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Abstract 

Farms and landowners seem reluctant to invest in climate change adaptation despite socio-

economic benefits. However, a dynamic economic model suggests that under uncertain future 

climate change, observed adaptation “reluctance” may be in fact optimal from the decision-

makers’ perspective. This is because decision-makers consider the value of waiting to gather 

information about future climate and weather before committing to investment. To investigate 

how future climate change shapes adaptation behavior, this study presents an analytical frame-

work that integrate scenario-based climate model projections into a dynamic economic model 

of the adaptation decision. Using adaptation decision of the Austrian farms as a case example, 

we use projections of temperature and precipitation under the Shared Socioeconomic Pathways 

(SSP) scenarios from Coupled Model Intercomparison Project Phase 6 (CMIP6) simulations. 

The future projections are used to calibrate the climate change parameters within the economic 

model to analyze adaptation responses. We find that adaptation reluctance intensifies particu-

larly in response to revenue downside shocks induced by weather extremes, and due to in-

creased uncertainty in future climate change the likelihood of adaptation under severe climate 

change scenarios is not necessarily higher than under mild scenarios. We also find that adap-

tation subsidies can enhance the likelihood. These results suggest that with increasing fre-

quency and intensity of extreme events in future, the expected loss without adaptation will 

increase while the reluctance will also increase, and the adaptation investment timing will ap-

pear even more delayed. Such delays may incentivize policymakers to provide public interven-

tions such as subsidies to induce adaptation investment. However, they should carefully com-

pare the value of adaptation reluctance and the social costs of the reluctance (e.g., negative 

externalities) to justify the interventions. 

 

 

Keywords: climate change adaptation, real options approach, climate change projection, 

weather extremes, Shared Socioeconomic Pathways 

JEL codes: D25, D81, Q54 

Acknowledgement: Kodama, Friederichs, Szemkus, Seifert and Hüttel gratefully 

acknowledge funding by the Deutsche Forschungsgemeinschaft (DFG, German Research 

Foundation) – through CRC (SFB) 1502/1–2022 – project id: 450058266. 

 

* Corresponding author: wataru.kodama@outlook.jp 



 
1 

Climate change poses a major challenge to humanity, threatening industries operating with the 

social-ecological environment such as agri-food and forest sectors. Studies document consid-

erable private and public net gains from climate change adaptation (Moore and Lobell, 2014; 

Zeilinger et al., 2023; OECD, 2024; Duan et al., 2025). However, decision-makers such as 

farms, landowners, and local governments appear reluctant to invest in climate change adapta-

tion to adapt their systems to climate change (IPCC, 2022). For example, increased drought 

risks in central Europe negatively impacts agricultural producers and sometimes market prices; 

yet, a majority of farmers do not invest in irrigation infrastructure despite its expected net re-

turns exceeding the investment costs (Ihli et al., 2014; OECD, 2025).  

Against this background, IPCC reports (IPCC, 2022; Voelz and Hinkel, 2023) and academic 

literature (Toman, 2006; Pollack et al., 2025) argue that the adaptation is delayed or insufficient 

due to financial, institutional, behavioral factors and call for public policy and investment. 

However, is the observed adaptation timing sub-optimal? As a dynamic economic model , the 

real options approach (ROA) suggests that under uncertain future climate, the observed adap-

tation reluctance may be in fact optimal from the decision-makers’ perspective. Climate 

change adaptation requires substantial sunk investment costs under uncertainties in future re-

turns and decision-makers consider value of waiting to collect information on uncertain future 

climate in their dynamic investment decision (Pindyck, 2022). The ROA has thus been widely 

applied to explain observed reluctance to adaptation investments (e.g., Carey and Zilberman, 

2002; Ihli et al., 2014; Narita and Quaas, 2014; Kim et al., 2017; Kind et al., 2018; Eisenack 

and Paschen, 2022).  

This study aims to present the direct linkage between climate change uncertainties and deci-

sion-makers’ adaptation reluctance. We develop a new analytical framework that integrates 

scenario-based climate model projections into an ROA adaptation decision model. We simulate 

temperature and precipitation under the scenarios of the Shared Socioeconomic Pathways 

(SSP), and rely on climate change parameters in the ROA model corresponding to each SSP. 

Climate models offer the most reliable projections of climate change and inform policy deci-

sions (Baumberger et al., 2017). Hence, integrating the climate model projections into the ad-

aptation investment decision model provides the most probable predictions on future adapta-

tion patterns from the decision-makers’ perspectives. The current study is one of the first to 

make this attempt to obtain policy implications on public adaptation investments. 
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Our adaptation decision model closes gaps in the literature, where existing models are “limited 

to decisions taken by individual risk neutral profit maximizers” and fail to account for “the 

complex nature of uncertainties associated with climate change” (Ginbo et al., 2021, p. 229). 

We model adaptation decisions of risk aversion decision-makers facing climate change uncer-

tainties related to future climate patterns and frequency of weather extremes, with parameters 

quantified through climate model predictions. The consideration of weather extremes is partic-

ularly important because the future extreme weather patterns are hard to predict in climate 

models compared to gradual change in climate, making the importance of uncertainties even 

higher in the adaptation decision (Lee and Zhao, 2021).  

Analytical Framework 

We consider the dynamic adaptation investment decision. The decision-makers face negative 

impacts of climate change on their payoff (e.g., revenue, return) from their conventional (non-

adapted) production system. To mitigate the climate change impacts, they have an option to 

invest in adapted system by bearing one-time sunk investment costs.2 This adaptation invest-

ment is irreversible and its return is uncertain and largely determined by the future climate 

change patterns and realizations (Pindyck, 2022). One way to anticipate the future climate 

change patterns, hence investment returns and uncertainties, is to refer to the scenario-based 

climate model predictions. 

Figure 1 summarizes our analytical framework. First, we use climate model data to derive cli-

mate change patterns (temperature and precipitation) under the SSP scenarios. Second, we 

quantify three climate change parameters that define expected and uncertain returns from ad-

aptation investment in the real options approach (ROA) adaptation investment model. Param-

eters reflecting a negative payoff trend due to gradual change in climate, return volatility under 

climate change, and the frequency of downside shocks induced by extreme weather are quan-

tified using climate model projections. We estimate the first two parameters with the climate 

response function (Moore and Lobell, 2014; Zeilinger et al., 2023) to translate climate change 

projections into future payoff streams of the decision-makers and the third parameter with the 

 

2 Examples of such adaptation decision includes farms’ investment in irrigation infrastructure and local govern-

ments’ investment in disaster prevention facility. 
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simulated extreme event index based on climate change projections. For each scenario, projec-

tions from model ensembles are used to quantify the climate change parameters, i.e., variations 

in climate projections across model ensembles enter to the ROA model as a major source of 

uncertainty. Finally, we plug the quantified climate change parameters for each SSP scenario 

into the real options approach (ROA) model, which reflects the dynamic adaptation decision. 

