Natural Resource Decisions: Discount Rates, Time Horizons, 
and Evaluations
	













A Dissertation Presented for the
Doctor of Philosophy
Degree
The University of Tennessee, Knoxville













Amanda A. Hyman
May 2022




ACKNOWLEDGEMENTS

First and foremost, I would like to thank my adviser, Dr. Paul Armsworth, for his guidance and continued support. Point blank, he is one of the best teachers that I have ever had the joy of learning from. He cares and it shows, even if he might be a robot. 

I would like to thank my committee, Dr. Monica Papeş, Dr. Orou Gaoue, and Dr. Charles Sims. Their questions and suggestions improved this dissertation and helped me grow as a scientist. 

My labmates and collaborators have been a great source of support and fellowship throughout the past four years. I would like to thank Diane Le Bouille, Varsha Vijay, Heather Bird Jackson, Steph Courtney, and Hyun Seok for the hours they have spent discussing this work and providing feedback. 

I am grateful for the financial support from the Department of Ecology and Evolutionary Biology at UTK, W.K. McClure Scholarship Fund for the Study of World Affairs at the University of Tennessee, International Chapter of the P.E.O. Sisterhood, Jimmy and Ilene Cheek, and the Southeast Climate Adaptation Science Center for funding large portions of this work. 

I would like to thank my friends and family for keeping me sane and feed. In particular, I want to thank my sister, Melissa and my dearest friends, Jennifer Buelow, Kelley King Junco, Kate Morrissey, and Steph Kulesza for always being my sounding boards and for all of the laughter. Most of all, I want to thank my mother, Kathy, and grandfather, Donald, for their unconditional love and instilling curiosity in me. You’ll have to get orange and white pom poms now. Without all of you, I would have never managed to complete this degree.





ABSTRACT

As effects from climate change accelerate, there is a pressing need for research that can improve people’s lives and safeguard the environment. Billions of dollars are invested annually in such projects. To invest that money wisely, we need to understand the effects of assumptions that underpin decisions but often go unstated, such as assumptions about discount rates and time horizons. We also need to understand how project design choices affect the management of natural resources, prioritization of conservation actions, and success of climate adaptation projects. My dissertation explores these topics. I ask if and how local natural resource users and practitioners discount the future in environmental decision-making. I also look at the effects of time horizon on the choice of conservation strategies. I explore how characteristics of climate adaptation projects influence the success of such research.

I find that both natural resource users and practitioners discount financial and ecological goods. Natural resource users discount goods at much higher rates than often discussed in literature and I illustrate how such estimates of discount rates change recommendations regarding optimal management of a renewable resource. I also depict how the variation in discount rates of conservation practitioners and choice of time horizons changes conservation priorities that would be recommended across the coterminous USA and within the southern Appalachian Mountains. Results from my final chapter suggest that the steps needed for projects like these to be impactful in science are distinct from those needed to be useful to stakeholders. Specifically, I find that increased meeting frequency with stakeholders increases use of research by partners. By using systematic evaluation to assess the effectiveness of past projects, we can start to identify shared characteristics that make funded research more likely to provide accessible and usable information to natural resource managers. 

As the global conservation community envisions goals for the future, they need to assess how they weigh decisions through time, enable open dialogue amongst its members, and engage natural resource users to develop locally grounded and sustainable conservation strategies. 
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[bookmark: _Toc289175819][bookmark: _Toc95471856]INTRODUCTION 

Billions of dollars are invested annually in land protection and actionable science efforts for natural resource conservation (Hickey & Pimm 2011; Waldron et al. 2013; LTA 2016; USGS 2021). To invest that money wisely, there is a need to know how commonly overlooked parameters can influence management strategies and how to design projects that will successfully address the information needs of natural resource managers. Here I elicit time preferences of both natural resource users and natural resource practitioners; depict how those preferences and those of chosen time horizons influence optimal management strategies and suggested conservation priorities; and explore characteristics that allow research projects like this to results in use by end users. 
[bookmark: _Toc95471857]Background and motivation
[bookmark: _Toc289175821]
Sustainable management of natural resources involves making an investment for the future with the promise of long-term ecological benefits offsetting near-term opportunity costs. These benefits can include greater ecosystem services, such as increased clean drinking water, recreational opportunities, and ability to cope with natural disasters, in addition to helping reach conservation goals such as protecting biodiversity (IPBES 2019). Developing optimal conservation strategies and priorities for natural resources involves benefits and costs associated with providing ecosystem services both now and in the future because these benefits often accrue through time (World Bank 2006). 
[bookmark: _Toc95471858]Discount rates

Discount rates are used to compare costs and benefits that accrue through time (e.g., future harvests versus income today) by converting the value of future goods into present value equivalents. A positive discount rate indicates the future good is valued less than the present (Cropper 2012; Lampert 2019). The appropriate choice of discount rates is a longstanding source of contention in public policy debates about the environment (Nordhaus 2007; Arrow et al. 2013b, 2013a; Drupp et al. 2015). The choice of discount rates is controversial because a small change in discount rates can alter estimated costs of restoration and conservation by many millions of dollars (Gren et al. 2018). For example, if the cost due to losing some good is $10 M today, then the cost of the same loss in 100 years is worth ~$0.8 M today using a constant discount rate of 2.5% or $0.05 M using a discount rate of 5%. Hence, discount rates can have major implications on proposed conservation strategies, including the optimal timing (Sjølie et al. 2013) and magnitude of restoration efforts (Verdone & Seidl 2017), and ultimately, on whether projects are undertaken (Baum & Easterling 2010; Gren et al. 2018; Grijalva et al. 2018; Polasky & Dampha 2021).

There are surprisingly few estimates of discount rates that local resource users employ when weighting benefits and costs through time or of those held by practitioners, who must choose between environmental investments. In a review of studies on elicitation of discount rates, 83% of all studies were conducted with university students or the general public (Cohen et al. 2016). The focus of discounting studies has recently begun to broaden, making heterogeneity in individual choices more apparent. Personal demographics such as age (Attema et al. 2018; Kumar & Kant 2019) and respondents’ country (Wang et al. 2016) can explain, in part, differences in individual discount rates. Elicitations conducted with other groups suggest individual discount rates vary due to their environmental beliefs (Grijalva et al. 2014) and involvement with environmental issues (Green & Richards 2018). 

People also appear to discount categories of goods (e.g., health, finance, environment) differently. Such categories of goods are typically referred to as “domains” (Hardisty et al. 2013b; Ubfal 2016; Hyman et al. 2020). This means that people think about future environmental goods differently than they would future finances (Green & Richards 2018; Kumar & Kant 2019; Hyman et al. 2020). Justification for differences between domains exists within more traditional economic theory, particularly when people perceive substitutability between goods to be limited and future growth of or risks associated with different kinds of goods to be different (e.g., Baumgärtner et al., 2015; Gollier, 2010). Hence, our goals were first to understand if and how local people discount future benefits when subject to the constraints they face in situ and secondly to investigate if and how conservation practitioners discount future benefits. We sought to do so for goods that are relevant for developing effective conservation strategies.
[bookmark: _Toc95471859]Time horizons

Another way the timing of benefits and costs of conservation actions is factored into decision-making is through the choice of time horizon over which a particular decision is being evaluated. When assessing conservation strategies and objectives, many conservation organizations and government agencies set defined time horizons. Time horizons may be bound by organizational or management mandates or may be set by data limitations (Marescot et al. 2013). For example, the US Fish and Wildlife Agency mandates that each state develops a State Wildlife Action Plan to conserve wildlife and habitat before they become too rare. From 2005 onwards, such plans must be updated every 10 years (US FWS 2017). Meanwhile the European Environmental Commission requires member states to report environmental progress every six years (European Commission 2020). To date, the influence of these varying time horizons on conservation priorities has seen relatively little exploration in conservation research (but see Hartig & Drechsler 2008; Hauser & Possingham 2008). We sought to fill this gap, by assessing if differing time horizons affect today’s land protection priorities. 
[bookmark: _Toc95471860]Evaluations

With the final content chapter of the dissertation, I sought to scale up by looking across multiple projects and to move further back up the pipeline of decision-making by considering both project evaluation and how environmental decision-makers get the information they need to make decisions. Evaluating the impacts of a research project can be challenging because of time lags, lack of budget for evaluation, and changing attitudes, among a variety of other factors (Nutley et al. 2007a; Reed et al. 2020). Despite these challenges, there is a growing body of research that has qualitatively evaluated the outcomes of coproduction research for conservation planning and natural resource management (Schuck-Zöller et al. 2017; Wall et al. 2017; Arnott et al. 2020). Coproduction involves the deliberate collaboration between research scientists, user groups, and other stakeholders to jointly define the scope of a research project, conduct the research, and ultimately turn scientific results into action (Meadow et al. 2015; Lemos et al. 2018). Previously suggested principles of coproduction have been derived primarily from a number of extensively studied coproduction projects, often qualitative in approach, which limit their ability to synthesize general patterns (Beier et al. 2017; Vincent et al. 2018; Norström et al. 2020). However, a quantitative assessment of coproduction that could scale across projects is lacking, making it difficult for funding agencies to prioritize and rank research proposals systematically. We sought to fill this knowledge gap by quantitatively evaluating the relative variation in both use and scientific innovation, defined here as traditional academic metrics of impact for research, including number of peer-reviewed publications, citations, and impact factors, of a suite of coproduction projects funded by the same organization. By using systematic evaluation to assess the effectiveness of past projects, we can start to identify shared characteristics that make funded research more likely to provide accessible and usable information to natural resource managers.

[bookmark: _Toc95471861]Overview of chapters
	
Conservation of natural resources cannot happen without funding and traditionally, those funds are limited. Hence, it is important to understand how people make decisions through time and how to utilize limited budgets most effectively. My doctoral research addresses such knowledge gaps. My first chapter examines how local natural resource users make tradeoffs through time and the implications of those decisions on optimal management strategies of a renewable resource. I then investigate how conservation practitioners value the future and implications of those decisions on land protection and biodiversity. Next, I explore the effects of chosen time horizons on protection of biodiversity. Lastly, I shift to focus on examining project characteristics that affect the level of use and scientific innovation of climate adaptation research. 




[bookmark: _Toc289175825][bookmark: _Toc95471862]
How pastoralists weight future environmental benefits when managing natural resources

A version of this chapter was originally published by Amanda A. Hyman, Orou G. Gaoue, Charles Tamou, and Paul R. Armsworth:

	Hyman, A.A., Gaoue, O.G., Tamou, C., and P.R. Armsworth. 2021. How do traditional pastoralists weight future environmental benefits when managing natural resources? Conservation Letters. https://conbio.onlinelibrary.wiley.com/doi/pdf/10.1111/conl.12770

Amanda Hyman developed the survey, conducted statistical and mathematical analysis, and was the primary author of the manuscript and SI. Orou Gaoue and Charles Tamou aided in the survey development, data collection, and editing the manuscript. Paul Armsworth aided in survey development, model development and analysis, and editing of the manuscript and SI. All authors gave final approval of manuscript. 
[bookmark: _Toc289175826][bookmark: _Toc95471863]    Abstract	
	
[bookmark: _Toc289175827]Natural resource management involves balancing benefits and costs that accrue through time. How individuals and local communities weight such tradeoffs can profoundly influence how they use and conserve resources. Our goal was to understand time preferences of future benefits for goods that are relevant for developing effective conservation strategies. We surveyed >500 Fulani in Benin about their time preferences regarding financial, ecological, and agricultural goods, summarizing these in the form of discount rates. In a discrete-time, constant annual form, our results were much higher (median: 150%) than values often discussed in literature. These discount rates declined through time; people valued the future more than would be assumed based on constant discounting. Discount rates were higher for financial goods than ecological or agricultural goods. We illustrate how our estimates of discount rates change recommendations for optimal management of forest resource harvesting in the tropics. While members of this grazing community discount future benefits at a high rate, they do so in ways that contrast with conventional economic theory and favor long-term use of non-timber forest products.  
[bookmark: _Toc95471864]Introduction

Sustainable management of natural resources involves making an investment for the future with the promise of long-term ecological benefits offsetting near-term opportunity costs. These benefits can include greater ecosystem services, such as increased clean drinking water, recreational opportunities, and ability to cope with natural disasters (IPBES 2019). Developing optimal conservation strategies for natural resources involves evaluating benefits and costs associated with providing ecosystem services both now and in the future because these benefits often accrue through time (World Bank 2006).  
 
Discount rates are used to compare costs and benefits that accrue through time (e.g., future harvests versus income today) by converting the value of future goods into present value equivalents. A positive discount rate indicates the future good is valued less than the present (Cropper 2012; Lampert 2019). Discount rates can influence conservation efforts, such as the amount of land restored or conserved (Mazziotta et al. 2016; Verdone & Seidl 2017), timing of mitigation (Sjølie et al. 2013), where to protect land for conservation (Armsworth 2018), and harvest strategies (Hernández-Barrios et al. 2015; Lundström et al. 2016). Many such conservation projects must undergo a cost-benefit analysis. These analyses are highly sensitive to chosen discount rates (Weikard & Zhu 2005). A small change in the discount rate may alter estimated costs of restoration and conservation by billions of dollars (Gren et al. 2018). Despite the influence of discount rates on project appraisals, few projects assess their sensitivity to their chosen discount rate (Bonzanigo & Kalra 2014). Using locally estimated discount rates allows a more accurate representation of the future costs and benefits as valued by local resource users and therefore more relevant analyses of how those individuals make decisions.
 
There are surprisingly few estimates of discount rates that local resource users employ when weighting benefits and costs through time. In a review of studies on elicitation of discount rates, 83% of all studies were conducted with university students or the general public (Cohen et al. 2016). The focus of discounting studies has recently begun to broaden, making heterogeneity in individual choices more apparent. Personal demographics such as age (Attema et al. 2018; Kumar & Kant 2019) and respondents’ country (Wang et al. 2016) can explain, in part, differences in individual discount rates. Individuals also discount different domains (e.g., health, financial, environmental) at different rates (Hardisty et al. 2013b; Ubfal 2016). Hence, our goal was to understand if and how local people discount future benefits when subject to the constraints they face in situ. We sought to do so for goods that are relevant for developing effective conservation strategies.
  
We studied how traditional resource users perceive benefits and costs through time. To estimate discount rates, we surveyed communities of pastoralists in West Africa, the Fulani, who rely heavily on non-timber forest products (NTFPs) for fodder for their livestock (Gaoue & Ticktin 2009). To illustrate how our findings would change management prescriptions, we integrated our estimated discount rates into a model for optimizing harvest rates of African mahogany, Khaya senegalensis, an emblematic plant species of conservation concern. This application illustrates the importance of using local discount rates while evaluating conservation strategies.
[bookmark: _Toc95471865]Methods
[bookmark: _Toc95471866]Study system

Benin has high levels of biodiversity (Miller et al. 2015). Yet, habitat and forest loss has been estimated at 50,000 ha/year (FAO 2011), largely attributed to land clearing for agriculture and illegal timber and charcoal production. (Lokonon et al. 2018). In eight villages in Benin, we conducted surveys with Fulani, traditional pastoralists (Figure 2.1). Increased droughts and extreme weather events, in addition to competition with increased agriculture and logging, are causing Fulani to live more sedentary lives (Gaoue & Ticktin 2009; Heubach et al. 2011). Despite their changing lifestyles, many Fulani do not own land. Instead, they rely on public resources, often operating inside commons-like grazing systems. 

On average, NTFPs contribute 53% of Fulani’s income (Heubach et al. 2011), creating an intricate link between these communities and their natural resources. As a result, these communities face direct and tangible tradeoffs between financial and ecological costs and benefits through time. Also, perceptions about the distant future in many traditional African cultures are distinct from those in western societies (D’Exelle et al. 2012), where the majority of literature on time preferences has occurred (Cohen et al. 2016).
[image: Map

Description automatically generated]
[bookmark: _Toc95113356]Figure 2.1. Map of study area with village locations. Villages in the drier region of Benin are in red, those in the wetter regions in Benin are in blue, and those in the transition region between the two ecological regions are in green.
1. 

We use K. senegalensis, a native, culturally important species in Benin to exemplify the impact of discount rates on conservation decisions because 1) it is listed as vulnerable by IUCN and is of high concern for conservation by local communities (Lokonon et al. 2018); 2) its high timber value causes on-going illegal harvest; 3) Fulani selectively harvest its NTFPs, especially during the dry season, for medicinal purposes, including to treat malaria, and for their livestock (Gaoue & Ticktin 2009; Houehanou et al. 2011); and 4) discount rates for slow growing species has been central to discounting debates (e.g., Clark 1973).

We conducted 503 surveys. We used 481 surveys because 22 were incomplete. We conducted 201 surveys in a drier region, 99 surveys in a wetter region, and 181 surveys in a climatic transition zone. The median age was 43 (range 18-90) with only 16 females, reflecting cultural mores within which we were working. Of our respondents, 92% had no formal education and 47% owned or leased land.
[bookmark: _Toc95471867]Survey methods

We used verbal choice-based surveys (Ubfal 2016; Hernuryadin et al. 2019). Subjects faced hypothetical paired choices of gains tomorrow versus gains to be received next month, next year, and in three years. We used fixed-sequence titration methods for each set of discount-rate related questions (Hardisty et al. 2013b). If the respondent always chose the near-term option, we asked at what amount, if any, would they choose the latter option (Appendix S1). Our approach, although common (e.g., Hardisty et al. 2013; Hernuryadin et al. 2019), involves many assumptions (e.g., narrow bracketing), and we recognize alternate designs are possible (Table S2.1). 

We repeated our survey questions for financial, ecological, and agricultural goods. We used fodder from harvestable trees and cows, in biophysical units, to determine ecological and agricultural discount rates, respectively. Subjects were also asked demographic questions (Appendix S1). 
[bookmark: _Toc95471868]Functional form for discounting

We calculated discount rates using an exponential specification of time preferences. A subject would be indifferent between two benefits if: 
 
 									Eq. 1

where V is the present value, F is the future amount, t is the time delay, and  is the individual’s discount rate for a specific good. Other choices of functional form to represent discounting are also possible (Appendix S2).



[bookmark: _Toc95471869]Empirical analysis

We assumed each respondent’s indifference point was the midpoint of the interval between the questions at which they switched to the delayed option (Hardisty et al. 2013b; Johnson & Saunders 2014). Once we determined indifference points for individuals at each timeframe for each good, we calculated their discount rates (Eq. 1). Some respondents said they would always choose the near-term option, implying infinite discount rates (see also Kumar & Kant 2019). Respondents having infinite discount rates is consistent with economic theory for use of common-pool resources (Hartwick & Yeung 1997). Others sometimes answered with zero or negative discount rates, again to be expected whether based on theory (Baumgärtner et al. 2015) or cultural beliefs.

[bookmark: _Hlk39566766]We used generalized linear mixed model with a rank transformation to compare discount rates across timeframes and domains. We then incorporated effects of the climate of the respondent’s village, their age, and whether they own or lease lands. Both models incorporated two random error terms to account for heterogeneity across individuals and an individual specific error term to account for the heterogeneity within an individual’s responses (Appendix S3).  We undertook robustness tests using several alternative specifications (Table S2.5).
[bookmark: _Toc95471870]Optimization model

To demonstrate the importance of discount rates, we integrated our results into a model that aims to identify optimal harvest rates for K. senegalensis. Specifically, we adapted a model for timber and non-timber harvesting from Gaoue et al. (2016). The model accounts for growth of populations, while assuming the intensity of non-timber harvest affects the intrinsic growth rate of the species (Table 2.1, see also Gaoue et al. 2016). The model assumes a management goal of maximizing net profits that accrue for local human populations from timber and non-timber harvesting, while also assigning a conservation value to maintaining a standing stock of K. senegalensis in an open access system. Managers are assumed to maximize the objective: 

 							Eq. 2

where  is effort for timber harvest, is effort for non-timber harvest, A is the weighted value of conservation,  and  are aggregate parameters that include prices from the two types of harvest, and C1 and C2 describe the cost (including time-cost) of each day of effort spent harvesting timber and non-timber, while C3 and C4 are an adjustment to this cost reflecting the fact that marginal costs of each day of harvesting effort may increase the more effort that is being deployed for both timber and non-timber harvesting respectively. We use this model to explore how assumptions about the discount rate δ(t) would change recommended optimal harvesting strategies.


[bookmark: _Toc95113348]Table 2.1. Ecological model. Additional details and parameter values are provided in Appendix S4.
	State equations

	Density of plant species                                           

	Intrinsic growth rate of plant                          

	Notation
	Description

	 
	Density of K. senegalensis at time t (a state variable)

	 
	Intrinsic rate of K. senegalensis at time t (a state variable)

	K
	Carrying capacity for K. senegalensis

	 
	Rate of effort for non-timber harvest at time t

	 
	Rate of effort for timber harvest at time t

	 
	Maximum growth rate of K. senegalensis

	 
	Average lifespan of K. senegalensis in years

	 
	Growth decay rate for non-timber harvest

	 
	Growth decay rate for timber harvest





We compare optimal harvest strategies using survey results with 1) a single, constant discount rate at the median obtained for the financial domain (Gaoue et al. 2016); 2) a single, constant discount rate at the median obtained for the ecological domain; and 3) constant, dual-discount rates using the median values for the financial and ecological domains (Armsworth 2018). To implement dual-rate discounting, we apply a separate discount rate to the conservation value term (A, Eq. 2) and another for valuing harvest income (Appendix S4). Finally, we consider 4) a single discount rate that declines through time paralleling survey results in the ecological domain (Appendix S4). In equation 2, δ(t) is the single discount rate applied, which was assumed constant through time for versions 1 and 2, but declined through time for version 4. We used Pontryagin’s Maximum Principle to transform the resulting optimal control problem into a boundary value problem, which we solved numerically using forward and backward sweeps in Matlab, version R2019a (Lenhart and Workman 2007, Appendix S4). 
[bookmark: _Toc95471871]Results

Were we to use a discrete time, annual representation of the discount rate, our median value would be 150%, much higher than the 0-20% range often discussed in the literature. These high discount values correspond to a halving of value in ~8.8 months for the financial domain, ~18.9 months for fodder (ecological domain), and ~13.6 months for cattle (agricultural domain) (Table 2.2). 168 (34.9%) respondents reported that no amount of goods in the future would make them choose the later-term option for at least one good, implying that they have infinite discount rates. 

