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ABSTRACT

THREE ESSAYS ON THE ECONOMICS OF WATER RESOURCES AND CLIMATE
CHANGE

This dissertation investigates three broad topics in the economics of water resources and cli-
mate change. In the first chapter, I explore how changes in perceptions about water availability
affect the adoption of conservation practices. I present a theoretical framework to examine how
producer perceptions influence investment in irrigation efficiency, and a period of extreme drought
and institutional change in Colorado is leveraged as a natural experiment to evaluate theoreti-
cal hypotheses empirically. The second chapter assesses the sensitivity of climate change impact
estimates to the climate-economy functional form in agriculture. I accomplish this through the
development of a long-run dataset of county-level weather and climate metrics, including hourly
temperature measurements across all counties in the conterminous US, and demonstrate the con-
sequences of multiple modelling approaches that are common in the literature. I also create a
composite vulnerability index that integrates the magnitude and consistency of impacts across all
defensible models to generate a comprehensive measure of climate risk to a county’s agricultural
sector. In the final chapter, I compare the economic efficiency of different water allocation mech-
anisms. A combination of optimization models and water supply simulations are employed to
compare prior appropriation with and without water markets, and alternative, share-based mecha-
nisms. I illustrate how the physical and institutional components of a river basin, such return flows,
user seniority, heterogeneous value functions, and user locations (i.e., upstream or downstream),

impact allocative performance.
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Chapter 1

Perceived Water Scarcity and Irrigation

Technology Adoption

1.1 Introduction

Scientists and policy makers are actively exploring efficient and sustainable resource planning
under a changing climate (IPCC, 2021). Climate change describes a shift in the underlying distri-
bution of weather patterns over a long period of time, and anticipated changes in temperature and
precipitation are projected to escalate water scarcity, posing a risk to food production (Mancosu
et al. 2015). This issue is particularly salient for arid regions, where water supplies are expected
to be intensely affected by climate change (Lioubimtseva 2004) and agriculture is often dependent
on irrigation. For areas that rely on irrigation water derived from snowpack, accelerated snowmelt
will change the timing and quantity of water available during the growing season, increasing the
risk of costly shortages (Adam et al. 2009). It is estimated that water shortages result in more
annual crop loss than all pathogens combined, totaling $30 billion in global production losses over
the past decade (Gupta et al. 2020). As overall water availability changes, maintaining agricultural
output will depend on how producers adapt. Adopting water conservation strategies is one possible

mechanism.



Understanding what motivates producers to conserve water resources is important for future
planning. While there exists a rich literature on potential conservation strategies (e.g., Howden
et al., 2007), little emphasis has been placed on the role of perceptions that influence the adoption
of these strategies. One reason for the lack of research in this area is that identifying events in
the natural world that change perceptions, and subsequently change behavior, can be challenging.
Some literature suggests that personally experiencing an extreme weather event can change per-
ceptions about climate change and increase the inclination to adopt conservation strategies (Spence
et al. 2011, Wang 2017, Wang & Lin 2018). Maddison (2007) finds that many farmers in Africa
perceive climate change to be real, yet some still do not respond in their practices. While these
studies provide important insights into attitudes on climate change, they rely on cross-sectional sur-
vey data and do not track systematic behavioral changes over time. Overall, literature investigating
how perceptions impact behavior using observational, non-survey data is scant. In this article, we
explore how changing perceptions about water scarcity affects conservation investment decisions
for agricultural producers. A simple theoretical framework is developed to demonstrate the con-
ditions under which a producer’s perception of water availability would incentivize investment in
improving irrigation efficiency. Then, a unique period of extreme drought and institutional reform
in Colorado is leveraged as a natural experiment to compare empirical results to simulations from
the theoretical model.

Perceptions about water availability play a critical role in decision-making for producers that
are dependent on irrigation. In the United States, western states (the American West) account for
81% of total irrigation withdrawals (Dieter et al. 2018), and productivity in many areas is depen-
dent on surface water from snow runoff. In this area, rising temperatures cause more precipitation
to fall as rain instead of snow, which reduces snowpack depth and changes the seasonality of runoff
(EPA 2016). Several studies have examined recent hydrological changes in the American West,
documenting trends in earlier snowmelt-driven stream flows and declines in April snowpack (Mote
et al. 2005, Hamlet et al. 2005, Mote 2006, EPA 2016). In addition to increasing temperature and

evaporation trends, monthly projections of the Palmer Drought Severity Index (PDSI) suggest that



climate change will amplify the length and severity of droughts while also hindering the recovery
of macro-scale water supplies (Gutzler & Robbins 2011). One mechanism for agricultural pro-
ducers to adapt to these trends is to adopt more water-efficient, pressurized irrigation systems like
sprinkler or drip (Howden et al. 2007, Frisvold & Bai 2016), but gravity systems are still preva-
lent throughout the American West partially due to high costs of sprinkler systems and relatively
low water prices. Carey & Zilberman (2002) use a stochastic dynamic model to demonstrate how
uncertainty in water supplies creates an option value and deters irrigation technology adoption un-
less the expected present value of the investment exceeds the cost by a large margin. However,
some empirical evidence has shown that farmers adopt new technologies to hedge against produc-
tion risk (e.g., Koundouri et al., 2006). The present article provides insights into the disconnect
between some theoretical predictions and empirical evidence surrounding investment in irrigation
technology.

Presumably, producers hold some belief about the probability distribution of input shocks.
When considering multi-year investments in water conservation technologies, a farmer likely as-
sesses of the probability of a water shortage. Ji & Cobourn (2021) provide an intuitive frame-
work of expectation formation, proposing that perceptions about weather—or water supply con-
ditions—develop with an increased bias toward recent events. Therefore, experiencing a dispro-
portionately extreme event triggers a larger revision to expectations, and a subsequent series of
events closer to long-run averages would be necessary to decrease the perceived likelihood of
another extreme event. They corroborate their theoretical hypotheses empirically, finding that
weather shocks significantly impact short-run planting decisions for farmers. Similarly, Cobourn
et al. (2021) demonstrate that irrigators anticipating water shortages are more likely to fallow land
and plant drought-resilient crops. Complementing these recent studies that focus on short-run re-
sponses (i.e., yearly planting decisions), our attention lies on long-run responses (i.e., investment
in infrastructure). Our novel dataset of 70 years of water right curtailment recordings alleviates
our reliance on weather data in estimating producer expectations of water availability. We are able

to pinpoint producers that directly experienced shortages, allowing us to identify changes in per-



ceptions and subsequent long-run improvements in water-use efficiency via irrigation technology
adoption.

The present article contributes to the relevant literature in two aspects. First, we develop a
theoretical model to analyze the conditions under which an agricultural producer’s perception of
a possible water shortage would incentivize investing in a more water-efficient irrigation system.
The model framework captures how risk is perceived for farmers operating under a priority-based
water allocation institution through two parameters: (i.) the probability that water supply will be
curtailed in a given year and (ii.) if curtailed, the intensity of the water loss. We then consider a
probable range of model parameters to identify when the benefit of investing in more efficient irri-
gation infrastructure is highest. Since our framework captures the nuances of a priority-based water
rights regime, insights on how investment decisions are influenced by perceptions are particularly
applicable to the American West, though similar regimes exist throughout the world. Our theoret-
ical model shows that the net benefit of adopting more efficient irrigation technology increases in
the probability of curtailment, holding all else constant. However, changes in the expected amount
of water received (when curtailed) impacts net benefits non-monotonically.

Second, we capture changing perceptions of water shortage risk for farmers empirically in
northeast Colorado using a comprehensive panel dataset of irrigated cropland, agricultural water
rights, and curtailment recordings. For many producers, increased water scarcity will change the
perceived reliability of their water right portfolios. In Colorado, producers with historically se-
cure water rights are facing increases in curtailment due to institutional changes resulting from
litigation and sustained drought in the early 2000s (Waskom 2013). Our empirical context pro-
vides us with a unique opportunity to leverage a natural experiment to identify a change in per-
ceptions about the reliability of a water supply, which allows us to measure how those changes
affect decisions to adapt to increasing scarcity. Treatment and control groups are determined by
water right curtailments during the early 2000s shock relative to historical droughts. Results of a
difference-in-difference analysis indicate that the treatment group, i.e., those who experienced an

unprecedented increase in curtailment, adopted more water-efficient irrigation systems at signifi-



cantly higher rates than the control group. Additionally, cropland with corn experienced the largest
increases in irrigation efficiency improvements in years following the shock relative to other crops,
although total corn acreage declined. Corn is considered more sensitive to water stress than other
popular crops grown in the region, such as alfalfa or wheat, further indicating that the shock incen-
tivized a change in practices to hedge against production risks. Some producers in our study area
supplement their surface water irrigation practices with groundwater, yet we find that changes in
groundwater use did not differ substantially between treatment and control groups beyond years
immediately following the shock. This is, in part, due to the conjunctive governance of surface
water and groundwater in Colorado. These empirical findings provide fresh evidence of the link
between updating perceptions and conservation investment behavior.

The remainder of the article is organized as follows. First, we describe a theoretical framework
used to analyze the impact of perceptions on irrigation technology adoption in the context of prior
appropriation, which is the dominant water allocation system in the American West. We then
discuss our study area and the period of extreme drought and institutional reform that we leverage
as a natural experiment, followed by a description of the data and modeling approach. In the final
sections we present the estimation results, analyze their robustness, and conclude by discussing

policy implications.

1.2 Theoretical Framework

When adapting to increasing water scarcity, farmers face a menu of potential strategies to
reduce their overall water dependency. Drought-tolerant crop varieties and species can be planted
in lieu of water-intensive ones. Deficit irrigation on large quantities of land or increased irrigation
on a reduced quantity of land offer opportunities for water savings. Technologies that harvest and
store water or reduce conveyance losses can increase average supplies. Improving the application
efficiency of an irrigation system can reduce the amount of diverted water necessary to achieve full

evapotranspiration. The advent of water markets and water-sharing agreements allow farmers to



diversify their income through selling water or to hedge against drought risk by buying water. In
general, the actual costs and benefits of different adaptation strategies from this suite of options
depends on a farmer’s characteristics, such as geographic location. However, farmers’ expected
costs and benefits, which ultimately drive adoption decisions, can vary according to perceptions
about water scarcity that may not systematically correlate with observed demographics. Otherwise
similar farmers with different perceptions may exhibit a vastly different willingness to invest in
practices that reduce water use. In the following theoretical framework, we focus solely on how
perceptions drive the decision to improve irrigation efficiency. Although our theoretical model is
presented in the context of a producer evaluating the expected benefits from adopting an irrigation
technology, the findings apply more generally with respect to how perceptions of scarcity influence
producer decisions to invest in technologies and/or practices that improve water use efficiency.

To examine the impact of perceptions on conservation investment, we develop a theoretical
model describing a producer’s decision to improve the efficiency of his irrigation infrastructure.
We adopt the conceptual framing of a producer’s irrigation water supply under a prior appropriation
system from Li et al. (2019), with some simplification. After summarizing prior appropriation, we
show a general condition characterizing the net benefit of investment in a conservation technology.
We then impose assumptions on the parameters to estimate the impact of perceptions about input
availability on the investment decision.

Water allocation in most of the American West is governed by a system of prior appropriation,
a legal framework that rules over all water use. To divert water under prior appropriation, one
must obtain a water right from a court or purchase an existing right. Water rights are usufructuary,
meaning that the rightsholder does not own the water itself but the right to divert and use it. Rights
are ranked in a hierarchy of priority determined by the date on which a user first appropriated and
diverted water for beneficial use, colloquially phrased as “first in time, first in right." Owners of
agricultural water rights cannot use more water for irrigation than what is decreed by their right,
and when basin water supplies are insufficient to fulfill all decreed water rights, rightsholders with

older water rights have priority over users with newer rights. In the state of Colorado, water rights



are curtailed through a system of administrative “calls.” When inflows are insufficient to satisfy
all decreed water rights, the State Engineer places a “call" on a stream which curtails the ability
for junior water rights holders to divert. The administrative call communicates a priority level
required to continue diverting water. In essence, when senior water rights are unable to achieve
their decreed allotment due to insufficient supplies, all junior upstream users must temporarily stop
diverting to make more water available (Getches 2009).

Consider a producer operating under a system of prior appropriation who uses water to grow
crops. The producer owns a water right with a fixed priority level and a maximum amount of w
units of water that may be diverted from a specified stream. Irrigation water w available to the

producer to grow crops over a growing season is a random variable that takes the form

w, S>>V
w = (1.1)

w, S<V

where S is a stochastic stream supply term, corresponding to the total quantity of water available
for diversion by all water rights holders, and V' is the total supply necessary within the stream
system for the producer to divert the maximum quantity of water associated with the water right.
If S < V, the producer’s water right is called, and he receives a proportion ¢ € [0, 1) of the total

allotment. We further assume a relationship between irrigation water and crop yield equal to

(Aw)®, 0 < Aw < wy,
y(w, A\, ) = (1.2)

Ym, AW > Wy,

where y(w, A, ) is the total quantity of output, A € (0, 1) is an irrigation efficiency coefficient,
Ypy 18 maximum yield, w,, is the net irrigation requirement for maximum yield, and « € (0,1) is a

shape parameter.!

!'Our choice of functional form attempts to exhibit the typical relationship between total seasonal irrigation and crop
yield as represented on page 4 of Foster & Brozovi¢ (2018). We assume no yield when no water is applied, i.e.,
y(w = 0, A\, @) = 0, since irrigated crop varieties in Colorado are often not drought tolerant.



Now consider the case where the producer has an existing low-efficiency, flood irrigation sys-
tem and can invest in a high-efficiency, sprinkler system. The producer can pay an annualized
cost of the upfront capital investment, c,, that would increase irrigation efficiency from A to A,.
Assume this producer’s objective is to maximize expected profit by first choosing whether to invest
in the new irrigation system, taking prices as given, and then applying water to his fields after w is
realized. The profit function after realization is composed of the per unit price of output p, output

y(w, A, ), and some fixed cost of production &,
T =py(w, A\, o) — k. (1.3)

The producer assumes a probability that his water right will be called in a given year, P(S < V') =
6 € [0, 1], and the magnitude of water loss, § € [0, 1), should the call occur. Given his perception
of parameters # and 9, and conditional on efficiency, the producer’s expected profit prior to the
realization of w is

E[r] = p[(1 — 0)y(w, A\, @) + Oy(dw, \, )] — k. (1.4)

The decision to invest in the new irrigation system is modeled as binary, so the producer chooses
between only two profit functions. For simplicity, we examine the payoff of investing for a sin-
gle period case. The annualized expected net benefit of investment is the difference between the

expected profit under a sprinkler system () and a flood system (\y):
E[m] = E[ms] = p{(1=0)[y(w, As, &) —y(@, A, a)| +0ly(6W, As, @) =y (0w, A, )]} — s, (1.5)

and assuming w is the amount of water necessary for maximum yield with flood irrigation,” i.e.,

the marginal productivity of water is zero beyond w = y},{ /s, equation (5) is reduced to

E[r] — E[rs] = pOly(6w, Ay, @) — y(6w, Af, )] — cs. (1.6)

ZWater allotments under prior appropriation are determined by the historical consumptive use of the activity allowed
by the water right, so this assumption is appropriate in this context.