For each SSP scenario, we simulate the adaptation patterns of a representative decision-makers 

and investigate their response to climate change parameters.  

Figure 1. Analytical Framework of Adaptation Decision to Climate Change 

Scenario-based climate change predictions: We rely on multimodal global climate projec-

tions from the Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016), 

coordinated by the World Climate Research Programme (WCRP), as the most significant 

sources of information regarding the potential future development of the climate system. The 

simulation data are generated using various numerical models of the global climate system 

under different possible future emission scenarios from the Shared Socio-economic Pathways 

(SSP, Riahi et al., 2017). The CMIP6 simulations provide possible future developments in 

temperature and precipitation (Tebaldi et al., 2021). Ensemble simulations enable the consid-

eration of numerous potential future developments, accounting for the internal variability of 

the climate system and the uncertainties inherent in global climate model formulation. 
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Adaptation decision model: In our ROA model, we consider risk-averse and risk-neutral de-

cision-makers who maximizes a constant relative risk aversion (CRRA) utility with a risk pref-

erence parameter 𝜀. They receive an uncertain payoff 𝑥𝑡
c in each period 𝑡 under a conven-

tional production system; once adapted by an investment with sunk costs 𝐼, they receive the 

less risky payoff 𝑥𝑡
a. Normalizing the payoff under the conventional system 𝑥𝑡 (= 𝑥𝑡

c 𝑥𝑡
a⁄ ), the 

payoff under the adapted system becomes numéraire, and their adaptation investment decision 

can be viewed as an exit problem (Dixit and Pindyck, 1994). The decision-makers expect neg-

ative effects of (future) climate change on the normalized payoff 𝑥𝑡; they have an incentive to 

invest in adaptation to receive a constant payoff.  

We assume that the uncertain normalized payoff 𝑥𝑡 follows a mixed geometric Brownian Mo-

tion and Poisson jump process characterized by three key climate change parameters:  

• Drift rate 𝜇: negative payoff trend due to gradual change in climate. The normalized 

payoff reduces by 100𝜇% in each period.  

• Volatility 𝜎: payoff volatility under climate change. A fluctuation of the normalized pay-

off follows a normal distribution with mean zero and variance 𝜎𝑥𝑡 in each period. 

• Frequency 𝜆: frequency of downside shock induced by extreme event. A fixed magni-

tude of a downside shock to normalized payoff occurs with probability 𝜆𝑑𝑡.  

The decision-maker considers the current value of investment 𝑉𝑡(𝜇, 𝜎, 𝜆, 𝜀), the current value 

of sunk costs 𝑉𝑡(𝐼, 𝜀), and the current value of waiting 𝑉𝑊𝑡(𝜇, 𝜎, 𝜆, 𝜀) in their adaptation de-

cision. While traditional valuation approaches, such as the expected present value approach 

(EPVA), simply compare expected returns and investment costs, the ROA incorporates the 

value of waiting or flexibility to avoid investment under the future realizations of negative or 

insufficient investment returns. The adaptation investment decision rule under the EPVA and 

ROA are: 

EPVA: 𝑉𝑡(𝜇, 𝜎, 𝜆, 𝜀) − 𝑉𝑡(𝐼, 𝜀) > 0;  

ROA: 𝑉𝑡(𝜇, 𝜎, 𝜆, 𝜀) − 𝑉𝑡(𝐼, 𝜀) > 𝑉𝑊𝑡(𝜇, 𝜎, 𝜆, 𝜀). 

The ROA may better explain the observed patterns of the adaptation investment than the EPVA 

(e.g., Ihli et al., 2014; Kim et al., 2017; Kind et al., 2018); the EPVA serves as a reference to 

understand the value of waiting or the investment reluctance decision-makers face. 
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Solving the ROA investment decision is equivalent to finding an adaptation threshold 𝑥∗ that 

triggers the investment. The decision-maker invests in the adapted system when the current 

payoff is lower than an adaptation threshold 𝑥∗: 

𝑥𝑡 < 𝑥∗(𝜇, 𝜎, 𝜆, 𝜀, 𝐼). (1) 

Intuitively, this is the case where the current payoff is low enough compared to the counter-

factual payoff under adaptation and sunk investment costs. The adaptation threshold is a func-

tion of three climate change parameters (𝜇, 𝜎, 𝜆). Note that due to the value of waiting induced 

by uncertainties, the ROA threshold is lower than the EPVA threshold. Based on the threshold, 

we estimate the adaptation likelihood by a given period 𝑇: 

𝑃(∃𝑡 ≤ 𝑇|𝑥𝑡 < 𝑥∗). (2) 

These adaptation threshold and likelihood are used to evaluate the future adaptation patterns 

under future climate change patterns and scenarios.  

Case example and parametrization: We take Austrian farms’ adaptation decision as a case 

study. We rely on climate projections for 2025-2050 considering average temperature anoma-

lies (°C) relative to the 1950–2000 baseline from historical simulations and monthly precipita-

tion sum (mm) during the growing season (May to August) over Austria (see Materials and 

methods). To quantify the climate change parameters, we use estimates of the climate response 

function of Austrian farmers by Zeilinger et al. (2023) based on 2003-2016 farm-level data. 

This climate response function returns the farm net revenue with and without adaptation from 

growing season temperature and precipitation. We quantify farmers’ future net revenue with 

and without adaptation under various climate projections. Assuming that the expected farm 

revenue follows geometric-Brownian motion, we estimated the drift rate and volatility with 

maximum likelihood estimation (MLE).  

While there are various extreme weather extreme that may affect farm revenue, drought is a 

major and increasing threat to crop production in Austria and Central Europe (Schmitt et al., 

2022; e.g., Zeilinger et al., 2023). Therefore, we use the Standardized Precipitation Evapotran-

spiration Index (SPEI, Vicente‐Serrano et al., 2014) as a dimensionless measure of drought 

conditions to model extreme weather events. The SPEI combines both precipitation and poten-

tial evapotranspiration (PET) capturing not only water supply but also the influence of temper-

ature and atmospheric water demand. With negative values indicating drier conditions relative 
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to the historical baseline, we use 𝑆𝑃𝐸𝐼 ≤ −1.5 as the threshold for “drought” to estimate 

drought frequency, and thus downside shock frequency (see Materials and Methods for details). 

Results 

The scenario-based climate projections for Austria and respective quantified parameters values 

based on the projections (Table 1, top) indicate higher uncertainties in the high-emission sce-

narios SSP5-8.5 and SSP3-7.0. Temperature shows comparatively stronger trends across all 

scenarios, with average anomalies between 1.3 °C and almost 1.8 °C. Average monthly pre-

cipitation during the growing season decreases in all scenarios compared to the historical av-

erage for 1950-2000 (79.28 mm/month) with a substantially weaker magnitude than for tem-

perature. These results are consistent with the IPCC Sixth Assessment Report (Lee et al., 2023). 