Delay, domain, and delay-domain interaction were all significant (p <0.0001; Figure 2.2; Appendix S3), something that continues to apply if the models are also run without infinite responses (Table S2.5 for robustness checks). Discount rates decreased through time for all domains, meaning that when considering events in the more distant future, individuals discount less. Moreover, when comparing across domains, respondents discounted financial amounts significantly more than they would in other domains. Respondents who leased or owned land had marginally significantly higher discount rates (p = 0.0586); older respondents had significantly lower discount rates (p < 0.001); and climatic zone was not significant (Figure 2.2, Table S2.4).
[bookmark: _Toc95471872]Optimization model

The optimization models make clear that the variation in discount rates we observed can profoundly affect management recommendations for timber and non-timber harvesting of tropical trees. Our first model uses a single constant discount rate at the median for financial discounting (Figure 2.3A-C, Figure S2.1). For this case, there is an initial pulse of timber harvesting and accompanying crash in population size, before timber and non-timber harvesting are abandoned (Figure S2.1, Figures 2.3A-C) i.e., with high discount rates, sustainable harvest of this slow-growing tree would not be economically efficient.  In contrast, when using the lower fodder, median discount rate, non-timber harvesting effort gradually expands through time, while timber harvest is not sustained (Figure S2.1, Figure 2.3A). The expansion in non-timber harvesting results in a reduction in the growth rate of remaining trees (Figure 2.3C). Finally, with dual-rate discounting, non-timber harvesting again increases to begin with, but is abandoned as the conservation value of standing mahogany comes to dominate its harvesting value, resulting in the largest density and growth rate of trees (Figure 2.3A-C). 
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[bookmark: _Toc95113357]Figure 2.2. Comparative rank coefficients for discount rates for three timeframes (1 month, 1 year, 3 years) over the three domains, cows, money, and trees. Trees, 3-year delay, owning land, and wetter region were reference categories for the model. Age was set to 43, the median age. The bars with an asterisk are significantly different (p-value <0.05) than the respective reference category.



[bookmark: _Toc95113349]Table 2.2. Statistics for respondents’ discount rates in all three domains: financial, ecological, and agricultural.
	Good
	Number of respondents
	Number of respondents with infinite discount rates for at least one timeframe 
	Median (IQR)
	1-month Median (IQR)
	1-year Median (IQR)
	3-year Median (IQR)

	Money
	481
	144
	0.95 (0, 4.87)
	11.00 (0, 20.46)
	0.96 (0, 2.17)
	0.46 (0, 0.95)

	Fodder
	481
	138
	0.44 (
-0.04, 3.91)
	4.87 (0, 18.05)
	0.32 (
-0.29, 1.48)
	0.19
(-0.04, 0.64)

	Livestock
	481
	114
	0.61 (0, 2.67)
	2.67 (0, 9.73)
	0.41 (0, 1.5)
	0.44 (0, 0.77)
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[bookmark: _Toc95113358]Figure 2.3. Optimal effort for non-timber harvest (A and D) and the respective effects on population density (B and E) and population growth rate (C and F) of K. senegalensis over a 100-year time horizon. Panels A-C compare a single rate at the median for the financial domain (long-dashed line), a single rate at the median for the ecological domain (short-dashed line), and multiple-rate discounting incorporating the medians for both the financial and ecological domains (solid line). Panels D-F compare a single constant rate at the median for the ecological domain (solid line) and a single nonconstant rate paralleling declining rates observed in the survey (dashed line).


We also compare recommendations when assuming a constant discount rate with recommendations if discount rates decline through time as observed in the survey data for the ecological domain (Figure 2.3D-F, Figure S2.2). When implementing a non-constant discount rate, the discount rate is initially very high (to arrive at the same overall median amount). Hence once again, harvesting initially does not look like an economically attractive investment and an initial pulse in timber harvesting suppresses the population before harvesting is abandoned. However, once the discount rate has declined enough, we observe increasing levels of non-timber harvest being optimal again.
[bookmark: _Toc95471873]Discussion

[bookmark: _Hlk41907798][bookmark: _Hlk46139195]We elicited and calculated discount rates for three domains across three timeframes. Our study reveals that Fulani in Benin do discount and at a high rate on average. Yet two common discounting assumptions do not describe their preferences well: Fulani do not discount domains equally and they do not discount at a constant rate through time. We also found high variation in discount rates, but demographic covariates could explain some of the variation. We applied our survey results to an optimization model for harvest of K. senegalensis. In our study, dual-rate discounting resulted in the highest growth rates of K. senegalensis. Our work appears to be the first to empirically elicit locals’ discount rates and then depict their importance by applying them to a bioeconomic model of management.

Elicited discount rates (median: 150%) are significantly higher than found in other studies (Ubfal 2016; Kumar & Kant 2019). High discount rates for the ecological domain would align with theory for common-pooled resources (Hartwick & Yeung 1997). But high discount rates applied across domains, suggesting these may be due more to uncertainty about the future; e.g., Fulani’s lifestyles are rapidly changing from transient to sedentary due to climate change and competition for land with logging and agriculture (Gaoue & Ticktin 2009; Heubach et al. 2011). For K. senegalensis, such high discount rates imply sustainable timber harvest will not be economically competitive, putting logging interests and conservation in tension. At the same time, sustained non-timber harvest would be optimal. Currently, most plantations and restoration programs in the region focus on fast growing species, such as Gmelina arborea and Tectona grandis. Programs that seek to support reliance on NTFPs could help conservation efforts as would programs that seek to deter timber harvest, 90% of which is done illegally (Siebert & Elwert 2002), by tracing timber sales (FAO 2020) and by promoting sustainable energy sources in lieu of fuelwood and/or charcoal (World Bank 2019). For other conservation efforts with high discount rates, the question may become when to operate, in addition to focusing on the value of benefits not just to the organization, but multiple benefits, as we have shown in our model with both local economic and conservation benefits.

Aligning with other recent studies, our results showed people discount domains differently (Ubfal 2016; Green & Richards 2018). In our study, dual-rate discounting resulted in the highest growth rates of mahogany. Additionally, Fulani discount near-term benefits and costs at a higher rate than those realized further into the future. With non-constant discount rates, a waiting period is necessary before non-timber harvest would be optimal. Building upon previous work (Sumaila & Walters 2005; Armsworth 2018), our models depict the need for conservation management to account for domain-specific discount rates and non-constant rates, which can influence the timing, rate, and magnitude of optimal management strategies. 

In our study there are potentially other important factors and assumptions that could be addressed.  We only asked about three time periods and, hence, only calculated discount rates using one functional form. We provide a sensitivity test to the choice of functional form in Appendix S2, which shows similar patterns in discount rates across domains. Additionally, we did not ask risk-related questions, which could lower elicited rates (Andreoni & Sprenger 2012). Because Fulani rarely divulge the number of cattle they have, or amount of fodder needed for their cattle, we did not incorporate background consumption. With our illustrative modeling application, we explored parameter space relative to survey results and mahogany, leaving a wider exploration of parameter space for other work. Despite these and other assumptions, our study depicts the importance of including locally derived time preferences in conservation management.

Our study shows that discount rates are much higher for Fulani in Benin than previous literature suggests and that Fulani discount monetary amounts differently than they do some other types of good. This study depicts the nuanced nature of discount rates and the effects that discount rates can have on optimal conservation strategies and natural resource management. Discount rates for conservation decisions and natural resource management cannot be applied across all communities or user groups uniformly; instead, managers need locally-grounded estimates. Overall, natural resource management and associated models could be significantly improved with the incorporation of local time preferences. 
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APPENDIX

[bookmark: _Toc95471876]Appendix S1: Additional Survey Details

We used choice-based surveys with KoboCollect (https://www.kobotoolbox.org/). In-country surveyors were trained on KoboCollect on how to conduct the in-person survey on their mobile phone app. We used a choice-based survey because it has proven better at predicting intertemporal choices than other methods (Hardisty et al. 2013b). As per our IRB-approved protocol, we verbally asked individually paired questions in local languages, primarily Fula and Bariba, as done in many field experiments in the Global South (Ubfal 2016; Hernuryadin et al. 2019). 
[bookmark: _Hlk45009627]Subjects faced hypothetical paired choices of gains tomorrow versus gains that would be received next month, next year, and in three years. Due to funding limitations and feasibility, we used hypothetical choices. We acknowledge that the use of real rewards may improve elicited discount rates, but many have found that hypothetical choices has no influence on elicited discount rates (e.g., Benhabib et al. 2010; Ubfal 2016).
We used fixed-sequence titration methods for each set of discount-rate related questions (Hardisty et al. 2013b). Specifically, if a respondent chose the near-term option, the delayed quantity increased until the respondent switched. If the respondent chose the latter-term option, the delayed quantity decreased until the respondent switched. If the respondent always chose the near-term options, we asked at what amount, if any, would they choose the latter option. 
We repeated our survey design for financial, ecological, and agricultural domains. We used fodder from a specific number of harvestable trees and number of cows to determine ecological and agricultural discount rates respectively. All ecological and livestock questions were in biophysical units. For all domains, the ratio between near-term and future rewards was similar to minimize framing effects and order of domains was randomized to minimize ordering effects. To minimize any effects from the magnitude of initial, near-term values, we conducted ~150 pilot surveys. These surveys helped us refine both range and magnitude of initial values. In regard to access to markets, fodder is not sold, but harvested directly for livestock and/or medicinal purposes. From experts on Fulani in Benin, however, the primary time to sell cattle is during the dry season from December, after we finished our surveying, thru April. Subjects were also asked demographic questions e.g., age, education level. Exemplar questions below illustrate the nature of the survey.


[bookmark: _Toc95471877]Assumptions of survey design

Table S2.1. Assumptions of choice-based surveys when eliciting time preferences. 
	Assumption or Effect
	Description
	Solution
	References

	Magnitude Effect
	The literature has found that people discount higher magnitudes at a lower rate.
	We used the same values for both cows and fodder. To get an appropriate starting value for money, we ran ~150 pilot surveys and found that larger values increased the number of respondents reporting that they would never choose the later-term option. 
	Hardisty et al. 2013a; Berry et al. 2017

	Ordering Effect
	The literature has shown that ordering of questions, especially in reference to monetary values, can influence survey responses. 
	We randomized the order of domain questions and found no difference between versions of surveys. 
	Day et al. 2012

	Framing Effect
	Literature has shown that initial framing may influence what a respondent thinks is a “reasonable” response and in written surveys, respondents are drawn towards the middle of tables. 
	We conducted ~150 pilot surveys to help determine the appropriate range of possible survey responses. Additionally, we read the survey aloud so respondents could not see any potential table. 
	Andersen et al. 2006; Hardisty et al. 2013b

	Monetary vs. Biophysical Units
	Literature has shown that discount rates may vary by domain, which may be attributed to the measuring units within a survey. 
	We asked respondents questions in terms of biophysical units because 1) fodder is not typically traded directly at markets and 2) we wanted to test if respondents valued goods that are not traded in a market similarly to goods that are traded at market for monetary goods. Our results show that despite the monetary difference between cows and fodder, Fulani do not discount these goods differently. 
	Dunford 2018; Green & Richards 2018




Table S2.1 continued. 
	Assumption or Effect
	Description
	Solution
	References

	Hypothetical vs. Real Rewards
	There is a debate whether the use of hypothetical rewards can bias responses in choice surveys. 
	Due to funding limitations and feasibility, we used hypothetical choices. We acknowledge that the use of real rewards may have improved elicited discount rates, but many have found that the use of hypothetical choices has no influence on elicited discount rates. While Frederick et al. 2002 also acknowledges that hypothetical rewards allows the survey to ask questions in an appropriate range rather than being limited by funding or administrative guidelines. 
	Frederick et al. 2002; Ubfal 2016

	Narrow Bracketing
	Literature has shown that narrow bracketing, i.e., choices offered in isolation from external circumstances, can influence reported discount rates. 
	Due to cultural norms and survey time limitations, we were not able to ask about other forces guiding elicited discount rates such as background consumption and credit availability. 
	Rabin & Weizsäcker 2009; Ubfal 2016





[bookmark: _Toc95471878]Exemplar survey questions

Below you will find exemplar survey questions for the financial domain with a one-month delay. All units are in West African Franc (CFA), where $1USD ~ 600 CFA. In addition to hypothetical choice questions, we asked respondents their age, their sex, their level of formal education, and if they owned land and if so, how many hectares.
13


1.1 Hypothetically, which would you  prefer?

1000  CFA tomorrow

500 CFA in one month

No preference


1.2 Which  would you  prefer?

1000  CFA tomorrow

1000  CFA in one month

No preference


1.3 Which  would you  prefer?

1000  CFA tomorrow

2000  CFA in one month

No preference


1.4 Which  would you  prefer?

1000  CFA tomorrow

3000  CFA in one month

No preference


1.5 Which  would you  prefer?

1000  CFA tomorrow

4000  CFA in one month

No preference

1.6 Which  would you  prefer?

1000  CFA tomorrow

5000  CFA in one month

No preference


1.7 Which  would you  prefer?

1000  CFA tomorrow

6000  CFA in one month

No preference
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Description automatically generated]2.1 Hypothetically, which would you  prefer?

2 cows tomorrow

1 cow in one month

No preference


2.2 Which  would you  prefer?

2 cows tomorrow

2 cows in one month

No preference


2.3 Which  would you  prefer?

2 cows tomorrow

3 cows in one month

No preference


2.4 Which  would you  prefer?

2 cows tomorrow

4 cows in one month

No preference


2.5 Which  would you  prefer?

2 cows tomorrow

6 cows in one month

No preference


2.6 Which  would you  prefer?

2 cows tomorrow

9 cows in one month

No preference


2.7 Which  would you  prefer?

2 cows tomorrow

12 cows in one month

No preference
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Description automatically generated]3.1 Hypothetically, which would you  prefer? 

2 harvestable trees tomorrow

1 harvestable trees tomorrow

No preference


3.2 Which  would you  prefer?

2 harvestable trees tomorrow

2 harvestable trees tomorrow

No preference


3.3 Which  would you  prefer?

2 harvestable trees tomorrow

3 harvestable trees tomorrow

No preference


3.4 Which  would you  prefer?

2 harvestable trees tomorrow

4 harvestable trees tomorrow

No preference


3.5 Which  would you  prefer?

2 harvestable trees tomorrow

6 harvestable trees tomorrow

No preference


3.6 Which  would you  prefer?

2 harvestable trees tomorrow

9 harvestable trees tomorrow

No preference


3.7 Which  would you  prefer?

2 harvestable trees tomorrow

12 harvestable trees tomorrow

No preference
[bookmark: _Toc95471879]Appendix S2: Discount rate functions

Assessment of conservation and restoration projects and strategies commonly use an exponential discounting function, assuming a constant discount rate. However, for long projects, using an exponential discounting function with a constant discount rate can reduce long-term future values such a degree that they become largely irrelevant in terms of present value. For example, $1,000 in 100 years has a present value of $6.74 with an exponential discounting function and constant discount rate of 5%, a common choice when evaluating conservation and natural resource management strategies. Hence, there has been a continuous debate regarding the ethical nature of this assumption, especially in the context of projects with environmental implications that have the possibility of lasting for decades (Heal 2009). 
Hyperbolic discounting is an alternative to exponential discounting. Hyperbolic discounting uses a discount function that decreases in rate with time such that long-term costs and benefits are discounted at a lower rate than more immediate costs and benefits (Mazur 1987; Prelec 2004). This type of function allows for long-term costs and benefits to have more relevance when evaluating projects. Studies on hyperbolic discounting typically use different functional forms for discounting than the exponential form.
In the main text, we show results using an exponential discounting function to make our results as comparable as possible with wider practice in many conservation and natural resource management applications. With our statistics, we then offer an explicit test of whether assuming the discount rate is constant through time is justified and find that it is not. An alternative approach would have been just to assume a priori that discounting is hyperbolic and adopt a functional form for discounting more conventionally used in papers on hyperbolic discounting. We chose not to do this to ensure our formulation would be as familiar as possible to a broad cross-section of conservation scientists and practitioners. Below we offer a sensitivity test of whether our conclusions would have differed had we assumed one of those alternative functional forms. Specifically, following hyperbolic discount function of Mazur (1987):


V is the present value of a good, F is the future amount, t is the time delay, and  is a discounting parameter, which in our study is specific to the individual and to the specific type of good in question (financial, fodder, cattle). 
We find the same pattern in calculated discount rates when assuming this alternative functional form as we find when using the exponential version. Discount rates (), as defined in the new function this time, for the financial domain are significantly higher than the environmental and agricultural domains (Table S2.2). Also discount rates 1-month out are significantly higher than 1-year and 3-years out (Table S2.2). 
Our survey was not designed to ascertain the best choice of functional form to represent time discounting. To do so, we would need to measure indifference points at additional timeframes, which was not possible due to time constraints within the survey (survey fatigue). Our focus was instead on testing whether discount rates were the same for different types of good and whether they were constant through time, results that appear robust to our choice of functional form.


Table S2.2. Statistics for respondents’ discount rate in all three domains: financial, ecological, and agricultural using a traditional hyperbolic form.
	Good
	N
	Number of respondents with infinite discount rates for at least one response 
	Hyperbolic

	
	
	
	Median (IQR)
	1-month Median (IQR)
	1-year Median (IQR)
	3-year Median (IQR)

	Money
	481
	144
	2.58 (0, 18)
	18 (0, 54)
	1.63 (0, 7.75)
	1 (0, 5.5)

	Fodder
	481
	138
	0.92 (-0.04, 0.92)
	6 (0, 42)
	0.38 (-0.25, 3.38)
	0.25 (-0.04, 1.96)

	Livestock
	481
	114
	1.5 (0, 6.75)
	3 (0, 15)
	0.5 (0, 3.5)
	0.92 (0, 3)





[bookmark: _Toc95471880]Appendix S3: Generalized linear mixed model

[bookmark: _Toc95471881]Model Specification

The range of discount values involved had non-normal errors and heterogenous variances. Because of this, we used generalized linear mixed model (GLMM) with a rank transformation to compare discount rates across timeframes and domains. First, we fitted a base model without additional covariates 
     		Eq. S1
where i is an individual, j is a given response for individual i,  is the random error term, which accounts for heterogeneity across individuals, while accounts for heterogeneity across an individual’s responses. Hence forward, the term  is referred to as the interaction term. 
We then expanded our base model to incorporate the effects of characteristics of respondents and their villages on elicited discount rates: 
 								Eq. S2
where climate refers to the climate of the village of the respondent (Wet, Dry, or Transition), age refers to the age of the respondent, and LandTenure refers to the ownership or leasing of land. We did not include formal education level due to lack of variation (92% of the sample had no formal education). With only 16 female respondents, we also did not include sex into the model.
We compared the base model with this model with covariates based on their AIC values. Because it had a lower AIC score, we reported results for the model with covariates in the main text. To illustrate that our findings about delay and domain were not sensitive to this choice, we include results from both models below. 
Before resorting to rank transformation, we attempted several other transformation and link functions, but ultimately rejected them based on comparing resulting model residuals to test assumptions. Additionally, we used rank transformation so that the reported infinite rates could be included in an analysis without an arbitrary numerical assignment skewing data. Because we had a particular interest in whether Fulani discounted different in different domains, we included a domain x delay interaction effect. However, we did not consider further interactions lacking reasons to prioritize some interactions from among the many that are possible with this many variables. All GLMMs were fit using SAS 9.4. 


[bookmark: _Toc95471882]Model outputs

For this model, we used 481 complete surveys from 8 villages totaling 4329 calculated discount rates (481 surveys x 3 domains x 3 delays). Delay, domain, and delay-domain interaction were all highly significant. Discount rates decreased through time for all three domains, meaning that when considering events in the more distant future, individuals would discount less. Moreover, when comparing across domains, respondents discounted financial amounts significantly more than they would in the ecological or agricultural domains. Respondents who leased or owned land had marginally significantly higher discount rates (p = 0.0586), older respondents had significantly lower discount rates (p < 0.001), and climate of the village was not significant (Figure 2.2, Table S2.4).
We found that discount rates declined with age and increased with leasing or owning land (Table S2.4). Declining discount rates with age does not align with previous literature. Previous studies hypothesized that discount rates increase with age because they may not live to see future benefit (Read & Read 2004), may have declines in pleasure from consumption (Trostel & Taylor 2001), or that people simply become more impatient (Bauer & Chytilová 2010). Anecdotally, many older respondents stated that being patient would create luck for future endeavors. Land ownership for Fulani is a surrogate for residency. Non-land owners are typically more transient individuals. Aligning with Kumar and Kant (2019), discount rates increased with land ownership. This could be due to the respondent being more willing to take risk with their land holding as insurance, having less patience due to increased need to maintain lands (Kumar & Kant 2019), and/or the individual having greater integration of the ecological and financial domains. 
People think about different domains differently (Attema et al. 2018; Green & Richards 2018).  Justification for differences between domains also exist within more traditional economic theory, particularly when people perceive substitutability between goods to be limited and future growth of or risks associated with different kinds of goods to be different (e.g., Gollier 2010). We found that people discounted the financial domain higher than the other two domains. This could be due to a variety of reasons. 1) This could be due to an immediacy of need and increased temptation. Respondents could have wanted or needed other goods, and hence, had an immediate need for money. 2) These results could have been exacerbated by the lack of fiscal savings culture in Benin (communications with expert). 3) This result could be caused by an increasing knowledge of climate change and environmentally conscious actions. Anecdotally, some respondents replied that X amount of fodder would be wasteful for the number of cows they have and they would rather save the trees for future generations.