Lastly, we assume that a producer adopts the technology if the net benefit of investment is greater

than zero:
pOly(dw, As, ) — y(0w, Ap, )] — s > 0 (1.7)
or after rearranging,
Oly (0, Ay, o) — y(6, Af, )] > %. (1.8)

The left-hand side of equation (8) is the difference in yields when water is called multiplied by
the probability that water is called. It represents the expected gross benefit of technology adoption.
As the difference increases, producers become more likely to adopt the technology. The right-
hand side describes the ratio of cost to output price. As the cost of the investment increases,
producers are less likely to invest. As price increases, the net benefit of adoption becomes higher,
and producers become more likely to invest. A key feature of this model is that the benefit of
technology adoption comes only from reducing down-side risk. The adoption of a more efficient
irrigation technology allows the producer to achieve a higher yield per unit of water when he does
not receive the entirety of his water right. The highest priority farmer has ¢ = 0 and an expected

gross benefit equal to zero.

1.2.1 Parameter Simulations

We now examine how perceptions of § and ¢ incentivize adoption of the efficient technology by
parameterizing the left-hand side of (8). We are only concerned with identifying where a producer
would have the highest likelihood of adopting, so we focus on the range of parameters in which the
gross benefits of adoption are highest. When the gross benefits of adoption are highest, we would
expect adoption to be more likely.

First, we assume the following parameter values: Ay = 0.5, A\; = 0.9, y,,, = 6, and o = 0.5.
Irrigation application efficiencies are used from Bauder et al. (2014) and maximum yield can be
interpreted as tons of corn per acre. We then calculate the left-hand size of (8) over the range

of plausible values of 6 and 0 to generate a heat map displaying the areas in which the gross



benefit of adoption is greatest given the producer’s perceptions (Figure 1.1). Each point on the
heat map corresponds to a possible combination of # (probability of a call) and J (magnitude of
shortage) for an individual producer. The background shading at each point corresponds to the
gross benefit, or increase in expected yield, associated with that combination of # and §. Darker,
purple (lighter, yellow) areas are associated with lower (higher) gross benefits, so a change that
results in movement from a dark area to a lighter area would result in an increase in expected
benefit. The impact of 6 is straightforward and monotonic. Pick one point along the horizontal
axis and hold ¢ constant, and each point directly above (increasing 6) lies on a lighter area on
the map. In other words, as a possible call becomes more likely, the benefit of improving water
application efficiency increases monotonically. If the perceived probability of a call is 0, there is
no incentive to invest.

The impact of 0 is less straightforward. When holding 6 constant and moving along points
from left to right, the benefit is greatest around o = 0.55, after which the benefit decreases. When
the producer expects to receive nearly all or nearly none of his water during a call, the benefit of
improving water application efficiency approaches 0. If a producer were to experience a change in
perception that moved him from a dark to light area on Figure 1.1, we would expect an increased
likelihood of investing in the high-efficiency, sprinkler system. The region in which producers are
most likely to adopt the new technology occurs when the probability of a call is perceived as high,
and the volume of water lost during a shortage is about half of the full right. In the empirical

section of this paper, we investigate these theoretical predictions.

1.3 Data and Methods

1.3.1 Study Area

In Colorado, The Water Right Determination and Administration Act of 1969, C.R.S. 37-92 et
seq. (1969), designated seven water divisions based on drainage characteristics, each staffed with

its own division engineer and water judge. Water Division 1 (WD1), the study area for this analysis,
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is highly dependent on surface water and contains the South Platte River basin (SPRB), Repub-
lican River basin, and Laramie River basin. The Colorado Water Plan (CWCB, 2015) provides
extensive detail on all basins and water divisions, and here we summarize the details relevant to
our analysis. The SPRB alone is home to approximately 80% of Colorado’s population while also
having the largest proportion of irrigated agriculture. Irrigated agriculture accounts for approxi-
mately 85% of total water diversions within the basin, with water supplies originating in mountain
snowpack along the Continental Divide. Farmland in WD1 typically receives less than 8 inches of
precipitation during the growing season (Schneekloth & Andales 2017). In addition to 1.4 million
acre-feet of average-annual native flow volume, the basin receives an additional 500,000 acre-feet
in transmountain diversions. Overall, the basins in WD1 are over-appropriated, meaning the total
allotted volume of water rights exceeds the current average supply, and many irrigation season
water rights are continuously out of priority.

WDI1 provides a relevant case study of many arid regions that are experiencing water scarcity
concerns coupled with irrigation-dependent agriculture and fast growing populations. The 17 states
wholly or partially west of the 100th meridian in the conterminous United States all utilize a
strict or hybrid prior appropriation water rights regime (Leonard & Libecap 2019) and depend on
irrigation water for agricultural production. Of these 17 states, seven were among the top ten fastest
growing states in percent growth from 2020 to 2021 (US Census Bureau 2021). Increased water
scarcity due to climate change combined with increasing demands for urban uses place significant
pressures on agricultural production in these areas. While there is considerable heterogeneity in
producers across the American West, many face similar problems to those represented in this study.

Agricultural producers in WDI1 face uncertainty in water availability from two predominant
sources. The first source is the variability in water supplies under a changing climate. The second
source is institutional, as water administration is complex and constantly evolving. Colorado is
experiencing rapid population growth, with increasing water demands for municipal, industrial,
recreational, and environmental uses, and the administration of water law frequently undergoes

changes from new legislation and court rulings as new problems emerge (Jones & Cech 2009).
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1.3.2 The Natural Experiment

In addition to designating water divisions, the 1969 Act determined that groundwater was to
be regulated in conjunction with surface water under prior appropriation. The act introduced “aug-
mentation plans” that allow for out-of-priority diversions so long as sufficient replacement water
is supplied to prevent injury to senior users. Such plans are required to be approved through a
decree of a district water court,? but the State Engineer was granted the ability to temporarily ap-
prove substitute water supply plans (SWSPs). SWSPs were essentially augmentation plans that
could be renewed on an annual basis without official approval from the courts. Consequently,
many junior users neglected to formally seek court adjudication and relied on the State Engineer
for continued water use under SWSPs (Waskom 2013). SWSPs were predominantly utilized by
groundwater users who would collectively provide replacement water through recharge ponds or
reservoirs. Throughout the 1980s and 1990s, groundwater users in particular were accused of
providing inadequate replacement water (Waskom 2013), however exceptional precipitation and
snowpack (McKee et al. 2000) veiled potential water shortages. Nearly two decades of abundant
water supply meant there was little incentive to impose change within the system.

Then, in 1999-2000, Colorado experienced an unexpected combination of low winter snow
accumulation and above average spring and summer temperatures that led to drought conditions
across the state (Pielke et al. 2005). This revealed that existing replacement efforts under SWSPs
did not adequately cover shortfalls in water availability, and as a result, litigation was launched
between two water users over misuse of SWSPs. The result of Empire Lodge Homeowner’s As-
sociation v. Moyer, 39 P.3d 1139 (Colo. 2001) declared that the State Engineer did not have

legal authority to approve SWSPs on an annual basis and shifted more oversight of water replace-

3Colorado water courts are specialized state courts with water judges appointed by the state Supreme Court. Wa-
ter judges have jurisdiction over all water use and administration within their water division. See https:
//www.courts.state.co.us/Forms/PDF/JDF%20301W.pdf for the application and detailed require-
ments for approval of an augmentation plan.
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ment plans to the water courts.* Although this ultimately led to the permanent curtailment of many
groundwater rights, it had a direct impact on surface water. First, producers faced increased depen-
dence on uncertain surface water supplies during the summer months. Additionally, the number
of formally decreed augmentation plans that require records of actual diversions increased dra-
matically in subsequent years (Waskom 2013). Since the basins in WD1 are over-appropriated,
net surface water diversions could not increase in practice. As more water rights recorded daily
diversions, the State Engineer had a better understanding of actual surface water supplies, and the
likelihood of calls along mainstream rivers increased.

After the institutional change, drought conditions persisted through 2009 with the most intense
period occurring in 2002. In 2002, all of Colorado was in extreme drought conditions, and April
snowpack was estimated at 52% of the previous 30-year average (Pielke et al. 2005). PDSI levels
for WD reached -6 (Figure 1.2, top panel), a classification of drought categorized by widespread
crop losses and severe water shortages that result in water emergencies. The newly increased re-
liance on surface water, better records for actual diversions, and unprecedented drought conditions
resulted in a permanent change to the call regime (Figure 1.2, bottom panel). The average number
of days under call from 2002-2012 was two to four times that of 1982-2001 for districts within
WDI1 (Waskom 2013, pp. 149-152). The change in oversight for out-of-priority diversions, com-
bined with an unprecedented decrease in surface water supply, created an exogenous shock to the
distribution of surface water available to relatively junior water rights.

To exploit the exogenous change in surface water availability for some users, we compile an
extensive dataset for WDI1 on irrigated cropland, irrigation technology, agricultural surface water
rights, call recordings, and population across eight observation years (1976, 1987, 1997, 2001,
2005, 2010, 2015, 2020). County-level population data is available through the Colorado State

Demography Office and the remainder of the data from Colorado’s Division of Water Resources

“For more information on SWSPs and Empire Lodge Homeowners v. Moyer, see the “Guidance Doc-
uments” available at https://dwr.colorado.gov/services/water—-administration/
water-supply-plans—-and-administrative-approvals.
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HydroBase software.’ Information on individual water rights includes water source, point of diver-
sion, water use type, maximum flow volume, appropriation date, and priority number. The priority
number ranks all water rights in terms of seniority, determined by rights’ appropriation and court
adjudication dates. Information on irrigated cropland includes acreage, point of diversion, and crop
type. Irrigation technology at the field level describes if a field irrigates using flood or sprinklers.
Water rights, irrigation technology, and irrigated acres can be matched to a diversion structure,
such as a ditch or canal, however we cannot identify the individual parcels owned by a specific
water right holder. Therefore, we aggregate information to the diversion structure as the unit for
analysis. Altogether we construct a balanced panel of 434 diversion structures.

Since 1950, all administrative calls by the State Engineer have been recorded, which we use for
our treatment design. Annual information on the length of curtailment for each water right allows
us to define treatment and control groups by losses during the 2000s drought relative to historic
droughts in the 1950s and 1970s (McKee et al. 2000). The average number of curtailed days per
year in drought period d, Cy, during the growing season (April-October) is calculated over the
“historic" drought years (1950-1956 and 1974-1978) and the “recent" drought years (2000-2009)
for all water rights sharing a diversion structure. Our theoretical model demonstrates that a change
in perceptions about water availability can impact the expected gross benefit of investing in more
efficient irrigation technology, and we assume that producers developed a perception about the
reliability of their water rights from the intensity of their curtailment during historic droughts. Di-
version structures that experienced an increase in average curtailment C; during the recent drought

period are placed into the treatment group:

I, AC;> X%
Treatment = (1.9)

0, ACy;<0%

3See https://cdss.colorado.gov/software/hydrobase.
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where ACy = % x 100. We remain agnostic to the magnitude of increase that would
trigger a change in perceptions and allow X to vary from 0% to 150%. This approach allows us
to detect potential heterogeneity in the response of the treatment group as the average increase in
curtailment becomes larger. It is important to note that as X increases, diversion structures that
experienced changes between 0% and X % are dropped from the analysis.

To examine the impact of the shock on the number of irrigated acres at diversion structure 7 in

year ¢ with technology j, yft we estimate the following difference-in-difference models:
ygt = ZﬁgDiTt“‘ijit‘l‘Oé{ +7§+5it (1.10)
t

where j denotes the technology-specific model (i.e., sprinkler or flood), D; = 1 if structure 7 is in
the treatment group and O otherwise, and 7; is an indicator equal to 1 if ¢ = year 7" and O otherwise.
The term z;; is county population, and o, and -y; are year and diversion structure fixed effects to
control for time trends and omitted variables. Lastly, ¢;; is the error term clustered at the diversion
structure. As a placebo test, D;T; includes all panel years, excluding the reference year of 2001, to
investigate differences prior to and after the natural experiment. Hereinafter we will refer to years
1976, 1987, and 1997 as “pre-treatment" and years 2005, 2010, 2015 and 2020 as “post-treatment."

For simplicity, we summarize the sample characteristics of treatment and control groups when
X =50% in Table 1.1 and explore the affects of different levels of X in the next section. Statistics
for 2001 are reported to provide a snapshot of the sample just before the natural experiment, and it
is also used as the reference year for our regression analysis. From the data presented it is appar-
ent that larger diversion structures with slightly more junior water rights were disproportionately
impacted by the shock. To investigate if treatment structures are correlated spatially, we present a
map of the same treatment and control structures in Figure 1.3. The location of treatment structures
provides evidence that the shock was not localized to a specific area. We find treatment structures

in both urban and rural areas and along a variety of different streams.
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1.4 Results

Coefficient estimates from (10) with corresponding cluster-robust standard errors when X =
50% are reported in Table 1.2. We estimate four iterations of the model with different dependent
variables: the number of irrigated acres with flood technology, the number of irrigated acres with
sprinkler technology, sprinkler acres as a percentage of total irrigated acres, and total irrigated
acres. We include the percentage of sprinkler acres to ensure estimates in the first two columns
are not deceptively inflated by the behavior of larger diversion structures in our sample. Insignif-
icant estimates for the pre-treatment variables in the first three columns indicate that differences
in the outcome variables between treatment and control groups are not statistically distinguishable
from zero prior to the shock. This provides suggestive evidence that the treatment and control
groups satisfy the parallel trends assumption. We present coefficients for the treatment variables
graphically in Figure 1.4, with 95% confidence intervals, to check for the existence of differen-
tial pre-trends visually. Dashed confidence intervals indicate overlap with zero. In years after
the shock, estimates become significant and increase in magnitude, suggesting that a change in
behavior persisted for over a decade. By 2020, the average treatment structure adopted sprinkler
technology on 889 more acres than the average control structure. This amounts to an 18.7% point
increase in irrigated land with sprinkler technology. Applying this estimate to the entire treatment
group, the shock incentivized an increase of over 63,000 sprinkler-irrigated acres in our study area
as of 2020.

Surprisingly, there is no statistically significant impact on total irrigated acreage. Although
WD1 is experiencing an overall decline in irrigated acreage (CWCB 2015), the rate at which land
is leaving production is comparable between the treatment and control groups. This suggests that
the treatment group responded to the shock to water availability through more efficient use of the
input on the intensive margin. The overall decline in irrigated acres across the basin is perhaps
better explained by the population variable. The negative and significant coefficient for population

suggests that an increase in population places downward pressure irrigated acres within a county.
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This finding is consistent with large cities in Colorado buying agricultural water rights to meet
increasing municipal demands (Pritchett et al. 2008).

Figure 1.5 displays coefficient estimates with 95% confidence intervals for the post-treatment
years when X is allowed to from vary from 0% to 150%. For the Spinkler Acres and Sprin-
kler % models, treatment structures display increasing rates of sprinkler technology adoption as
the curtailment cutoff increases from O to 90% and 75% respectively. After this point, the treat-
ment group substantially diminishes in size and coefficient estimates become less stable, although
they remain significant. These results suggest heterogeneity in treatment effects, as producers
responded somewhat proportionately to the magnitude of the shock that they experienced. Esti-
mates for the pre-treatment years are available in the Supplementary Analysis and show consistent
insignificance.

In addition to irrigation technology, agricultural producers can respond to water scarcity by
planting less water-intensive crops. We estimate crop-specific models using the same specification
as (10) while limiting the dependent variable to total and sprinkler irrigated acres with corn, alfalfa,
and wheat. We exclude results for grass pasture as there is very little sprinkler irrigated pasture
in our sample. Results from the crop-specific models when X = 50% are presented graphically in
Figure 1.6, again with 95% confidence intervals, and cluster-robust standard errors are available in
Table 1.3. Regression results indicate that corn was the crop that experienced the biggest increase
in sprinkler-irrigated land as a result of the shock. On average, corn acreage accounted for 60-65%
of the increase in sprinkler acreage for all post-treatment years.® This result holds in 2005 despite
the significant average decrease of 156 total corn acres, which was a potential short-run response
to the shock. Between the three crops, corn is generally more sensitive to drought than alfalfa or
wheat (Lobell et al. 2014), making this result consistent with risk-mitigating behavior. By 2015, we
find significant and positive differences for alfalfa and wheat in addition to corn for the Sprinkler

Acres specification. With the exception of corn in 2005, we find no significant differences in total

This was estimated by dividing the coefficient estimates from the corn-specific Sprinkler Acres model (Table 1.3,
column 2) by the coefficient estimates from the total Sprinkler Acres model (Table 1.2, column 2).
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acres post-treatment for each crop. This suggests that adjustments to the change in relative scarcity
were made on the intensive margin (adjusting water application per acre) rather than the extensive
margin (retiring cropland).