Climate change parameters (Table 1, bottom) quantified for each ensemble under a given SSP 

scenario show higher negative drift rates under the severe climate change scenarios (SSP3-7.0 

and SSP5-8.5) compared to the mild and optimistic climate change scenario (SSP1-1.9 and 

SSP2-4.5). This is similar for the frequency of downside shock, but SSP2-4.5 scenario presents 

the highest value. The volatility is also highest under the SSP2-4.5 scenario followed by SSP3-

7.0 and SSP5-8.5 scenarios, implying that the former scenario present higher uncertainties in 

model projection.  

Under the parameter values of the SSP3-7.0 scenario, we find the ROA thresholds of 0.687, 

0.689, and 0.692 for 𝜀 = (0, 0.5, 2), respectively. This means that a decision-maker adapts to 

climate change when their normalized payoff with initial value of 1 hits these thresholds. The 

EPVA thresholds are above 1 (1.176, 1.266, and 1.398, respectively), considerably higher than 

the ROA thresholds, and would imply immediate adaptation. In both ROA and EPVA, more 

risk-averse decision-makers have lower thresholds implying earlier adaptation; differences in 

ROA are trivial and less significant than those in EPVA. This suggests the adaptation reluc-

tance induced by uncertainties is particularly high for risk-averse decision-makers.  
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Table 1: Climate Change Projections (2025–2050) and Model Parameters under SSP Sce-

narios; Mean values and 10% and 90% percentiles in brackets 

Scenario SSP1-1.9 SSP2-4.5 SSP3-7.0 SSP5-8.5 

 Climate Change Projection: Growing Season (2025–2050) 

Temperature (°C) 1.34 1.60 1.70 1.76 

[1.05,1.66] [1.23,1.87] [1.46,1.96] [1.43,2.09] 

Precipitation (mm) 80.80 80.04 79.85 79.64 

[77.86,83.90] [77.33,83.07] [75.28,83.12] [75.88,82.56] 

 Climate Change Parameters 

Neg. drift rate (𝜇) 0.0081 0.0106 0.0125 0.0115 

 [0.000, 0.0317] [0.000, 0.0373] [0.001, 0.0653] [0.001, 0.0337] 

Volatility (𝜎) 0.0578 0.0577 0.0681 0.0672 

 [0.012, 0.165] [0.012, 0.164] [0.011, 0.224] [0.012, 0.199] 

Frequency (𝜆) 0.0646 0.0877 0.0785 0.0808 

 [0.000, 0.154] [0.000, 0.192] [0.000, 0.154] [0.000, 0.175] 

Notes: Climate change parameter values based on 2025–2050 temperature and precipitation projections for Aus-

tria. Temperature refers to temperature anomalies relative to the 1950-2000 historical baseline; Precipitation 

refers to the expected monthly precipitation in mm/month in the growing season.  

 

Figure 2 shows the ROA adaptation thresholds and likelihoods as functions of the climate 

change parameters (𝜇, 𝜎, 𝜂) under the SSP3-7.0 scenario for different levels of risk aversion. 

Higher (negative) drift rate 𝜇 increases the adaptation threshold, i.e., higher rates of unfavor-

able and/or gradual changes in climate induce higher adaptation incentives due to lower ex-

pected payoffs (utility) from the non-adapted system. Higher drift rate also leads to higher 

likelihood of adaptation. Overall, as expected, unfavorable gradual changes in climate leads to 

higher adaptation incentives and likelihood.  

In contrast, higher volatility 𝜎 decreases the adaptation threshold (lower adaptation incen-

tives). Although it reduces the expected utility of risk-averse decision-makers (higher adapta-

tion incentives), it also increases the value of waiting (lower adaptation incentives), and the 

latter effect dominates the former effect. Because the risk-averse decision-makers have adap-

tation incentives with the former effect, their threshold is higher than the risk-neutral decision-

makers. Interestingly, higher volatility decreases the adaptation likelihood in a certain range, 



 
8 

which may sound counter-intuitive because the risk mitigation is seen as one of the key benefits 

of adaptation. Similar to the case of adaptation threshold, this result can be explained by the 

effect of increased value of waiting that makes decision-makers more reluctant to adapt. The 

marginal effect of the volatility on the likelihood turns into positive when the volatility is 

around 0.05–0.06. This means that an average volatility that decisionmakers face is in fact 

within the range that minimize the adaptation likelihood (see Table 1). Overall, the results show 

that higher volatility provide significant incentives for decision-makers to become reluctant to 

adapt.  

 

 

Figure 2 Climate Change Parameters and Adaptation Threshold and Likelihood for SSP3-7.0 

Notes: Parameters are set as follow: Magnitude of downside shock 𝜂 = 0.300 (Slijper et al., 2022); relative risk 

aversion coefficient 𝜀 = (0, 0.50, 2) following Iyer et al. (2020); Interest rate 𝑟 = 0.10; Initial normalized payoff 

𝑥0 = 1; Sunk investment cost 𝐼 = 2. Initial normalized payoff is 1. See Materials and Method for detailed pa-

rameter definitions and estimation methodologies. 

 

Higher frequency of a downside shock 𝜆 decreases adaptation threshold (lower adaptation 

incentives). Although the expected return from adaptation becomes higher with higher likeli-

hood of downside shock, it also increases the value of waiting, where the latter effect over-

weighs. When decision-makers expect a higher likelihood of weather extremes, they are incen-

tivized to delay the investment so that they can wait to see if the weather extremes really occur 
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in their area of production. Indeed, evidence suggests that decision-makers adapt only after 

experiencing damages and losses from extreme events (e.g., Reilly and Schimmelpfennig, 

2000). The adaptation likelihood increases with frequency as downside shock makes the payoff 

becomes more likely to hit the threshold. Nonetheless, an increased frequency of downside 

shocks induced by weather extremes enhances the adaptation reluctance, restraining an in-

crease in adaptation likelihood. 

Finally, we estimate Austrian farmers’ 5-year adaptation likelihood based on the climate 

change parameters corresponding to each SSP scenario and their sensitivity to an adaptation 

investment subsidy (Figure 3). For the selected parameter values, all EPVA thresholds exceed 

1 suggesting an immediate adaptation. In contrast, adaptation likelihood is about 21–27% un-

der the ROA decision rules. Such difference reflects the seemingly delayed adaptation from 

the EPVA perspective.  