Table S2.3. Generalized linear mixed model outputs for base model with 3-year delay and fodder as reference categories. 
	Effect
	Estimate
	S.E.
	p-value

	Intercept 
	1716.97
	43.02
	<0.0001

	Delay[1 month] 
	1039.49
	42.09
	<0.0001

	Delay[1 year] 
	232.01
	20.69
	<0.0001

	Domain[Cow] 
	-3.98
	28.53
	0.8890

	Domain[Money] 
	309.84
	32.11
	<0.0001

	[1 month][Cow] 
	-219.97
	40.64
	<0.0001

	[1 month][Money] 
	-242.74
	43.89
	<0.0001

	[1 year][Cow] 
	-16.34
	25.72
	0.5255

	[1 year][Money] 
	-220.73
	35.41
	<0.0001


Note: Beyond the intercept variable, all other variables are essentially dummy variables (1 if yes, 0 if no). Meaning if you are 1 month out, you cannot also be 1 year out. For example, if you want to calculate the rank for cows 1 month out, you would have the intercept + delay[1 month] + domain[Cow] + [1 month][Cow]. 


Table S2.4. Generalized linear mixed model outputs for the full model. With 3-year delay, fodder, wet region, and owning or leasing land as reference categories. 
	Effect
	Estimate
	S.E
	p-value

	Intercept 
	2229.70
	152.64
	<0.0001

	Delay[1 month] 
	1039.49
	42.07
	<0.0001

	Delay[1 year] 
	232.01
	20.53
	<0.0001

	Domain[Cow] 
	-3.98
	28.54
	0.8890

	Domain[Money] 
	309.84
	32.08
	<0.0001

	[1 month][Cow] 
	-291.97
	40.66
	<0.0001

	[1 month][Money] 
	-242.74
	43.88
	<0.0001

	[1 year][Cow] 
	-16.34
	25.67
	0.5246

	[1 year][Money] 
	-220.73
	35.25
	<0.0001

	Climate [Dry] 
	-25.26
	103.7
	0.8076

	Climate [Transitional Zone] 
	73.93
	110.56
	0.5038

	LandOwnership [None] 
	-148.27
	78.33
	0.0586

	Age 
	-10.23
	2.85
	0.0003


[bookmark: _Toc45868631]Note: Although data do not meet traditional parametric assumptions even with transformations, we did run the model with a log transformation and weighted variances by delay. The overall model trends remain the same, except for the covariate age is no longer significant (p > 0.05). 

Table S2.5. Robustness checks for the key findings with the general linear model. Positive and negative represent the direction of the coefficient relative to the reference categories and asterisk denotes significant effect. 
	Model
	Domain Significant
	Delay Significant
	Interaction Significant

	Base model with rank transformation and with infinite rates
	Cow negative, money positive *
	Both positive *
	All negative *

	Full model with rank transformation and with infinite rates
	Cow negative, money positive *
	Both positive *
	All negative *

	Base model with rank transformation and without infinite rates
	Both positive *
	Both positive *
	All negative *

	Full model with rank transformation and without infinite rates
	Both positive *
	Both positive *
	All negative *, except 1 year x cow

	Base model with rank transformation, with infinite rates, and with clustered standard errors
	Cow negative, money positive *
	Both positive *
	All negative *

	Full model with rank transformation, with infinite rates, and with clustered standard errors
	Cow negative, money positive *
	Both positive *
	All negative *

	Base model without rank transformation, with infinite rates, and with weighted variances
	Cow negative, money positive *
	Both positive *
	All negative *

	Full model without rank transformation, with infinite rates, and with weighted variances
	Cow negative, money positive *
	Both positive *
	All negative *




[bookmark: _Toc95471883]Appendix S4: Additional optimization model details and solutions

This appendix provides additional detail for our optimization model and solutions. 
We included optimization model runs in the main text to illustrate how the variation in discount rates we found in the surveys could affect conservation and natural resource management decisions. Specifically, we revisited the model of Gaoue et al. (2016) examining optimal management of harvesting of K. senegalensis. For our illustration, we made changes to these models to examine the effects of our discounting assumptions (e.g., by including different discount for different types of good in one scenario), but otherwise adhered closely to the original assumptions and parameter choices. In our system, we focus on non-lethal harvest from K. senegalensis for fodder. As a form of NTFP, this non-lethal harvest is extremely important to the Fulani. Because we focus on non-lethal harvest of the same species, we represent that using tree density in the objective function. In other systems, NTFPs take more diverse forms, often relying on co-occurring species rather than with the species that is itself the main target of lethal harvesting (for broad review see Stanley et al. 2012) and for such situations richer model specifications would be required to integrate dynamics of those other species (e.g., Ticktin 2004; Potts & Vincent 2008).
[bookmark: _Toc95471884]Ecological model

The population dynamics (or state equations) of K. senegalensis are: 
	Density of plant species                         Eq. S3      

	Intrinsic growth rate of plant                                    Eq. S4


where x(t) is the density of K. senegalensis at time t, r(t) is the intrinsic growth rate of K. senegalensis at time t, K is the carrying capacity,  is the effort for timber harvest at time t,  is the effort for non-timber harvest at time t,  is the maximum growth rate,  is the average lifespan of the species,  is the growth decay rate for non-timber harvest, and  is the growth decay rate for timber harvest (Gaoue et al. 2016). 
[bookmark: _Toc95471885]Optimal Control Model

We compare optimal harvest strategies using survey results with 1) a single, constant discount rate (see also Gaoue et al. (2016)), which we chose here to be the median obtained in the survey for the financial domain; 2) a single, constant discount rate set at the median rate from the survey for the ecological domain; and 3) dual-discount rates using the median values for the financial and ecological domains with constant discounting (see Armsworth 2018 for discussion on dual-rate discounting, including a review of the underlying economic theory and of how multiple discount rates are in effect being assumed in many conservation management plans). Finally, we consider 4) a single discount rate, but one that declines through time. With this version, we chose parameters and a declining function that paralleled survey results in the ecological domain. 
Versions 1), 2), and 4) here each applied the same discount rate to different kinds of good. Specifically, the manager’s problem with each was assumed to be to find an optimal control pair, (t) and (t) that maximized the objective function J where  			Eq. S5 (Eq. 3 in main text)
[bookmark: _Hlk44934471]In this equation,  is the single discount rate applied, which was assumed constant through time for versions 1) and 2) but declined through time for version 4), as we discuss below. Other notations were as follows:  is the effort for timber harvest, is the effort for non-timber harvest, A is the value for conservation of standing K. senegalensis per tree, which could represent cultural value, existence value, or something else,  and  are aggregate parameters that include prices from the two types of harvest and a rate for harvestability, and and  describe the cost (including time-cost) of each day of effort spent harvesting timber and non-timber, while  and  are an adjustment to this cost reflecting the fact that marginal costs of each day of harvesting effort may increase the more effort that is being deployed for both timber and non-timber harvesting respectively. Similar to Gaoue et al. (2016), we assumed the costs of both types of harvest were similar. Because of this, we use the same cost coefficients for both harvest types (i.e., ). We chose to model an open access system because it more closely resembles the realities of the grazing done by Fulani in Benin. 
For scenario 3) that used dual-rate discounting, J became
 		 			   Eq. S6
where  is the discount rate for the financial domain and  is the discount rate for the ecological domain. For ease, we showed the process for maximizing the objective function with one discount rate (Eq. S3), but the same methods can be use derive solutions for the dual-rate scenario. 
For version 4) which had a non-constant discount function, we compared several different functional forms to align with survey results, which had used categorical variables to reveal non-constant discounting. We tried to align the function with both the range of discount rates and the rate of decline through time revealed in the coefficients applied to these categorical variables. We found the following to align adequately with survey results for the purposes of our illustration:
 									         Eq. S7
Versions (1-4) each give rise to an optimal control problem comprising an objective function (Eqns. S5 or S6), state equation constraints (Eqns. S3 and S4), additional constraints (e.g., harvest effort must be non-negative) and a set of initial conditions. We applied Pontryagin’s Maximum Principle to transform each optimal control problem into a boundary value ordinary differential equation problem by introducing a Hamiltonian and relevant adjoint variables (Lenhart and Workman 2007, Gaoue et al. 2016). Solutions of this boundary value problem satisfy the first order necessary conditions for an optimal solution of the optimal control problem. 
To construct necessary conditions that an optimal control pair must satisfy, we use the Hamiltonian H:
       									Eq. S8
where  and  are adjoint variables. Relying on Pontryagin’s Maximum Principle to describe the first order necessary conditions, the optimal control problem can be transformed to a boundary value, ordinary differential equation problem, one that includes the original state equations along with additional differential equations describing the time evolution of these adjoint variables:
      Eq. S9
 .						Eq. S10
The characterization of an optimal control pair is derived by solving  and  on the interior of the control set:  
 						Eq. S11
. 							Eq. S12
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Following Gaoue et al. (2016), parameter values for the biological model were gathered from scientific literature from a series of papers on K. senegalensis. Because there is slight variation in growth patterns of K. senegalensis due to climatic conditions and the species is notoriously slow growing, we used those inputs paralleling the Sudano-Guinean Region of Benin i.e., the wetter region of Benin where the species has slightly faster growth rates. 

Table S2.6. Biological and economic parameter estimates based on K. senegalensis
	Parameter
	Description
	Estimate
	Unit
	Reference

	
	Benefit parameter or price for timber harvest
	0.30
	($*ha)/(effort*tree)
	Gaoue et al. 2016

	
	Benefit parameter or price for non-timber harvest
	0.15
	($*ha)/(effort*tree)
	Gaoue et al. 2016

	
	Linear cost parameter for timber harvest
	9
	$/effort
	Best estimate to align with Gaoue et al. 2016

	
	Linear cost parameter for non-timber harvest
	9
	$/effort
	Best estimate to align with Gaoue et al. 2016

	
	Nonlinear cost parameter for timber harvest
	10
	$/effort2
	Best estimate to align with Gaoue et al. 2016

	
	Nonlinear cost parameter for non-timber harvest
	10
	$/effort2
	Best estimate to align with Gaoue et al. 2016

	
	Conservation Value
	0.1
	($*ha)/(tree)
	Gaoue et al. 2016

	
	Financial discount rate
	Varies
	1/year
	From survey

	
	Environmental discount rate
	Varies
	1/year
	From survey

	K
	Carrying capacity for the plant
	100
	Tree/ha
	Gaoue & Ticktin 2007

	
	Maximum growth rate
	0.024
	/year
	Gaoue & Ticktin 2010

	
	Average lifespan of plant in years
	20
	years
	Gaoue et al. 2013

	
	Growth decay rate for non-timber harvest
	0.03
	/year
	Gaoue and Ticktin 2010

	
	Growth decay rate for timber harvest
	0.7
	/year
	Gaoue and Ticktin 2010





[bookmark: _Toc95471887]Numerical approach

We found solutions to the resulting boundary value problem numerically using a Forward-Backward sweep approach (Lenhart and Workman 2007). To implement this method, we adapted codes from Gaoue et al. (2016) that used the in Matlab version R2018a.
[bookmark: _Toc95471888]Optimization outputs

Below we provide the full suite of outputs for both the state variables and the controls. A subset of these results was shown in the main text. Specifically, we show results describing how the two state variables, describing the biomass and growth rate of K. senegalensis change through time, along with the optimal combination of timber and non-timber harvests through time that gives rise to this pattern. We show this contrast for versions 1) constant single rate discounting at the median financial discount rate, 2) constant single rate discounting at the median ecological discount rate and 3) dual rate discounting in Figure S2.1. We then show the same variables for the situation where the discount rate declines through time (version 4, Figure S2.2).  
As a robustness check for our cost specifications, we ran each scenario with each of the cost functions individually. Generally, none of the trends changed. With only linear or only quadratic cost functions, sustainable lethal harvest was still never part of the optimal solution for a slow-growing species. With only one of the cost functions, either linear costs or quadratic costs only, non-lethal harvest became more profitable causing optimal levels of harvest to rise in all scenarios causing a slight decline in density and growth functions.
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Figure S2.1. Optimal effort for non-timber harvest and timber harvest and the respective effects on population density and population growth rate of K. senegalensis over a 100-year time horizon. These panels compare a single rate at the median for the financial domain (long dashes), a single rate at the median for the ecological domain (short dashes), and multiple-rate discounting incorporating the medians for both the financial and ecological domains (solid line). 
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Figure S2.2. Optimal effort for non-timber harvest and timber harvest and the respective effects on population density and population growth rate of K. senegalensis over a 100-year time horizon. These panels compare a single constant rate at the median for the ecological domain (solid line) and a single nonconstant rate paralleling declining rates observed in the survey (dashed).
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Variation in preferences describing how to value the future among conservation practitioners and its implications for today’s protection priorities 
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	Hyman, A.A., Le Bouille, D., Zhu, G., and P.R. Armsworth. In review. Variation in preferences describing how to value the future among conservation practitioners and its implications for today’s protection priorities. Biological Conservation. 
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When seeking to protect the environment, should practitioners favor actions that will make immediate differences or those promising long-term gains? The choice depends on how individuals weight benefits and costs experienced at different future times, something temporal discount rates can be used to represent. Despite the ubiquity of inter-temporal tradeoffs in environmental decision-making, little is known about time preferences of relevant practitioners. Taking land protection decisions as an example, we use responses from experimental-choice surveys to show that practitioners at environmental NGOs display high variability in how they evaluate environmental benefits and costs through time. Survey participants had a median discount rate of 11.9%, significantly higher than values traditionally used in environmental policy. Moreover, discount rates ranged widely from 74% to negative values. When asked to compare financial amounts at two future times, practitioners used discount rates that were not significantly different. When asked about an environmental attribute (protected land), they used discount rates that declined through time. We illustrate how such differences in discounting influence conservation priorities today. Through applications to species protection within the Appalachian Mountains, we show that differences in how practitioners value the future change today’s protection priorities, with as little as 26% overlap in counties with the highest returns on investment. As the global conservation community re-envisions protection goals, how we weight environmental benefits and costs through time will determine the best paths forward. 
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Land conservation decisions commonly involve balancing benefits and costs that accrue at different times. For example, land protection practitioners must choose between investing limited conservation funding today for immediate benefit vs. investing the money to earn interest with a larger benefit in the future. Discount rates are parameters used to compare such trade-offs that accrue through time by converting values of future goods to present value equivalents (Baum & Easterling 2010; Lampert 2019). We investigated discount rates implemented by conservation practitioners, people who manage natural resources and make intertemporal tradeoffs that influence the trajectory of conservation. 

The appropriate choice of discount rates is a longstanding source of contention in public policy debates about the environment (Nordhaus 2007; Arrow et al. 2013b, 2013a; Drupp et al. 2015). The choice of discount rates is controversial because a small change in discount rates can alter estimated costs of restoration and conservation by many millions of dollars (Gren et al. 2018). For example, if the cost due to losing some good is $10 M today, then the cost of the same loss in 100 years is worth ~$0.8 M today using a constant discount rate of 2.5% or $0.05 M using a discount rate of 5%. Hence, discount rates can have major implications on proposed conservation strategies, including the optimal timing (Sjølie et al. 2013) and magnitude of restoration efforts (Verdone & Seidl 2017), and ultimately, on whether projects are undertaken (Baum & Easterling 2010; Gren et al. 2018; Grijalva et al. 2018; Polasky & Dampha 2021).

Despite potential impacts of discount rates on conservation, there is a dearth of information on time preferences held by practitioners. Instead, time preference elicitation efforts have tended to focus on university students or the general public (Cohen et al. 2016) rather than individuals involved in choosing between environmental investments. Elicitations conducted with other groups suggest individual discount rates vary due to personal demographics, including their environmental beliefs (Grijalva et al. 2014) and involvement with environmental issues (Green & Richards 2018). People also appear to discount categories of goods (e.g., health, finance, environment) differently. Such categories of goods are typically referred to as “domains” (Hardisty et al. 2013b; Ubfal 2016; Hyman et al. 2020). This means that people think about future environmental goods differently than they would future finances (Green & Richards 2018; Kumar & Kant 2019; Hyman et al. 2020). Justification for differences between domains exists within more traditional economic theory, particularly when people perceive substitutability between goods to be limited and future growth of or risks associated with different kinds of goods to be different (e.g., Baumgärtner et al., 2015; Gollier, 2010). Furthermore, the schedule of discount rates through time varies. People may discount events in the distant future at a lower rate than those happening over the nearer term. Declining discount rates sometimes feature in national policies e.g., France and the UK use discount rates that decline over time for policy evaluation (Arrow et al. 2014). 

We focused on time preferences of practitioners working for land trusts in the USA. Land trusts are NGOs that protect land and water through ownership and easements (Brewer 2003). Land trusts have broad public support with over 6.3 million financial supporters and 16.7 million people visiting properties managed by land trusts for educational and/or recreational purposes in the USA in 2020 alone (LTA 2020). The land trust movement was a major contributor to conservation on private lands almost doubling between 2005 and 2015 in the USA (LTA 2016). This parallels a rapid growth of conservation on private lands in other countries (Nolte, 2018), often supported by land trusts and similar organizations (Slavíková et al., 2017). For example, the area of private land in conservation nearly tripled from 2007 to 2011 in Australia (Fitzsimons & Carr 2014) and increased by 35% in Brazil from 2005 to 2015 (Pegas & Castley 2016). Land trusts thus provide one major way to advance conservation and biodiversity goals. 

Issues surrounding time preference are highly relevant to land trust decision-making. These organizations actively pursue land protection, a long-term environmental investment that involves weighting benefits and costs through time. Additionally, land trusts manage expenses, loans, donations, and other financial transactions that also involve intertemporal trade-offs. Furthermore, there is a rich diversity of these organizations (Merenlender et al. 2004; LTA 2020), which allows us to span gradients in operating models in our study. Land trusts range from multibillion-dollar operations to volunteer-run organizations and they have varying priorities and approaches to conservation. For example, some believe in protection for land under immediate threat of development regardless of costs (i.e., immediate benefits), while others focus efforts on buying land not under immediate threat because they are focused more on long-term benefits. 

Using choice-based surveys, we estimated discount rates for conservation practitioners. We tested for differences in these rates between financial and environmental domains and between benefits experienced today and in the future. The focus of the study was to capture the variation, if any, of discount rates among land trust practitioners across the financial and environmental domains. To contextualize and illustrate the importance of such variation, we applied our survey results to a conservation prioritization model. We showed how the range of discount rates influences today’s protection priorities in terms of biodiversity within the southern Appalachian Mountains. With our prioritization model, we demonstrate that such variation in discount rates can change where conservation actions should be taken today.
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We conducted a survey with land protection practitioners, who self-selected into the survey. We developed the survey based on a literature review, consultation with land trust experts, and piloting the survey. We used QuestionPro.com to conduct choice-based surveys using a dynamic multiple staircase method (Hardisty et al. 2013b). We conducted the survey at the primary professional conference for land trust practitioners in the USA, the 2019 National Land Trust Rally. We conducted 89 surveys, while 80 surveys were complete. 70 respondents provided the land trust that they work for (descriptive details Table 3.1), which enabled us to compare their demographics to land trusts more broadly (SI Appendix Figure S3.1-3.4). Based on this comparison, we can be confident that we had a reasonably representative sample of land trusts in the USA, even though participants must pay to attend the conference. 

[bookmark: _Toc95113350]Table 3.1. Descriptive statistics of respondents and their respective land trust (variable descriptions in SI Appendix Table S3.1). Liquid funds are represented in terms of the number of months that an organization could operate on liquid assets without any additional income, while personnel expenditures are the proportion of the organizations’ expenses that are due to personnel salaries and associated costs (Larson et al. 2014). 
	Characteristic
	N
	Median (IQR)
	Source

	Respondent-specific traits

	Respondent deals with financial aspects within their current role*
	80
	70.3%
	Survey

	Number of years respondent has worked in conservation 
	80
	10 (4; 22)
	Survey

	Financial Flexibility of Organization

	Land trust has a legacy program*
	80
	79.3%
	Survey

	Land trust borrows money*
	80
	47.0%
	Survey

	Liabilities to Assets Ratio
	68
	0.02 (0; 0.11)
	GuideStar

	Liquid Funds
	68
	32.9 (12.9; 56.5)
	GuideStar

	Personnel Expenditure
	68
	0.34 (0.18; 0.56)
	GuideStar

	Non-financial Characteristics of the Organization

	Hectares owned and under easement 
	70
	7170 (1100; 104,000)
	Land Trust Alliance

	Hectares owned 
	70
	238 (0; 1330)
	Land Trust Alliance

	Accredited*
	70
	82.3%
	Land Trust Alliance

	Risk and Litigation Insurance*
	70
	71.5%
	Land Trust Alliance


*Percent responded TRUE




Noting what has been found by similar time preference elicitation studies in other settings (e.g., Green and Richards, 2018; Hyman et al., 2020), we asked hypothetical choice questions relating to both financial and environmental domains (specifically forest protection) (SI Appendix). Our goal in so doing was to explore if there were differences between the two domains in how land protection practitioners compare future benefits and costs. Due to survey length limits, we asked respondents only about two timeframes for each of the domains. Had we instead focused on only one domain (e.g., financial), we may have been able to include more timeframes. Based upon feedback during the development stage of the survey, we used scenarios one year and 10 years out because they are timeframes that most land trusts could relate to regardless of their size. We asked respondents to choose between a near-term (one-month) gain and a gain, specifically a donation, that would be received either in one year or 10 years in the future. Using a near-term delay, like our one month delay, adds uncertainty to all timeframes and has been shown to reduce present bias (Anderson & Weinhold 2008; Green & Richards 2018). For all domains, the ratio between near term and future rewards was the same to minimize framing effects and order of domains was randomized to minimize ordering effects.

Based upon feedback during survey development, we specifically used donation-based scenarios (SI Appendix), similar to willingness-to-accept experiments. We used donation-based scenarios because it is a scenario that most land trusts are familiar with regardless of their size. We decided not to frame scenarios in terms of loans or endowment management, similar to willingness-to-pay experiments, because smaller land trusts will not necessarily have had exposure or experience with such transactions. 

