding of the potential future habitat conditions for the southern white-tailed ptarmigan. Instead, the future condition of the southern white-tailed ptarmigan was evaluated under the three climate scenarios using several decades of demographic and ecological data in combination with expert input. The SSA process for the southern white-tailed ptarmigan and plausible impacts to habitat and demographic factors are summarized in the figure below.
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Figure 1. Process flow diagram of a typical approach for conducting biological impact assessments under different future climate scenarios. The curved arrows demonstrate the iterative (i.e., non-linear) process of integrating climate and ecology methods in conservation projects (e.g., Case Study 1 and 2 in Appendix A). 
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Figure 2. Bivariate–scatter plots show changes in annual temperature and precipitation by three different future time horizons–2035 (2020–2049), 2050 (2035–2064) and 2070 (2055–2084)–from 72 global climate model (GCM) projections for the southwest Colorado region (36.5–41° N, 102–109° W) as described in [17] (see also Case Study 1 in Appendix A). All changes are relative to 1971–2000. Each circle represents changes between the averages of future and historical periods for a single GCM projection. Red and blue circles indicate changes under high (RCP 8.5) and medium (RCP 4.5) greenhouse gas emission scenarios with each point representing a projection from a different global climate model. The scatter for changes in temperature between RCP 8.5 and RCP 4.5 is similar by 2035; high overlap by 2050 with the range in RCP 8.5 about 1 °C warmer than RCP 4.5; very little overlap by 2070 with the range in RCP 8.5 more than 2 °C warmer than RCP 4.5. On the other hand, the scatter for changes in precipitation between RCP 8.5 and RCP 4.5 remains similar at all future time horizons. For regional scale climate change, uncertainty associated with future greenhouse gas emission scenarios only becomes important after the mid-century time horizon for temperature and temperature-induced effects and much less so for precipitation changes across different emission scenarios. 
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Figure 3. Temperature change projected for the Colorado Front Range by 2035–2065 (relative to 1985–2015) from 21 Global Climate Models (GCMs) under RCP 8.5 compared to GCMs’ climate sensitivity. The Colorado Front Range considered here is the region between 37.2° N–41° N and 104.85° W–106.6° W. Regional temperature change is strongly related to the model’s climate sensitivity. Climate sensitivity data is obtained from [40,41]; temperature data is obtained from US Reclamation’s Downscaled CMIP5 Climate Projections (see Table 2). 
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Figure 4. Projections from two different datasets quantifying changes in annual temperature and precipitation by 2050 (2035–2064 relative to 1971–2000) for the central US Great Plains (32–46° N, 92–105° W) for the same greenhouse gas (GHG) emission scenario (RCP 8.5) are compared. Thirty–five distinct global climate model (GCM) projections indicated by Red circles (where each projection is from a different GCM; CMIP5–35) are compared to 30 projections from a single model (CESM1–30) indicated by Blue circles. The scatter from CMIP5–35 suggests a temperature change of 1.5 °C–4 °C, and a precipitation change of –10% to +10% (although most of the projections show increases in future precipitation). The scatter from CESM1–30 suggests a temperature change of 2.8 °C–3.6 °C and a precipitation change of 0% to +10%. The difference in projections in CESM1–30 can all be attributed to natural variability. The comparison of the two datasets implies that precipitation projections are significantly influenced by natural variability, which can explain 50% or more of the future variation in precipitation. Temperature projections are also influenced by natural variability, but to a smaller degree (~30%). 
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Figure 5. Three plausible and divergent climate scenarios for the southwest Colorado region were selected to inform the Social Ecological and Climate Resiliency (SECR) project (see also Case Study 1 in Appendix A). Red circles show changes in annual temperature and precipitation by the 2035 (2020–2049) time horizon under both a high (RCP 8.5) and a medium (RCP 4.5) greenhouse gas emission scenario. Black circles are the three selected scenarios, that were, respectively, named as: (1) Hot and Dry, (2) Feast or Famine and (3) Warm and Wet, to incorporate the divergence in future climate projections uncertainty into the assessment of future ecological responses. 
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Table 1. Sources of uncertainty, complexity and constraints encountered in assessing the impacts of climate change on ecosystems and species; GHG and GCMs refer to greenhouse gas and Global Climate Models, respectively.
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	Climate
	Ecology





	Uncertainty

 Differences in projected climate change or ecological impacts arising from differences across climate models, emission scenarios, and choice and structure of ecological methods and models
	