We also investigate the potential impacts on irrigated acreage that is supplemented with ground-
water. The average number of estimated acres supplemented with groundwater in Table 1.1 indi-
cates that the treatment group utilizes more groundwater to augment their irrigation practices.
Since the institutional change in the early 2000s resulted in the curtailment of many groundwa-
ter rights, it is important to scrutinize what changes in sprinkler adoption can be attributed to
changes in surface water versus groundwater availability. We first control for groundwater supple-
mented acreage in the Sprinkler Acres and Sprinkler % models to check for loss of significance
and magnitude of the treatment effects, and then estimate one additional model with groundwater
supplemented acres as the dependent variable. Estimates of groundwater supplemented acreage
were omitted from the primary regressions due to endogeneity concerns and potential measure-
ment error, particularly because attenuation bias due to measurement error is amplified in fixed
effects estimations (Johnston & DiNardo p. 404, 2009). Regression results for the groundwater
models are presented in Table 1.4, where columns (2) and (4) correspond to the models with the
added groundwater control variable and column (5) to the model with groundwater supplemented
acres (GW Acres) as the dependent variable. The only qualitative change to the results from the
primary regressions is the loss of significance of the Treatment*2005 variable for the Sprinkler
Acres model. Otherwise, the longer-term trends and Sprinkler % results remain qualitatively un-
affected. For the GW Acres model, we find a significant decrease in groundwater supplemented
acreage for the treatment group in 2005, which reflects the immediate curtailment of groundwater
rights after the shock. However, estimates for Treatment*2010 and Treatment*2015 are not statis-
tically distinguishable from zero, indicating that longer-term changes in groundwater use did not
consistently differ between the treatment and control groups. It is therefore likely that the signifi-
cant increases in sprinkler adoption in the treatment group was a mechanism to adapt to long-run

changes in surface water availability due to the shift in the call regime.
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In summary, we observe a short-run response to the shock in the reduction of total corn acreage
and a long-run response in the increased and consistent adoption of sprinkler technology. To ex-
amine what this implies for potential water use, we use seasonal crop-water demands for corn
and alfalfa to make a back-of-the-envelope calculation of the reduction in water required for full
crop yields for treatment structures. First, we multiply the 2020 Sprinkler Acres coefficient es-
timates in Table 1.3 for corn and alfalfa by the number of treatment structures to estimate the
total increase in crop-specific sprinkler-irrigated acreage. Next, we calculate the difference in the
seasonal net-irrigation requirement, accounting for precipitation and soil moisture typical to north-
eastern Colorado, for an acre of each crop with flood irrigation versus sprinkler irrigation.” The
difference for each crop is then multiplied by the estimates from the first step. In total, we estimate
a potential reduced seasonal irrigation demand for water diversions of 50,000 acre-feet or 16
billion gallons of water across WD1 by 2020 attributable to the change in expectations of water
availability. The average Colorado household uses about 0.5 acre-feet of water per year (Waskom
& Neibauer 2014), so the demand reduction is roughly equivalent to the yearly water demands of
100,000 households.?

In Figure 1.4, there is some evidence of trends prior to the shock given the direction of co-
efficient estimates across time, particularly for the Sprinkler % model. One might attribute these
trends to differences in the distribution of seniority (Table 1.1) between the treatment and control
water rights. Given our theoretical results, it is reasonable to assume that junior water right holders
would invest more in water efficient technologies than senior water rights holders, regardless of the
shock to surface water availability in the 2000s. If that is the case, then our coefficient estimates
could be biased. We test this supposition by limiting our sample to similar treatment and control
structures and re-estimating the Sprinkler % model. We use a propensity score matching algorithm
using the minimum, median, and maximum appropriation year for the water rights associated with

a structure to make the distribution of all water rights between treatment and control groups as

"Net crop water requirements are calculated from data presented in Schneekloth & Andales (2017).

8This comparison is made only to provide perspective on the volume of water. According to Colorado water law, water
"saved" via irrigation efficiency gains cannot be reused or sold.
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similar as possible.” Results from the matching exercise are presented in Figure 1.7. The treatment
group is smaller than the control group, so we first match every treatment structure with two similar
control structures (second column) and then one-to-one (third column). The first row of Figure 1.7
displays a smoothed density curve of the seniority distribution for the water rights in the total sam-
ple and the two matched samples, and the second row displays coefficient estimates corresponding
to the sample directly above. In each of the regressions using matched samples, pre-treatment co-
efficients move closer to zero and post-treatment coefficients remain positive and trend upward. In
the one-to-one matched regression, the distribution of water rights are nearly identical, however the
post-treatment coefficient for 2005 loses significance likely due to the reduced sample size. This
exercise provides evidence that our main results are not driven by differences in seniority among
the water rights at treatment and control diversion structures. Additional robustness checks and
analysis relating to treatment design, model specification, and nonlinear impacts from the shock

can be found in the first three sections of the Supplementary Analysis, respectively.

1.5 Conclusion and Policy Implications

In this article, we explore the impact of perceived input scarcity on conservation investment
decisions. We develop a theoretical model to examine the conditions under which an agricultural
producer’s perception of water shortages would incentivize investment in a more efficient irrigation
technology. A numerical exercise is used to demonstrate a range of perceptions that maximize the
gross benefit of investing in irrigation efficiency, and we test our theoretical predictions empirically.
A period of severe drought and institutional change in Colorado that led to a change in expectations
about the availability of irrigation water is leveraged as a natural experiment. Results suggest that
agricultural producers who experienced an unprecedented shock to their irrigation water supply

transitioned more land from low- to high-efficiency irrigation systems in the following decade. Our

9We use the Matchlt package in R to perform a greedy nearest neighbor matching algorithm. Details can be viewed at
https://cran.r-project.org/web/packages/MatchIt/MatchIt.pdf.
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analysis provides evidence that input shocks can trigger investment in efficiency due to changes in
perceptions.

This research has limitations that must be acknowledged. Subsidy programs such as the Envi-
ronmental Quality Incentives Program (EQIP) that can significantly reduce the costs of investment
may affect conservation decisions. Although we can observe general rates of adoption through land
use changes, we do not know producer-specific costs of a sprinkler system. We also cannot observe
conservation practices beyond irrigation technology and crop choice in our data. For example,
when evaluating EQIP enrollment, Wallander et al. (2013) found that many drought-facing pro-
ducers adopted tillage practices that conserve soil moisture. Lining or replacing irrigation ditches
to reduce seepage is another practice identified as water saving by EQIP that we are unable to
detect.

In Colorado, water rights can be bought and sold, and a distinct feature of our study area is the
presence of active water markets. Most market activity consists of municipal and industrial buyers
and agricultural sellers. Some rights were undoubtedly traded during our study period, which we
are unable to track. We can only observe the decreed uses of a particular water right as they exist
today, and although we limited our analysis to water rights that have a decreed agricultural use,
some have gained additional uses through previous transactions. It is possible that not all water
right owners with an agricultural water right are using their water for agricultural production in a
given year. Although we cannot identify which water rights were sold, we find that changes in total
irrigated acreage did not differ substantially between treatment and control groups. This provides
some evidence that agricultural water rights are being sold at similar rates across all diversion
structures, regardless of the heterogeneous impacts of the shock.

Concerning water right transactions, it is important to note that improving irrigation efficiency
does not generally reduce the value of a water right. One aspect of prior appropriation is that
water rights may be forfeited if the owner consistently fails to apply the water to a beneficial use,
otherwise known as "use it or lose it." This component however only applies to the consumptive

use determined by the water right. In the case of a farmer, the consumptive use of his water
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right is determined by the annual documented evapotranspiration of his crops, not the total amount
of water diverted. Since improving irrigation efficiency only reduces the amount necessary for
diversion and not the beneficial, consumptive use, the water right’s value should not be affected.
In the case of a water right transfer, the transferee buys only the right to the consumptive use
regardless of the transferor’s former diversion amounts. In general, the "use it or lose it" rule is
not a true barrier to improving irrigation efficiency, although it is potentially perceived that way by
some (Waskom et al. 2016).

Another important characteristic of our study area is that all surface water and most ground-
water resources are administered similarly under prior appropriation, which is not uniformly the
case across the American West. For example, some areas in Arizona, California, and Texas still
abide a "rule of capture" for groundwater, so land owners who can drill into an aquifer can pump
uninhibited. In Colorado, the conjunctive governance of surface and groundwater effectively lim-
its their substitutability, so agricultural producers cannot rely on increased groundwater pumping
when surface water supplies are low during drought. This lack of substitutability certainly affected
producers’ willingness to invest in technology to use surface water more efficiently. Groundwater
aquifers are often exhaustible in practice, since they can take long periods of time to replenish
naturally. Inhibiting the ability to excessively pump groundwater during drought may prompt an
earlier adoption of water conserving technologies. Improving the use efficiency of renewable sur-
face water supplies before exhausting limited groundwater resources may increase the longevity of
agricultural production under climate change.

Lastly, it is worth noting that hydrological systems are exceptionally complex, and any changes
to how and when water is diverted has common property resource implications. Water is considered
a public good under prior appropriation, and water rights are usufructuary. If downstream users in a
basin are reliant on return flows, i.e., the water that returns to the system after human use, reducing
upstream diversions by improving irrigation efficiency can impact their water availability. For
example, a downstream user may rely on the return flows from seepage due to upstream flood

irrigation. In some cases, it may not be clear if the adoption of efficient application technologies
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improves system-level performance. An area of future research that warrants attention is evaluating
how uncertainty in return flows impact the overall efficiency of a basin. Return flows can be
difficult to track and can vary in their amounts depending on the crop being grown, soil type,
weather conditions, and when the water is applied. This added uncertainty can make a system
more difficult to manage, all else equal. High efficiency irrigation technologies however increase
the control that a producer has to target water to a crop, which reduces the uncertainty in the
value added from a unit of water that could have otherwise been applied with a low efficiency
technology. Scrutinizing these uncertainties and understanding how incentives for efficient water
use are aligned across producers within a basin is crucial for agricultural sustainability.

Despite some limitations, our results are generally informative and have important policy and
water management implications. First, drought in arid regions is expected to worsen under a chang-
ing climate, and perceptions will play a critical role in the future adoption of conservation practices
in agriculture. Neglecting how costs and benefits are perceived when assessing the effectiveness of
programs designed to encourage conservation efforts could provide policy makers with misleading
information. For example, if a policy maker is considering the implementation of a subsidy pro-
gram to promote the adoption of water-conserving technologies, it is critical to understand whether
non-adoption is driven by conventional cost hurdles or by perceptions about necessity. If the lat-
ter is the driving factor, efforts to accelerate revisions to perceptions to align with actual shortage
distributions, before the realization of costly weather disruptions, could bolster a more efficient
path to adoption. This may be an opportunity for agricultural extension programs to address and
build perceptions about water scarcity in arid climates. Surveys and qualitative interviews can be
administered to local farmers to gauge perceptions about climate change, drought risk, and the
efficacy and necessity of adaptation strategies. If climate change risk is perceived as negligible,
awareness campaigns tailored to communicating water scarcity concerns in localized areas may
be effective at accelerating changes. If climate change is perceived as a real risk, communicating
the benefits of increasing water use efficiency and providing better information on the possibility

of future water shortages can enable producers to minimize their down-side risk. Highlighting
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the conservation practices of local farming operations may also facilitate changes in perceptions,
as the behavior of neighbors has been found to be influential in adoption behavior (Case 1992).
Once climate change perceptions align with a need to improve water use efficiency, disseminating
opportunities that reduce costs of implementation, such as EQIP participation, can hasten the path

to adoption.

24



1.6 Tables

Table 1.1: Summary of characteristics of treatment and control diversion structures at 50% curtailment
increase cutoff, 2001

Control Treatment

Variables: Mean Std Dev Mean Std Dev
Irrigated Land (Acres)

Flood Technology 1,043.41 3,695.46 2,777.73 5,759.35

Sprinkler Technology 272.60 1,453.47 907.31 2,848.66

Total 1,316.01 4,979.66 3,685.04 8,080.56

Groundwater Supplemented® 351.49 1,718.50 2,088.92 4,741.83
Crop Varieties (Acres)

Corn 405.01 1,808.84 1,651.35 3,843.15

Alfalfa 452.90 1,990.10 1,166.14 2,586.79

Grass Pasture 239.37 501.71 339.72 701.21

Wheat 100.27 436.50 194.89 575.85

Other® 39.47 221.30 110.98 408.36
Water Rights Data®

Appropriation Year 1880 13.18 1892 24.18

Number of Rights 5.92 11.24 2.94 3.63
County Population 211,001.8 136,786.1 147,749.5 122,041.8
Number of Structures 338 71

#HydroBase provides estimates of surface water irrigated acreage that is supplemented
with groundwater.
®Other crops include sugar beets, dry beans, and assorted vegetables.