We also asked demographic questions (SI Appendix). If the respondent supplied the name of the organization they worked for, we used data provided by the Land Trust Alliance and Guidestar.org to gather organizational demographic information (Table 3.1, SI Appendix Table S3.1). 
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We estimated discount rates based on the traditional exponential model. A subject would be indifferent between two options assuming exponential discounting if: 


     				 Eq. 1

where V is the present value of a good, A is the Future Amount, t is the time delay presented in the survey (i.e., either 1 year or 10 years), and  is the individual’s discount rate for a specific good. We calculated one discount rate per scenario in the survey, resulting in four estimated discount rates per respondent. Due to limitations in our survey, we could not test the appropriate functional form for the discount rates. We did, however, estimate discount rates based on an alternate functional form to see if our results were sensitive to the choice we used (SI Appendix). 

[bookmark: _Toc95471895]Empirical Analysis

We assumed each respondent’s indifference point was the midpoint of the interval between questions at which they switched to the delayed option (1 year or 10 year) over receiving the donation in one month for each domain (Hardisty et al. 2013b; Ubfal 2016). Once we determined individual indifference points, we calculated individual discount rates for each delay for each domain (Eq. 1). This gave us four discount rates per respondent. We used a GLMM with weighted variance to explore effects of delay and domain on calculated discount rates: 

     Eq. 2

where i is an individual, j is a given response for individual i, is the random error term that accounts for heterogeneity across individuals, and accounts for heterogeneity across an individual’s responses. 
 
We then used an additional set of GLMMs to explore how robust our results were in the context of land trusts and respondent demographics (SI Appendix Table S3.1). These robustness checks included additional explanatory variables that fell into three broad classes: 1) Respondent-specific traits; 2) Financial flexibility of the organization (Tuckman & Chang 1991; Larson et al. 2014); and 3) Non-financial characteristics of the organization. Domain, delay, and the interaction between the two were of particular interest, and hence, included in each model. All possible subsets were modelled using GLMMs with unequal weights between delays. All analysis was completed in R version 3.6.3 using package nlme (Pinheiro et al. 2020).
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To illustrate the potential importance of discount rates, we applied and extrapolated our survey results to a spatial prioritization model using discrete decadal intervals from 2020 through 2050. We extrapolated our survey results to show implications of discount rates on a time scale that is relevant to conservation planning at a landscape scale. As an example of how variation in discount rates can have implications on land protection priorities today, our model illustrates how discount rates alter the flow of benefits, in terms of biodiversity, through time. 

We explored return on investment (ROI) of the flow of benefits in terms of biodiversity gains offered by investments in land protection across the Appalachian Mountains. We use projected future ranges for 258 forest-dependent vertebrates of policy concern (Zhu et al. 2021) across 292 counties in the Appalachian Mountains for RCP 4.5 (moderate greenhouse gases emissions scenario) based on CCSM4 general circulation model with full dispersal (for all models run, SI Appendix). We chose to model RCP 4.5 because it is a moderate estimate of future greenhouse gas emissions; we chose CCSM4 to stay consistent with assumptions made in the land cover projection model we use (Wear 2011). We assumed persistence of the species was based on the amount of forest protected inside the species range in the future as well as the area of forest that remains unprotected but will not be converted for development (Armsworth et al. 2020). We used a piecewise linear, “hockey-stick” function to represent the persistence probability for each species as a function of the amount of protected and unprotected forest predicted to remain within its range in the future (Armsworth et al., 2020). Following past studies (Rodrigues et al., 2004), we assumed persistence of a large range species would be ensured when 10% of its range were protected, while persistence of small-range species was guaranteed if an area equivalent to their entire initial range were protected (more detail in SI Appendix). We relied on a model of subcounty targeting of any additional land protection developed in Armsworth et al., (2020). By combining this information, we asked, if a practitioner could invest an additional dollar in land protection, which counties would have the greatest ROI in terms of the number of species expected to persist through time? 

We focused on areas not already protected today. To account for future conversion threat, we used projections of future land cover change (Wear 2011). We considered a situation where the conservation organization would buy land to set aside for protection, using data on recent land acquisition costs (Le Bouille et al., in review). Using upfront acquisition cost means we rely on market expectations to handle discounting of financial aspects of the land protection transaction, allowing us to focus our analyses on variations in discount rates we observed in the environmental domain itself. We assumed land was purchased by an environmental NGO in 2020 and the lands’ benefits remained at least until our terminal time of 2050, a choice we return to in the Discussion. See the SI Appendix for further model specification details. 

We assumed ecological benefits from land protection would be discounted at four timesteps: 2020, 2030, 2040, and 2050. We used decadal land cover change across the USA from 2020 to 2050 (Wear 2011) and we defined currently protected areas as those with GAP status 1 or 2. To show effects of discounting on such ecological benefits, we varied the discount rate based on the range in survey responses (-0.23 to 0.74). We ran the models at the median and extreme discount rates. Following a number of prior studies (Bode et al. 2008; Armsworth et al. 2017; Triviño et al. 2018), we use the percent of overlap in counties with highest ROI between model runs as a measure of how sensitive recommendations are to each discount choice. We use an overlap metric because it focuses on best sites, those that practitioners would likely be most interested in. A high overlap score indicates two scenarios have similar priorities and respective recommendations are not particularly sensitive between those discount rates. A low overlap score indicates two scenarios have differing priorities and recommendations would be sensitive to the change in discount rates between scenarios. An alternative approach would be to calculate correlations of ROI scores across all counties. Of the two approaches, using the overlap of best sites as a metric is more relevant to conservation applications that are narrowly targeted in space, such as land acquisitions by private land trusts.
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From our choice-based surveys, the median discount rate was 11.9% with a range from -23% to 74% (Figure 3.1). The median discount rate corresponds to halving of value in ~5.75 years. Discount rates for 18 participants (22.5%) were negative. Nearly equal numbers of respondents reported negative discount rates when questions were framed in terms of environmental units (i.e., hectares of land) and when framed with financial units. These negative discount rates imply that values would increase one year or ten years out rather than decrease. 

Our survey design allowed us to examine differences in how individuals discount environmental and financial goods (domains) experienced near-term or in the future (delay). We found that delay and the interaction effect between delay and domain were significant (p < 0.05, Figure 3.1, Table S3.4). These results are robust to alternative functional forms of discount rates (SI Appendix). When questions were framed in terms of financial units, practitioners discount rates were not significantly different one year and 10 years out. In contrast, discount rates for the environmental domain declined across these two time periods (Figure 3.1). This means that when respondents considered events in 10 years’ time, they discounted less. To examine the robustness of these findings, we re-estimated our statistical models while accounting for other factors that might affect how organizations weigh future benefits and costs. Despite extensive robustness checks including both land trust and respondent-specific demographics, we found no other covariates to have significant effects on discount rates. Our findings regarding effects of delay and the interaction effect between delay and domain proved robust across the different formulations we considered (SI Appendix). 
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Discount rates have the potential to influence the location of priority places for conservation. Although, the degree to which discount rates impact priorities is moderated by other important factors like conservation costs. 

We compared priorities that emerge when assuming the largest and smallest discount rates, in addition to the median, from our survey for our illustration across the Appalachian Mountains. We found no overlap in the top 10% of counties between models runs with the extreme discount rates, something unaffected by including or excluding cost variation. With inclusion of purchasing costs, 26% of the top 10% of
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[bookmark: _Toc95113359]Figure 3.1. Discount rates of practitioners by delay in years and domain. The teal boxes represent discount rates for the environmental domain, while the grey boxes represent discount rates for the financial domain. The two dashed lines are the recommended values from the United States’ Office of Management and Budget (U.S. Office of Management and Budget 2003) for benefit-cost analyses for intragenerational projects. The Office of Management and Budget use two values as a sensitivity test to explore the range of outcomes due to differing discount rates. Boxes with the same letters above them are not significantly different based on outcomes from a general linear mixed model (p < 0.05, n = 80). 



counties in the runs with the lowest and median discount rates overlap (Figures 3.2A and 3.2B), while 65% of the top 10% of counties overlap with model runs with the highest and median discount rates (Figures 3.2B and 3.2C). High discount rates emphasize near-term benefits. For models with high discount rates, counties with the highest ROIs tend to be ones where land is cheap (Figure 3.2C). They were also often counties that offered high returns in 2020 based on current species ranges but would provide lower returns by 2050 in light of projected range shifts. For example, Indiana County, Pennsylvania, is a high priority when using a high discount rate (Figure 3.2C). This county is in the lowest quartile for cost and the high return on investment it offers over the near-term is driven by species whose range area within the county are predicted to be greatly reduced by 2050.  

Meanwhile, low discount rates emphasize longer term benefits. For models with low discount rates (Figure 3.2A), counties with the highest ROIs are again relatively cheap. High returns in this scenario often derive from species with ranges expanding into a particular county between 2020 and 2050. For example, Franklin County, Alabama is a high priority when using low discount rates (Figure 3.2A). This county is another that is in the lowest quartile for cost. The high return on investment this time, however, is driven primarily by species like the American woodcock Scolopax minor, Field sparrow Spizella pusilla, and Eastern mud turtle Kinosternon subrubrum that are predicted to expand their range area in this county by 2050.

These results are consistent across model runs with varying future assumptions (RCP 4.5 vs. RCP 8.5, full dispersal of species vs. no dispersal of species, uniform vs. present-day purchasing costs, SI Appendix ) and discount rate functions (constant vs. non-constant functions, SI Appendix ). 
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Understanding variation in discount rates used by environmental practitioners is critical for conservation planning as land trusts contribute widely to land protection and augment support for conservation efforts (LTA 2016; Pinnschmidt et al. 2021). Using land protection as an example, we elicited practitioners’ discount rates for environmental and financial goods. Our study revealed that practitioners discount future benefits but do so inconsistently across domains; rates decline through time when considering environmental goods, while discount rates are not significantly different through time when considering financial goods (Figure 3.1). Our prioritization models illustrate how differences that we observed in discount rates could change today’s land protection priorities (Figure 3.2, SI Appendix Table S3.7). 

Discount rates that we elicited from land trust practitioners are much higher than those codified into policies (U.S. Office of Management and Budget 2003; Arrow et al. 2014), although they are similar to those elicited from other studies including the general public 
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[bookmark: _Toc95113360]Figure 3.2. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 through 2050 with a decadal timestep. The left column depicts results with the lowest discount rate we observed in our surveys (-0.23), the center column represents those with the median discount rate (0.119), and the right column represents those with the highest discount rate we observed (0.74). For all model runs, all else is kept the same. Model details can be found in SI Appendix SI4. 



(e.g., Andersen et al., 2008) and university students (e.g., Green and Richards, 2018). These high rates may reflect, in part, our decision to focus on conservation NGOs and stem from financial vulnerability such organizations experience (Tuckman & Chang 1991; Bakker et al. 2010). This was reflected in one respondent’s comment “…I’m not sure if my land trust will be around in 10 years.” Such insecurity is often associated with risk-averse behaviors (Cassar et al. 2017) manifested in our study with high discount rates, as depicted by a respondent’s statements that “A bird in the hand is worth two in the bush”. For conservation planning to be successful, how practitioners think about environmental benefits and financial costs through time in the context of their organizational financial insecurities must be taken into consideration. 

Despite the high rates, 22.5% of our respondents reported a negative discount rate. These negative discount rates imply that values would increase in 1 year or 10 years time relative to today rather than decrease. We were one of a few studies to even allow negative discount rate options into their survey design (Loewenstein 1987; Ganiats et al. 2000; Hyman et al. 2020). Negative rates are more likely for those respondents concerned about deteriorating environmental future under changing climatic conditions (Gollier 2010). On a more practical level, some respondents said they would always choose the option further in the future because they did not have personnel capacity to process any sizeable donation in the near term.

We find that there is high variation in how practitioners value financial and environmental attributes through time. Despite that variability, clear patterns emerge across domains. The average discount rates that we found (not significantly different for financial goods, declining through time when framed in terms of protected land) indicate a presumption among these conservation practitioners that the relative value of protected land will rise in the future when compared to other goods. The discounting seen with financial attributes aligns with assumptions currently used by the US (U.S. Office of Management and Budget 2003); the declining discount rate associated with environmental goods aligns with policies used in France and the UK (Arrow et al. 2014). Our results also align with previous work (Richards & Green 2015) that found distinct patterns across domains with other focal demographics.

Our models show that variation about how to value the future among practitioners leads to contrasting priorities about where to protect today. For example, biodiversity prioritization models with high discount rates (Figure 3.2C) favored counties that may be rich in species today but experience species losses under future climates. Priorities shift as discount rates lower. Lower discount rates put more emphasis on future benefits and thus, places that will become important in a few decades take on higher priority in today’s decisions (Figure 3.2A). In the SI, we show how the choice of discount rates impacts what protection priorities emerge across a range of model scenarios (SI Appendix). These scenario comparisons indicate that discount rates moderate how important assumptions about future emissions scenarios or species dispersal behaviors are when basing conservation recommendations on climate projections. Additionally, we applied our findings to a second suite of models across the coterminous US with forest cover as our benefit (SI Appendix), where this second application does not integrate effects of climate change. We include this second example to explore the effects of discount rates in a situation where less change through time in where is most threatened is predicted. These results combined with those presented above depict that contrasting conservation priorities are most apparent when variables important to calculating ROI are characterized by spatio-temporal heterogeneity, as represented in our models by shifting patterns in potential gains from protection as climate change plays out. Our finding that the choice of discount rates determines spatial protection priorities, complements earlier work which showed that discount rates can affect optimal timing (Sjølie et al. 2013) and magnitude (Verdone & Seidl 2017) of an array of conservation efforts (e.g., invasive species control, fisheries management, timber harvest). 

We made several design choices that must be kept in mind when interpreting our results. We chose to focus on land trusts, not all environmental NGOs nor public agencies. While we believe this provides an interesting context within which to explore our questions, we recognize that things may play out differently if we focused on public agencies subject to fixed policy mandates or NGOs focused on other environmental goods. Also, in our survey, we asked about two future time periods (1 year and 10 years’ time), making our survey unsuitable for estimating the best functional form for representing inter-temporal changes in discount rates. As a robustness check we re-ran our statistical analyses using an alternative, “hyperbolic” functional form for discounting (Mazur, 1987; SI Appendix). 

When using a modeling approach to illustrate how the variation in discount rates that we observed could influence conservation priorities, we had to make many assumptions. For example, we chose to focus on decisions concerning what land should be prioritized for protection today, a common point of discussion for land trusts and conservation actors. However, we could also have focused on decisions regarding whether prioritizing land for protection today makes sense or whether land trusts would be better served by saving and waiting to protect land in the future (Iacona et al. 2017; Lennox et al. 2017). Doing so would have allowed an exploration of other related concepts like option value (Fisher 2000). Additionally, when examining the effect of discounting of future benefits, we considered a benefit flow starting in 2020 carried through 2050. With only two time periods included the elicitation survey, we cannot preclude the possibility that discount rates further into the future could show a more or less pronounced decline than is reflected in the two functional forms we considered. We also focused on ROI offered by different counties, which could overlook important fine-scale benefits or landscape heterogeneity. Regardless of this shortcoming, county is a relevant spatial scale because authority for land use planning typically lies at local county levels in the US (Huber et al. 2010) and the smallest land trusts surveyed function at county scale. While other choices could have been made regarding these and other aspects of the model, we believe our choices were justifiable and adequate to illustrate the basic point – that the variation in discount rates we observe could have implications for what priorities for protection are identified today.   

[bookmark: _Hlk92193423]We find that conservation practitioners discount financial and environmental domains, but differently through time and at higher rates than typically used in policy. We show that this range of values can influence conservation priorities. There are implications for our particular context. High discount rates imply insecurity among land trusts. Such insecurity has likely increased during the global pandemic and a second economic recession within two decades (Bakker et al. 2010; Elliott 2011). If we are to rely on private organizations to reach global conservation goals, we need to build resiliency into these organizations if they are to be able to plan for the long-term. In efforts to understand the financial resiliency of these organizations, a worthwhile complement to this work would be to explore preferences for near-term or long-term ecological benefits among land trust supporters and donors. Average discount rates this high suggest that practitioners are likely going to bet on near-term gains and places that are immediately threatened. However, discount rates this variable also means that the conservation community needs to have open dialogue over what future priorities should be. 
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We conducted surveys at the 2019 National Land Trust Rally, a conference specifically for land trust practitioners. We used QuestionPro.com to conduct choice-based surveys, which asked respondents to choose between two options. We used this type of survey because it is easier for respondents to understand and has shown to be a better predictor of intertemporal choices than matching methods (Hardisty et al. 2013b). Specifically, we used a dynamic multiple staircase method, which funneled respondents towards their indifference point efficiently by dynamically selecting choice pairs based on respondents’ previous responses (Hardisty et al. 2013b). Respondents self-selected into the survey at the conference. 

Lastly, we asked demographic questions (e.g., years working in conservation). If the respondent supplied the name of the organization they worked for, we used data provided by the Land Trust Alliance (e.g., amount of land owned and under easement) and Guidestar.org (e.g., Liability to Asset Ratio). Table S3.1 shows a full list of variables provided, while Figure S3.1 through Figure S3.4 compare demographics of the US Land Trust Census with our sample. With the hope of increasing the number of responses, respondents had the choice to opt into a lottery drawing for a donation to their respective organization (Singer & Ye 2013; Mercer et al. 2015).
[bookmark: _Toc95471904]Exemplar survey questions

Below you will find exemplar survey questions for the financial and environmental domains with a one-month delay (near-term) and one-year delay (long-term). For the financial scenarios, the immediate amount was always fixed at $10,000. Each scenario began with a choice of $10,000 next month or $10,000 in the future. We asked about both next year and in 10-years. Subsequent questions in each staircase were chosen dynamically based on the respondent’s choice. If the respondent chose the near-term option, the future amount would increase. If the respondent chose the delayed option, the future amount would decrease. The future amount was chosen to be 50% the between the previous amount and the maximum or minimum, as appropriate. Each staircase consisted of up to five questions. 

We used the same methods for environmental attributes. The immediate amount was fixed at 50 acres next month. To avoid ordering effects, we randomized the order of the scenarios relating to the financial and environmental domains. At the end of the survey, we asked the respondent which organization they currently worked for; how long they have worked in conservation; if they worked with financial aspects of their organization; and if their organization borrows money, has a bequest program, or if it has a legacy program.







Scenario #1A donor is considering two possible formats for a gift to your organization: a one-time donation of $10,000 next month or a one-time gift in the future guaranteed with a legally binding agreement. Either way, the funds would go to your local organization, office, or chapter. 

[image: Graphical user interface, application

Description automatically generated with medium confidence]
From the perspective of your current role in your organization, which option would you prefer?  
1. $10,000 donation next month
2. $10,000 donation next year
3. No preference

Now let's change the future amounts. From the perspective of your current role in your organization, which option would you prefer?  
1. $10,000 donation next month
2. $9,000 donation next year
3. No preference

Now let’s change the future amounts. From the perspective of your current role in your organization, which option would you prefer?  
1. $10,000 donation next month
2. $15,000 donation next year
3. No preference

Scenario 2 of 2 A donor is considering two possible formats for a gift to your organization: a one-time donation of 50 acres now or a parcel of land in the future guaranteed with a legally binding agreement.   Beyond size, assume that the pieces of land have equal conservation value per unit area (e.g., similar access and use, similar biodiversity and abundance of native species). If you choose the future option, the land in the meantime will be used in a manner not in line with your mission. When answering these questions, please assume costs of stewardship and monitoring of the newly acquired lands will also be covered by the donor. We appreciate you sticking with us and answering these questions!
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Description automatically generated]

From the perspective of your current role in your organization, which option would you prefer?  
1. 50 acre donation next month
2. 50 acre donation next year
3. No preference

Now let's change the future amounts. From the perspective of your current role in your organization, which option would you prefer?  
1. 50 acre donation next month
2. 45 acre donation next year
3. No preference

From the perspective of your current role in your organization, which option would you prefer?  
1. 50 acre donation next month
2. 90 acre donation next year
3. No preference


[bookmark: _Toc95471905]Data provided by the Land Trust Alliance and GuideStar

Table S3.1. Land trust demographic variables gathered from the Land Trust Alliance and GuideStar. 
	Variable
	Description

	Data from Land Trust Alliance

	City
	City of the land trust headquarters. 

	State
	State of the land trust headquarters. 

	Zip
	Zip code of the land trust headquarters. 

	Year founded
	Year the land trust was founded.

	No. Full Time Employees
	Number of full-time employees working at the land trust as of 2019.

	No. Part Time Employees
	Number of part-time employees working at the land trust as of 2019. 

	No. Financial Supporters
	Number of financial supporters of the land trust as of 2019. 

	States of operation
	Other states the land trust operates in.

	Acres Owned
	Number of acres owned by the land trust as of 2019. 

	Acres Under Easement
	Number of acres under easement by the land trust as of 2019. 

	Total Acres
	Total number of acres owned and under easement by the land trust as of 2019. 

	Accreditation Status
	Accreditation demonstrates that a land trust has implemented Land Trust Standards and Practices developed by land trusts in the USA (Alliance 2021).

	Terrafirma Status
	Pooled risk and litigation insurance for land trust organizations in the US (LLC 2013).

	Data from GuideStar
	

	Total Revenue
	Total revenue in USD$ of the land trust as of 2017. 

	Total Expenses
	Total expenses in USD$ of the land trust as of 2017.

	Total Liabilities
	Total liabilities in USD$ of the land trust as of 2017. 

	Total Assets
	Total assets in USD$ of the land trust as of 2017. 

	Liquid Fund Interval
	The number of months an organization could operate if all incoming revenue stopped (Larson et al. 2014).

	Personnel Expenditure Ratio
	Ratio of costs spent on personnel to total expenditures (Larson et al. 2014).





[bookmark: _Toc95471906]Comparison of Land Trust Census to surveyed land trusts
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Figure S3.1. Distribution of hectares owned and under easement by land trusts for all land trusts in the Land Trust Alliance (light blue) census and for land trusts in the survey (dark blue). 
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Figure S3.2. Distribution of year founded by land trusts for all land trusts in Land Trust Alliance census (light blue) and for land trusts in the survey (dark blue). 
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Figure S3.3. Distribution of the number of full-time employees by land trusts for all land trusts in Land Trust Alliance census (light blue) and for land trusts in the survey (dark blue).