The optimistic scenario SSP1-1.9 shows the lowest adaptation likelihood. Interestingly, adap-

tation likelihood under severe climate change scenarios (SSP3-7.0 and SSP5-8.0) is not neces-

sarily higher than that under mild climate change scenarios (SSP2-4.5). That is, high future 

climate uncertainty under severe climate change does not necessarily induce widespread adap-

tation; rather, its timing appears to be delayed (Hawkins and Sutton, 2009).  

We note that estimates of the likelihood are sensitive to an adaptation investment subsidy. The 

results suggest that subsidies of 20% and 40% of the initial investment costs increase the ad-

aptation likelihood by 17–18% and 35–37%, respectively.  

 

 

Figure 3 Adaptation Likelihood under Climate Change Scenarios  
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Notes: Drift rate, volatility, and frequency of downside shock corresponding to each SSP scenario projections 
(2025-2050) are used to simulate adaptation probability (see Table 1). Relative risk aversion rate is set 𝜀 = 2. 

Discussion 

Our analytical framework for adaptation decision and empirical application to Austrian farms 

shows several interesting results: First, adaptation threshold and a likelihood indicate a consid-

erably delayed adaptation compared to the EPVA benchmark, even though it is optimal from 

the decision-makers’ perspective. This reflects observed reluctance to invest in adaptation. 

Second, adaptation reluctance particularly intensifies in response to downside revenue shocks 

induced by weather extremes. Increasing frequency of extreme weather events under climate 

change will further increase adaptation reluctance. Third, because uncertainty about future cli-

mate increases, the likelihood of adaptation under severe scenarios is not necessarily higher 

than under mild ones. This counter-intuitive result implies possible production losses due to 

under-adaptation under severe climate change. Finally, adaptation investment subsidies may 

enhance the likelihood of adaptation. Together, these results have policy-relevant implications. 

Although decision-makers already seem reluctant to invest in adaptation (IPCC, 2022), this 

reluctance is likely to intensify as climate change progresses. One key channel is downside 

shocks induced by weather extremes. With increasing frequency and intensity of extreme 

events, the expected loss without adaptation investment will increase; at the same time, the 

option value of waiting also increases for decision-makers. As a result, the adaptation invest-

ments will be further delayed.  

Such delays may incentivize policymakers to provide public interventions to enhance the ad-

aptation investment (e.g., investment subsidy). Member states of the European Union in fact 

supports investments into irrigation and in water-savings measures according to the CAP stra-

tegic plans, usually aimed at modernization and increasing efficiency of irrigation systems (Eu-

ropean Commission, 2023). However, according to the ROA, adaptation timing is only seem-

ingly delayed and optimal from the decision-makers’ perspective; thus, unnecessary public in-

vestments in adaptation may lead to inefficient resource allocations. 

Nonetheless, policymakers can justify the public investments when the adaptation reluctance 

has some negative externalities. One prominent example is staple cereal price. Demand for 

most staple cereals (e.g., wheat, maize, rice) are relatively inelastic, and a negative supply 

shock (e.g., production loss) can sharply rise its price (e.g., Khalfaoui et al., 2024). Therefore, 



 
11 

reducing expected production loss by earlier adaptation through public investment may predict 

future cereal price surge, enhancing future social welfare.  

Another perspective of justifying the public interventions is imperfect financial market. When 

the decision-makers faces borrowing constraints, their real investment sunk costs are higher 

than the nominal one. In this case, investment subsidy or concessional loans can compensate 

the additional costs of to the borrowing constraints on the investment sunk costs. Some adap-

tation programs target disadvantaged groups (e.g., smallholder farmers) because these groups 

tend to face borrowing constraints for the adaptation investment. 

Overall, careful considerations are required for the public intervention to induce adaptation 

investment. The policymakers should compare the value of adaptation reluctance with social 

costs of the reluctance. 

 

Materials and methods 

Climate model: The climate projections and historical simulations analyzed in this study are 

based on the MPI-ESM1-2-LR model (Wieners et al., 2019), which is part of the Coupled 

Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016). All simulations, includ-

ing the 50 ensemble members for both historical and future scenario experiments, are publicly 

available through the Earth System Grid Federation (ESGF) data portal (https://esgf-

node.llnl.gov/projects/cmip6/).  

Calculation of climate variables: The model output was processed to derive temperature and 

precipitation values as follows: Temperature anomalies were derived from monthly mean tem-

perature fields by subtracting the corresponding 1950–2000 climatological baseline, calculated 

from the historical simulations. Precipitation was taken as monthly precipitation totals. Both 

variables were averaged over the planting season (March–August) and spatially across Austria, 

defined by the domain 8° E–17° E and 45° N–50° N.  

The Standardized Precipitation-Evapotranspiration Index (SPEI) accounts for both precipita-

tion and potential evapotranspiration (PET). PET was estimated using the Thornthwaite 

method (Thorntwaite, 1948), which is temperature-based and commonly applied when only 

temperature and precipitation data are available. The SPEI was calculated on a 6-month aggre-

gation scale during the planting season (March–August), following Vicente‐Serrano et al. 

(2014), with standardization relative to the 1950–2000 baseline period using a log-logistic 

https://esgf-node.llnl.gov/projects/cmip6/
https://esgf-node.llnl.gov/projects/cmip6/
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probability distribution and historical simulations. As with temperature anomalies and total 

precipitation, the resulting SPEI values were spatially averaged over Austria (8° E–17° E, 45° 

N–50° N). 

Downside shock parametrization: We consider downside shocks as a result of a Poisson pro-

cess (Lee and Zhao, 2021) and consider cases with 𝑆𝑃𝐸𝐼 < −1.5 as droughts (e.g., Wang et 

al., 2021). We obtain an estimate of the downside shock frequency (𝜆𝐸) for each SSPs through 

maximum likelihood estimation (MLE) for each ensemble member. SSP-specific λs are calcu-

lated as arithmetic mean over the ensemble members. 

Drift rate and volatility parametrization: To parametrize drift rate and volatility under the 

five SSP climate change scenarios, we use the short-run (SL) and long-run (LL) response func-

tions of weather and climate effects on agricultural outcomes from existing studies (McIntosh 

and Schlenker, 2006; Moore and Lobell, 2014; Mérel and Gammans, 2021; Zeilinger et al., 

2023). That is, we use spatial and temporal variations of weather realization to estimate the 

response function:  

SL: 𝑦𝑖𝑡 = 𝛼 + 𝑓(𝑊̅𝑖𝑡; 𝛽) + 𝑔(|𝑊𝑖𝑡 − 𝑊̅𝑖𝑡|; 𝛾) + 𝛿𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 

LL: 𝑦𝑖𝑡 = 𝛼 + 𝑓(𝑊̅𝑖𝑡; 𝛽) + 𝛿𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡, 

where 𝑦𝑖𝑡 is agricultural outcome, 𝑊𝑖𝑡 denotes weather variables, 𝑊̅𝑖𝑡 denotes the moving 

average of weather variables in the last 20-30 years representing long-run climate conditions, 

and (𝛿𝑖, 𝛿𝑡) are farm- and time-fixed effects. The error term 𝜀𝑖𝑡 is orthogonal to weather and 

climate variables. The deviation from long-term climate, 𝑊𝑖𝑡 − 𝑊̅𝑖𝑡 only affects the short-run 

response function. Assuming that farms adapt their production systems to climate change in 

the long-run, 𝑔(|𝑊𝑖𝑡 − 𝑊̅𝑖𝑡|; 𝛾) in the short-run response function describes the “adaptation 

potential”, or an “expected loss” without adaptation (Moore and Lobell, 2014; Zeilinger et al., 

2023).  