“Refers only to water rights with decreed agricultural uses.
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Table 1.2: Difference-in-difference estimations of the impact of drought and institutional change on irriga-

tion practices, 50% curtailment increase cutoff

(1) (2) 3) C))
Variables: Flood Acres Sprinkler Acres % Sprinkler  Total Acres
Treatment*1976 445.0 -303.9 -0.027 141.1
(250.9) (191.0) (0.022) (89.4)
Treatment*1987 202.5 -207.0 -0.012 -4.57
(146.4) (115.0) (0.013) (69.1)
Treatment*1997 129.8 -134.9 0.007 -5.10
(74.5) (76.2) (0.009) (35.8)
Treatment*2005 -420.6** 262.6** 0.048** -158.0
(152.8) (87.9) (0.012) (82.5)
Treatment*2010 -593.2** 526.4** 0.076*** -66.8
(199.6) (166.3) (0.020) (79.2)
Treatment*2015 -892.7* 743.8** 0.115* -148.9
(308.1) (241.0) (0.026) (105.1)
Treatment*2020 -1,365.4* 889.0** 0.187** -476.4
(516.2) (293.0) (0.033) (273.0)
County Population —0.001 —0.0007 —2.11 x 107™  —0.002***
(0.001) (0.001) (1.07 x 1077)  (0.0004)
Fixed effects:
Diversion Structure v v v v
Year v v v v
Observations 3,272 3,272 3,272 3,272
Adjusted R? 0.879 0.797 0.721 0.987
Within Adjusted R? 0.023 0.026 0.057 0.008

Diversion Structures: 409, Time Periods: 8, Reference Year: 2001
Standard errors (in parentheses) are clustered at the diversion structure level.
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05
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LT

Corn Alfalfa Wheat =

cr

(D (2) 3) 4) (%) (6) =2 >

Variables: Total Acres Sprinkler Acres Total Acres Sprinkler Acres Total Acres Sprinkler Acres % EU:;
Treatment*1976 303.9 -85.0 -301.6 -189.5 -99.9 -33.2 5 §
(190.8) (58.4) (167.2) (111.7) (55.5) (21.8) g 8

Treatment*1987 95.2 -75.2 -369.3* -163.4 47.3 -24.2 S i
(123.5) (49.0) (159.9) (92.6) (36.8) (14.4) =

Treatment*1997 0.686 -62.5 -236.4 -117.6 22.2 -9.03 § §
(123.2) (60.8) (122.0) (66.8) (31.9) (13.0) 2 8

Treatment*2005 -155.7* 160.3** -152.3 20.8 -30.8 -5.11 §i g
(69.5) (51.7) (120.0) (37.3) (34.0) (7.29) % E

Treatment*2010 -36.3 346.0** -229.3 534 88.5 73.9 ? §'
(54.6) (104.5) (135.9) (40.8) (53.7) (38.0) 5 S

Treatment*2015 -114.6 465.6** -164.3 147.2* 46.0 76.8* § ;
(81.2) (147.2) (109.6) (57.7) (42.9) (35.6) g e

Treatment*2020 -31.9 650.4** -92.8 237.1* -73.5 -6.61 % %
(65.6) (216.7) (92.9) 91.1) (65.8) (17.8) e

County Population —0.001* —0.0005 —0.0009** —0.0002 —0.0001 1.5 x 107 E:
(0.0004) (0.0005) (0.0003) (0.0005) (0.0001)  (9.58 x 1077) 2

Fixed effects: U%
Diversion Structure v v v v v v %_
Year v v v v v v s
Observations 3,272 3,272 3,272 3,272 3,272 3,272 g
Adjusted R? 0.958 0.767 0.922 0.738 0.771 0.524 S
Within Adjusted R? 0.008 0.033 0.007 0.015 0.010 0.022 ;
Diversion Structures: 409, Time Periods: 8, Reference Year: 2001 0%
Standard errors (in parentheses) are clustered at the diversion structure level. g
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05 Z
o
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(1) 2) 3) “4) &)
Variables: Sprinkler Acres Sprinkler Acres Sprinkler % Sprinkler % GW Acres
Treatment*1976 -303.9 -279.1 -0.027 -0.026 17.5
(191.0) (170.8) (0.022) (0.022) (33.2)
Treatment™1987 -207.0 -269.5 -0.012 -0.015 -44.0
(115.0) (136.7) (0.013) (0.013) (35.8)
Treatment™1997 -134.9 -169.0 0.007 0.005 -24.0
(76.2) (95.8) (0.009) (0.009) (19.5)
Treatment*2005 262.6 -125.4 0.048*** 0.032* -273.5*
(87.9) (146.2) (0.012) (0.013) (100.3)
Treatment*2010 526.4** 330.5* 0.076*** 0.068*** -138.0
(166.3) (172.4) (0.020) (0.020) (85.7)
Treatment*2015 743.8** 619.2** 0.115* 0.109** -87.8
(241.0) (224.2) (0.026) (0.026) (58.6)
Treatment*2020 889.0** 576.7* 0.187** 0.174** -220.1*
(293.0) (251.0) (0.033) (0.033) (102.6)
County Population -0.0007 -0.002 211 x1077* —246 x 1077*  -.0007**
(0.001) (0.001) (1.07 x 1077) (1.07 x 1077) (.0002)
GW Acres - -1.42% - —5.9 x 107 *** -
- (0.303) - (8.73 x 107°) -
Fixed effects:
Diversion Structure v v v v v
Year v v v v v
Observations 3,272 3,272 3,272 3,272 2,877
Adjusted R? 0.797 0.828 0.720 0.727 0.987
Within Adjusted R? 0.026 0.174 0.057 0.078 0.018

Diversion Structures: 409, Time Periods: 8, Reference Year: 2001

Standard errors (in parentheses) are clustered at the diversion structure level.
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05
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1.7 Figures
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Figure 1.1: How perceptions of water availability impact the gross benefit of investment in improved irri-
gation technology
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Figure 1.2: Monthly PDSI and frequency of calls by state engineer, Colorado Water Division 1
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Water Division 1
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Figure 1.4: Difference-in-difference estimations of the impact of drought and institutional change on irri-
gation practices, 50% curtailment increase cutoff
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Figure 1.5: Nonlinearities in the impact of drought and institutional change on irrigation practices as aver-
age increase in curtailment increases from 0% to 150%
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1.8 Supplementary Analysis

1.8.1 Scrutinizing the Treatment Design

To further investigate our treatment design at X = 50%, we approximate the parameters defined
in the theoretical model and impose the values on the heat map (Figure 1.8). Although treatment
and control groups were determined by impacts during only drought years, we estimate percep-
tions using three 16-year periods that include both dry and wet years. Drought shocks are random,
and a producer would develop perceptions about the probability of a call conditional on a vari-
ety of weather realizations. The estimate for the probability of a call (0) is the average number
of years a water right at a given structure was called during the period, divided by the length of

the period. The estimate for the proportion of water received when called () is the average of

(1 __ days under curtailment

srowing season days ) for the years in which a water right was called. From Figure 1.8 it is ev-

ident that most treatment structures shifted from darker to lighter areas in the period containing
the shock (2000-2015), indicating a movement from low to high gross benefits from adopting a
more water-efficient irrigation technology. The control structures do not exhibit the same move-
ment. Although many control structures lie in an area that predicts a high benefit of adoption, our
treatment designs aims to capture a change in perceived water availability. The relatively stable
parameter estimates for the control group indicate they did not experience the drought shock to the
same degree, as compared to prior droughts, as the treatment group. Next, as a placebo test, we ex-
amine the coefficient estimates for pre-treatment years as the treatment cutoff varies in Figure 1.9.
Confidence intervals at most cutoffs overlap with zero, providing some evidence of adherence to

the parallel trends assumption.

1.8.2 Addressing Threats to Identification

Here we address the possibility of multiple or staggered treatments. In our main econometric
specification, we leverage the shift in the call regime as a singular treatment event. However,

drought varies in intensity from year to year, and it is possible that some treatment structures were

36



impacted differently in years post-2002. If treatments are heterogeneous and staggered across
time, then our model would be misspecified, and we would instead need to employ a difference-in-
difference design suitable for estimating average treatment effects with two-way fixed effects and
heterogeneous treatments (Callaway & Sant’ Anna 2021). We explore this possibility graphically
and further clarify the aim of our current treatment design. We first draw attention to the bottom
right panel of Figure 1.8, which displays parameter estimates from the theoretical model for all
treatment structures for the 2000-2015 time period. We find that all treatment structures move
similarly on the heat map, in aggregate. Disaggregating to yearly impacts, Figure 1.10 shows
the average days under curtailment for every diversion structure in our sample by year. Each
point represents the average number of days under curtailment across all water rights associated
with a given structure in that year. Grey points correspond to dry years (PDSI < 0) and black
points correspond to wet years (PDSI > 0). From the bottom panel of Figure 1.10, it appears
that treatment structures are consistently curtailed more in dry years post-2002 than any dry year
previous. Although calls at different treatment structures may have varied across years, we argue
that our treatment design aims to capture the singular and systematic shift in the way calls are
administered post-2002. In other words, the treatment captures a change in perceptions about
water supply certainty due to a distributional change in the call regime rather than year to year
drought severity, which makes our model specification appropriate.

Next, we examine the robustness of our econometric results to adjustment of the reference year.
The reference year of 2001 was chosen as it is the most recent year prior to treatment, but its omis-
sion inhibits the ability to fully investigate possible anticipatory behavior. If water right owners
were anticipating the shift in the call regime and took action prior to its realization, the parallel
trends assumption would not hold and our results could be biased. Figure 1.11, Figure 1.12, and
Figure 1.13 present coefficient estimates with 95% confidence intervals for the main econometric
models (Table 1.2) with reference years 1976, 1987, and 1997, respectively. For the Flood Acres,
Sprinkler Acres, and Sprinkler % models, results do not change qualitatively across reference

years and pre-treatment coefficient estimates are consistently insignificant. Most importantly, the
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insignificant coefficient estimates for 2001 indicate no substantial behavioral differences between
treatment and control diversion structures in the year immediately preceding the shock.

Lastly, we discuss the model specification, in particular the choice of year fixed effects versus a
drought severity control variable (e.g., PDSI) across our study area. Localized weather conditions
influence crop water demands as well as the amount of effective precipitation available to plants.
As with much of the American West, the timing and quantity of surface water supplies available
to producers for irrigation is based largely on winter (quantity of snow) and spring/early summer
(timing of snowmelt) weather conditions in the mountains outside of our study area (as much as
200 miles away from the planting location and/or in another river basin). While PDSI is an effec-
tive measure of long-term (18 month) drought, it reflects local conditions. Within a time period,
there is little variation across our study area, and the variation that does exist would not explain
differences in surface water availability across producers (or the exogenous shock to perceived
water right reliability that we observe). Our goal in this paper is to identify the effect of changing
perceptions about surface water availability on producer behavior. Including year fixed effects al-
lows us to estimate the effect of the unexpected shortages beginning around 2002 while controlling
for differences in weather conditions (along with market conditions and any other factors constant

across space) that may exist across the study period.

1.8.3 Nonlinear Impacts of Changing Perceptions

From the theoretical model, we determined that changing perceptions can impact adoption
nonlinearly depending on the movement of § and . The increase in expected gross benefit from
an increase in ¢ could potentially be nullified by either an increase or decrease in d, depending
on the starting combination. Looking again at the right-hand column of figure Figure 1.8, we
would expect treated units that moved to the lightest areas to have higher rates of adoption. We
investigate this hypothesis informally by imposing total changes in sprinkler acreage (Figure 1.14)

and sprinkler acreage as a percentage of total acreage (Figure 1.15) for each structure on the bottom
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right panel of Figure 1.8.!° A larger point indicates a bigger increase in sprinkler technology
adoption. In both figures, there appears to be a greater concentration of high adoption rates near

the lighter areas, where the gross benefits of adoption are predicted to be highest.

10Change in sprinkler acreage as a percentage of total acre is calculated as a difference in percentage points.
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Chapter 2

Assessing the Sensitivity of Climate Change
Impacts in Agriculture to the

Climate-Economy Functional Form

2.1 Introduction

Anthropogenic global warming has manifested in the increased frequency and severity of heat-
waves and altered precipitation patterns (Stott 2016), both of which pose significant challenges
to humans and the environment (Butler 2018). As such, the relationship between climate and the
economy has garnered considerable attention over the past two decades in the applied economics
literature. Recent advances in panel data econometrics and the advent of new geospatial weather
datasets have allowed economists to exploit fluctuations in short-term weather, and to a lesser ex-
tent longer-term changes in climate, to discern an underlying climate-productivity relationship.
Econometric estimates of such relationships, and the subsequent projections of future climate im-
pacts, are used to inform the social cost of carbon as well as damage functions for integrated
assessment models (National Academies of Sciences et al. 2017). Many studies focus on rela-

tionships between weather variables and broad economic indicators like gross domestic product
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(Burke et al. 2015, Newell et al. 2021) or per capita income (Deryugina & Hsiang 2017), how-
ever there are limitations. For one, the choice of models and assumptions made by researchers
can drastically influence predictions about future economic damages from climate change (Newell
et al. 2021). Global studies may also suffer from inaccuracies in weather data, especially in devel-
oping countries (Auffhammer & Schlenker 2014, Michler et al. 2020), or oversimplification from
averaging temperature data across diverse regions within a country. These challenges could result
in misestimations of climate change’s impact on economies, both in terms of the magnitude of the
impact as well as the distribution of impacts across space.

Agriculture, fundamentally tied to climatic variables like temperature and precipitation, is par-
ticularly vulnerable to climatic change. There exists a robust literature on the impacts of climate
change on agricultural productivity (e.g., Deschénes & Greenstone, 2007; Schlenker & Roberts,
2009; Walthall et al., 2013; Schauberger et al., 2017; Mérel & Gammans, 2021), and practition-
ers implement a diverse range of methodologies, sometimes yielding conflicting findings. While
this breadth of research aims to inform mitigation and adaptation policies, the sizeable range in
estimated marginal effects and future damages may not be helpful to policymakers. Additionally,
research addressing the distributional effects of climate change on agriculture—i.e., heterogene-
ity in impacts across regions—remains limited. Identifying these distributional impacts is crucial
for developing equitable policies and interventions that address the challenges faced by vulnerable
farmers and communities.

Using agriculture in the conterminous United States (US) as an illustrative example, the pri-
mary purpose of the present research is to estimate the impacts of climate change on economic
activity and assess the sensitivity of estimates to the functional form of weather. The agricultural
and food sectors accounted for 5.4% of gross domestic product and 10.5% of employment in 2021
in the US (Kassel & Martin 2023). Given the significant contribution of the agricultural sector
to both economic production and livelihoods, understanding the implications of climate change is
paramount. The secondary purpose of this study is to evaluate the distributional impacts of cli-

mate change across US counties, provide evidence for the most appropriate model specifications,
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and investigate the potential consequences of unsupported modeling choices for targeted policy
intervention.

The availability of rich data sources for both weather and economic outcomes at a relatively
fine spatial scale, combined with substantial heterogeneity in climates and economies in the lower
48 states, makes the US an ideal context for evaluating the climate-economy relationship. Fur-
thermore, given the wide range of climates, the US provides a unique opportunity to evaluate
heterogeneity in weather responses across diverse agricultural systems. The extent to which global
climate change affects individual regions hinges on geographic location and the adaptive capacity
of human and environmental systems. Certain regions may be more susceptible to the adverse ef-
fects of climate change due to their physical, social, or economic characteristics, while others may
possess a greater ability to manage these changes. For example, regions with higher average tem-
peratures or arid climates might experience intensified heatwaves and droughts, whereas coastal
areas could be more vulnerable to flooding and sea level rise. As weather disruptions and their
consequences are not evenly distributed, the effectiveness of policies aimed at enhancing climate
resilience depends on local leaders, resource managers, and individual citizens understanding the
climate risks in their own communities. In general, recognizing the distributional impacts of cli-
mate change across and within regions is critical for devising targeted adaptation and mitigation
strategies.

To date, many studies assessing the economic damages resulting from climate change tend to
estimate average impacts on a macro-scale, such as at the sector-, country-, or global-level, often
overlooking the spatial heterogeneity of impacts within countries or regions. Such studies may
offer general policy recommendations, such as seen in the Intergovernmental Panel on Climate
Change "Summary for Policymakers" (IPCC, 2021), that are not be adequately tailored to the
needs of decision-makers at local levels. For instance, in the US, risk management strategies in
agriculture-dependent economics in the drought-affected, arid west will differ significantly from
those addressing rain-fed regions. Consequently, the information needs of local policymakers in

these distinct areas will also diverge considerably. By recognizing and accounting for such differ-
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ences, tailored policy interventions can be designed to effectively address the unique challenges
faced by individual regions.