Figure S3.4.  Distribution of land trusts from the Land Trust Alliance census and land trusts in the survey by region in the US, as defined by the Land Trust Alliance. 


[bookmark: _Toc95471907]Appendix SI2: Discount rate functions

In the main text, we estimated discount rates based on the traditional exponential model. A subject would be indifferent between two options assuming exponential discounting if: 

     
 					Eq. S1

[bookmark: _2et92p0]where V is the present value of a good, A is the Future Amount, t is the time delay, and  is the individual’s discount rate for a specific good.

We chose to use exponential discounting to make our results as comparable as possible to a wider practice in conservation and natural resource applications. With our statistics, we then offer an explicit test of whether assuming the discount rate is constant through time is justified and find that it is not for the environmental domain.

An alternative approach would have been just to assume a priori that discounting is hyperbolic, which assumes that discount rates decrease such that long-term costs and benefits are discounted at a lower rate than more immediate costs and benefits (Mazur 1987; Prelec 2004). This type of function allows for long-term costs and benefits to have more relevance when evaluating projects. We chose not to do this to ensure our formulation would be as familiar as possible to a broad cross-section of conservation scientists and practitioners. Below we offer a sensitivity test of whether our conclusions would have differed had we assumed one of those alternative functional forms. Specifically, following hyperbolic discount function (Mazur 1987):


 					Eq. S2

where all variables are previously defined. 

We find the same pattern in calculated discount rates when assuming this alternative functional form as we find when using the exponential version. Discount rates (), as defined in the new function this time, for the financial domain are similar to the environmental domain one year out but diverge with a 10-year delay (Table S3.2). 


Table S3.2. Statistics of respondents’ discount rates for each domain using a hyperbolic (non-constant) form. 
	
	
	1-year Delay
	10-year Delay

	Good
	Median (IQR)
	N
	Median (IQR)
	N
	Median (IQR)

	Money
	0.25 (0.06, 0.7)
	80
	0.15 (0.03,0.54)
	71
	0.40 (0.11, 0.7)

	Land
	0.16 (0.03, 0.55)
	80
	0.20 (0.03,0.7)
	80
	0.11 (0.03,0.4)


*3 people missed or skipped the questions regarding land donation with the 10-year delay, while 6 people maxed out the same questions (i.e., those regarding a land donation with a 10-year delay). All 9 were not included in the analysis.


[bookmark: _Toc95471908]Appendix SI3: General linear mixed model
[bookmark: _Toc95471909]Model specifications

We used a generalized linear mixed model (GLMM) with weighted variance because data were heteroscedastic (Bartlett test). First, we fitted a base model without any covariates: 

     Eq. S3

where i is an individual, j is a given response for individual i, is the random error term, which accounts for heterogeneity across individuals, while accounts for heterogeneity across an individual’s responses. Hence forward, the term  is referred to as the interaction term. We present the results from fitting Eq. S3 as our base model case.
 
We then used a GLMM to explore the robustness of our results in the context of individual characteristics of land trusts and respondents on quantified discount rates (Table 3.1). We again used a GLMM with weighted variance because the data were heteroscedastic. We divided our robustness checks into three broad classes: 1) Respondent or person specific traits (Eq. S4); 2) Financial flexibility of the organization (Tuckman & Chang 1991; Larson et al. 2014) (Eq. S5); and 3) Non-financial characteristics of the organization (Eq. S6). Domain, delay, and the interaction term were of particular interest and, hence, were included in each model. Discount rate was modelled with all three sets of variables as three separate robustness checks (Dallimer et al. 2009). For the complete set of models, we calculated the AIC, the difference in AIC for that model relative to the best-fitting model and the Akaike weight (wi). To explore each of the classes of explanatory variables together, variables from each with the highest k, the probability of each individual explanatory variable appearing in the best-fitting model, were included in a further model, which we call the Joint Model. All analysis was completed in R version 3.6.3 using package nlme.

								Eq. S4

 			Eq. S5

 							Eq. S6

where YearsInCons is the respondents’ years working in conservation, FinAspects is if the respondent works with financial aspects of their land trust, HectaresOwned is the number of hectares owned by the land trust, Acc is if the land trust is accredited, HectaresTotal is the total number of hectares owned and under easement with the land trust, and all other variables are as written in Table 3.1. Variables in brackets represent categorical variables. 

Because we had a particular interest in whether practitioners discounted differently in different domains, we included a domain x delay interaction effect. However, we did not consider further interactions lacking reasons to prioritize some interactions from among the many that are possible with this many variables. 
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Our survey design allowed us to examine differences in how individuals discount environmental and financial goods and benefits (domain) experienced near-term or sometime in the future (delay). We found that delay and the interaction effect between delay and domain were significant (p < 0.05, Figure 3.1). 

To examine the robustness of these findings to alternative specifications of our statistical model, we re-estimated the models when accounting for other factors that might affect how organizations weigh future benefits and costs, such as land trust expenditures and the amount of land owned by the land trust. In our robustness checks, the best model with respondent specific traits included if the respondent dealt with financial aspects of the land trust; the best model with financial flexibility covariates included the amount of liquid funds the organization had; and the best model for non-financial characteristics of the land trust included Land Trust Accreditation, but the model that included Terrafirma had an AIC value close to that of the best model (Table S3.3).  However, no such demographic variables had significant effects on discount rates when also considering the effects of delay and the interaction effect between delay and domain (Table S3.3). As seen in Table S3.3, the base model has the lowest AIC, implying it is the overall best model. As an additional robustness check, we ran the base model without weighted variances. Our results were robust with or without weighted variance.


Table S3.3. Robustness results for the relationship between discount rates and each set of explanatory variables, in addition to the base model, as determined from generalized linear mixed models. The AIC for the overall best model (lowest AIC) for each set of variables is shown with the number of models appearing in the ΔAIC<2 and the Akaike weight (wi), which represent the relative likelihood of the model.
	Explanatory variable set
	AIC for best model
	ΔAIC<2
	wi

	Base model
	-186.740
	-
	

	Respondent traits
	-180.416
	1
	0.9732

	Financial flexibility
	-174.766
	1
	0.7507

	Non-financial characteristics
	-180.327
	2
	0.5129

	Joint model
	-180.416
	2
	0.4868








Table S3.4. Estimate, standard error (SE), and p-value of the covariates in the base model. 
	Covariate
	Estimate
	SE
	p-value

	Delay
	-0.18
	0.03
	<0.05

	Domain
	-0.05
	0.03
	0.1612

	Delay*Domain
	0.11
	0.04
	<0.05





[bookmark: _Toc95471911]Appendix SI4: Details on return-on-investment models

This appendix provides additional detail for our return-on-investment (ROI) models and solutions. 

We included ROI model runs in the main text to illustrate how the variation in discount rates we found in the surveys could affect land protection strategies. Here we present further details for that model, in addition to a prioritization with forest cover as the benefit across the coterminous USA. We compared ROI in terms of a flow of benefits associated with maintaining forest cover and biodiversity using survey results with land cover change data from 2020 to 2050 (Wear 2011), projected future ranges for 258-forest dependent species (Zhu et al. 2021), and both uniform costs and predicted costs of purchasing land when functioning as a conservation organization (Le Bouille et al., in review). 

For our illustration, we needed a modeling framework that describes land use changes resulting from conservation actions and how these determine ecological outcomes. We also needed a method for identifying priority strategies so we can show how these change under different discounting assumptions. There are a number of alternative modeling frameworks that would allow this (Moilanen et al. 2009; Groves & Game 2016). Here we adapt one from Armsworth et al. (2020) while recognizing other choices could also have been made. We focus our analyses here on comparing how discounting assumptions affect model outcomes. The original paper laying out the modeling framework includes detailed sensitivity testing of many other assumptions, such as the efficacy of fine-grain spatial targeting of protection efforts, the ecological value of private unprotected land and different representations of species persistence. 
[bookmark: _Toc95471912]Methods for return-on-investment models

Discounting assumptions and scenarios

We assume all land is purchased in 2020 using present-day purchase prices. Using upfront acquisition cost, rather than focusing on fixed term rental contracts, means we are relying on market expectations to handle discounting of future financial returns from land. This allows us to focus our analyses on variations in discount rates we observed for goods in the environmental domain itself. Implicitly, we are exploring consequences of domain-specific discount rates when we consider upfront land acquisition at present day prices and explore variations in the environmental discount rate in our benefit function. 

In the main text, we showed results while assuming the flow of ecological benefits is subject to exponential discounting with a constant discount rate through time (Eq. 1). We illustrated the case of a constant discount rate function to make our main text results as comparable as possible to a wider practice in conservation and natural resource applications. Specifically, we showed model results using the median value and extreme values from our survey regarding discount rates in the environmental domain in Figure 3.2 and Figure S3.5-S3.8 to illustrate how the variation in individual practitioner discount rates can influence spatial variation in conservation priorities. 

We also complement the constant discount rate results in the main text by examining how priorities are affected by assuming a declining discount rate in the environmental domain, something also suggested in our surveys (Figures S5-S8). We found the hyperbolic discounting function, as defined in Appendix S2 Eq. S2 to align adequately with survey results for the purposes of this additional illustration. To be thorough, we compared declining discount rates to constant discount rates at two values. We ran declining discount rates with the average equaling that of the highest values observed (0.74) and then that with an average equaling the median (0.119) of those observed in our survey. 

Land use change model

One set of ROI models focused on forest protection across the conterminous US. While a second set of ROI models focused on species conservation in the Appalachian Mountains. The second set of models rely on the same underlying land use change model, which we describe briefly below. Additional details can be found in Armsworth et al. (2020). The model focuses on land cover change in counties across the US. Within counties, we classify land use into three broad types: areas that are fully protected from habitat conversion, areas where habitat has been converted to intensive agriculture or development such that it no longer provides ecological benefits, and areas that are unprotected but still retain habitat that can provide some environmental benefit. Newly protected areas created by conservation spending in a region would change the proportions of these three land uses. When evaluating where any new protected areas should be established, we integrate threat by accounting for projected future habitat conversion if additional protected areas are not established. We also account for existing protected areas before considering the added value of investing in additional protection in a county.

Formalizing these assumptions following Armsworth et al. (2020), we let w be the area of a county (see Table S3.5 for a summary of notations used in the land use change model). We use subscripts e and o to distinguish these past and present activities. The pre-existing protected area is re; the pre-existing converted area is de; the area that would be converted in the present if no future conservation action were taken today is do; and the area that will be protected if given additional investment ro. If we are to invest (x) in land protect today, the cost of protecting land (c) links the additional investment (x) to the additional land protected (ro): 

 							Eq. S7

Hence, protected area in the focus area becomes . When investing in land protection, however, some of that newly protected land may overlap with areas that would have otherwise been converted to intensive agriculture or development; β is a measure of such overlap. Another possibility is that the newly protected land shifts conversion threat; γ indicates what proportion of that conversion threat is displaced onto other unprotected land that would otherwise have gone unconverted. We assume focal areas are large enough that any displacement occurs within the same area. Staying consistent with Armsworth et al. (2020), we set (1-γ)β = 0.5. 

Thus, the amount of habitat on unprotected land in the future is the total area of the region, minus the area protected and the area that will be converted:

			Eq. 8

Table S3.5. Notations and associated descriptions used in land use change model.
	γ
	Indicates how much of the conversion pressure is displaced onto other unprotected sites as a result of establishing new protected areas

	β
	Indicates whether new protected areas target areas that would otherwise have been converted

	c
	Cost of protecting a hectare of land

	w
	Focal area

	t
	Time delay from 2020 through 2050, where 2020 = 0 and 2050 = 30

	de
	Area converted to development or intensive agriculture in the past

	do
	Area that would be converted in the present if no future conservation action were taken today

	re
	Area protected through past conservation actions

	ro
	New area that will be protected today if given additional investment

	x
	Investment today
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Ecological Benefit Functions

Forest Cover of the Contiguous US

For one illustration, we investigated the ROI of the flow of benefits in terms of forest cover across the contiguous US (CONUS) at county scale. We assume that fully protected areas have the greatest contribution to forest cover and/or species habitat. Thus, we assign a relative weight of 1 to 1 ha of protected land to signify its ecological value. For areas that remain unprotected, but have usable habitat, we assume intermediate quality. We represent its relative weight with α ∈ [0,1]. We assume once an area has been converted to intensive agriculture or development that is has no ecological value (weight of 0) and that such conversion is irreversible. 

Although there are many model possibilities, we adhered closely to a formulation in Armsworth et al. (2020). To do so, we define our benefit as forest cover, which includes both protected areas and unprotected, unconverted lands in a county through four decadal timesteps: 2020, 2030, 2040, and 2050. We summed the benefits with investment in terms of forest cover (f) across the four decadal timesteps (t) within a given county (k) 

 		Eq. S9

where the inclusion of 10 in the exponent is to reflect the decadal time-step.

Biodiversity persistence of the Appalachian Mountains

Presented in the main text, we developed a prioritization model that focused on the Appalachian Mountains and incorporated a second spatio-temporal threat: climate change. We explored ROI in terms of a flow of benefits associated with biodiversity across the Appalachian Mountains from 2020 to 2050. We looked at predicted species ranges of 258 terrestrial forest-dependent species of conservation concern across 292 counties in the Appalachian Mountains (Zhu et al. 2021). 

We use the same land use change model described in a previous section, keeping the same α values for types of land described above. With the focus on biodiversity, we include the species’ ranges within the focal area through time. We follow the pessimistic model in Armsworth et al. (2020), which assumes that protected areas cover species’ ranges proportionally to the area protected and amount of a species’ range found within each focal region. We first calculate the ecological benefit metric (b) with investment for a given species (s) within county (k) at a given timestep (t). 

 				Eq. S10

We assumed the persistence of the species was based on the amount of forest protected inside the species range in the future as well as the area of forest that remains unprotected but will not be converted, while still assuming the latter is not as valuable for supporting the species’ persistence (Armsworth et al. 2020). Following past studies (Rodrigues et al. 2004; Armsworth et al. 2020), we used a piecewise linear, “hockey-stick” function to represent the persistence probability for a species (P) at each timestep. We assigned species-specific values based on the species’ landscape range size. We assumed persistence of large range species when only 10% of its range is protected, while small-range species will only be guaranteed persistence when its whole range is protected. We defined small-range species as those with ranges less than 106 hectares (14.7% of species), while large-range species as those with ranges larger than 1.3x107 hectares (32% of species). These choices are comparable to past applications (Rodrigues et al. 2004; Armsworth et al. 2020) and the B1 in the IUCN Red List. Additional sensitivity tests and model specifications can be found in Armsworth et al. (2020). 

We then incorporated species persistence into our biodiversity objective, where we summed ecological benefits across the four timesteps (t) for all species (s) within a county (k). 

 		Eq. S11

Return-on-investment Models and Priority Sites

We also need a representation of conservation decision-making to be able to evaluate how priorities change when making different discounting assumptions. Here we focused on a ROI approach by considering the marginal gain in the conservation objective functions Eqs. S9 and S11 when making an initial investment into each county. We specifically asked, if a practitioner could invest an additional dollar in land protection, which counties would have the greatest returns on investment in terms of benefits from retaining forest habitats or in terms of the number of species expected to persist through time? The resulting ROI estimates integrate spatial heterogeneity in the distribution of species and forests, threats of habitat conversion, and conservation costs. These estimates also focus on additionality, by considering the value added by conservation investment into each county relative to a counter-factual model of future land conversion absent that additional investment. As well as mapping ROI for all counties (Figure 3.2, Figures S5 -S8), we also summarize agreement levels in ROI when comparing particular model scenarios using the percent overlap in counties offering the highest ROI (top 10%). 

An alternative approach would have been to focus on optimizing an allocation of a fixed budget for land protection across counties. Focusing on ROI has the advantage that it allows the potential contribution of every county to be mapped and compared. In past applications of this modeling framework, investing in the highest ROI counties has proven very close to optimal (Armsworth et al. 2020). Because in this paper we focused only on the initial investment made into each county, we do not need additional measures to account for species complementarity beyond accounting for patterns of past protection.

We compare ROI per county when adopting different assumptions. We first look at ROI of the flow of benefits of forest cover across CONUS. We use both heterogeneous costs and uniform costs because the predicted costs of purchasing land for protection has high variability (Le Bouille et al., in review) and appeared to wash out other potential signals. We first ran the models with a constant discount rate to stay consistent with the wider conservation literature, but we also ran models with declining discount rates because of the trends observed in our survey results. 

We then look at ROI across the Appalachian Mountains of the flow of benefits from biodiversity persistence. We do so to both incorporate a second spatio-temporal threat, climate change, and to investigate if discount rates have an effect at a smaller regional scale. The smaller scale allowed for less variation in heterogeneous costs. 

Other datasets informing ROI models

To account for future conversion threat, we used projections of future land cover change (Wear 2011). We used predicted decadal land cover change across the US from 2020 to 2050 (Wear 2011) and we defined currently protected areas as those with GAP status 1 or 2. 

We considered a situation where the conservation organization would buy land to set aside for protection, using data on recent land acquisition costs (Le Bouille et al., in review). To illustrate the effect of costs, we also included runs where we ignored this cost variation.

For the biodiversity prioritization model, we use projected future ranges for 258 forest-dependent species of policy concern, including 75 amphibians, 89 birds, 54 mammals, and 40 reptile species (Zhu et al. 2021) across 292 counties in Appalachia. For projected future ranges, we use RCP 4.5 (moderate greenhouse gases emissions scenario) based on the CCSM4 general circulation model with full dispersal. We exploit a previously unpublished aspect of these projected ranges – namely that projected future ranges were produced for each decade, allowing biodiversity benefits of conservation actions to be expressed as a discounted flow. We chose to model RCP 4.5 because it is a moderate estimate of future greenhouse gas emissions; we chose CCSM4 to stay consistent with assumptions made in the land cover projection model we are using (Wear 2011). We did, however, run models with RCP 8.5 (high greenhouse gas emissions) by way of a sensitivity test (Table S3.6). In the main text, we showed models run with full species dispersal, sometimes known as ‘uniform migration’. This scenario allows for species dispersal to all counties that are climatically suitable (Zhu et al. 2021). In Table S3.6 below, we also show results for a contrasting scenario with no species dispersal. For the no dispersal scenario, we assume that future ranges cannot expand from their current range; future ranges are defined by regions that will be climatically suitable in counties they currently exist (Zhu et al. 2021).  
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Contiguous United States ROI output

We found no influence of discount rates across CONUS with 100% overlap of the 10% of counties with highest returns when using heterogeneous costs. The highest ROI occurs in counties near the middle of the country, where counties have the cheapest purchasing price. This implies that variation in cost, represented here as a one-off (static) upfront acquisition cost, may be washing out any spatio-temporal variation in threat (i.e., land cover change) and for this first formulation it is that spatio-temporal threat variation that provides the opportunity for different discount rates in the ecological benefit function to shape solutions. To explore effects of discount rates without such high spatial variation in costs, we also used uniform costs. While using uniform costs, there was an effect of varying discount rates on returns with only 46.0% overlap of the highest 10% of counties. For runs with low discount rates, the highest ROI occurs where large amounts of unprotected, unconverted land still exist in 2050. 

Lastly, we explored the effects of non-constant discounting on prioritization outcomes because environmental goods were not discounted constantly through time in our survey. Rather than compare two discount rates, we compared constant discounting to non-constant discounting. While using heterogeneous costs, there is 100% overlap of the highest 10% of counties while using both constant and non-constant discount functions for both the high discount rate and the median discount rate (Figure S3.5 A, B; Figure S3.6 A, B). While using uniform costs, however, there is 50.5% overlap between models run with constant and non-constant discounting using the high discount rate (Figure S3.5 C, D) and 39.4% overlap while using the median rate (Figure S3.6 C, D). 
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Figure S3.5. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 thru 2050 with a decadal timestep. The left column depicts results with a non-constant discount rate with the average discount rate being 0.74, while the right column shows results with a constant discount rate of 0.74. The top row (A-B) is return on investment of forest cover using heterogeneous costs, while the second row (C-D) uses uniform costs. For all model runs, all else was kept the same with α = 0.25 and (1-γ)β = 0.5.  
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Figure S3.6. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 thru 2050 with a decadal timestep. The left column depicts results with a non-constant discount rate with the average discount rate being 0.119, while the right column shows results with a constant discount rate of 0.119. The top row (A-B) is return on investment of forest cover using heterogeneous costs, while the second row (C-D) uses uniform costs. For all model runs, all else was kept the same with α = 0.25 and (1-γ)β = 0.5.  


Appalachian ROI outputs

In Table S3.6 you can find the overlap statistics between model runs with differing discount rates for models run with full dispersal of species, no dispersal of species, RCP 4.5, RCP 8.5, uniform costs, and predicted purchasing costs of land as a conservation organization. When full dispersal of species is allowed and all else being equal, we find less overlap of the top 10% of counties between runs with varying discount rates across all model combinations than when dispersal is not allowed. This is likely because the full dispersal models allow for range expansions. With such a difference in ranges, paired with high discount rates favoring species that would otherwise be extirpated and low discount rates favoring areas that become important in the future, it is not surprising that full dispersal models have less overlap than those limiting dispersal to current 2020 ranges. When all else being equal, we find more overlap in the counties with highest returns between model runs with differing discount rates with RCP 8.5 than with RCP 4.5. This trend may be due to more heterogenous effects being predicted across the RCP 4.5 scenario, while all counties feel the effects of high emissions and subsequent climatic changes in the RCP 8.5 scenario. Lastly, we find more overlap with present day costs for purchasing land than with uniform costs with all else being equal (Table S3.6). Just as other factors moderate the effect of discount rates on conservation priorities, this table makes clear that the choice of discount rates in turn moderates how much other assumptions associated with using predicted climate change data matter in conservation planning efforts made today. 