	
GHG Emission Scenarios, important particularly after 2050



	
Projections across GCMs




	◦

	
Regional temperature change is strongly affected by differences across GCMs




	◦

	
Regional precipitation change is strongly affected by natural variability









	
Differences across different downscaling methods. Even greater differences across hydrological model projections that are driven by downscaled climate projections, to obtain high spatial resolution information on metrics like snow, soil moisture and runoff





	
	
Differences in projected response across ecological models



	
Uncertainty arising from climate parameters incorporated into ecological models



	
Uncertainty arising from underlying population/ecosystem dynamics simulated in the model



	
Uncertainty arising from how demographic processes are related to variation in climate in models








	Complexity

 Complex interactions between climate and ecological process and their relevant spatiotemporal scales
	
	
Influence of stochasticity (including short-term extreme events) and sequencing of climate events



	
Sensitivities of species or ecosystem to different climate metrics





	
	
Stochasticity in ecological processes (e.g., demographic stochasticity, contingencies in community assembly, etc.)



	
Lags between species distributions and climate suitability



	
Interactions and/or feedbacks among multiple disturbances, ecosystem processes, and species








	Constraints

 Availability of suitable observed and modeled data at appropriate spatiotemporal scales
	
	
Availability of ecologically-sensitive hydroclimate variables at appropriate spatio-temporal scales




	◦

	
Snow, soil moisture, streamflow, extreme precipitation, monsoon, winds, freeze-thaw cycle, frost risk, storms









	
Downscaled climate projections (1–10 km) are still pretty coarse to inform changes across the landscape at management-relevant scales (e.g., identifying climate refugia)





	
	
Lack of long-term ecological datasets with sufficient variation in climate



	
Difficulty integrating population dynamics into projected changes in habitat availability



	
Lack of information about likely extreme events, and difficulty including extremes in ecological models



	
Limitations of models in terms of spatial scale, model complexity, expertise, or computational ability
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Table 2. List of web tools to create bivariate-scatter plots of climate projections for a given location and time horizon, and access downscaled spatial and time-series data for select climate scenarios.
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	Tool
	Features
	Website





	Climate Toolbox
	
	
Scenario selection (bivariate scatter plots)



	
Time series data and spatial data layers for individual projection



	
Various derived climate variables including extreme climate metrics



	
Several plotting routines to perform analysis



	
Observed data



	
Region selection: Rectangular region & point location within CONUS



	
Easy to use



	
Emission scenarios: RCP 4.5, 8.5



	
Downscaled Climate data: MACAv2-METDATA





	https://climatetoolbox.org/



	USGS National Climate Change Viewer
	
	
Scenario selection (bivariate scatter plots)



	
Time series data for ensemble projection



	
Climate and hydrology metrics



	
Region selection: States and Counties in CONUS



	
Assessment of model agreement



	
Easy to use



	
Emission scenarios: RCP 4.5, 8.5



	
Downscaled Climate data: MACAv2-METDATA





	https://www2.usgs.gov/landresources/lcs/nccv/maca2/maca2_counties.html



	US Reclamation’s Downscaled CMIP3 and CMIP5 Climate Projections
	
	
Time series data and spatial data layers for individual projection



	
Climate and hydrology metrics



	
Region selection: Rectangular region & pre-defined large watersheds within CONUS



	
Primarily data extraction and limited analysis capabilities



	
Emission scenarios: RCP 2.6, 4.5, 6.0, 8.5



	
Downscaled Climate data: BCSD, LOCA, BCCA





	https://gdo-dcp.ucllnl.org/



	KNMI Climate Explorer
	
	
Time series data and spatial data layers for individual projection



	
Climate and hydrology metrics



	
Region selection: Global



	
Both data extraction and analysis capabilities



	
Monthly CMIP5 and CMIP6 data



	
Original GCM Data



	
Moderately difficult to use





	https://climexp.knmi.nl/start.cgi



	Climate Futures Toolbox
	
	
Extraction of spatial data layers for individual projection



	
Region selection: Shapefiles within CONUS



	
User need knowledge of R



	
Emission scenarios: RCP 4.5, 8.5



	
Downscaled Climate data: MACAv2-METDATA





	https://www.earthdatascience.org/cft/index.html



	WorldClim
	
	
Extraction of very high resolution spatial data layers selected future periods (20-year averages) and projections



	
Region selection: Global



	
CMIP6 data



	
Downscaled Climate data: BCSD



	
Easy to use





	https://www.worldclim.org/data/cmip6/cmip6climate.html
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