The methods and findings presented in this paper advance the existing literature on climate
change and agricultural productivity in several ways. First, the panel datasets employed in this
analysis are among the most comprehensive to date, combining over 40 years of weather data with
county-level economic outcomes from the Bureau of Economic Analysis (BEA). New agricultural
data available from the BEA Regional Economic Accounts alleviates a previous dependence on
the quinquennial Census of Agriculture, allowing variability in five times as much weather data
to be exploited for identification, providing fresh and robust insights into the climate-agriculture
relationship. 1 also draw from the climatology literature to generate idealized daily temperature
curves, incorporating latitude and time of year, to interpolate hourly temperatures over the 42-year
horizon and create more nuanced measures of exposure. Second, I estimate a series of two-way
fixed effects regressions incorporating different functional forms of weather prevalent in the eco-
nomics literature to assess the sensitivity of future impacts to model specification. Historical data
limitations have precluded the estimation of complex and flexible econometric models due to lack
of statistical power, which I address in this study. Future damages are then estimated using the
latest projections from global climate models within the Coupled Model Intercomparison Project
6 (CMIP6). When projecting average annual impacts to the entire conterminous US, preferred
models consistently estimate losses of $10-20 billion in agricultural profits (15-30% of current
levels) by the end of the century. However, when evaluating the distributional impacts of climate
change, different model specifications produce inconsistent estimates both within and across coun-
ties. Model specifications including flexible, nonlinear terms that allow the marginal effects of
temperature to vary across space reveal more diverse and intuitive impacts. Additionally, these
flexible models tend to perform the best both in terms of model fit and out-of-sample prediction.
Overall, this study offers invaluable insights for practitioners and policymakers seeking to analyze

challenges posed by climate change within the agricultural sector.
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The remainder of the paper is organized as follows. I first provide an overview of how climate
and weather are defined in the context of this paper and the relevant literature as a whole!!, and pro-
vide a synthesis of the common modelling approaches for identifying weather and climate impacts
in agriculture. I then outline the development of a comprehensive 42-year panel of county-level
US weather data to replicate these models. Third, I compare specifications theorized to estimate
both short-run responses to weather perturbations or long-run responses to climate change net of
adaptation, depending on the literature viewed most convincing by the reader. Models are judged
pragmatically in terms of interpretability of marginal effects, according to fit statistics and model
selection criteria, and by out-of-sample prediction. I also estimate non-marginal changes in agri-
cultural outcomes using climate projections to evaluate how predictions across model specifica-
tions vary in terms of total average and distributional impacts. Finally, I discuss implications for

practitioners and policymakers.

2.2 Estimating the Impacts of Weather and Climate on Eco-
nomic Activity

This section reviews the existing literature seeking to explore how weather and climate affect
economic activity, with a particular focus on agricultural outcomes. It begins by distinguishing be-
tween climate and weather, clarifying the distinction between the long-term patterns of climate and
the short-term fluctuations of weather, and their respective impacts on economic activity. Follow-
ing this, I provide an overview of the methodologies used in current literature to isolate the effects
of climate change from random weather variations. This includes a discussion on the challenges
of differentiating between short-term weather shocks and long-term climate shifts, and how these

factors are incorporated into econometric models to assess their impact on economic outcomes.

"Definitions of climate and weather are largely synthesized from Hsiang (2016).
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2.2.1 Climate versus Weather

Climate refers to the long-term patterns and averages of atmospheric conditions at a specific
location. For any point in space, climate can be represented by a joint probability distribution
which characterizes potential atmospheric conditions relevant to economic circumstances at that
location, over a certain period. This distribution encompasses key parameters that detail potential
conditions, like temperature, precipitation, and humidity. These parameters form a vector which
signifies the expected conditions, defining the climate during an interval of time. In contrast,
weather represents the conditions that are realized during a certain interval. Using the same time
and space variables, weather is the empirical distribution that details the actual atmospheric states.
For instance, weather might capture the actual average temperature over a month, while the climate
would represent the theoretical average temperature range for that month.

Clarifying further, while weather provides a snapshot of atmospheric conditions experienced
over short periods (like a single day or month), climate gives a comprehensive view of expected
conditions over longer periods, often decades. Although historically, the average climate was
sometimes defined over 30 years, this does not set a strict boundary. These expected conditions
may even change yearly due to phenomena like ocean currents. This implies that while weather is

the condition we experience daily, climate is the broader set of expectations for those conditions.

2.2.2 The Panel Approach

Climate change, using the definition above, describes a shift in the underlying distribution
of weather patterns over an extended period of time. Periods of shifting weather patterns have
occurred in the past, however current rates of change are more extreme than any other period in
the last 65 million years (Diffenbaugh & Field 2013). While the economic impacts of climate
change has been of interest since the early 1990s (e.g., Cline et al. 1992, Nordhaus 1992, 1994,
Mendelsohn et al. 1994), the last decade has seen substantial growth in studies linking weather
to economic outcomes. This modern literature chiefly uses panel data methods to identify the

impacts of “climate change" from random variations in weather (Deschénes & Greenstone 2007,
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Schlenker & Roberts 2009, Deryugina & Hsiang 2017, Newell et al. 2021), employing variations

of the following baseline econometric model:

Yie = F(Xi; B) + 6 + v + hi(t) + €irs 2.1)

where y;; is an economic outcome for spatial unit 7 in time period ¢, f(X;; ) is the functional
form of realized weather outcomes X;; with 3 being the vector of parameters to be estimated, 6; is
a spatial unit fixed effect, 7, is a time period or region-by-time period fixed effect, h;(t) is a spatial
unit specific time trend, and ¢;; is the error term. The primary goal of this approach is to saturate
the model with fixed effects and time trends to control for omitted variables and isolate the average
affect of weather on the outcome of interest.

In a model where all weather variables enter linearly, the two-way fixed effects estimator ef-

fectively takes the following form:

Vi — Ui — G+ 7= B(Xy — Xi — Xy + X) + eu (2.2)

where [ coefficients are identified from within-spatial unit deviations in weather from unit aver-
ages after adjusting for shocks common to all units in a given time period. A key contention in
this approach is the tradeoff between credible causal inference through the use of fixed effects
and estimating the long-run impacts of climate change (Lemoine 2018, Kolstad & Moore 2020,
Meérel & Gammans 2021). A common criticism of Equation 2.1 is that the fixed effects absorb
a potentially time invariant climate (seen in Equation 2.2 as X) and therefore does not account
for adaptation. In other words, panel models with fixed effects only capture responses to weather
shocks, which may not be necessarily identical to permanent shifts in climate (Schlenker & Lobell
2010). To accurately assess the economic implications of climate change, as opposed to weather,
it is important to estimate the impacts net of adaptation efforts undertaken by economic agents to

counteract negative climate effects. Failing to do so may lead to overestimation of impacts, poten-
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tially misinforming policymakers and resulting in an inefficient allocation of resources for further
adaptation measures (Newell et al. 2021).

Difficulties in isolating the impact of climate on economic outcomes arise from both direct and
indirect channels through which climate can affect economic activity. Weather realizations, such
as heatwaves, storms, or droughts, can have immediate and direct impacts on economic outcomes.
For example, a heatwave might damage crops, leading to a reduction in agricultural production.
People can respond to these short-term weather events by taking adaptive measures, like apply-
ing more water to crops or otherwise adjusting their agricultural practices. However, the direct
impacts of weather perturbations can still disrupt economic activity, despite short-term responses.
Secondly, individuals can interpret weather events as informative signals, which can influence their
beliefs about future climate conditions and risks. These beliefs, in turn, can shape long-run invest-
ments and adaptation measures. For instance, if individuals expect more frequent heatwaves or
flooding in the future, they may invest in more resilient infrastructure, adopt new technologies, or
change their land-use patterns. In the case of expected drought, Blumberg et al. (2024) find that
perceptions of future water availability can drive investment in more efficient irrigation systems
to mitigate risk. These long-term adaptation measures can impact economic outcomes indirectly
by influencing productivity, labor markets, and resource use. Thus, given the direct and indirect
pathways through which climate can influence society, the causal relationship between climate and
economic outcomes is not easily identifiable.

Of studies that have employed Equation 2.1, it is sometimes argued that a nonlinear specifica-
tion of weather variables can either completely or partially capture all effects of long-run adapta-
tion. Deryugina & Hsiang (2017) present a theoretical framework that illustrates how the marginal
effect of weather and the marginal effect of climate are equal when an economy is in competitive
equilibrium. They therefore argue that within an appropriate context (and a sufficiently “large"
panel of data) the marginal effect of climate on economic output can be exactly empirically iden-
tified using short-run fluctuations in weather. The authors demonstrate the equivalency of the

marginal effects of weather and climate by use of the Envelope Theorem and Gradient Theorem,
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and their finding is only appropriate when estimating the effects of climate on an outcome that
constitutes an arguably maximized quantity. In the context of the present paper, their findings may
apply to some of the explored outcomes.

Others acknowledge that incorporating nonlinearities in explanatory weather variables within
a fixed effects panel regression may produce estimates that partially reflect long-run adaptation
(Blanc & Schlenker 2017, Kolstad & Moore 2020).!2 The extent to which current panel meth-
ods can account for adaptation is formally reviewed by Mérel & Gammans (2021), who provide
conditions under which long-run responses to climate can be captured. First, they argue that the
common conception that panel fixed effects estimates are upwardly biased due to a failure to ac-
count for long-term adaptation is conceptually incorrect in a quadratic weather specification. They
demonstrate that the bias is dependent on the distribution of weather variables’ skewness and can be
either positive or negative. Secondly, they show that the estimated coefficients from a panel fixed-
effects model with a quadratic weather variable specification are a weighted average of long-term
and short-term response functions. These estimates will be closer to the true long-term (short-term)
parameters when the time-series variation in weather variables is small (large) relative to cross-unit
climate variation. Thus, substantial differences in climate across units relative to weather shocks
within units are required to capture the long-run effect of climate.!?

In addition to the short-run weather versus long-run climate impacts debate, the functional
form of Equation 2.1 takes many different flavors in the literature. This is largely due to the lack
of consolidated theory on a “true" climate-economy relationship, so the empirical specifications
of econometric models vary substantially across contexts. One common variation is the differ-

ence in the specification of the dependent variable, expressed in either levels (Schlenker & Roberts

2In fixed effects regressions, identification hinges on within-group variation. However, fixed effects models with
quadratic specifications include a component of between-group variation that enters identification (MclIntosh &
Schlenker 2006).

3This is similar to the findings in Deryugina & Hsiang (2017), whose data requirements for identification are a “large
panel of similar economies that (i) span the space of possible climates... (ii) are sufficiently densely packed in this
space such that integration between positions is reasonable, and (iii) experience short-run weather disturbances that
are not ‘too large’ in the sense that they do not perturb the economy so far from its equilibrium that the Envelope
Theorem no longer applies."
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2009, Deryugina & Hsiang 2017) or growth rates (Dell et al. 2012, Burke et al. 2015). An impact
on levels might suggest a one-time shift or immediate impact due to a weather event or longer-
term climate change, whereas an impact on growth rates suggests a compounding effect over time,
which may be more or less concerning depending on the context. Newell et al. (2021) find that
using levels versus growth rates can have a sizeable impact on the estimate of climate change im-
pacts: changing size, sign, and significance. Also, acknowledging that these models are primarily
used to predict future outcomes under different climate projections, the authors conduct a thorough
analysis using different cross validation methods for model selection. Similarly, in the context of
Italy, Olper et al. (2021) find that variation in model specification induces considerable uncertainty,
however results tend to be more robust when an outcome variable is expressed in levels.

The questions of lagged effects of weather and how to properly account for unobserved vari-
ables have proven to be additional points of contention in the literature. While some scholars
argue that lagged temperature and precipitation events impact growth and level outcomes (Dell
et al. 2012), others contend only a contemporaneous influence (Burke et al. 2015). This divergence
highlights the challenge in discerning the persistence and magnitude of weather’s influence on
economic activity. Regarding unobserved and potentially confounding factors, striking the right
balance in controls can be difficult due to varying growth and productivity potential inherent to
different countries and regions. Researchers typically implement some combination of parametric
time trends and fixed effects. Region-specific time trends can account for some heterogeneity in
endowments and institutions that may influence things like differences in technological growth, but
may induce over-fitting (Newell et al. 2021). Region and time (and in some cases, region-by-time)
fixed effects on the other hand flexibly account for common trends and time-specific shocks, but
do not account for unit-specific trends. Moreover, although an abundance of fixed effects may aid
in the identification of a plausibly causal effect, they may absorb too much variation across time
and space to discern any relationship (Fisher et al. 2012). Notwithstanding the associated trade-
offs, properly accounting for unobserved factors is crucial, as their omission can obscure the true

relationship between climate variables and economic outcomes.
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The final dimension in which Equation 2.1 can vary, and the central focus of the present paper,
is the aggregation and transformation of weather data to generate the functional form of f(X).
Narrowing the focus to an agricultural context, Table 2.2 summarizes how the specification of
weather variables varies across agricultural outcome variables in recent and prominent papers.
Predominantly focused on temperature and precipitation, economists have long been interested in
econometrically identifying the impact of weather on crop yields, land values, and farm profit.
Higher temperatures can impact agriculture either by directly impeding plant growth or by dimin-

ishing labor supplies or labor productivity.'*

2.3 Data

The advent of rich and spatially disaggregated data sources for both economic and climatic
information has brought forth new opportunities for micro-scale analysis in the US. Government
agencies and programs such as the BEA and Quarterly Census of Employment and Wages provide
monthly, quarterly, and annual data on county-level employment, wages, income, and gross domes-
tic product. Additionally, a suite of climate models offer daily meteorological data at a high-spatial
resolution, both historical and projected.!> Combining these sets of data can provide useful infor-
mation spanning decades. For this research, all weather and climate metrics are generated using
gridMET (Abatzoglou 2013), a daily, 4-km x 4-km gridded weather dataset covering the conter-
minous US from 1979-now. The dataset merges the spatial characteristics of PRISM’s gridded
climate data with the temporal qualities and additional variables from the NLDAS-2 reanalysis.

This integration yields a high-resolution, temporally consistent gridded dataset of surface mete-

14Graff Zivin & Neidell (2014) find that outdoor industry workers reduce labor time allocation at daily maximum
temperatures above 85°F, effectively decreasing overall labor supply. Regarding labor productivity, Stevens (2019)
show that higher piece-rate wages do not incentivize increased productivity at elevated temperatures for blueberry
pickers in California.

SCurrently there are many options for historical data, such as NASA’s Daymet, the PRISM Climate Group out of
Oregon State University, or the Climatology Lab.
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orological variables. Validation of gridMET was performed against a broad network of weather
stations, including RAWS, AgriMet, AgWeatherNet, and USHCN-2.1¢

The weather variables pertinent to this analysis include minimum and maximum ambient air
temperature and precipitation accumulation. First, as gridMET provides gridded daily weather
data, I compute an area-weighted mean of all grid cells that fall within a county’s borders to
generate county-day observations from which the weather metrics in Table 2.2 are created.!” From
the county-day observations, I interpolate hourly temperatures by fitting an idealized temperature
curve to minimum and maximum temperatures. The idealized daily temperature curve uses a
sine curve for daytime warming and a logarithmic decay function for nighttime cooling. Daylight
hours, a parameter in the interpolation process, are estimated from the time of year and a county’s
latitude.'® This process allows for the generation of both growing degree days and temperature
bins.

Degree days (DD) are a measure of heat accumulation used by agronomists to estimate plant
development rates. They are based on the idea that beneficial growth only happens within a certain
temperature range: a minimum threshold temperature, below which growth is negligible, and a
maximum threshold, above which the rate of growth does not increase and may even decrease.
The focus in the economics literature centers around identifying the impact of growing degree days
(ideal growing conditions, GDD) and harmful degree days (detrimental growing conditions, HDD).
Each DD measure represents the cumulative number of temperature degrees per hour between two

thresholds over a 24-hour period. Using the daily hourly temperature data, these measurements of

16For detailed information on the validation process (Abatzoglou 2013).

7This process may introduce more measurement error for some counties than others. Compared to eastern counties,
western counties are often larger and contain a more diverse topography. Consequently, aggregating grid cells within
the borders of a large county may not fully capture distinct climatic conditions, potentially resulting in less precise
weather pattern representations.

8Hourly temperatures are interpolated using the chillR package in R (Luedeling & Fernandex 2022), which imple-
ments the methods described in Linvill (1990).
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thermal-time can be expressed mathematically as:

24

CDD = DD(_o gy = » max(0, H" — Hy), (2.3)
h=1
24
GDD = DDr vy = » _ [max(0, H, — H") — max(0, H, — HV)], (2.4)
h=1
24
HDD = DDyv o) = »_ max(0, H, — HY), (2.5)
h=1

where CDD represents “cooling degree days," H* and HY correspond to the lower and upper
temperature thresholds outside of which plant growth may be harmed, and H}, denotes the hourly
temperature at the 2" hour. The max function in these formulas ensures that only positive differ-
ences are considered. The choice of H” and HY are often data-driven and determined separately
by crop type (e.g., Schlenker & Roberts, 2009).