We also compare results from constant discount rate functions to non-constant discount rate functions rather than differing rates. We found no difference in results (i.e., 100% overlap of the top 10% of counties) when using a declining discount rate and a constant discount rate for both uniform costs and costs from purchasing land as an environmental organization (Figure S3.7) for extreme discount rates. We then set the average of the declining discount rate to the median discount rate (11.9%) to test how robust our results were (Figure S3.8). We found 93.5% overlap of the top 10% of counties, while using heterogeneous costs (Figure S3.8 A, B). When using uniform cost, we found no difference in results when using declining discount rates and constant discount rates set to the median survey values (Figure S3.8 C, D). 

Table S3.6. Overlap of top 10% of counties (i.e., counties with highest ROIs) between runs with extreme discount rates (-0.23, 0.74) for models with constant discounting with all else being equal and other model specifications kept constant with α = 0.25 and (1-γ)β = 0.5. We ran models with both full and no dispersal of species; RCP 4.5 (moderate emissions climate change scenario) and RCP 8.5 (high emissions climate change scenario); and uniform costs (white rows) and purchasing price as if the buyer were a conservation organization (grey rows)(Le Bouille et al., in review). For model runs with non-constant discounting, the overlap measure is between models for specific discount rates with constant and non-constant discounting. 
	Full dispersal
	No dispersal
	RCP 4.5
	RCP 8.5
	Uniform Costs
	Heterogeneous Costs
	Constant Discounting
	Non-constant Discounting
	Overlap of top 10% of counties between runs with extreme discount rates

	X
	
	X
	
	
	X
	X
	
	0%

	X
	
	X
	
	X
	
	X
	
	0%

	X
	
	
	X
	
	X
	X
	
	72.4%

	X
	
	
	X
	X
	
	X
	
	20.7%

	
	X
	X
	
	
	X
	X
	
	86.6%

	
	X
	X
	
	X
	
	X
	
	55.2%

	
	X
	
	X
	
	X
	X
	
	93.1%

	
	X
	
	X
	X
	
	X
	
	62.1%

	X
	
	X
	
	
	X
	
	X
	100%

	X
	
	X
	
	X
	
	
	X
	100%
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Figure S3.7. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 thru 2050 with a decadal timestep. The left column depicts results with a declining discount rate with the average discount rate being 0.74. The right column represents those with a constant discount rate of 0.74. The first row (A-B) is return on investment of biodiversity persistence in the Appalachians using heterogeneous costs, while the bottom row (C-D) uses uniform costs. For all model runs, all else kept the same with α = 0.25 and (1-γ)β = 0.5.   
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Figure S3.8. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 thru 2050 with a decadal timestep. The left column depicts results with a declining discount rate with the average discount rate being 0.119. The right column represents those with a constant discount rate of 0.119. The first row (A-B) is return on investment of biodiversity persistence in the Appalachians using heterogeneous costs, while the bottom row (C-D) uses uniform costs. For all model runs, all else kept the same with α = 0.25 and (1-γ)β = 0.5.  
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[bookmark: _Toc95471915]Abstract

Land practitioners are attempting to slow global biodiversity declines by increasing the amount of protected habitat. Conservation planning efforts commonly focus on where to protect given the highest return on investments (i.e., greatest ecological benefit for least financial costs) and frequently occur over predefined time horizons. Here, we explore the effects of varying time horizons on where today’s conservation priorities emerge. Using land protection for biodiversity in the southern Appalachian Mountains as an example, we show that contrasting priorities exist over four decadal time horizons when incorporating the effects of land use change and climate change into return-on-investment models. Only 13.3% of counties with the highest 10% of return on investment overlap in all of the time horizons. The general results of this paper have potential application to conservation problems, such as invasive species management or restoration efforts, with varying time horizons and long-term, downstream effects. Our example demonstrates that time horizons have implications on conservation efforts. 
[bookmark: _Toc95471916]Introduction

With biodiversity declining globally, practitioners use land protection as a major strategy to slow losses and reach conservation goals (Gaston et al. 2008). The area of protected land has drastically increased in the last few decades (Watson et al. 2014; LTA 2016; Nolte 2018) with billions of dollars spent every year purchasing and managing such protected lands (Mansourian et al. 2008; Hickey & Pimm 2011; Waldron et al. 2013). Because funds are limited, however, practitioners must be strategic about how they spend such funding. 

Conservation practitioners attempt to maximize ecological benefits through systematic conservation planning of protected lands (Margules & Pressey 2000). Spatial planning efforts have begun to incorporate land use change (e.g., Polasky et al., 2008), climate change (e.g., Lawler et al., 2020), purchasing cost (Le Bouille et al., in review.; Nolte, 2020) and other such spatial heterogeneity (Riggio et al. 2020; Schloss et al. 2022). Given such spatial heterogeneity, much work until now has focused on where to protect land based on highest return on investment (ROI) over defined time horizons (e.g., Armsworth et al., 2017; Kovacs et al., 2013; Withey et al., 2012).  

When assessing conservation strategies and objectives, many researchers set defined time horizons. In conservation literature, there is wide variation in time horizons considered, ranging from 20 year horizons (Visconti et al. 2010; Wilson et al. 2011) to 100 year horizons (Fearnside 2002; Wilson et al. 2014; Lundström et al. 2016). More theoretical ecological work argues for even longer horizons (Shaffer 1981; Thompson et al. 2018). In practice, conservation organizations and government agencies, frequently use an approach called SMART (specific, measurable, achievable, relevant, and time-oriented) objectives (Bjerke & Renger 2017; Jones & Kirk 2018; Gilman et al. 2022). The time component of these objectives may be bound by organizational or management mandates (Marescot et al. 2013) or may be data limited. A focus on ecologically short time horizons could be politically favorable, but to the detriment of long-term conservation goals. A focus on longer time horizons, however, could create challenges to measure progress, especially in light of uncertainty associated with climate change. To date, the influence of these varying time horizons on conservation priorities has seen relatively little exploration in conservation research (but see Hartig & Drechsler 2008; Hauser & Possingham 2008; Dupont-Doaré & Alagador 2021). We sought to fill this gap, by assessing if differing time horizons affect today’s land protection priorities.

Using land protection as an example, we show that choice of time horizon influences today’s conservation priorities. In our return-on-investment model, we explore differences in priorities that emerge when considering an environmental benefit, specifically biodiversity, at four distinct time horizons across the southern Appalachian Mountains. Furthermore, we investigate if and how time horizons moderate the importance of other model choices, including emission scenarios, species dispersal options, and acquisition costs scenarios. Our results demonstrate that choice of time horizon changes where conservation actions should be taken today, regardless of other model choices. These results depict the need for conservation organizations and government agencies to work with similar time horizons to efficiently reach conservation goals. 
[bookmark: _Toc95471917]Methods

To illustrate the importance of chosen time horizon on conservation actions, we developed a spatial return on investment (ROI) model using discrete decadal intervals, specifically 2020, 2030, 2040, and 2050. Our model illustrates how differing time horizons alter where suggested priorities exist for protection of biodiversity. 

In this chapter, we used the same ROI model as the one described in Chapter 3 with a slight modification. Rather than focus on the influence of varying discount rates, we focused on varying time horizons. To make this shift, we removed δ, the discounting parameter, from our model. We then focused on ROI of biodiversity in the southern Appalachian Mountains at given time horizons rather than through time. Below is a brief overview of data and analysis used. For full model details, please refer to Chapter 3 in this dissertation. 

As a base model in this Chapter, we used projected future ranges for 258 forest-dependent vertebrates of policy concern (Zhu et al. 2021) across 292 counties in the Appalachian Mountains for RCP 4.5 (moderate greenhouse gases emissions scenario) based on CCSM4 general circulation model with full dispersal. We chose to model RCP 4.5 because it is a moderate estimate of future greenhouse gas emissions; we chose CCSM4 to stay consistent with assumptions made in the land cover projection model we use (Wear 2011). For our ROI model, we focused on areas not already protected today. To account for future conversion threat, we used projections of future land cover change (Wear 2011). Again for the base model, we considered a situation where the conservation organization would buy land to set aside for protection, using data on recent land acquisition costs (Le Bouille et al., in review). 

With the base model (RCP 4.5, full species dispersal, with predicted purchasing costs), we first compared results across all of the time horizons (Table 4.1) and then compared results between each time horizon (Table 4.2). To make such comparisons, we first present Pearson correlation coefficients. Additionally, we use the percent of overlap in counties with highest ROI between model runs as a measure of how sensitive recommendations are to each time horizon. We use this overlap metric because it focuses on best sites, those that practitioners would likely be most interested in. A high overlap score indicates the scenarios have similar priorities and respective recommendations are not particularly sensitive between those time horizons. A low overlap score indicates two scenarios have differing priorities and recommendations would be sensitive to the change time horizon. We then explored the correlations between results at each time horizon with amount of urban land use, predicted purchasing costs, and for time horizons beyond 2020, species richness, and the change in species richness. (Table 4.2). We did so to begin to investigate what is driving the variation in ROI for each time horizon. 

To explore the effects of modeling choices in the context of multiple time horizons, we re-ran the ROI model with differing choices. Specifically, we ran all model combinations with regards to RCP 4.5 and RCP 8.5, full species dispersal and no species dispersal, and lastly, those with predicted purchasing costs (i.e., heterogeneous costs) and those with uniform purchasing costs. We first compared results from all four time horizons for each scenario and present the same overlap metric (Table 4.1). To dig deeper, we looked at each time horizon for each model choice. To do so, we explored the effects of changing one model choice at a time. We again present overlap metrics of the top 10% of counties with the highest ROI (Table 4.3). 
[bookmark: _Toc95471918]Results

While using both predicted purchasing costs and uniform costs, we found 13.3% overlap of the top 10% of counties (Figure 4.1, top two rows of Table 4.1) among models runs across all four time horizons. In Table 4.2, we disaggregate this overall picture to show the correlation of log ROI and overlap metric across each pairing of time horizons. Unsurprisingly, there is the least amount of overlap between top priorities that emerge if focusing on benefits in 2020 versus when focusing on benefits in 2050. 

We also sought to understand why particular counties emerged as having higher or lower ROI values and whether these reasons were stable when evaluating outcomes against the different time horizons. The counties with the highest ROIs are relatively cheap across all time horizons, having a negative correlation with ROI. Additionally, high ROIs are negatively correlated with the amount of urban land use in a given county at a given time horizon (Table 4.2). Meanwhile there was not a clear signal regarding the current species richness or change in species richness in a county. Change in overall species richness overlooks within county dynamics, however, if a species is already present. Hence, we specifically looked at species ranges that expanded within or into the county at a given time horizon. We found that the high ROIs for counties in 2050 is partially driven by species ranges that expanded within or into the county in 2050, which may not have been possible without further investment (p-value = 0.06). This means that these high benefit species would not have contributed to models if you were planning for immediate benefits. 

We tested whether our results regarding the effect on priorities of the choice of time horizon was consistent across model runs with varying future assumptions (RCP 4.5 vs. RCP 8.5, full dispersal of species vs. no dispersal of species, uniform vs. present-day purchasing costs, Table 4.1). In later rows in Table 4.1 you can find the overlap statistics among the priorities that emerge across the time horizons for these alternative model specifications, analogous to the 13.3% overlap we found for the base model specification. For example, when full dispersal of species is allowed, we find much less overlap of the top 10% of counties between runs with
[bookmark: _Toc95113351]Table 4.1. Overlap of top 10% of counties (i.e., counties with highest ROIs) among runs with varying time horizons with all else being equal and other model specifications kept constant. We ran models with both full and no dispersal of species; RCP 4.5 (moderate emissions climate change scenario) and RCP 8.5 (high emissions climate change scenario); and uniform costs (white rows) and purchasing price as if the buyer were a conservation organization (grey rows)(Le Bouille et al., in review). 
	Full dispersal
	No dispersal
	RCP 4.5
	RCP 8.5
	Uniform Costs
	Heterogeneous Costs
	Overlap of top 10% of counties among varying time horizons 

	X
	
	X
	
	
	X
	13.3%

	X
	
	X
	
	X
	
	13.3%

	X
	
	
	X
	
	X
	16.7%

	X
	
	
	X
	X
	
	20.0%

	
	X
	X
	
	
	X
	43.3%

	
	X
	X
	
	X
	
	43.3%

	
	X
	
	X
	
	X
	43.3%

	
	X
	
	X
	X
	
	36.7%




[bookmark: _Toc95113352]Table 4.2. Correlation of log of the return on investment (ROI) for each time horizon with the other three time horizons, predicted purchasing costs, species richness, change in species richness, number of species range expanded within the county, and amount of urban land within the county at the time horizon. The asterisks indicate significant correlations and those without asterisk are not significant with p>0.05. The values inside the parenthesis represents the percent overlap between the top 10% of counties at each time horizon. 
	
	2020
	2030
	2040
	2050

	2020
	X
	0.419*** (30.0%)
	0.831*** (60.0%)
	0.161* 
(13.3%)

	2030
	X
	X
	0.665*** (43.3%)
	0.846*** (70.0%)

	2040
	X
	X
	X
	0.505*** (26.7%)

	Cost
	-0.304***
	-0.452***
	-0.277***
	-0.343***

	Species richness
	0.033
	-0.018
	0.033
	-0.021

	Change in species richness
	NA
	-0.004
	0.021
	 -0.021

	Number of species ranges expanded 
	NA
	0.016
	-0.013
	-0.107

	Urban land
	-0.207***
	-0.270***
	-0.188**
	-0.206***


*** p <0.0001; ** p <0.001; * p<0.01


Table 4.3. Overlap of top 10% of counties (i.e., counties with highest ROIs) between model runs with the same time horizon with different model choices. Using a model run with RCP 4.5, full dispersal, and heterogeneous purchasing costs as a base model, we compared the effects of changing one model choice at each time horizon. 
	
	2020
	2030
	2040
	2050

	RCP 4.5 vs. RCP 8.5
	100%
	73.3%
	63.3%
	26.7%

	Full dispersal vs. No dispersal
	100%
	83.3%
	63.3%
	33.3%

	Heterogeneous costs vs. uniform costs
	53.3%
	56.7%
	56.7%
	60.0%
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[bookmark: _Toc95113361]Figure 4.1. Visualization of return-on-investment models at county scale. The color scale represents the rank of results with yellow being the highest rank i.e., highest return on investment from 2020 thru 2050 with a decadal timestep. A represents the priorities that emerge if you are planning for 2020, while B represents those for 2030, C for 2040, and D for 2050. For all model runs, all else kept constant.   

 varying time horizons across all model combinations than when dispersal is not allowed (13.3-20% with dispersal versus 36.7-43.3% with no dispersal). Meanwhile, we find similar levels of overlap with models run with RCP 8.5 and those run with RCP 4.5 across all time horizons. 

To explore sensitivity to model assumptions further, we compare priorities within time horizons but across model assumptions in Table 4.3. This additional comparison reveals for example that agreement over priorities between runs assuming full dispersal and no dispersal, or RCP 4.5 and 8.5 breaks down the longer the time horizons being considered. In contrast, agreement levels under different cost assumptions are largely consistent, likely because costs are not playing the sort of dynamic role in determining ROI that the choice of RCP scenario and dispersal scenario are. From Table 4.3, you can see that choice of time horizon moderates the level of importance other modeling assumptions have on emerging conservation priorities. Just as other factors moderate the effect of time horizon on conservation priorities, these results make clear that the choice of time horizon in turn moderates how much other assumptions associated with using predicted climate change data matter in conservation planning efforts made today. 

[bookmark: _Toc95471919]Discussion

Meeting the conservation goals of protected area programs requires evaluating relative priorities regarding where to protect. Understanding the effects of time horizons on conservation goals is crucial for conservation organizations and governments involved in protection programs because it could affect such decisions. Using ROI models, we explored the effects of time horizons on land protection priorities. Our prioritization models show that regardless of other model assumptions, time horizon influence where land protection priorities emerge. 

[bookmark: _Toc95113353]We find that time horizons influence where land protection priorities emerge today. Longer time horizons favor areas with future habitat, but priorities shift when shorter time horizons, similar to those mandated by federal governments, are considered. Short-term time horizons favor areas with immediate benefit without regard for long-term suitability of habitat. Such time horizons can change with political favor (Newediuk et al. 2021). With relatively short-term time horizons regularly mandated by government entities, however, they could be maximizing short-term gains at the cost and detriment of long run conservation goals. These findings about the role of time horizons in determining where should be priorities to protect are similar to those in a theoretical study by Hartig and Drechsler (2008). Those authors found that time horizons at which species survival probability are calculated has an impact on conservation decisions when survival of multiple species is considered. Similarly, Dupont-Doaré & Alagador 2021, found that time horizons at which species persistence is evaluated influences land protection priorities.

Because such uncertainty exists with longer time horizons, conservation frequently happens through an iterative process. For example, the US Fish and Wildlife Agency mandates that each state develops a State Wildlife Action Plan to conserve wildlife and habitat before they become too rare. From 2005 onwards, such plans must be updated every 10 years (US FWS 2017). Meanwhile the European Environmental Commission requires member states to report environmental progress every six years (European Commission 2020). This approach allows for adaptation of management actions to adjust for uncertainty, such as that associated with the effects of climate change. If one were to treat each iteration as a given time horizon, our results suggest that could reduce the effects of varying model choices. At the same time if an iterative policy process is envisioned, whether one based on adding new full protected areas or based on short-term contracts with landowners, a better modeling approach would embed this iteration inside a dynamic optimization.

Our results also showed that the choice of time horizon affects the level of importance of other modeling choices. For example, spatial priorities were not particularly sensitive to assumptions about species dispersal or choice of RCP scenario when focused on near-term goals (2020 or 2030). These differences only emerged when focused on conservation outcomes in 2040 or 2050, the sort of time horizons that are needed to see climatic differences start to emerge. While many studies focus on the effect of refining ecological assumptions behind climate projections, our results suggest this work may only be relevant to the subset of conservation organizations that is able to plan over longer time horizons (Armsworth et al. 2015). In a somewhat similar vein, Hauser et al. (2008) showed using a theoretical model of harvest strategies that management actions intended to enable learning about ecological systems through active adaptive management would only make sense for organizations working over long enough time horizons.

In our model design, we made several choices that should be kept in mind when interpreting our results. We modeled ecological benefits at county grain. At this spatial scale, we could have overlooked important fine-scale dynamics of benefits or more heterogeneity across the landscape. Despite this, we believe that county is still a relevant spatial scale because planning for land use frequently occurs at local county levels in the US (Huber et al. 2010). Additionally, we chose to focus on priorities for protection today. We believe our choices were justified to illustrate our point – choice of time horizons influences where land protection priorities emerge. 

We find that choice of time horizon influences land protection priorities, regardless of other modeling choices, such as RCP scenario and dispersal capability of a species. Such wide differences in protection priorities at varying time horizons means that organizations and governmental agencies at both local and federal levels should deliberate carefully over what time horizons to use when setting conservation goals and developing conservation plans. These organizations also then need to make sure their activities are in line with the time horizons they choose. For land protection organizations that rely on donation, such as land trusts, this may mean there are advertisement opportunities to donors that prefer their dollars go to immediate benefits versus those that prefer their dollars go towards long-term benefits. Similarly, for organizations that work with the voting public, this may mean interacting more systematically with ballot-box conservation referenda (Crain et al. 2021) to reach conservation goals at desired time horizons. For all organizations, open dialogue across the user-practitioner spectrum to agree upon preferred time horizons is needed for conservation planning to be efficient. 
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The challenges and uncertainties facing societies around the globe as they plan for and adapt to climate change are so large that usable, research-driven recommendations to inform management actions are urgently needed. We sought to understand factors that influence scientific innovation and use of collaborative research on climate change. We surveyed researchers and stakeholders from projects supported by a federally funded network across the USA with the goal to deliver science that natural resource managers can use. Our results suggest that the steps needed for projects to be impactful in science are distinct from those needed to be useful to stakeholders. Our quantitative results can inform future requests for proposals and enable researchers using collaborative and transdisciplinary approaches to conduct science that is more often used by stakeholders.
[bookmark: _Toc95471923]Introduction

As effects from climate change accelerate (IPCC 2021), there is a pressing need for research that can improve people’s lives and safeguard the environment. Hundreds of millions of dollars of public funding are invested annually in such projects (USGS 2021). To invest that money wisely, we need to know how to design projects that will successfully address the information needs of natural resource managers. By using systematic evaluation to assess the effectiveness of past projects, we can start to identify shared characteristics that make funded research more likely to provide accessible and usable information to natural resource managers.

Coproduction is a methodological approach to produce and deliver such research that can be used to inform public policy and to develop strategic conservation plans (Beier et al. 2017; Prokopy et al. 2017). Coproduction involves the deliberate collaboration between research scientists, user groups, and other stakeholders to jointly define the scope of a research project, conduct the research, and ultimately turn scientific results into action (Meadow et al. 2015; Lemos et al. 2018; Table 5.1). Coproduction can have a variety of advantages, including increased buy-in from users (i.e., increased credibility and legitimacy) (Reyers et al. 2015; Djenontin & Meadow 2018) and higher usability of project outcomes (Arnott et al. 2020).

Evaluating the impacts of a project can be challenging because of time lags, lack of budget for evaluation, and changing attitudes, among a variety of other factors (Nutley et al. 2007a; Reed et al. 2020). Despite these challenges, there is a growing body of research that has qualitatively evaluated the outcomes of coproduction for conservation planning and natural resource management (Schuck-Zöller et al. 2017; Wall et al. 2017; Arnott et al. 2020). Principles of coproduction have been previously suggested (Beier et al. 2017; Vincent et al. 2018; Norström et al. 2020). These principles have been derived primarily from a number of extensively studied coproduction projects, often qualitative in approach, which limit their ability to synthesize general patterns (e.g., Meadow et al. 2015; VanderMolen et al. 2020). However, a quantitative assessment of coproduction that could scale across projects is lacking, making it difficult for funding agencies to prioritize and rank research proposals systematically. We sought to fill this knowledge gap by quantitatively evaluating the relative variation in both use and scientific innovation, defined here as traditional academic metrics of impact for research, including number of peer-reviewed publications, citations, and impact factors, of a suite of coproduction projects funded by the same organization. 