We refer to the response function from Zeilinger et al. (2023), where the short-run response 

function is: 

𝑉𝑖𝑡 = 𝛼 + 𝛽1𝑊̅𝑖𝑡 + 𝛽2𝑊̅𝑖𝑡
2 + 𝛾1(𝑊𝑖𝑡 − 𝑊̅𝑖𝑡)<0 + 𝛾2(𝑊𝑖𝑡 − 𝑊̅𝑖𝑡)<0

2  

+𝛾3(𝑊𝑖𝑡 − 𝑊̅𝑖𝑡)>0 + 𝛾4(𝑊𝑖𝑡 − 𝑊̅𝑖𝑡)>0
2 + 𝛿𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡, 

with 𝑉𝑖𝑡 as net revenue per hectare (EUR/ha) of an Austrian farm; 𝑊𝑖𝑡 denotes the average 

temperature and precipitation during the growing season. Plugging the projected growing-sea-
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son temperature and precipitation during 2025–2050 under different SSP scenario into the re-

sponse function, we quantify the farm net revenue during 2025–2050 for each set of scenario 

and ensemble. We assume that the net revenue follows a Geometric Brownian motion (GBM) 

and quantify drift rate and volatility for each scenario and ensemble member by Maximum 

Likelihood Estimation. 

Adaptation decision model: In our adaptation decision model, the decision-makers face a dy-

namic adaptation investment decision where in each time period they have an option to invest 

in adaptation technology with sunk investment costs. We formally present our model with fol-

lowing assumptions:  

Assumption 1. A risk-averse decision-maker maximizes their expected utility with the constant 

relative risk aversion (CRRA) utility 

𝑢(𝑥) =
𝑥1−𝜀

1 − 𝜀
 (𝜀 ≥ 0, 𝜀 ≠ 1), (3) 

where 𝜀 denotes a relative risk aversion parameter. This utility function is tracable in a ROA 

framework with the advantage to nest the standard model. For a risk-neutral decision-maker 

𝜀 = 0, utility reduces to 𝑢(𝑥) = 𝑥 and the expected utility maximization problem is equiva-

lent to the expected payoff maximization problem. 

Assumption 2. A normalized payoff under the conventional system (𝑥𝑡 = 𝑥𝑡
conv 𝑥𝑡

adapt⁄ ) is uncer-

tain and follows a mixed GBM and Poisson jump process: 

𝑥0;  𝑑𝑥𝑡 = 𝜇𝑥𝑡𝑑𝑡 + 𝜎𝑥𝑡𝑑𝑧𝑡 − 𝜂𝑥𝑡𝑑𝑞𝑡, (4) 

where 𝑥0 > 0 is the initial payoff, 𝜇 is the drift rate, 𝜎 is the volatility, and 𝑑𝑧𝑡 is an incre-

ment of the Wiener process. The (negative) drift rate represents negative return trend under the 

unfavorable and gradual changes in climate. The volatility represents fluctuations in the payoff 

streams. The discontinuous downside jump process 𝑑𝑞𝑡 is 

𝑑𝑞𝑡 = {
   1    with probability 𝜆𝑑𝑡       
    0    with probability 1 − 𝜆𝑑𝑡

  , 

where 𝜆 is the jump frequency or the mean arrival rate of the Poisson process and 𝜂 ∈ (0,1) 

denotes the jump size. In the time interval 𝑑𝑡, the payoff discontinuously declines by 100 ∙

𝜂% with probability 𝜆𝑑𝑡. We assume the Wiener and the jump process are independent.  

Assumption 3. A decision-maker receives normalized payoff 𝑥𝑡 in each period 𝑡 under a con-

ventional production system, while once adapted by paying irreversible fixed switching costs 
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𝐼 they receive numéraire payoff. They find an optimal adaptation time 𝑡∗ by solving the fol-

lowing maximization problem:3 

 

max
𝑡

𝐸 [∫ 𝑢(𝑥𝑠)
𝑡

0

𝑒−𝑟𝑠𝑑𝑠 + ∫ 𝑢(1 − 𝑟𝐼)
∞

𝑡

𝑒−𝑟𝑠𝑑𝑠] . (5) 

Our proposed model departs from the standard ROA models in several ways. First, we consider 

not only gradual and unfavorable effects of climate change changes but also the negative effects 

of climate extremes on the downside shocks. As outlined in Assumption 2, we implement a 

mixed geometric Brownian motion (GBM) with a Poisson jump process based on recent mod-

els that relax the continuous stochastic payoff function assumption (Guthrie, 2019; Lee and 

Zhao, 2021; Guthrie, 2023). In addition, we incorporate a risk utility function into the value 

function (e.g., Mense, 2018) of our model in order to understand the interplay between risk 

preference of decision-makers and uncertainties related to weather extremes (Assumption 1 

and 3). CRRA utility is used for the sake of analytical tractability. 

The dynamic investment problem above is equivalent to finding an adaptation threshold 𝑥∗ 

that triggers adaptation investment. To find the adaptation threshold 𝑥∗ under the ROA model 

proposed in equation (3)-(5), we use dynamic programing techniques (see Appendix 1). We 

numerically estimate the threshold 𝑥∗ for a given set of parameters based on the following 

proposition that summarizes the model result. 

Proposition: The decision-maker switches to the adapted system if and only if the current pay-

off is below adaptation threshold 𝑥∗ 

 

𝑢(𝑥∗) =
𝛿

𝑟
(

𝛽∗

𝛽∗ − 1
) 𝑢(𝑦0 − 𝑟𝐼).          

⇔ 𝑥∗ = (𝑦0 − 𝑟𝐼) [
𝛿

𝑟
(

𝛽∗

𝛽∗ − 1
)]

1
1−𝜀

. (6) 

The convenience yield 𝛿 is given by 

 

3 We model switching cost 𝐼 as an annuity instead of a one-time cash payment and assume no borrowing con-

straint. 
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𝛿 = 𝑟 − 𝜇 + 𝜆𝜂̃, 

where 𝜇 = 𝜇(1 − 𝜀) −
𝜎2

2
𝜀(1 − 𝜀) 𝑎𝑛𝑑  𝜂̃ = 1 − (1 − 𝜂)1−𝜀. 