From the hourly temperatures I also sum over all days in the growing season to calculate the
total amount of time spent in 1°C temperature bins. The result is z;, a 1-by-J vector of temperature
exposures for county ¢ in time period ¢, where J is the number of bins. Temperatures are binned

from —55°C to 55°C (—67°F to 131°F), so

Zit = (Zit,f557 ) Zit,55) ) (2.6)

where z;; ; is the number of hours spent within [j°C, (j + 1)°C). I then use z;; to compute wider
temperature bins, denoted H T}, i, that capture the number of hours spent within a sequence of bins

7, 7). The expression for HTj; , is

J
i=i

In total, HT is calculated for K = 14 °C ranges: 1. (—o0, 0), 2. [0, 3), 3. [3, 6), ..., 12. [30,33),
13. [33,36), 14. [36,00).
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In a similar spirit to calculating time spent in temperature bins using the hourly data, bins are
also generated for the number of days in which mean temperature or precipitation accumulation
falls within a certain range. Daily mean temperature ranges, denoted DT j, capture the number
of days in which the daily mean temperature falls within bin k. In total, DT}, , is calculated for
K = 12 °Cranges: 1. (—o0, 0), 2. [0, 3), 3. [3, 6), ..., 11. [27,30), 12. [30,00). Precipitation
ranges, denoted P ,,, capture the number of days in which total precipitation falls within bin m.
In total, P ., 1s calculated for A/ = 6 mm ranges: 1. 0, 2. (0,1], ..., 6. (4, 5], 7. (5, 00). Weather
data is aggregated over different time intervals depending on the availability of other economic
data.

Data on county-level farm income, crop revenue, and agricultural GDP from the BEA is avail-
able annually. These measures are based on Agricultural Census data and sample surveys admin-
istered by the US Department of Agriculture. The primary outcome variable of interest for this
analysis is net farm income, which is measured as total cash receipts and other income less total
production expenses. This measure includes additions to inventories and transfers such as subsidies
and crop insurance payments and excludes sales out of inventory to create a measure that reflects
only the value of a single year of production.!” Net farm income can be negative, so I normalize
it by dividing by the number of agricultural acres within a county to generate net farm income per
acre using data from NASS QuickStats. Crop revenue is similarly normalized by acreage and GDP
via log transformation. Overall, I compile several panel datasets that vary both in time step and the
number of counties for which data is available from 1980-2021.

Figure 2.1 exemplifies how different specifications of temperature capture different levels of
variability both within and across counties by comparing Pima County, Arizona (inland, arid
desert) with Orleans County, Louisiana (coastal, humid). Unsurprisingly, a simple measure like
mean growing season temperature (top left panel) washes out a substantial amount of variability

compared to the more comprehensive distribution generated from temperature binning (bottom

19This measure of farm profit partially circumvents the valid criticisms of using profit as an outcome variable, as dis-
cussed in Fisher et al. (2012). Because this measure intends to capture only the value of a single year of production,
profit “smoothing” through storage that may attenuate estimates toward zero is not an issue here.
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panels). The choice of temperature specification may be dependent on the outcome variable of
interest. The traditional approach in assessing the weather’s impact on agriculture has predomi-
nantly used degree days (top right panel), although this literature typically focuses on yields. When
examining a more aggregate measure of productivity like income, degree days may not be as ap-
propriate. One drawback of degree days is the dependence on single threshold values to define
heat accumulation, a simplification that may not adequately reflect the thermal requirements and
tolerances of different crops. Figure 2.2 displays idealized daily temperature curves again for Pima
and Orleans county along with estimated temperature thresholds above which yields are harmed
for certain crops. This figure illustrates that the ideal temperature for one crop may overlap with
stress-inducing thresholds for another. Total farm income within a county depends on a portfolio
of crops and production practices across operations that may be impacted by temperature in a more
nuanced manner, and binned temperature measures allow impacts to vary across different tempera-
ture ranges. Furthermore, net farm income is not only driven by crop yields; it is also influenced by
labor and capital productivity, both of which can be temperature-sensitive. High temperatures, for
instance, may reduce worker productivity or increase the costs associated with cooling equipment
and storage areas to maintain product integrity. These impacts may not be adequately captured by

the static thresholds of classical degree days.

2.4 Empirical Methods

2.4.1 Base Model and Specifications of Weather Variables

To assess how different functional forms of weather influence estimates of climate impacts, I

begin with the following base econometric specification:

Yir = F(Xit; B, ) + 0; + vt + €t (2.8)

62



where y;; is the economic outcome of interest for county ¢ in year ¢, and f(X;;; 5, ) represents the
functional form of the relationship between weather variables collected in matrix X;; and y;;, with
[ (temperature) and « (precipitation) being the vectors of parameters to be estimated. The term 6;
denotes the county-specific fixed effects that capture unobserved heterogeneity that is constant over
time but varies across counties. This could include geographic, economic, or social characteristics
that are unique to each county but do not change over the period of study. The term ~,, denotes year
fixed effects or region-by-year fixed effects, controlling for common shocks that affect all counties
within a region during year ¢, such as abrupt changes in input and output prices. Lastly, € is the
idiosyncratic error term. Similar to the county-level analysis in (Deryugina & Hsiang 2017), stan-
dard errors are clustered in two dimensions: within counties and within state-by-year. Clustering
within counties addresses the issue of autocorrelation within each county over time. This is critical
because economic outcomes in a county are not isolated incidents and are often influenced by past
events and conditions, leading to a natural correlation in observations across different years within
the same county. Clustering within state-by-years aims to account for the spatial correlation that
may exist across different counties within the same state. Counties in a particular state are likely
to experience similar policy environments, economic conditions, and climatic influences, leading
to potential correlations in their economic outcomes. By simultaneously clustering standard errors
in these two dimensions, this approach accounts for both the spatial dependencies across counties
within a state and the temporal dependencies within each county.

By saturating Equation 2.8 with fixed effects, this base specification aims to isolate the im-
pact of weather variations on economic outcomes by controlling for unobserved confounders that
could bias the estimates. It allows for a causal interpretation of the estimated parameters under the
assumption that all other factors that could influence the economic outcome are either controlled
for by the fixed effects or captured by the error term. Table 2.1 displays the different econometric
specifications of f(X;; 5, ) compared in this analysis. The primary coefficients of interest across
models are the 3’s, which convey the effects of temperature on net farm income per acre. The omit-

ted ranges for the daily and hourly binned models capture outdoor temperatures that lie within the
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thermal comfort zone, or “room temperature”" (Heal & Park 2020). To recover possible nonlinear

relationships between temperature and a given economic outcome, models allow for nonlinearities

across variable dimensions up to order L.

Following Deschénes & Greenstone (2007, 2012), different regional variations of the region-

by-year fixed effect v, are included across model specifications. Each regional aggregation cap-

tures unique geographical and climatic characteristics that may experience region-specific shocks:

1.

East versus West of the 100th Meridian: This division represents the historical and cli-
matological boundary between irrigated and rainfed agriculture, marking the transition from
the humid eastern United States to the more arid West.

Census Regions: Defined by the US Census Bureau, these four regions are Northeast, Mid-
west, South, and West. The classification is based on geographic proximity and shared

economic activities, reflecting broad climatic and agricultural practice zones.

. ERS Farm Resource Regions (FRR): Nine regions established by the Economic Research

Service. These regions are delineated based on county clusters that share similar agricultural
practices, farm characteristics, topography, climate, and other factors relevant to farming and
agricultural productivity.

USDA Land Resource Regions (LRR): Twenty-eight regions delineated based on detailed
assessments of soil, climate, topography, and land use, intended to capture the most localized

variations relevant to agricultural outcomes.

. Lower 48 States: This delineation allows for capturing state-specific policies, economic

structures, and environmental conditions that could uniquely influence agricultural outcomes

and responses to climate change.

In employing region-by-year fixed effects, there are notable trade-offs to consider, particularly

as the regions become increasingly disaggregated. On one hand, finer disaggregation allows the

fixed effects to more precisely control for localized shocks, which is especially critical in contexts

where climate and agricultural systems exhibit significant local variation. This increased speci-

ficity can enhance the accuracy of the model in capturing unique environmental, economic, or
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policy-related factors that might otherwise confound the relationship between weather variations
and economic outcomes. On the other hand, as the regions become more narrowly defined, the
scope for exploiting inter-regional variation in weather diminishes. This reduction in variation can
potentially limit the ability to identify causal relationships, as the model becomes more sensitive
to idiosyncratic local factors and may overlook broader trends or influences. Consequently, while
more granular region-by-year fixed effects enhance control over localized factors, they simultane-
ously reduce the degrees of freedom. Thus, the choice of regional aggregation level in the model
should be balanced to optimize both the control over local confounders and the capacity to dis-
cern wider causal patterns. As such, the preferred models by intuition are those with FRR-year
and LRR-year fixed effects, which attempt to strike a balance between capturing regional agricul-
tural practices and environmental conditions that may experience similar shocks while maintaining

enough variability across counties within a region for identification.

2.4.2 Simulating Future Impacts

The estimates obtained from various specifications of Equation 2.8 provide vectors of coef-
ficients B and & that encapsulate the average effects of weather on economic outcomes. These
coefficients are used in conjunction with climate projections to simulate potential future changes
in economic measures, such as aggregate farm profits. To quantify the average annual impact of
projected future climate conditions on a county-by-county basis for net farm income, I employ the
following expression:

Ay; = f(AXi; B, &) (2.9)

where AX; is defined as the difference between the projected weather outcomes )_(mejected and the
historical averages Xz’,historical- This differential, f(AXZ-; B , &), effectively estimates the county-
level economic impact per acre under future climate scenarios (spanning 2060-2100) relative to

historical conditions (1980-2020), under the assumption that no adaptation or mitigation efforts
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are undertaken. The total average annual impact across all counties is then calculated as:

N
AY = Z(AyZ X acres;). (2.10)

=1

This aggregate measure, AY’, provides an overall assessment of the climatic impact on the eco-
nomic variable of interest, projected into the future. Future impacts are estimated using the SSP245
scenario, part of the Shared Socioeconomic Pathways (SSPs) used in CMIP6 climate models,
which represents a middle-of-the-road pathway where the world follows a path where social, eco-
nomic, and technological trends do not significantly deviate from historical patterns. Figure 2.3
displays the projected changes in daily mean precipitation and temperature during the growing sea-
son from 1980-2021 to 2060-2100 under seven different CMIP6 climate models. Averaged across
all county-year observations, mean daily temperature during the growing season is projected to
increase from 20.1 to 23.8°C using the ACCESS-CM2 model, which characterizes a middle-of-
the-road warming projection. Changes in precipitation are far less pronounced.

To gauge how models may predict differently across space, I run a series of cross-sectional
regressions:

Ay, = a+ G + & (2.11)

where Ay; is the predicted impact to net farm income per acre in county ¢ and G; is a vector of
county characteristics. The goal of this exercise is not to explain variation in Ay;, but to assess the
implications of targeted policy using predictions from different models. One can envision a system
where payments to support climate adaptation measures are allocated to counties proportional
to their predicted damages. If the models outlined in Equation 2 provide systematically different
estimates within and across counties, then choosing the “wrong” model may inadvertently disfavor
certain communities. In the worst case, the “wrong” model may underestimate impacts in counties
that depend on agriculture for their total economic production. As such, GG; includes census region

dummy variables as well as indicators of agricultural dependency from the most recent Census of
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Agriculture: agricultural GDP as a percentage of total GDP, farm income as a percentage of total

income, and farm employment as a percentage of total employment.

2.4.3 Model Selection

Due to uncertainties about which variation of Equation 2.8 best captures the data generating
process, model performance is an important criterion to consider for model selection. The perfor-
mance of these econometric models is critical as they are often used to inform policy by projecting
future outcomes under varying climate scenarios. A traditional choice of judging model perfor-
mance is through in-sample fit statistics such as adjusted R?, Akaike Information Criterion (AIC),
and Bayesian Information Criterion (BIC), which impose parametric penalties for weakly corre-
lated covariates. However, in-sample fit statistics can favor over-fitted models, especially when
these models include high-ordered polynomials (as is the case in this analysis).

An alternative to in-sample fit statistics is the use of cross validation (CV), which involves
dividing data into training and test sets to asses out-of-sample prediction. CV is non-parametric and
avoids the ad hoc penalties of in-sample measures, arguably providing a more accurate reflection
of a model’s predictive accuracy. As such, I employ forecast, backcast, and K-fold CV approaches
as outlined in Newell et al. (2021). The forecast approach involves estimating each model on the
first 21 years of data and predicting into the latter 21 years of data, and vice versa for the backcast
approach. One challenge in panel data settings is that CV methods cannot generate parameter
estimates for fixed effects not present in training data, however Newell et al. (2021) propose a
technique to handle this by removing them through demeaning both dependent and explanatory
variables prior to estimation. The K-fold approach can account for fixed effects by splitting the
into training and test sets via random sampling, however this method neglects the time-series nature
of the data. Compared to the forecast and backcast approach, K-fold may yield overly optimistic

predictive power.
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2.5 Results

This section analyzes how the marginal effect of temperature varies across different models
and presents findings from model selection exercises. Primarily focusing on net farm income
per acre as the dependent variable, I explore a total of 66 model specifications derived from 11
functional forms of weather and 6 levels of fixed effects. Additionally, this section discusses the
projected impacts of climate change on agricultural productivity, highlighting how these impacts

differ across regions and models.

2.5.1 The Marginal Effect of Temperature

I first present the results for the “simple" models using seasonal daily means and the more
complex models using hourly temperature bins. The regression output displaying the impact of
growing season daily mean temperature and precipitation on net farm income per acre, crop rev-
enue (gross income) per acre, and agricultural GDP is available in Table 2.3.2° For the linear and
most naive specification, a 1°C increase in daily mean temperature is significantly correlated with
a —$3.14 impact on net farm income per acre, a —$7.97 impact on crop revenue per acre, and a
—6.7% point impact on agricultural GDP. For reference, mean net farm income and crop revenue
per acre across the entire sample are $74.44 and $228.24, respectively. The difference in impact
between net and gross income is may be partially explained by monetary payments from insurance
and subsidies. For all three outcomes, including squared terms substantially improves model fit,
the linear term switches sign, and the squared temperature variable is highly significant.