Evaluating indicators of scientific innovation and use (definitions in Table 5.1), two common goals of coproduction projects, is crucial because they may trade off in complex ways (Stokes 1997; Stern et al. 2016). While some aspects of coproduction may maximize scientific innovation, they may also fail to convey the practical applications of the study to end users. Conversely, other components of research projects (e.g., transferring plans to users, addressing region-specific concerns) may enable use, but distract from efforts focused on scientific innovation (Dilling & Lemos 2011; Lemos et al. 2018). Such tradeoffs may occur within a project because of resource limitations (e.g., time, budget) and hence, focusing efforts on one might divert resources from the other. There is also the possibility that such limitations do not force such tradeoffs and, instead there are critical variables to achieve both innovation and use. To this end, especially under resource constraints, there is a need to identify key variables for optimizing either or both scientific innovation and use. 

Here, we take the first step toward developing a quantitative assessment framework to identify variables of coproduction that optimize use and indicators of scientific innovation. Specifically, we sought to: (i) evaluate the association among project inputs (e.g., budgets), processes (e.g., involvement of end users), scientific outputs (e.g., number of publications), and outcomes (i.e., the use of project deliverables by end users) and (ii) identify factors that explain relative variation in the use of these research projects. Our results can be replicated by funders to evaluate project proposals and allocate research funding. Having such a quantitative evaluation of what does and does not increase use could reduce costs (Buxton et al. 2021) and enable successful approaches of coproduction to be scaled up (Lemos et al. 2018), while simultaneously allowing us to test previously presumed principles of coproduction. Our study highlights the need to move beyond descriptive studies to more informed evidence-based approaches when examining the link between scientific innovation and use of coproduction projects.
[bookmark: _Toc95471924]Methods

We quantitatively evaluated 32 projects funded by the Southeast (SE) Climate Adaptation Science Center (CASC) from 2008 to 2019. The CASC network is a federally funded network

[bookmark: _Toc95113354]Table 5.1. Terms, related concepts, and associated definitions.
	Term 
(Related concepts)
	Definition
	References

	Coproduction
(Knowledge exchange, translational ecology, engagement)
	Coproduction is the deliberate collaboration between research scientists, user groups, and stakeholders to jointly define the scope of the research, undertake the research, and ultimately turn scientific results into action
	Meadow et al. 2015; Lemos et al. 2018; Cooke et al. 2020

	User (partner, stakeholder, end-user)
	Here user is an umbrella term to include stakeholders, partners, and more generally, anyone using research in practice. 
	

	Scientific innovation (impact, advancement)
	Here scientific impact is used to describe traditional academic metrics of impact for research, including number of peer-reviewed publications, citations, and impact factors. 
	

	Input
	Resources used in a research project
	Thomas & Koontz 2011; Lavery et al. 2021

	Process
	Activities, specifically collaborative activities here, conducted and implemented by research projects 
	Thomas & Koontz 2011; Lavery et al. 2021

	Outputs
	Products, services, and general deliverables from research projects. Here we specifically focus on traditional scientific outputs. 
	Thomas & Koontz 2011

	Outcomes
	Long-term goals or end state achieved by research projects 
	Thomas & Koontz 2011; Thurston 2019






across the USA with the goal to deliver science and information that natural resource managers can use to inform adaptation strategies (ACCNRS 2015). The projects were all funded by the same center, ensuring all were operating under similar over-arching goals and have the added advantage of a defined population of users.

We used a logical framework for the basis of our data collection and analysis (Figure 5.1). Our logic model shows how inputs and processes are expected to influence outcomes and outputs (Thomas & Koontz 2011). It is common to use such a framework to analyze and evaluate collaborative research (Koontz et al. 2020; Lavery et al. 2021). We focused on measuring outcomes, specifically use, of these projects. Overall, we evaluated relative variation of indicators of both scientific innovation and use within the same suite of projects. We looked at relative variation across these variables because we did not seek to set standards for success, but rather identify generalizable trends to help inform future requests for proposals and funding organizations.

[bookmark: _Toc95471925]Data Collection

We measured inputs, processes, outputs, and outcomes from these projects. Input metrics summarize resources used in a research project (e.g., cost, duration). Process metrics probe the nature of the collaborative process implemented by projects. Such metrics included how frequently users met with Principal Investigators (PIs) and how involved users were at each stage of the research process, measured on a 5-point Likert scale. To capture outputs of the projects, we relied on traditional metrics of scientific productivity, including number of peer-reviewed publications; citations; and the impact factors of journals in which those publications appear. All three metrics were highly correlated (r > 0.69) so we chose to focus on number of peer-reviewed publications. While a metrics-based approach like this lacks the nuance possible in more time-intensive expert scoring systems, we chose to focus our research time more on obtaining estimates of use of projects, as this was the outcome of interest. 

We had three sources of data (Figure 5.1, Appendix S1). For inputs and outputs, we collated data from documentary sources, including final reports and personal communication with staff for the 32 target projects. For processes, we surveyed one PI associated with each of the 32 projects on Qualtrics, with 31 project PIs responding (97% response rate). Three projects were continuations of previously funded projects, so we chose to combine those projects leaving 28 unique projects. We then surveyed potential users of the 28 remaining projects and SE CASC leadership to garner information about project use (Appendix S1). From the 28 projects, we sent surveys to 208 users, of which, 81 responded (39% response rate) from 22 projects. We conducted the survey in Qualtrics to elicit subjective evaluations of the project each respondent was familiar with. Specifically, we asked respondents how the projects were used both by themselves and their respective organizations. We developed 22 use questions, each of which were on a 5-point Likert scale. Additionally, we interviewed five current and former members of SE CASC leadership about their perception of use of the 28 projects.
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[bookmark: _Toc95113362]Figure 5.1. Theory of change model with variables used for each component of the model. Italicized text are the data sources with the associated number of unique projects that had data. 
[bookmark: _Toc95471926]Statistical analysis

We used exploratory factor analysis and Cronbach’s alpha to evaluate use constructs from the user survey using the psych package (Revelle 2021). We then combined the user responses with PI responses and documentary sources to evaluate correlations among inputs, processes, outputs, and outcomes. To do so, we used Structural Equation Models (SEMs) following our logic model (Figure 5.1) using package piecewiseSEM (Lefcheck 2016). For use-related components of the model, we included a random error term to account for intra-project heterogeneity. We first ran a full model with all variables of interest. In pursuit of parsimony, we reran the SEM with only variables that had significant effects in the full model, which will be referred to as the parsimonious model. All analysis was done in R version 4.0.2.
[bookmark: _Toc95471927]Results

Projects had budgets ranging from $30,000 to ~$1 million and lasted from 1 to 5 years. Sixteen (52%) of the PIs had worked with at least one of the users before and 14 (45%) of the PIs reported having moderate to extensive experience working on projects with coproduction approaches. Twenty-two (71%) of the PIs reported contacting users before or during the proposal writing stage of the research and on average, users reported having met with PIs 10 times per year (±20). On average, the projects had three (±3.3) peer-reviewed publications with 109 (±252) citations (Further details in SI1). Across the 22 use questions, the average was 2.6 (±1.25) indicating “little use” to “some use” for all questions related to use. The greatest use of these projects was for affirming what the respondent already knew about environmental change, averaging 3.5 (± 0.97) indicating “some use” to “quite a bit of use”. The projects were least used to encourage support from lawmakers (1.66±1.11).
[bookmark: _Toc95471928]Use factors

When analyzing the responses of users via exploratory factor analysis, we eliminated use questions with more than 20% of responses missing, which left us with 18 questions. Exploratory factor analysis suggested two factors that cumulatively explained 61% of the variance in the survey responses. All types of use loaded strongly (factor loading>0.4, Table 5.2). One factor contained items representing intangible use (e.g., influenced professional network, impacted your knowledge relevant to your job) and explained 34% of the total variation. The other factor contained items representing tangible forms of use (e.g., Influenced decisions to change how time, money, or labor are spent in your organization/agency) and explained 27% of the total variation (Table 5.2). 
[bookmark: _Toc95471929]Effects on scientific innovation and use

We first sought to explore the association among project inputs, processes, outputs, and outcomes. Results from the SEMs indicated that the full model (Fisher’s C = 4.039, p-value = 0.13, AIC = 106.039, Figure 5.2a, Table S5.1) and the parsimonious model (Fisher’s C = 34.089, 
[bookmark: _Toc95113355]Table 5.2. Factor loadings from exploratory factor analysis of types of use. Bold-face text represents pattern coefficients >0.4, meaning that type of use loads strongly onto the given factor. 
	To what degree has this project…
	Intangible Use
	Tangible Use

	Impacted any of your professional skills
	0.801
	

	Impacted your knowledge relevant to your job
	0.718
	

	Influenced your professional network
	0.838
	-0.102

	Changed your awareness of informational resources
	0.812
	-0.104

	Influenced long-term planning documents
	0.658
	0.14

	Influenced organizational/departmental objectives or priorities
	0.74

	Influenced broad-scale or general policy
	0.215
	0.643

	Impacted public education efforts in your organization
	0.498
	0.362

	Impacted education efforts focused on resource managers or local landholders
	0.517
	0.368

	Influenced monitoring or research efforts in your organization or department
	0.228
	0.597

	Influenced decisions to change how time or labor are spent in your organization/agency
	0.848

	Influenced decisions to change how money is allocated in your organization/agency
	0.875

	Influenced decisions to change internal/organizational policies 
or procedures
	0.824

	Affirmed what you already know about environmental change and your job
	0.58
	

	Used to encourage support from or collaboration with peers and/or partner organizations
	0.771
	

	Used to encourage support or cooperation from the public or local landholders
	0.509
	0.374

	Used to encourage support from your supervisors
	0.493
	0.251

	Used to support a funding request
	0.5
	0.267
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[bookmark: _Toc95113363]Figure 5.2. Path diagrams displaying the pathways specified in the two models. In the path diagrams, bold arrows represent significant positive (black) or negative (red) effects. Specified, but non-significant paths are thin grey lines. (a) Path diagram for the full structural equation model. (b) Path diagram for the parsimonious structural equation model. Duration (of funding), budget, if the PI and end-user worked together before, and if the PI and end-user worked in the same agency were all considered inputs. Frequency of team meetings and the average level of involvement of the users were considered process metrics. Number of publications represented the outputs, while both types of use were the outcomes. Time since the project ended and track record of the PIs were control variables. 


p-value = 0.903, AIC = 76.089, Figure 5.2b, Table S5.2), both were good representations of such associations. The parsimonious model, however, does so better with a lower AIC score. 

With the goal of identifying variables that influence scientific innovation and/or use of projects, we evaluated the paths in the SEMs. When doing so, two distinct paths emerge: one ending in scientific innovation and one ending in project use. We find that only frequency of meetings between researchers and users significantly influences intangible use in the models, and, in turn, only intangible use significantly affects tangible use (Figures 5.2, Tables S5.2 and S5.3). Interestingly, predictors of scientific innovation formed a separate path. In this path, inputs affect average involvement of users while inputs and processes affect scientific innovation. In both models, several variables (duration of funding; time since the project ended; and PI and user working in the same agency) significantly negatively influenced average user involvement rates, a process metric. Experience of the PI with coproduction research projects positively affected average user involvement rates in both models as well. Budget; time since the project ended; PI and users working together before and within the same agency; and average level of involvement of users all positively significantly influenced number of publications (Figure 5.2, Figure 5.3, Tables S2 and S3).  
[bookmark: _Toc95471930]Discussion

To invest money efficiently in climate adaptation science, we need to know how to design research projects that will successfully meet information needs of natural resource managers. To address that need, we evaluated the relative variation in use and indicators of scientific innovation of projects to quantitatively identify which project characteristics affect levels of either variable. To do so, we surveyed the PIs and users of a set of projects. Using SEMs, two distinct paths were identified: one ending in scientific publications and a separate pathway ending in use (Figure 5.2). Only the frequency of meetings affected the level of intangible use, while only the level of intangible use directly affected the level of tangible use. 

Our indicators of scientific innovation did not significantly affect use. If there was a positive correlation, this would have supported our win-win hypothesis where highly productive projects are also highly used projects. If there was a negative correlation, this would have suggested that there were tradeoffs between use and scientific innovation. Our lack of correlation paired with the two independent paths could suggest that they may not tradeoff, but instead are influenced by separate mechanisms within the research process. 

The frequency of meetings between researchers and users influenced the level of use, aligning with previous research that suggests strong communication between users and PIs is key for project results and products to be used (Nutley et al. 2007b; Djenontin & Meadow 2018; Cooke et al. 2020). More meetings could also enable PIs to better understand needs of users and, therefore, craft more useful and usable end products (Lemos et al. 2018; Arnott et al. 2020). This 
idea parallels several users’ comments, saying that workshops and meetings helped define a useful product and helped set community expectations. More meetings also could lead to increased transparency, i.e., improved credibility and legitimacy leading to increased buy-in and understanding from users (Reyers et al. 2015). If meetings are key for use, as our results suggest, prioritizing representatives from a broad range of organizations to attend meetings over many 
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[bookmark: _Toc95113364]Figure 5.3. Partial effect regression plots illustrating four of the significant relationships (p-value <0.05) from the structural equation model.




users from the same organization would be one way to increase use of project results and products across organizations.

A distinct pathway formed in the model leading to increases in our indicator of scientific innovation. Our results reaffirmed several expectations, such as increased budgets leading to increased publication counts and more recent projects having fewer publications. Our results also suggest that when the PI and users worked in the same agency and/or they worked together before, they had more publications. This could be due to decreased agency burdens (e.g., reduced number of internal agency reviews, NOAA 2016; USGS 2016) and/or increased proximity (Djenontin & Meadow 2018). Lastly, the average level of involvement of users throughout the research process positively significantly influenced number of publications. This finding suggests that coproduction activities can also benefit indicators of scientific innovation.  

There are limitations to our work. For example, we did not measure capacity building efforts as a form of use, an additional contribution all of these projects likely made, but one that was outside the scope of our evaluation. Additionally, although we account for the variation of project end dates in our controls, memory bias could have influenced responses from older projects more so than recent projects (Arnott & Lemos 2021). We also did not have responses from users for several projects. We tried to overcome this issue by interviewing SE CASC leadership on their perception of use for each of the projects (Appendix S3, Figure S5.1). Our hope was to use this leadership team evaluation to infer use of projects where we had missing data. We first compared leadership team members’ perceptions of use to actual user responses for those projects where both sets of data were available. The leadership responses did not align with user responses (p-value < 0.05). Because of this, we did not feel able to rely on the leadership teams’ evaluations in this way and thus dropped projects without responses with users from our analysis.

There are calls for research with not just high publication and citation outputs, but those with societal impacts and useful products (e.g., Arnott et al. 2020; Buxton et al. 2021). The CASC network is one national effort to conduct such research. Specifically, the CASC network seeks to “…provide resource managers, native communities, and other partners with scientific information and decision-making tools they need to understand and adapt to the effects of climate change…” (CASC 2022). Evaluation approaches like ours can help inform the design and implementation of projects to meet these goals to ensure there is not a misalignment between information needs and conducted research. Our results suggest through meetings and evaluations, engaging with intended users throughout the research process is key if research results are to be used. Thus, if researchers and science funders want to see research results being used by natural resource managers, they may need to prioritize time and funding to meaningfully engage with users. 
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[bookmark: _Toc95471934]Project descriptions

To develop a generalizable quantitative evaluation framework to assess the use of coproduction science, we used 32 projects funded by the Southeast (SE) CASC from 2008 to 2019. The CASC network is a federally funded network across the USA with the goal to deliver science and information that natural resource managers can use to inform adaptation strategies (ACCNRS 2015). The CASC projects have the same funding source with consistent goals across projects and an added advantage of a defined population of users. We did not evaluate the center as whole, but rather the variation in projects that effect the use of their funded projects. As such, these projects ranged in funding from $30 K to $983 K and lasted 1 to 6 years. These projects were distributed widely across the U.S. Southeast including Puerto Rico and the U.S. Virgin Islands. For full description of all projects, please see United States Geological Survey (2021).
[bookmark: _Toc95471935]PI survey details

We gathered information from at least one PI associated with each of the projects to capture process metrics. We developed the short survey based on  previous evaluation efforts (personal communication with Aparna Bamzai), a literature review, and in consultation with SE CASC partners and researchers (Artino et al. 2014). Our stakeholder advisory board members and the larger CASC evaluation network reviewed the survey. We then incorporated the feedback from the advisory board and evaluation experts, modifying the survey questions as needed. Lastly, we piloted the survey with six faculty at the University of Tennessee – Knoxville and again modifying the questions as needed. 
[bookmark: _Toc95471936]User survey details

For the use survey, we identified users in four manners: 1) we found users in final project reports; 2) within the PI survey, we asked the PIs to refer us to users of their project; 3) we met with SE CASC leadership to refer other potential users; and 4) we asked users completing the survey if they knew of other users that we should reach out to. The use survey was developed in consultation with SE CASC partners and researchers, in addition to a literature review of relevant literature. We first conducted piloted the survey with a small number of stakeholders to ensure questions we asked on the survey captured stakeholder values and priorities in regard to project usefulness to resource managers (Artino et al. 2014). A draft of the survey was then sent to our advisory board members for review. We then incorporated the feedback from the advisory board, modifying the survey questions as needed. Lastly, the survey was again piloted with relevant stakeholders and modified the questions as needed. 
[bookmark: _Toc95471937]Additional data collection and analysis

In addition to gathering data from documentary sources and the two surveys, we interviewed five directors and members of the SE CASC leadership team. On a 5-point Likert scale, we asked questions relating to their perception of use for each of the projects. We compared the leadership’s perception of use of each project with the users’ responses using an analysis of variance (ANOVA). All analysis was done in R version 4.0.2.
[bookmark: _Toc95471938]User survey questions

Please answer each question about the research project you selected and how you or the organization/agency you work for may have used information from it.

To what degree has this project... 

...impacted any of your professional skills?
o	No impact  (1) 
o	Little impact  (2) 
o	Some impact  (3) 
o	Quite a bit of impact  (4) 
o	A great deal of impact  (5)
...impacted your knowledge relevant to your job?
o	No impact  (1) 
o	Little impact  (2) 
o	Some impact  (3) 
o	Quite a bit of impact  (4) 
o	A great deal of impact  (5) 

...influenced your professional network?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 


...changed your awareness of informational resources?
o	No change  (1) 
o	Little change  (2) 
o	Some change  (3) 
o	Quite a bit of change  (4) 
o	A great deal of change  (5) 

...influenced long-term planning documents?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced organizational/departmental objectives or priorities?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced broad-scale or general policy?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...impacted public education efforts in your organization?
o	No impact  (1) 
o	Little impact  (2) 
o	Some impact  (3) 
o	Quite a bit of impact  (4) 
o	A great deal of impact  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...impacted education efforts focused on resource managers or local landholders?
o	No impact  (1) 
o	Little impact  (2) 
o	Some impact  (3) 
o	Quite a bit of impact  (4) 
o	A great deal of impact  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced monitoring or research efforts in your organization or department?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced decisions to change any habitat or species management practices?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced decisions to change how infrastructure is managed?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced decisions to change how time or labor are spent in your organization/agency?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced decisions to change how money is allocated in your organization/agency?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6)

...influenced decisions to change internal/organizational policies or procedures?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...influenced decisions to change external policies, regulations, or enforcement?
o	No influence  (1) 
o	Little influence  (2) 
o	Some influence  (3) 
o	Quite a bit of influence  (4) 
o	A great deal of influence  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...affirmed what you already know about environmental change and your job?
o	No affirmation  (1) 
o	Little affirmation  (2) 
o	Some affirmation  (3) 
o	Quite a bit of affirmation  (4) 
o	A great deal of affirmation  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 
...been used to encourage support from or collaboration with peers and/or partner organizations?
o	No use  (1) 
o	Little use  (2) 
o	Some use  (3) 
o	Quite a bit of use  (4) 
o	A great deal of use  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...been used to encourage support or cooperation from the public or local landholders?
o	No use  (1) 
o	Little use  (2) 
o	Some use  (3) 
o	Quite a bit of use  (4) 
o	A great deal of use  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...been used to encourage support from your supervisors?
o	No use  (1) 
o	Little use  (2) 
o	Some use  (3) 
o	Quite a bit of use  (4) 
o	A great deal of use  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...been used to encourage support from lawmakers?
o	No use  (1) 
o	Little use  (2) 
o	Some use  (3) 
o	Quite a bit of use  (4) 
o	A great deal of use  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 

...been used to support a funding request?
o	No use  (1) 
o	Little use  (2) 
o	Some use  (3) 
o	Quite a bit of use  (4) 
o	A great deal of use  (5) 
o	N/A -- My organization doesn't do this or I don't know  (6) 



When were you first in contact with the research team on this project?
o	Prior to writing the proposal  (1) 
o	During the proposal writing process  (2) 
o	After the project was selected for funding  (3) 
o	During the research efforts  (4) 
o	After the research project was completed  (5) 
o	Never  (6)

Q20 In an average year, how many times did you have meaningful interactions with the researchers on this particular project during the lifetime of the project?

Q22 Do you know other cultural or natural resource managers who may have used these data, tools, or findings from this project? Please provide their names, organization, and/or email.


[bookmark: _Toc95471939]Principal investigator questions

Q1. How will partners and/or users best identify your SE CASC project? Please list up to five identifiers that could help a survey respondent recognize the project e.g., PI name (Paul Armsworth); acronym for project (CARI); product or tool developed (cost calculator); or a particular meeting or event. 

Q2 Who should we contact to discuss the use of your project results or deliverables? While project reports list organizations as key stakeholders, we anticipate projects will have connected with specific individuals within those organizations and want to make sure we reach out to the most relevant individuals for your project. This can include partners and/or users you worked with on this project and/or people you know who are using the project results and deliverables. If possible, please provide their name and associated organization. 

Q3 Had research team members worked together on projects before this one?  

Q4 What is the average number of years you have collaborated with the research team members?