• If 0 < 𝜀 < 1: 𝛽∗ is a unique negative root of the polynomial equation (4). 

• If 𝜀 > 1: 𝛽∗ is a unique positive root of the polynomial equation (4) and greater than 1.  

1

2
𝜎̃2𝛽(𝛽 − 1) + 𝜇𝛽 − 𝜆[1 − (1 − 𝜂̃)𝛽] − 𝑟 = 0,  

where 𝜎̃ = 𝜎(1 − 𝜀). 

Proof: See Appendix A1. 

In addition to the threshold, we also estimate the adaptation likelihood, i.e., probability of in-

vesting on adaptation by a given period (cf., equation 2). The explicit form of the adaptation 

likelihood can be solved if the payoff follows a continuous stochastic process (cf. Sarkar, 2000), 

though not for our extension by the jump component due to the “undershoot” problem (Lee 

and Zhao, 2021). We therefore use Monte-Carlo simulation techniques to estimate the adapta-

tion probability: For a given set of parameters or stochastic process 𝑠, we simulate a payoff 

realization 𝑥𝑡(𝑠) for 𝑁 times, count the number of times it hits the numerically obtained ad-

aptation threshold 𝑥̂∗(𝑠) by time 𝑇, and denote the number with 𝑛𝑇(𝑠), to estimate the like-

lihood by 𝑃̂(𝑡∗ ≤ 𝑇|𝑠) = 𝑛𝑇(𝑠) 𝑁⁄ . We set 𝑁 = 100,000 and 𝑇 = 5. 
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Appendix A1. Optimality Condition 

A1.1. Ito’s Lemma 

Suppose 

𝑑𝑥 = 𝑎(𝑥, 𝑡)𝑑𝑡 + 𝑏(𝑥, 𝑡)𝑑𝑧 + 𝑐(𝑥, 𝑡)𝑑𝑞, 

where 𝑑𝑧 is a Wiener process and 𝑑𝑞 is a Poisson jump process with mean arrival rate 𝜆. We 

assume that these two processes are independent each other and the jump size is deterministic, 

𝑐(𝑥, 𝑡) in a time interval 𝑑𝑡, 𝑑𝑞 = 1 with a probability of 𝜆𝑑𝑡 and 𝑑𝑞 = 0 with a probabil-

ity of 1 − 𝜆𝑑𝑡.  

With a given function 𝐻(𝑥, 𝑡), we have (cf., Dixit and Pindyck, 1994): 

𝑑𝐻 =
𝜕𝐻

𝜕𝑡
𝑑𝑡 +

𝜕𝐻

𝜕𝑥
𝑑𝑥 +

1

2

𝜕2𝐻

𝜕𝑥2
(𝑑𝑥)2 + ⋯. 

For (𝑑𝑥)2, we have: 
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(𝑑𝑥)2 = 𝑏2(𝑥, 𝑡)𝑑𝑡 + 𝑜(𝑑𝑡). 

We can rewrite 𝑑𝐻 as: 

𝑑𝐻 =
𝜕𝐻

𝜕𝑡
𝑑𝑡 +

𝜕𝐻

𝜕𝑥
𝑑𝑥 +

1

2

𝜕2𝐻

𝜕𝑥2
(𝑑𝑥)2 + 𝑜(𝑑𝑡) 

= [
𝜕𝐻

𝜕𝑡
+ 𝑎(𝑥, 𝑡)

𝜕𝐻

𝜕𝑥
+

1

2
𝑏2(𝑥, 𝑡)

𝜕2𝐻

𝜕𝑥2
] 𝑑𝑡 + 𝑏(𝑥, 𝑡)

𝜕𝐻

𝜕𝑥
𝑑𝑧 (𝐴1) 

+{𝐻(𝑥 + 𝑐(𝑥, 𝑡), 𝑡) − 𝐻(𝑥, 𝑡)}𝑑𝑞 + 𝑜(𝑑𝑡), 

which is a special case of Ito’s Lemma. While Dixit and Pindyck (1994) shows:  

𝑑𝐻 = [
𝜕𝐻

𝜕𝑡
+ 𝑎(𝑥, 𝑡)

𝜕𝐻

𝜕𝑥
+

1

2
𝑏2(𝑥, 𝑡)

𝜕2𝐻

𝜕𝑥2
] 𝑑𝑡 + 𝑏(𝑥, 𝑡)

𝜕𝐻

𝜕𝑥
𝑑𝑧 + 𝑐(𝑥, 𝑡)

𝜕𝐻

𝜕𝑥
𝑑𝑞 + 𝑜(𝑑𝑡), 

𝑐(𝑥, 𝑡)
𝜕𝐻

𝜕𝑥
𝑑𝑞  is an approximated expression of {𝐻(𝑥 + 𝑐(𝑥, 𝑡), 𝑡) − 𝐻(𝑥, 𝑡)}𝑑𝑞 . When the 

jump size is large enough, the approximated expression is inaccurate because the change of 𝐻 

due to the jump cannot be approximated by the first derivative. 

A1.2. Value of the adaptation investment 

Suppose that the stochastic process follows a mixed geometric Brownian motion (GBM) and 

Poisson jump process with the deterministic jump size: 

𝑑𝑥 = 𝜇𝑥𝑑𝑡 + 𝜎𝑥𝑑𝑧 − 𝜂𝑥𝑑𝑞, 

where we assume 𝜇 < 0, 𝜎 > 0, and 𝜂 ∈ (0,1). Suppose we have a utility function:  

𝑢(𝑥, 𝑡) =
𝑥1−𝜀

1 − 𝜀
. 

From equation (A1) we have: 

𝑑𝑢 = [𝜇𝑥
𝜕𝑢

𝜕𝑥
−

𝜎2𝑥2

2

𝜕2𝑢

𝜕𝑥2
] 𝑑𝑡 + 𝜎𝑥

𝜕𝑢

𝜕𝑥
𝑑𝑧 + [𝑢(𝑥 − 𝜆𝑥) − 𝑢(𝑥)]𝑑𝑞 + 𝑜(𝑑𝑡) 

= [𝜇𝑥1−𝜀 −
𝜎2

2
𝜀𝑥1−𝜀] 𝑑𝑡 + 𝜎𝑥1−𝜀𝑑𝑧 + [

(𝑥 − 𝜂𝑥)1−𝜀

1 − 𝜀
−

𝑥1−𝜀

1 − 𝜀
] 𝑑𝑞 + 𝑜(𝑑𝑡) 

= [𝜇(1 − 𝜀) −
𝜎2

2
𝜀(1 − 𝜀)] 𝑢𝑑𝑡 + [𝜎(1 − 𝜀)]𝑢𝑑𝑧 − [1 − (1 − 𝜂)1−𝜀]𝑢𝑑𝑞 + 𝑜(𝑑𝑡). 