The coefficient estimates for the linear hourly temperature bin model (L. = 1) are available
in Figure 2.4, including 95% confidence intervals. The omitted categories for temperature and
precipitation are 18 to 21°C (64.5 to 70°F) and Omm, respectively. One benefit of this model spec-
ification is that it identifies specific temperature and precipitation ranges that adversely affect net

farm income per acre. This is particularly relevant for farmers who may look at weather forecasts to

20 Agricultural GDP is obtained from the BEA using NAICS code 11 for Agriculture, Forestry, Fishing, and Hunting.
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inform short-term damage mitigation strategies. Results suggest a steady increase in farm income
with temperatures rising from below 0 to 29°C, after which income declines rapidly. Statistically
significant findings indicate that each additional hour in temperatures above 33°C (91.5°F) reduces
farm profits by approximately $0.05 per acre, compared to the baseline. Considering the average
farm size in the US in 2021 was 445 acres, this translates to a loss of $22.25 per hour when temper-
atures exceed 33°C. The effects of different precipitation levels are less conclusive, though there is
suggestive evidence that daily precipitation above Smm can be detrimental relative to no rain.
When L = 1, Bk,l denotes the marginal effect of an extra hour in the k'™ bin. Choos-
ing L = 1 offers the advantage of straightforward interpretation, with Bk,l reflecting the av-
erage effect across all counties. However, setting L > 1 allows for marginal effects to vary
based on each county’s temperature profile, which might be relevant if a county accustomed
to high temperatures reacts differently to additional temperature increases. For instance, with
L = 2, the marginal effect in county ¢ would be BkJ + QﬂAk,gH T3k, and for L = 3, it extends
to Bk,l + QBk,QHTZ-t,k + 3Bk,3HT£,k- As reported in Figure 2.4, 5[33,36)’1 = —$0.051. The cal-
culated marginal effects for L = 2 and L = 3, using the sample average of 124 hours spent
in the [33, 36)°C bin, are approximately —$0.079 (calculated as —0.098 + 2(7.56 x 107°) - 124)
and —$0.063 (calculated as —0.047 + 2(—0.0001) - 124 + 3(1.96 x 1077) - 124?), respectively.
At the sample average, it appears the linear model underestimates the magnitude of the negative
effect assuming the nonlinear models better reflect the true data generating process. Conversely,
the linear model overestimates the negative impact in warmer climates. The marginal temperature
curves presented in Figure 2.5 effectively demonstrate that as a county experiences more time in
hotter temperatures on average, the added adverse effect of an extra hot hour is less pronounced
than in cooler counties. The dashed lines in the figure represent sample averages for Robeson
County, North Carolina, and Pima County, Arizona, highlighting how the nonlinear models cap-
ture differing impacts in Arizona’s desert climate compared to North Carolina’s humid subtropical
climate. I also present marginal effect curves for the three agricultural outcomes from the simple

seasonal mean models in Figure 2.6. For each outcome, the linear model estimates a constant
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negative marginal effect for a 1°C increase in temperature. Once the squared and cubed terms are
included, the marginal effect is positive until approximately 16°C for crop revenue per acre and
approximately 18°C for net farm income per acre. For agricultural GDP, temperature increases
appear to be beneficial until approximately 15°C for the squared model. Assuming this 15-18°C
daily mean temperature range is plausibly optimal, it is evident from Figure 2.3 that substantially
fewer counties will lie in that range in 2060-2100.

Without considering formal model selection criteria, these findings suggest that flexible, non-
linear models offer a more nuanced understanding of the impacts of temperature on agricultural
outcomes. Compared to the linear models, which may oversimplify the relationship between
weather and agricultural productivity, nonlinear approaches are better capable of capturing hetero-
geneity in responses across space, which one would expect to exist across landscapes in a country
as geographically and climatically diverse as the US. Nonlinear models reveal that the effect of
temperature on net farm income, crop revenue, and agricultural GDP is not uniformly negative
or positive but varies across a temperature spectrum. By incorporating squared and higher-order
terms, nonlinear models identify an optimal temperature range, beyond which agricultural out-
comes begin to suffer. This capacity to delineate specific temperature thresholds for detrimental
or beneficial impacts provides a more intuitive and accurate reflection of the true data generating

process.

2.5.2 Climate Change Impacts on Agricultural Productivity

Using Equation 2.9, I estimate the impacts of future weather variability due to climate change
on net farm income per acre for every county in the conterminous US. For simplicity, all estimates
are generated using the ACCESS-CM2 model projection. Results are qualitatively similar for six
additional model projections and are available in the Supplementary Analysis. Predicted future
impacts with bootstrapped 95% confidence intervals are presented in Figure 2.7. The bottom panel
reports the median impact per acre across all counties for each of the 66 model specifications.

Generally, as region-by-year fixed effects become more disaggregated, the median impacts become

70



less negative. For the preferred models with FRR- and LRR-year fixed effects, median impact per
acre ranges from —$13 to —$21 in net income, although the confidence intervals for each model
prediction overlap substantially. The top panel reports the aggregated impact across all farmland
in the conterminous US using 2017 acreage. Annual impacts range from —$13 to —$18 billion in
agricultural profits for the preferred models, again with substantial overlap in confidence intervals
across models. Overall, irrespective of the model specification, each set of fixed effects consistently
forecasts a statistically similar and negative median or average aggregate impact.?!

Thus far, choosing one functional form of weather over another appears fairly inconsequential
in terms of estimating the average impacts of future weather variability. However, this is not the
case for the distributional impacts. Figure 2.8 displays smoothed density curves of the predicted
impacts per acre across all counties for each model specification with FRR-year fixed effects.
Across all models, county-level estimates range from just below —$75 to above $25 per acre. While
there is some overlap across the center of each distribution, the height and location of peaks and
the width of tails vary considerably. This is perhaps unsurprising given that the nonlinear models
allow for greater heterogeneity in the marginal effects of temperature, as displayed in Figure 2.5
and Figure 2.6.

Suppose a policymaker were to use the estimates from one of these models to provide targeted
climate adaptation payments to vulnerable counties, i.e., those with predicted large and negative
impacts. Choosing one model versus another will result in a different allocation of resources if
models are producing systemically different estimates across space. Spatial disparities in estimates
could then lead to an inefficient allocation of payments, particularly if the chosen model has less
support in terms of theoretical backing, fit statistics, and/or predictive power than another. Table 2.4
reports the regression output from Equation 2.11, which shows how predicted impacts of climate

change are correlated across census region indicators and measures of agricultural dependency.

2I'The exception to this are the models with state-by-year fixed effects, which produce estimates not statistically dif-
ferent from zero. However, given the notably low adjusted R? values in Figure 2.12 for these models, it is more
plausible that these fixed effects are excessively absorbing variation, making it difficult to discern the impact of
weather, rather than suggesting that weather has no impact after accounting for localized shocks.
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Excluding the linear seasonal means model, the ranges of average impacts across models to net
farm income per acre within each census region are as follows:

West: —$6.48 to $2.80 per acre

South: —$35.62 to —$16.88 per acre

Midwest: —$12.50 to —$7.90 per acre

Northeast: —3$4.39 to $4.05 per acre.
Predicted impacts range similarly across measures of agricultural dependency, switching from
negatively to positively correlated depending on model specification.

The variability in predicted impacts within and across counties highlights the need for prudent
modelling choices when assessing the distributional impacts of climate change on agricultural
productivity.?? In the worst-case targeted policy scenario, relying on an unsuitable model could
overlook areas that are not only vulnerable to climate change but also heavily reliant on agricul-
ture for their economic productivity. Such an oversight could exacerbate regional disparities and

misdirect funds away from vulnerable communities.

2.5.3 Model Performance

As highlighted above, the disparities in model estimates across space warrants further scrutiny
of model selection beyond economic intuition. The results reported below correspond to the case
where net farm income per acre is the dependent variable. Equation 2.8 is estimated for 11 dif-
ferent functional forms of weather with 6 different levels of fixed effects for a total of 66 model
specifications. The models are first judged by in-sample fit criteria. Figure 2.12 displays each
model’s AIC, BIC, and within adjusted R? values. The minimum AIC and BIC values across all
models are subtracted from each model’s reported value for easier interpretation and viewing. Per
Burnham & Anderson (2004), models with a difference greater than 10 between their AIC or BIC

value and the minimum value have no support as being the best model in the candidate set. Using

22To further assess distributional impacts, I estimate an ensemble of fully-interacted regional models to discern how
the impacts of temperature and precipitation vary across different climates and agricultural systems within the US.
Results from this exercise are available in the Supplementary Analysis.
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AIC, the hourly binned model with L. = 3 (cubic) is preferred across all levels of fixed effects.
This is also the most complex model with 57 covariates. Using BIC, which incorporates a larger
penalty for model complexity, there is support for both hourly binned and seasonal mean models
depending on the included fixed effects. With more disaggregated region-by-year fixed effects, the
seasonal mean models with L > 1 are the best candidates. In terms of within adjusted R?, the
cubic hourly binned model appears to explain the most in-sample variation in net farm income per
acre. However, it is important to note that the values are exceptionally small, indicating that there
is a minimal amount of additional variation explained by the covariates after saturating the models
with fixed effects. In general, in-sample fit statistics favor the flexible hourly binned or seasonal
mean models.

For the CV exercises, a root mean squared error (RMSE) is calculated for each model predic-

tion, where RMSE = \/ % > (yit — Yir)?. Models with the lowest RMSE values display the best
out-of-sample prediction. Forecast, backcast, and K-fold results are presented in Figure 2.13. In
terms of backcast prediction, the top performing models are the daily and hourly binned models
with squared terms and demeaned by the FRR-by-year fixed effects. However, several other model
specifications perform similarly—the top ten models have RMSE values that range from $107 to
$117. For forecast prediction, the hourly binned model with linear terms demeaned by meridian-
by-year, year, and FRR-by-year fixed effects have the three lowest RMSE, respectively, followed
by the hourly binned model with quadratic terms and demeaned by FRR-by-year. The RMSE val-
ues for these top four models range from $88 to $107, and the next lowest RMSE is $117. For both
methods that involve demeaning the data by fixed effects, the cubic models have a tendency to
overfit the training data and provide worse out-of-sample predictions. For the K-fold CV method
that can handle both county and time fixed effects, this is not the case, and the hourly binned mod-
els with squared and cubed terms result in the lowest RMSE. However, it is important to note that
RMSE values are similar across all model specifications when using this method. This is perhaps
unsurprising given the low within adjusted R? values presented in Figure 2.12, indicating that the

within-county and -year averages explain most of the variation in the data.
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To summarize the results above, Figure 2.9 displays the best performing weather specification
and runner up across all model selection criteria, delineated by the level of fixed-effects used. Tiles
are colored according to which model resulted in the lowest RMSE for out-of-sample prediction,
lowest AIC and BIC values, and highest within-adjusted R2. Tiles with black stripes correspond
to models that use the novel hourly temperature data developed for this study. The hourly binned
temperature specifications perform best in 24 of the 36 possible outcomes, and 19 of 36 for second
best. In stark contrast, the degree day specification, exceptionally prevalent in the contemporary
literature, performs best 1 of 36 times and is never a runner up. These results perhaps suggest that
with new opportunities to exploit variation in large datasets, models should in turn be more flexible

in identifying relationships between weather and economic outcomes.

2.5.4 Consequences of Modeling Choices for Targeted Policy and the Social

Cost of Carbon

Given the intuitive marginal effects outlined in Figure 2.5 and model performances outlined in
Figure 2.9, it appears that the nonlinear hourly binned models are the best candidates for identi-
fying the impact of temperature and precipitation on net farm income. Figure 2.10 displays the
county-level differences in projected impacts between the Hour Bins, Cubic and Growing Degree
Days, 10-32 model specifications under six CMIP6 models. Assuming the hourly binned mod-
els is a better reflection of the true data generating process, these maps effectively demonstrate
the misallocation of resources if a policymaker were to design targeted climate policy based on the
literature-prevalent growing degree days model. This hypothetical misallocation would result in in-
sufficient resources allocated to counties in the Intermountain West (particularly Southern Arizona
and California), central and southwest Texas, and much of the Southeast and eastern Heartland.
Conversely, resources would be overallocated to northern counties and counties along the Pacific
coast. These results are consistent across all six climate projections.

The implications of modeling choices also extend beyond geographic discrepancies. Fig-

ure 2.11 illustrates the variability of climate impact estimates across income deciles, showing
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the potential for distributional inequalities when policy is informed by different models. This
heterogeneity of impact estimates is particularly pronounced for the lowest income decile, where
the range of negative impacts is consistently wide across all climate projections. Such dispari-
ties in projected impacts across models may have implications for equity weighting in the social
cost of carbon (SCC). Policymakers advocating for a more equitable approach to climate change
mitigation have suggested placing higher equity weights on more vulnerable groups, such as lower-
income populations, to reflect their reduced capacity to adapt and higher relative suffering. This
adjustment aims to ensure that the social cost of carbon fully captures the increased burdens borne
by these groups, potentially leading to a more just climate policy framework. Any consistent over-
or underestimation of damages to more or less vulnerable groups by certain models can skew the
effectiveness of equity weights. If a model systematically underestimates the damages to lower-
income deciles, it could lead to a miscalculation of the SCC, underrepresenting the true economic
and social burdens of climate change on these communities. Conversely, overestimation could
lead to an inflated SCC, potentially resulting in unnecessarily stringent measures that could have

unintended economic repercussions.

2.6 Conclusion

In recent years, the pursuit to econometrically determine the impacts of weather and climate on
economic outcomes has intensified. A variety of empirical methodologies have been used in this
endeavor, leading to continued discourse on the suitability of different aspects of these approaches.
Although considerable attention has been paid to the appropriate use of lags, the choice between
growth and level outcomes, and the application of fixed effects and time trends, the functional form
of weather variables has received comparatively less focus. The emergence of rich meteorological
and economic datasets has enabled the creation large panels capable of supporting complex models
without compromising statistical power, and as such, specifications that require a large number of

covariates warrant exploration.
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This study examines the impacts of climate change on agricultural productivity, with a focus
on net farm income in the United States, and I employ a suite of model specifications to assess the
sensitivity of the estimated effects of temperature and precipitation. Congruent with the existing
literature, nonlinear specifications that allow marginal effects to vary across counties have the most
support in terms of model selection and theoretical backing. Although the degree day functional
form is the most prevalent in the climate-agriculture economics literature, in this analysis I find
little to no support for that specification. This is likely due to dependence on static threshold values
to define heat accumulation, a simplification that may be less appropriate for more comprehensive
outcomes like profit versus crop-specific yields.

A key observation is that no single model consistently excels across all selection criteria, al-
though all reasonably defensible models predict a consistent aggregate negative impact on US
agricultural productivity due to climate change: —$10 to —$20 billion in annual agricultural prof-
its (15-30% of current levels) by 2060-2100. Although I find that the choice of the functional
form of weather appears to be relatively inconsequential in estimating average impacts, another
notable observation is that the estimated distributional impacts, i.e., within and across counties,
vary substantially across models. This is an important finding if the end use goal of these models
is to inform targeted policy endeavors.

Additionally, climate-economy relationships are likely highly nonlinear nature due to the in-
terplay between both biophysical and behavioral responses, which is supported by the intuitive
marginal effects and model selection results for the more flexible model specifications presented
in this study. The most complex models, incorporating over 60 covariates and thousands of fixed
effects, could not have been feasibly or meaningfully estimated with prior data sources purely due
to lack of sample size. For the present analysis, the use of new agricultural data from the BEA
Regional Economic Accounts, in place of the traditionally used quinquennial Census of Agricul-
ture, alongside advanced meteorological datasets, allows over five times as much variability in
weather and economic outcomes to be leveraged for identification compared to previous, compa-

rable studies. Furthermore, similar economic data sources are not unique to the BEA, and new
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satellite imagery and geospatial data products are in continual development. As such, the current
wealth of data products now allow the creation of large panels that permit the estimation of more
sophisticated statistical models that arguably better reflect the true data generating process.

In summary, I find that increases in temperature positively affect farm income up to a certain
threshold, after which the effects become negative. Specifically, temperatures above 33°C signif-
icantly reduce farm profits. The impact of precipitation is less definitive, but excessive rainfall
appears to have adverse effects. I also find notable regional variation in the impacts of climate
change, particularly for the specifications that allow coefficients to vary across space. Given some
uncertainty about which model most accurately reflects the true data generating process, I develop
a composite damage measure in the Supplementary Analysis to provide a comprehensive measure
of risk, identifying counties consistently and severely affected by climate change.

The regional heterogeneity in climate change impacts highlights the need for localized policy
and resource management strategies. Using the county as the unit of analysis has the benefit
of communicating information already conformed to a common organizational unit for existing
institutions. For example, the US Department of Agriculture’s (USDA) Farm Service Agency,
Natural Resource Conservation Service, and the Rural Development agency already tailor program
characteristics to meet county-specific needs, and USDA Service Centers designed for community
access are available in most counties.”> Counties also typically have emergency managers who
oversee planning and responses to disasters. Results and methods presented in this study can assist

in designing more effective and targeted policies.