Q5 When did you first contact any partners/users regarding the project?
· Partner contacted the research team first  (1) 
· Prior to writing the proposal  (2) 
· During the proposal writing process  (3) 
· After the project was selected for funding  (4) 
· During the research efforts  (5) 
· After the project was completed  (6) 
· Never  (7) 

Q6 How involved were partners/users at each of the relevant phases of the project? Scroll over underlined text on column headers for examples of involvement (text window will be displayed)
	
	Not involved (1)
	Slightly involved (2)
	Moderately involved (3)
	Quite involved (4)
	Extremely involved (5)

	Identification of the management or research problem(s) (1) 
	
	
	
	
	

	Articulation of the research question(s) (2) 
	
	
	
	
	

	Design of the research methods (3) 
	
	
	
	
	

	Generate ideas about project products (4) 
	
	
	
	
	

	Collection of project data (5) 
	
	
	
	
	

	Analysis of project data (6) 
	
	
	
	
	

	Interpretation of results (7) 
	
	
	
	
	

	Creation of tools or other project products (8) 
	
	
	
	
	

	Dissemination of findings (9) 
	
	
	
	
	



Q7 In an average year, how many times did you have meaningful interactions with partners/users on this particular SE CASC project during the lifetime of the project? 

Q8 Did you work within the same agency as some of the partners/users for this project? 

Q9 Did the user/partner or their respective organization partially fund or cost-share this project? 


Q10 Prior to this project, approximately how much experience did you have as lead PI on similarly sized or larger grants? 
· No experience  
· Slightly experienced (1 similarly sized grant)  
· Somewhat experienced (2-3 similarly sized grants)  
· Moderately experienced (4-7 similarly sized grants)  
· Extensively experienced (8+ similarly sized grants)  

Q11 In the 5 years prior to starting this project, approximately how many externally funded projects that involved actionable or co-produced science were you lead PI on? 
· None  
· 1 project  
· 2-3 projects  
· 4-7 projects   
· More than 8 projects  

Q12 Did someone on your team have formal training in stakeholder engagement? 


[bookmark: _Toc95471940]Appendix S2. Statistical analysis details. 
[bookmark: _Toc95471941]Exploratory Factor Analysis
We used exploratory factor analysis (EFA) and Cronbach’s alpha to evaluate the use questions. We dropped any question with missing values greater than 20% of the sample. We used oblimin rotation method with polychorric imputation methods because the data were ordinal. We use a confirmatory factor analysis with comparative fit index; the robust root-mean-square error of approximation; and the robust standardized root-mean-square residual metrics to confirm our EFA. We used package psych in R. 
[bookmark: _Toc95471942]Structural Equation Models
We then combined the survey data and documentary sources to evaluate correlations among inputs, processes, outputs, and outcomes. To do so, we used Structural Equation Models (SEMs) following our logic model (Figure 5.1) using package piecewiseSEM. We used Fischer’s C to confirm our SEM selection. For use-related components of the model, we included a random error term to account for intra-project heterogeneity. We first ran a full model with all variables of interest. In pursuit of parsimony, we reran the SEM with only variables that had significant effects, which will be referred to as the parsimonious model. We used AIC for model selection between the two models. All analysis was done in R version 4.0.2.
[bookmark: _Toc95471943]Variable Selection
We excluded any variable with more than 20% of responses missing (e.g., What is the average number of years you have collaborated with the research team members?). Because the number of publications, number of citations, and impact factor highly correlated, we dropped number of citations and impact factor from the analysis. Similarly, track record questions of the PI correlated, and we dropped one of those questions. Rather than include user involvement at every stage of the research process, we used an average. Including a covariate of involvement at every stage of the research process, totaling nine from our survey, would have limited what other variables of interest we could have investigated. We did not have evidence that one stage of involvement would be a better predictor of use than another; because of this, we averaged level of involvement of users throughout the research process. Averaging the level of involvement did not change the relative level of involvement among projects, and hence, we used the average in our model. We log transformed budgets and the number of publications because of the high variation across projects and skewed distribution of both covariates. To capture the full variation in the suite of projects, we decided to keep those projects without any peer-review publications. We did, however, run models without those projects to see the robustness of our results. For use-related components of the model, we included a random error term to account for heterogeneity across projects (Eq. S1-S9). All analysis was done in R version 4.0.2.
[bookmark: _Toc95471944]Equations for full model
 		Eq. S1

 		Eq. S2

 									Eq. S3

 					Eq. S4

 		Eq. S5

In the equations above, 
Involvement is the average involvement of users throughout the research process; 
Duration is the length of time the project was funded; 
SameAgency is if the PI and users worked within the same organization; 
PITrackRecord is the PI’s experience with coproduction projects; 
Meetings is the average frequency of meetings in a year among the PI and users;
Publications is the total number of peer-reviewed publications attributed to the project;
Intangible use is Factor 1 from the EFA output; 
Tangible use if Factor 2 from the EFA output; and
ɛ is the random error term, which accounts for heterogeneity across responses (i) for the same project.
[bookmark: _Toc95471945]Equations for parsimonious model
 							Eq. S6

 					Eq. S7

 					Eq. S8

 					Eq. S9


[bookmark: _Toc95471946]Appendix S3. Additional Results
[bookmark: _Toc95471947]Comparison of leadership responses to user responses

We used a simplified version of the user survey instrument that asked leadership team members to score all projects funded during their tenure against aggregated use constructs that we exemplified using the more specific survey constructs seen by the users. We surveyed five individuals identified by SE CASC as having played important leadership roles during the course of the projects we included. Our hope was to use this leadership team evaluation to infer use of projects where we had missing data. We first compared leadership team members’ perceptions of use to actual user responses for those projects where both sets of data were available. 

However, we found little association between leadership team members’ perceptions of how useful projects proved to users and users own perceptions as revealed by the user survey for those projects where both datasets were available (p-value < 0.05). Figure S5.1 shows this lack of association in aggregate, but disaggregating the leadership team data looked similar. Therefore, we did not feel we could rely on the leadership team data to infer the usefulness to users of projects for which we lacked user responses and thus, we dropped these projects from further analysis.


[image: Chart
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Figure S5.1. Box plot of the average use by project comparing average responses from users by project (teal) to those of the SE CASC leadership’s perception of use by project (pink). The project codes have been randomly assigned to each project for plotting purposes. 



[bookmark: _Toc95471948]Structural Equation Model outputs
Table S5.1. Component results of the full structural equation model.
	Response
	Predictor
	Estimate
	SE
	df
	Crit. Value
	P-value
	Std. Estimate

	Frequency of Meetings
	Budget
	-0.4663
	2.5756
	81
	-0.181
	0.8568
	-0.026

	Frequency of Meetings
	Duration of funding
	-0.1017
	0.2442
	81
	-0.4163
	0.6784
	-0.0705

	Frequency of Meetings
	PI and User worked together before
	-1.1882
	5.0691
	81
	-0.2344
	0.8153
	-0.0293

	Frequency of Meetings
	PI and User worked in the same agency
	-2.4752
	5.6392
	81
	-0.4389
	0.662
	-0.0611

	Frequency of Meetings
	Track record of PI with coproduction
	1.0749
	1.881
	81
	0.5715
	0.5694
	0.0825

	Frequency of Meetings
	Time since project ended
	-0.138
	0.1089
	81
	-1.2668
	0.2092
	-0.1833

	Average Involvement
	Budget
	-0.0029
	0.0916
	81
	-0.0321
	0.9744
	-0.0039

	Average Involvement
	Duration of funding
	-0.0166
	0.0087
	81
	-1.9092
	0.0601
	-0.2731

	Average Involvement
	PI and User worked together before
	-0.0671
	0.1802
	81
	-0.3722
	0.7108
	-0.0393

	Average Involvement
	PI and User worked in the same agency
	-0.8986
	0.2005
	81
	-4.4821
	<0.0001
	-0.5272

	Average Involvement
	Track record of PI with coproduction
	0.1302
	0.0669
	81
	1.9476
	0.0553
	0.2375

	Average Involvement
	Time since project ended
	-0.0108
	0.0039
	81
	-2.7768
	0.0069
	-0.3394

	Publications
	Budget
	1.2108
	0.3408
	81
	3.5526
	0.0007
	0.3686

	Publications
	Duration of funding
	0.0294
	0.0331
	81
	0.8874
	0.3778
	0.1111

	Publications
	PI and User worked together before
	2.3235
	0.6714
	81
	3.4608
	0.0009
	0.3125

	Publications
	PI and User worked in the same agency
	3.6682
	0.8418
	81
	4.3575
	<0.0001
	0.4943



Table S5.1 continued. 
	Response
	Predictor
	Estimate
	SE
	df
	Crit. Value
	P-value
	Std. Estimate

	Publications
	Frequency of Meetings
	-0.0051
	0.0156
	81
	-0.3291
	0.743
	-0.028

	Publications
	Average Involvement
	1.261
	0.4394
	81
	2.8699
	0.0054
	0.2896

	Publications
	Time since project ended
	0.0401
	0.0152
	81
	2.6405
	0.0101
	0.291

	Publications
	Track record of PI with coproduction
	0.1485
	0.2552
	81
	0.5819
	0.5625
	0.0622

	Intangible Use
	Budget
	0.0644
	0.2237
	13
	0.2876
	0.7782
	0.0716

	Intangible Use
	Duration of funding
	-0.0095
	0.0211
	13
	-0.4517
	0.6589
	-0.1319

	Intangible Use
	PI and User worked together before
	-0.194
	0.4641
	13
	-0.4179
	0.6828
	-0.0954

	Intangible Use
	PI and User worked in the same agency
	-0.081
	0.5454
	13
	-0.1486
	0.8842
	-0.0399

	Intangible Use
	Frequency of Meetings
	0.0196
	0.0051
	58
	3.8146
	0.0003
	0.3917

	Intangible Use
	Average Involvement
	-0.3293
	0.2854
	13
	-1.1538
	0.2693
	-0.2765

	Intangible Use
	Time since project ended
	-0.0028
	0.0097
	13
	-0.285
	0.7801
	-0.0733

	Intangible Use
	Track record of PI with coproduction
	0.0883
	0.1569
	13
	0.563
	0.583
	0.1353

	Intangible Use
	Publications
	0.0421
	0.0701
	13
	0.6015
	0.5578
	0.1541

	Tangible Use
	Budget
	-0.0004
	0.0671
	13
	-0.0054
	0.9958
	-0.0004

	Tangible Use
	Duration of funding
	0.0007
	0.006
	13
	0.109
	0.9148
	0.0091

	Tangible Use
	PI and User worked together before
	-0.2446
	0.1308
	13
	-1.8702
	0.0841
	-0.1206

	Tangible Use
	PI and User worked in the same agency
	-0.1111
	0.1702
	13
	-0.6528
	0.5253
	-0.0549

	Tangible Use
	Frequency of Meetings
	-0.0038
	0.003
	57
	-1.2916
	0.2017
	-0.0767

	Tangible Use
	Average Involvement
	0.0482
	0.0846
	13
	0.5697
	0.5786
	0.0406


Table S5.1 continued. 
	Response
	Predictor
	Estimate
	SE
	df
	Crit. Value
	P-value
	Std. Estimate

	Tangible Use
	Time since project ended
	0.0023
	0.0029
	13
	0.8021
	0.4369
	0.0612

	Tangible Use
	Track record of PI with coproduction
	0.0119
	0.0467
	13
	0.254
	0.8035
	0.0182

	Tangible Use
	Publications
	0.0184
	0.0213
	13
	0.8672
	0.4015
	0.0676

	Tangible Use
	Intangible Use
	0.8966
	0.0609
	57
	14.7172
	<0.0001
	0.899





Table S5.2. Component results of the parsimonious structural equation model.
	Response
	Predictor
	Estimate
	SE
	df
	Crit. Value
	P-value
	Std. Estimate

	Average Involvement
	Duration of funding
	-0.0162
	0.0073
	81
	-2.2269
	0.0289
	-0.2666

	Average Involvement
	PI and User worked in the same agency
	-0.887
	0.1934
	81
	-4.5862
	<0.0001
	-0.5205

	Average Involvement
	Track record of PI with coproduction
	0.1273
	0.0651
	81
	1.9546
	0.0543
	0.2321

	Average Involvement
	Time since project ended
	-0.0108
	0.0038
	81
	-2.8114
	0.0063
	-0.3394

	Publications
	Budget
	1.3397
	0.2893
	81
	4.6311
	<0.0001
	0.4078

	Publications
	PI and User worked together before
	2.2079
	0.6231
	81
	3.5437
	0.0007
	0.297

	Publications
	PI and User worked in the same agency
	3.7094
	0.7021
	81
	5.2836
	<0.0001
	0.4999

	Publications
	Average Involvement
	1.2061
	0.4058
	81
	2.972
	0.004
	0.277

	Publications
	Time since project ended
	0.0366
	0.013
	81
	2.8175
	0.0062
	0.2656

	Intangible Use
	Frequency of Meetings
	0.0178
	0.005
	58
	3.5862
	0.0007
	0.3552

	Tangible Use
	Intangible Use
	0.8752
	0.0538
	58
	16.2762
	<0.0001
	0.8777




[bookmark: _Toc95471949]CONCLUSION

[bookmark: _Toc289175844]In an effort to respond to augmented effects of climate change and associated biodiversity loss, there are calls to fund research that improves the efficiency of conservation efforts with the potential for societal impacts and useful end products (e.g., Arnott et al. 2020; Buxton et al. 2021). One major mechanism to improve conservation efforts could be to incorporate decisions made by those using and those managing natural resources. In this dissertation, I explored this concept. I elicited and quantified time preferences of both natural resource users and land trust practitioners. I then illustrated implications of their decisions on natural resource management strategies and land protection prioritization. Similarly, I then explored how time horizon, a common organizational constraint, affects where priorities emerge for land protection today. A second mechanism to improve conservation efforts is to learn from previous work, to evaluate what increased scientific innovation and use of research projects. To do so, I examined project characteristics that influence the scientific innovation and use by end users.
[bookmark: _Toc95471950]Synthesis

Several overarching conclusions can be drawn from these four chapters. 1) I found that discount rates by both users and land trust practitioners were higher than those typically codified into environmental policy and that they discount domains differently. Such estimates affected natural resource management strategies and priorities. These results suggest that locally grounded estimates of discount rates should be incorporated in modeling efforts for sustainable management of natural resources. 2) Both discount rates and time horizons are means to incorporate temporal decisions into conservation planning. Despite differences in how they account for benefits temporally, similar patterns of land protection priorities emerge. These results imply that temporal decisions should not be overlooked, but rather agreed upon (near-term vs. long-term benefits) for the efficiency of conservation efforts. 3) There are diverse stakeholders in conservation, ranging from users to practitioners and managers, in various sectors from academia to private organizations to government agencies. In this dissertation, I worked with a wide breadth of such stakeholders. Our results show that increased meeting frequency with these diverse groups increases use of research projects, which could in turn, improve efficiency of conservation efforts by scientists developing needed and applicable projects; practitioners and managers working with updated scientific information; and various stakeholders working together towards agreed upon goals and with consistent temporal decisions. 

[bookmark: _Toc95471951]Temporal decisions

Aligning with other recent studies, our results showed that both natural resource users and land trust practitioners discount domains differently (Ubfal 2016; Green & Richards 2018). Fulani discount near-term benefits and costs at a higher rate than those realized further into the future for all domains tested, but at significantly different rates among domains (Chapter 2). Land trust practitioners also discount domains differently (Chapter 3). In particular, such practitioners have discount rates that are not significantly different through time for the financial domain, but have declining discount rates for the environmental domain. This decline indicates a presumption among these land trust practitioners that the relative value of protected land will rise in the future when compared to other goods. The declining discount rate associated with environmental goods in both studies aligns with policies used in France and the UK (Arrow et al. 2014). Building upon previous work (Sumaila & Walters 2005; Armsworth 2018), our work depicts the need for conservation management to account for domain-specific discount rates and non-constant rates because they can influence the timing, rate, and magnitude of optimal management strategies, in addition to spatial priorities. However, discount rates this variable also means that the conservation community needs to have open dialogue over what future priorities should be.

Discount rates that we elicited are much higher than those codified into policies (U.S. Office of Management and Budget 2003; Arrow et al. 2014). High discount rates for only the ecological domain would align with theory for common-pooled resources (Hartwick & Yeung 1997). High discount rates applied across domains in both Chapter 2 and 3, however, suggest these rates may be due more to uncertainty and insecurity about the future; e.g., Fulani’s lifestyles are rapidly changing from transient to sedentary due to climate change and competition for land with logging and agriculture (Gaoue & Ticktin 2009; Heubach et al. 2011); land trusts experience financial vulnerability (Tuckman & Chang 1991; Bakker et al. 2010). Such insecurity has likely increased during the on-going global pandemic and a second economic recession within two decades (Bakker et al. 2010; Elliott 2011). For conservation efforts with high discount rates, the question may become when to harvest or protect lands, in addition to finding a balance of multiple benefits, as we have shown in our harvest model with both local financial benefits and ecological benefits. For conservation planning to be successful, how both natural resource users and practitioners think about environmental benefits and financial costs through time in the context of their personal and organizational financial insecurities must be taken into consideration. Conservation projects need to assess their sensitivity to their chosen discount rate (Bonzanigo & Kalra 2014).

Discount rates are one mechanism that allows for temporal decisions to be incorporated into conservation planning. Time horizons are another. Discount rates look at benefits through time by converting future values to present day values, while time horizon problems or goals are only concerned with benefits at a certain time. Despite the differences in accounting, similar results emerge from these two approaches when applied to land protection. High discount rates such as those observed in Chapter 2 and Chapter 3, heavily weight the present, paralleling results from Chapter 4 with short time horizons. Both of these scenarios favor counties with immediate benefits, specifically habitat for biodiversity in 2020. Despite high median rates, both Chapter 2 and Chapter 3 elicited and estimated several negative discount rates throughout domains tested. Negative discount rates heavily weight future benefits, paralleling results from Chapter 4 with long time horizons. In these scenarios, priorities emerge where species ranges expand into the county. These results imply that temporal decisions cannot be overlooked or set for political ease as they have direct implications on where conservation priorities emerge today. Knowing the nuanced differences in how discount rates and varying time horizons affect conservation priorities is important. Knowing that their effects parallel each other, however, shifts the practical importance from a debate on discount rates versus time horizons to one regarding immediate benefits versus long-term benefits.
[bookmark: _Toc95471952]Engaging stakeholders

Conservation management and planning include many choices. Many such decisions are overlooked, assumed, or simply mandated (Bonzanigo & Kalra 2014; US FWS 2017), but I show that they can have large impacts on today’s protection priorities. Contrasting conservation priorities emerge due to two such commonly overlooked choices, specifically at varying time horizons (Chapter 4) and with varying discount rates (Chapters 2 & 3). This finding means that stakeholders in various sectors (e.g., academia, NGOs), disciplines, and across spatial scales (e.g., county, federal) must coordinate their efforts, creating agreed upon goals and timeframes, for efficient conservation strategies and planning. To do so, Chapter 5 results suggest that increased meeting frequency can increase use of research by end users, including natural resource managers. Rather than use assumed parameter estimates, our research shows that open dialogue with stakeholders across the user spectrum could improve understanding of natural resource decisions and in turn, potentially improve natural resource management and efficiency with limited budgets for conservation efforts. 

Conservation always involves multiple, and often diverse, actors. There are calls for greater engagement of such diverse stakeholders as part of the scientific process. Bamzai-Dodson et al. (2021) outlines a framework for such engagement, ranging from inform stakeholders, similar to the “loading dock” approach, to empower stakeholders, similar to co-production. Several papers (e.g., Lemos et al. 2018; Bamzai-Dodson et al. 2021) outline how the different approaches are appropriate for different scientific projects depending on the goals and available resources of the research. This dissertation explicitly worked with different approaches of stakeholder engagement across stakeholder groups, spanning the user spectrum, and various sectors, bridging the private-public spectrum. For Chapters 2-4, I utilized inform and consult approaches because I had a priori questions in an attempt to contribute to scientific innovation. For Chapter 5, however, I strived for empowerment, working closely with the funding organization; the evaluation community; and many potential users of this work. This chapter not only evaluated past coproduction projects, but was a coproduced project. 
[bookmark: _Toc95471953]Future Directions

From this work, there are many interesting paths forward. In the context of discount rates for natural resource users (Chapter 2), to improve conservation efforts, it would be interesting to explore how time preferences differ between types of livelihoods (e.g., pastoralists vs. farmers) and how they vary with geographic distance to necessary natural resources. Additionally, it would be informative to investigate the influence of social networks on how people value goods through time to pair with the extensive studies exploring how personal demographics influence time preferences. This would be applicable to both Chapter 2 and Chapter 3. A timelier question would be to ask how pre-pandemic discount rates compare to those during the on-going pandemic and associated supply-chain issues. For Chapter 3 and Chapter 4, specifically exploring volunteer and donor time preferences could help increase donations or enable land trusts to better meet their donors wishes. Additionally, collating data regarding actual investment decisions made by land trust practitioners could confirm results in this analysis and potentially illuminate inefficiencies in land protection efforts within and across organizations. 

More broadly, there are many interesting paths forward from this body of work; here, I highlight two. The first would be to evaluate and to integrate local and community knowledge into conservation planning efforts. This work exemplifies how management decisions differ when incorporating locals’ preferences (Chapters 2 & 3), while working with organizational constraints (Chapter 4). Although Chapter 5 shows that there is increased use of research projects with increased frequency of meetings between researchers and users, those meetings could provide a means for two-way communication and in-turn guide new lines of actionable research. The second path would be to assess definitions of success, in both the context of scientific research and natural resource management. It is great to set goals for research results (e.g., use by end users), but how is success defined (e.g., is use by one user success?). It is great to set goals for conservation (e.g., protect 30% of land by 2030), but would success be just that land protection or would it be increasing species richness or simply a lack of species decline? With metrics of success defined, we as a research community can better evaluate and hopefully learn how to best reach those goals of natural resource conservation. 
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