Therefore, the utility also follows the GBM and Poisson jump process: 

𝑑𝑢 = 𝜇𝑢𝑑𝑡 + 𝜎̃𝑢𝑑𝑧 − 𝜂̃𝑢𝑑𝑞, (𝐴2) 
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where 𝜇 = 𝜇(1 − 𝜀) −
𝜎2

2
𝜀(1 − 𝜀) and 𝜎̃ = 𝜎(1 − 𝜀) are the drift rate and volatility of the 

GBM, respectively, and 𝜂̃ = 1 − (1 − 𝜂)1−𝜀 is a size of the Poisson jump.  

The expectation of 𝑑𝑢 is: 

𝐸[𝑑𝑢] = (𝜇 − 𝜆𝜂̃)𝑢𝑑𝑡, 

because 𝐸[𝑑𝑧] = 0 and 𝐸[𝑑𝑞] = 𝜆𝑑𝑡, which leads to the expected utility of continuing the 

conventional system:  

𝐸[𝑢(𝑥𝑡)] = 𝑢(𝑥0)𝑒(𝜇̃−𝜆𝜂̃)𝑡. 

Since 𝑦𝑡 = 𝑦0, the value of the investment at the current time period 𝑉(𝑥𝑡, 𝑦𝑡) is:  

𝑉 = 𝐸 ∫ [𝑢(𝑦𝑠 − 𝑟𝐼) − 𝑢(𝑥𝑠)]𝑒−𝑟𝑠
∞

𝑡

𝑑𝑠

= ∫ [𝑢(𝑦0 − 𝑟𝐼)𝑒−𝑟𝑠 − 𝑢(𝑥0)𝑒−(𝑟−𝜇̃+𝜆𝜂̃)𝑠]
∞

𝑡

𝑑𝑠

= ∫ [𝑢(𝑦𝑡 − 𝑟𝐼)𝑒−𝑟𝑠 − 𝑢(𝑥𝑡)𝑒−𝛿𝑠]
∞

0

𝑑𝑠

= [(−
1

𝑟
) 𝑢(𝑦𝑡 − 𝑟𝐼)𝑒−𝑟𝑠 − (−

1

𝛿
) 𝑢(𝑥𝑡)𝑒−𝛿𝑠]

0

∞

=
𝑢(𝑦𝑡 − 𝑟𝐼)

𝑟
−

𝑢(𝑥𝑡)

𝛿
, (𝐴3)

 

where 𝛿 is a convenience yield given by: 

𝛿 = 𝑟 − 𝜇 + 𝜆𝜂̃ > 0. 

For the investment to be profitable, it is necessary that 𝑟 < 𝛿 when 𝜀 < 1 and 𝛿 < 𝑟 when 

𝜀 > 1. This holds in our assumptions, i.e., 𝜇 < 0 and 0 < 𝜂 < 1. 

A1.3. Optimality condition 

In the region with declining yet sufficiently high payoff under the conventional system, i.e., 

the decision-maker has an opportunity to invest, option value 𝐹 holds the following the Bell-

man equation (cf., Dixit and Pindyck, 1994):  

𝑟𝐹(𝑢)𝑑𝑡 = 𝐸[𝑢 + 𝑑𝐹(𝑢)], 

which states that over the time interval 𝑑𝑡, the expected return on the option value expressed 

in the decision-maker’s utility is equal to its expected rate of payoff appreciation.  
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Let 𝑣 = |𝑢| be the absolute value of the utility. That is, 𝑣 = 𝑢 if 0 < 𝜀 < 1 and 𝑣 = −𝑢 if 

𝜀 > 1. The option value is thus revised as 𝐹(𝑣) = 𝐹(𝑢) if 0 < 𝜀 < 1 and 𝐹(𝑣) = −𝐹(𝑢) if 

𝜀 > 1. The Bellman equation is also revised as: 𝑟𝐹(𝑣)𝑑𝑡 = 𝐸[𝑣 + 𝑑𝐹(𝑣)]. 

From equation (A2), 𝑣 follows a mixed GBM and Poisson jump process:  

𝑑𝑣 = 𝜇𝑣𝑑𝑡 + 𝜎̃𝑣𝑑𝑧 − 𝜂̃𝑣𝑑𝑞, 

where 𝜇 = 𝜇(1 − 𝜀) −
𝜎2

2
𝜀(1 − 𝜀); 𝜎̃ = 𝜎(1 − 𝜀); and 𝜂̃ = 1 − (1 − 𝜂)1−𝜀. With [𝑑𝑧] = 0 

and 𝐸[𝑑𝑞] = 𝜆𝑑𝑡 and equation (A1), we have: 

𝐸[𝑑𝐹] = 𝐸 [𝜇𝑣
𝜕𝐹

𝜕𝑢
+

1

2
𝜎̃2𝑣2

𝜕2𝐹

𝜕𝑢2
] 𝑑𝑡 + 𝜆𝐸[𝐹(𝑣 − 𝜂̃𝑣) − 𝐹(𝑣)]𝑑𝑡. 

From the Bellman equation, we have 

𝑟𝐹(𝑣) = 𝑣 + 𝜇𝐸 [𝑣
𝜕𝐹

𝜕𝑢
] +

1

2
𝜎̃2𝐸 [𝑣2 𝜕2𝐹

𝜕𝑢2] + 𝜆𝐸[𝐹(𝑣 − 𝜂̃𝑣) − 𝐹(𝑣)]. 

When 𝑥𝑡 = 0, the option value becomes zero, i.e., 𝐹(𝑣(0)) = 𝐹(0) = 0. Thus, the general 

form of the differential equation above is  

𝐹(𝑣) = 𝐴𝑣𝛽 +
𝑣

𝛿
 , 

where 𝛿 is a convenience yield. Therefore: 

𝑟𝐴𝑣𝛽 = 𝜇𝛽𝐴𝑣𝛽 +
1

2
𝜎̃2𝛽(𝛽 − 1)𝐴𝑣𝛽 + 𝜆[(1 − 𝜂̃)𝛽 − 1]𝐴𝑣𝛽. 

Rearranging the equation: 

1

2
𝜎̃2𝛽(𝛽 − 1) + 𝜇𝛽 + 𝜆[(1 − 𝜂̃)𝛽 − 1] − 𝑟 = 0 (𝐴5) 

is the fundamental polynomial equation that the option value should hold. Since there is no 

analytical solution for this equation, we need to find a numerical solution.  

Let 𝑔(𝛽) be the left-hand side of equation (A5), we have:  

𝑔(𝛽) = [
1

2
𝜎̃2(𝛽 − 1) + 𝜇] 𝛽 + 𝜆[(1 − 𝜂̃)𝛽 − 1] − 𝑟 

𝑔′(𝛽) = 𝜎̃2𝛽 −
1

2
𝜎̃2 + 𝜇 + 𝜆𝛽(1 − 𝜂̃)𝛽−1. 

(i) If 0 < 𝜀 < 1, 𝜇 < 0 and thus 𝑔′(0) = −
1

2
𝜎̃2 + 𝜇 < 0. Therefore,  
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∀𝛽 ≤ 0: 𝑔′(𝛽) < 0 and 𝑔(𝛽) → ∞ (𝛽 → −∞). 

Thus, 𝑔 decreases monotonically in a range of 𝛽 ≤ 0. Since 𝑔(0) = −𝑟 < 0 and 𝑓 diverges 

to infinity in this range, there is a unique negative root that satisfies 𝑔 = 0.  

(ii) If 𝜀 > 1 , we have 𝜇 > 0  and 1 − 𝜂̃ = (1 − 𝜂)1−𝜀 > 0 , and thus 𝑔′(1) =
1

2
𝜎̃2 + 𝜇 +

𝜆(1 − 𝜂̃) > 0. Therefore,  

∀𝛽 ≥ 1: 𝑔′(𝛽) > 0 and 𝑔(𝛽) → ∞ (𝛽 → ∞). 

Thus, 𝑔 increases monotonically in a range of 𝛽 ≥ 1. Since 𝑔(1) = −𝛿 < 0 and 𝑓 diverges 

to infinity in this range, there is a unique negative root that satisfies 𝑔 = 0 and is larger than 

1. Note that there is no root in a range of 𝛽 ∈ [0,1] because 𝑔(0) < 𝑔(1) < 0 and 𝑔 in-

creases monotonically in this range.  

We let 𝛽∗ be such a negative and positive unique root when 0 < 𝜀 < 1 and 𝜀 > 1, respec-

tively, i.e., 𝛽∗ < 0 if 0 < 𝜀 < 1 and 𝛽∗ > 1 if 𝜀 > 1. At the adaptation threshold 𝑥∗, the 

option value satisfies the value matching condition and smooth pasting condition:  

𝐹(𝑣) =
𝑣(𝑦𝑡 − 𝑟𝐼)

𝑟
 

𝜕𝐹

𝜕𝑥
(𝑣(𝑥∗)) = 0.  

Substituting 𝐹(𝑣(𝑥∗)) = 𝐴𝑣(𝑥∗)𝛽 +
𝑣(𝑥∗)

𝛿
 and its first derivative we have: 

𝐴𝑣(𝑥∗)𝛽 +
𝑣(𝑥∗)

𝛿
=

𝑣(𝑦𝑡 − 𝑟𝐼)

𝑟
(A6a) 

𝛽𝐴𝑣(𝑥∗)𝛽−1
𝜕𝑣(𝑥∗)

𝜕𝑥
+

1

𝛿

𝜕𝑣(𝑥∗)

𝜕𝑥
= 0

⇔ 𝐴𝑣(𝑥∗)𝛽 = −
𝑣(𝑥∗)

𝛽𝛿
. (A6b)

 

From equation (A6a), we have 

𝐴𝑣(𝑥∗)𝛽 =
𝑣(𝑦𝑡 − 𝑟𝐼)

𝑟
−

𝑣(𝑥∗)

𝛿
= {

𝑢(𝑦𝑡 − 𝑟𝐼)

𝑟
−

𝑢(𝑥∗)

𝛿
= 𝑉  if 0 < 𝜀 < 1

−
𝑢(𝑦𝑡 − 𝑟𝐼)

𝑟
+

𝑢(𝑥∗)

𝛿
= −𝑉  if 𝜀 > 1

 

where 𝑉 is the (positive) value of the adaptation investment (cf., equation A3). Thus, for the 

investment to be profitable, it is necessary that 𝐴 ≥ 0 if 0 < 𝜀 < 1 and 𝐴 ≤ 0 if 𝜀 > 1. 
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Given equation (A5b), therefore, 𝛽 needs to be negative if 0 < 𝜀 < 1 and positive if 𝜀 > 1. 

Thus, 𝛽∗  (𝛽∗ < 0 if 0 < 𝜀 < 1 and 𝛽∗ > 1 if 𝜀 > 1) is a unique root of the polynomial 

equation (A4) that satisfies the boundary conditions. 

From equation (A6a) and (A6b), the optimality condition is: 

−
𝑣(𝑥∗)

𝛽∗𝛿
+

𝑣(𝑥∗)

𝛿
=

𝑣(𝑦𝑡 − 𝑟𝐼)

𝑟

⇔ 𝑣(𝑥∗) =
𝛿

𝑟
(

𝛽∗

𝛽∗ − 1
) 𝑣(𝑦𝑡 − 𝑟𝐼)

⇔ 𝑢(𝑥∗) =
𝛿

𝑟
(

𝛽∗

𝛽∗ − 1
) 𝑢(𝑦𝑡 − 𝑟𝐼)

⇔ 𝑥∗ = (𝑦𝑡 − 𝑟𝐼) [
𝛿

𝑟
(

𝛽∗

𝛽∗ − 1
)]

1
1−𝜀

,

 

where 𝛽∗ is a unique negative (positive) root when 0 < 𝜀 < 1 (𝜀 > 1) of equation (A4).  

Our dual solutions of the fundamental equation 𝛽∗ differ from those obtained by standard 

ROA models because we consider the risk preference parameters, i.e., the CRRA utility takes 

both positive values when 0 < 𝜀 < 1 and negative values when 𝜀 > 1. As we show in Ap-

pendix A1.3, for the adaptation investment to be profitable, it is necessary for a root of the 

fundamental polynomial equation (4) to be negative (positive) when 0 < 𝜀 < 1 (𝜀 > 1). A 

unique negative (positive) root exists for equation (4) when 0 < 𝜀 < 1 (𝜀 > 1), where the 

positive root is larger than 1.  

The convenience yield 𝛿 represents an incentive to hustle the investment to reduce the nega-

tive effects of climate change on the decision-maker’s utility. On the other hand, the hurdle 

rate, ℎ = [𝛽∗ (𝛽∗ − 1)]1/(1−𝜀)⁄ , represents an incentive to delay investment to collect more 

information on the uncertain payoff. Because of the above-mentioned characteristics of 𝛽∗, 

this term is smaller than 1 irrespective of 𝜀. Therefore, ROA threshold is always lower than 

the EPV threshold where hurdle rate equals to 1.  

Since there is no analytical solution for the equation (4), for a given set of parameters 𝑠, we 

obtain the numerical solution for 𝛽̂∗(𝑠). We then substitute 𝛽̂∗(𝑠) into the equation (3) to 

obtain the threshold 𝑥̂∗(𝑠).  