BSee https://offices.sc.egov.usda.gov/locator/app.
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2.7 Tables

Table 2.1: Econometric specifications of f(X; )

Seasonal Means ZZL:I [5l<t€mpit)l + o (pTCpit)l]
!
Degree Days B1D Dt (— o010 + B2D Dyy 10,510 + B3D Dig (510 o) + Elel [O‘m,l(PZ’t:m) ]
) !
Day Bins YL [E B DTia) + Xaty ama (Pan)'|

Hour Bins ZZL:I [25:1 Brog(HT 1) + Z%Zl Qi (Pit,m)l]

L: degree of nonlinearity allowed across variable dimensions

temp and prcp: growing season daily mean temperature and precipitation
DD g guj: degree days accumulated between thresholds H” and HY
DT, days spent in k' 3°C-wide temperature bin (12 to 15°C omitted)
P,,: days spent in m' 1mm-wide precipitation bin (Omm omitted)

HT}: hours spent in k" 3°C-wide temperature bin (18 to 21°C omitted)
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6L

Agricultural Outcomes

Specification of f(X) Crop Yields Land Values Profit/Revenue/GDP
Seasonal/Monthly Means Mérel & Gammans (2021) Mendelsohn et al. (1994) Olper et al. (2021)

Growing Degree Days Schlenker & Roberts (2009) Schlenker et al. (2005, 2006) Deschénes & Greenstone (2007, 2012)
Daily Means (binned) X X Deryugina & Hsiang (2017)
Hourly Measures (binned) Schlenker & Roberts (2009) X X
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Net Farm Income per Acre

Crop Revenue per Acre

log(Ag. GDP)

Model: L=1 L=2 L=3 L=1 L=2 L=3 L=1 L=2 L=3
Temperature — -3.14** 222" 3.05 7977 354 -11.2  -0.067**  0.135* -0.311
(1.48) (5.19) (12.2) (2.03) (7.89) (20.8) (0.018)  (0.072)  (0.231)
Temperature? -0.615*  0.418 -1.07** 1.44 -0.005**  0.019
(0.130)  (0.707) (0.202)  (1.20) (0.002)  (0.013)
Temperature? -0.018 -0.043** -0.0004*
(0.013) (0.022) (0.0002)
Precipitation -1.05 11.7%* 558  -543" 895 0.326 -0.006 0.040 0.080
(0.943)  (2.92) (5.17) (1.24) (4.04) (7.64) (0.010)  (0.033)  (0.070)
Precipitation? -1.74*  -0.114 -1.99**  0.227 -0.006 -0.017
, (0.382)  (1.27) 0.531) (1.92) (0.004)  (0.015)
Precipitation® -0.132 -0.174 0.0008
(0.104) (0.160) (0.001)
Fixed effects
FIPS v v v v v v v v v
FRR-by-year v v v v v v v v v
Observations 121,910 121,910 121,910 122,284 122,284 122,284 51,400 51,400 51,400
Within R? 0.00028 0.00283 0.00297 0.00159 0.00484 0.00516 0.00126  0.00222  0.00260

Two-way clustered (FIPS & State-by-year) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

AnAn

-onpoid [exmnouse uo uoneydoald pue arnjerodwa) ueaw Arep uoseas Suimois Jo joedwir ayJ, €7 d[qeL



I8

Seasonal Means Day Bins Hour Bins Degree Days
Model: L=1 L=2 L=3 L=1 L=2 L=3 L=1 L=2 L=3 10-32 10-35
Constant -12.8%%* 1.62%** 1.28* -0.803**  2.80*** 1.59%** -2.20%** -1.48** -3.52%%% 503 -6.48**
(0.133) (0.609) (0.729) (0.402)  (0.528) (0.553) (0.433) (0.578) (0.701) (0.468) (0.402)
Ag./Tot. GDP -0.009 0.067 0.085 -0.074**  -0.087*  -0.130*** -0.132***  0.102**  0.180*** -0.010 0.051
(0.012) (0.054) (0.065) (0.036)  (0.047) (0.049) (0.039) (0.051) (0.062) (0.042) (0.036)
Farm/Tot. Inc. -0.021 -0.160 -0.148 0.017 0.053 0.109 0.221*** -0.080 -0.182 -0.127 -0.174**
(0.023) (0.107) (0.128) (0.071)  (0.093) (0.097) (0.076) (0.102) (0.123) (0.082) (0.071)
Farm/Tot. Emp. -0.062***  -0.222*** -0.271***  -0.036 -0.058 -0.011 0.025 -0.331***  -0.466*** -0.291***  -0.313***
(0.010) (0.044) (0.053) (0.029)  (0.038 (0.040) (0.031 (0.042 (0.051) (0.034) (0.029)
South 0.665* 325"  .36.9***  -251** 3227 32.3% 253 2040 -18.0%"F  -14.6"*  -10.4*
(0.143) (0.654) (0.783) (0.432)  (0.567) (0.594) (0.466) (0.621) (0.753) (0.503) (0.432)
Midwest -0.415%*  -13.7 - 12. 1% 117 1340 1270 101 6427 L5607 377 3,090
(0.147) (0.676) (0.809) (0.446)  (0.586) (0.613) (0.481) (0.641) (0.778) (0.519) (0.446)
Northeast -0.973** -4 87 -2.50%%  -3.59%F 4530 LD 790 1.09 447+ 7.57 4.747 227+
(0.214) (0.981) (1.17) (0.647)  (0.851) (0.890) (0.698) (0.931) (1.13) (0.754) (0.648)
Observations 3,068 3,068 3,068 3,068 3,068 3,068 3,068 3,068 3,068 3,068 3,068
R? 0.089 0.542 0.546 0.605 0.604 0.591 0.605 0.415 0.311 0.389 0.305
Adjusted R? 0.086 0.541 0.545 0.604 0.602 0.590 0.605 0.414 0.310 0.387 0.303
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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2.8 Figures
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Figure 2.1: Differences in temperature measures between Orleans County, Louisiana and Pima County,
Arizona. Each plot shows the mean of each weather variable across all years in the sample for each county.
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Figure 2.2: Estimated upper temperature thresholds for harmful degree days for different crop types. The
curves represent estimated idealized daily temperature curves for an average summer solstice for each

county. The cross marks correspond to daily mean temperatures.
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Figure 2.3: Changes in the distribution of daily mean temperature and precipitation during the growing sea-

son from 1980-2021 to 2060-2100 across all counties. Future climate data is from CMIP6 model projections
under the SSP245 scenario.
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Figure 2.4: Estimated marginal effects of temperature and precipitation on net farm income per acre. The
coefficient point estimates with 95% confidence intervals correspond to the linear (L = 1) hourly bin speci-
fication with ERS FRR-by-year fixed effects.

85



$0.021
O
4
[0]
$0.00 2
4
*g -$0.02
E - | =1
g —L=2
% L=3
= -$0.05; .
1
1
1
i I
1 1
1
-$0.08 ! !
1 1
1 1
1 1
1 1
1 1
| |
-$0.101 1 )

0 100 200 300 400 500
Mean number of hours spent in 33-36°C heat

Figure 2.5: How the marginal effect of an extra hour spent in the [33, 36)°C temperature bin changes as a
county’s climate becomes warmer by model specification.

86



Net Farm Income per Acre

$10

Marginal effect
&b

= ©»

2 Q

-$20

Crop Revenue per Acre
$20+

Marginal effect
&
N &£
o o
- -
In I
W N =

$40

Log Agricultural GDP

0%
3
=
()

S -10%
I
©
=

-20%

10 15 20 5 30

5
Mean growing season temperature (°C)

Figure 2.6: How the marginal effect of a 1°C mean growing season temperature increase changes as a
county’s climate becomes warmer by model specification.

87



Average Aggregate Annual Impact

-$40
2 -$30
L
& 320
8 Specification
2 -$10 . Hour Bins, Linear
S . Hour Bins, Quadratic
N $0 . Hour Bins, Cubic
. Day Bins, Linear
X . Day Bins, Quadratic
Median Impact per Acre . Day Bins, Cubic
. Growing Degree Days, 10-32
-840 . Growing Degree Days, 10-35
$30 I:l Seasonal Means, Linear
(ol .
%) D Seasonal Means, Quadratic
D .
= -$20 |:| Seasonal Means, Cubic
& 10
$0

FIPS & FIPS & FIPS & FIPS & FIPS & FIPS &
Year FE Meridian-Year FE Census-Year FE FRR-Year FE LRR-Year FE State-Year FE

Figure 2.7: Comparison of predicted climate change impacts on US agricultural profits by model specifi-
cation over 2060-2100 with bootstrapped 95% confidence intervals. Future climate data is from the CMIP6
ACCESS-CM2 model projection under the SSP245 scenario.

Specification

. Hour Bins, Linear
Hour Bins, Quadratic
[ Hour Bins, Cubic
Day Bins, Linear
Day Bins, Quadratic
Day Bins, Cubic
Growing Degree Days, 10-32
Growing Degree Days, 10-35
Seasonal Means, Quadratic
|| Seasonal Means, Cubic

-$75 -$50 -$25 $0 $25
Impact per Acre
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Figure 2.12: Comparison of fit statistics by model specification for net farm income per acre.

2.9.2 Crop Revenue and Agricultural GDP

Figure 2.14 and Figure 2.15 display the aggregate projected impacts of climate change on crop

revenue and agricultural GDP using estimated coefficients from the econometric specifications

outlined in Table 2.1. In general, models produce qualitatively similar estimates. Interestingly,

negative impacts to agricultural GDP are estimated to be the largest for models using ERS FRR-

by-year and USDA LRR-by-year fixed effects compared to others.

2.9.3 Climate Model Sensitivity

To investigate the sensitivity of my results to the choice of CMIP6 model, Figure 2.16, Fig-

ure 2.17, and Figure 2.18 display projected impacts to net farm income per acre, aggregate agri-
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Figure 2.13: Comparison of cross validation performance by by model specification for net farm income
per acre.

cultural profits, and distributional impacts for six additional climate models, respectively. There is
slight variation in the magnitude of impacts due to different warming conditions embedded within
each climate projection, however results are qualitatively similar to the main findings presented in

this paper.

2.9.4 Regional Models

Although the preferred specification of Equation 2.8 controls for local shocks through FRR-
by-year fixed effects, the model still produces a single set of coefficient estimates for all counties.
Given the heterogeneity in climate and agricultural practices across the US, it may be insufficient
to assume that these coefficients accurately reflect the varied responses to temperature and precipi-
tation changes in different regions. For example, agricultural systems in counties west of the 100th
meridian tend to use irrigation, which can mitigate the impact of extreme temperatures through
evaporative cooling and maintaining soil moisture. Therefore, the impact of an additional hour in
the 33-36°C temperature bin will likely differ between counties in Southern California’s Imperial

Valley and rain-fed counties in the Corn Belt.
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I extend Equation 2.8 by allowing  and « coefficients to vary across diverse regions through
a series of interacted models that take the form:
J

Jj=1

where yftk ) represents the economic outcome for county ¢ in year ¢ under the k-th regional aggrega-

tion, and l(ng) = R](-k)) is an indicator function that takes the value 1 when the county ¢ belongs
to the j-th region denoted by R(-k), and 0 otherwise. This allows the function f(X;; BJ@, ag-k)) to
(k)

capture the effects of weather outcomes that are region-specific, with 5](@) and o representing
the set of parameters that vary by region and aggregation level k. The term 6; continues to control
for county fixed effects and ; is a year fixed effect. Finally, ¢;; is the idiosyncratic error term that
captures unexplained variation in the economic outcome after controlling for the fixed effects and
the region-specific weather impacts. By interacting the region dummies with the functional form
of weather outcomes, Equation 2.12 allows for a flexible assessment of how climate impacts on the
economic outcome might differ across various regional climates and geographies. Equation 2.12 is
estimated across 11 different functional forms of f(X;;) for K = 4 regional aggregations. The re-

gional aggregations mirror the variations in region-by-year fixed effects in Equation 2.8, excluding

states.

Regional Heterogeneity in Weather Effects

The regional models outlined in Equation 2.12 permit weather parameters to vary across re-
gions, allowing for more heterogeneity in temperature responses across space. As evidenced in
Figure 2.6, the “optimal” mean growing season temperature for agricultural productivity is some-
where from 15-18°C in the model that estimates a single set of coefficients for all counties. When
coefficients are able to vary across regions, that optimal range may vary as well. Figure 2.19 shows
how the marginal effect of temperature differs for counties east and west of the 100th meridian line,

the historical dividing line for rain-fed (east) and irrigated (west) agriculture. The two panels on
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the left correspond to linear hourly bin specification. Consistent with the notion that irrigation
can mitigate the adverse affects of extreme temperatures, net farm income in western counties
does not suffer until temperatures exceed 36°C (96.8°F). Conversely, eastern counties experience
decreases in net farm income at temperatures exceeding 29°C (84°F). Compared to the results pre-
sented in Figure 2.4, the effects of hotter temperature are overestimated for western counties and
underestimated for eastern counties. The panel on the right of Figure 2.19 displays the marginal
effect curves generated from coefficients from the cubic growing season daily mean specification,
and it suggests that the optimal temperatures for eastern and western counties are 17°C and 21°C,
respectively.?*

Equation 2.12 attempts to address heterogeneity in climate and agricultural practices by cap-
turing different possible responses across space. This creates the potential for the negative effects
of hot temperatures to be less severe in counties that have better adaptation measures (e.g., irriga-
tion in the west) and more severe elsewhere. Figure 2.20 displays the aggregate annual impacts
on agricultural profits estimated from the regional models, and each column corresponds to the
regions over which coefficients can vary. Remarkably, the overall estimated impact of climate
change on agricultural profits in the US when using Equation 2.12 remains consistent with the re-
sults obtained from Equation 2.8. Most models produce estimates still ranging from —$15 to —$25
billion. However, and perhaps unsurprisingly, Equation 2.12 reveals far more heterogeneity in cli-
mate responses across counties. Figure 2.21 displays smoothed density curves of the predicted
impacts per acre across all counties for four different functional forms of whether across different
regional aggregations. In each case, the regionally interacted models produce multi-modal distri-
butions, often with a larger portion of counties benefiting from climate change when compared to
the estimates from Equation 2.8.

The projected impacts in each county for the linear hourly temperature bin model are also

presented on maps in Figure 2.22. The top left map presents impacts from the specification that

%4The curve for western counties may also suggest an optimal mean growing season temperature at 13°C, however this
would require a county’s climate to cool to most cases.
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produces a single set of coefficients for all counties, most of which are non-positive. Moving to
the regional models, there is an increased prevalence of counties that may potentially benefit from
climate change. Across the regional models, counties located in the northeast, northwest, and the
Intermountain West (excluding the Southwest) are consistently predicted to see marginal benefits

in net farm income per acre.

2.9.5 Characterizing Vulnerability

A salient goal of scrutinizing the distributional impacts of climate change is to identify which
regions or counties are potentially most vulnerable to climate change. Unfortunately, one county
may be identified as vulnerable in one model but unaffected in another, and as evidenced in Fig-
ure 2.12 and Figure 2.13, no single model performs best in all model selection criteria. To address
this, I develop a composite vulnerability index that integrates the magnitude and consistency of im-
pacts across all models, excluding the linear seasonal means model, and seven climate projections.
This ensemble approach offers a comprehensive measure of risk, identifying counties consistently
and severely estimated to be affected by climate change. The development and application of this
index are as follows:

1. For each county 7, model j, and climate projection k, compute an impact score .S;j; that

reflects the sign and magnitude of the estimated impact ;1 = f j(A)_(ik; B, &) from Equa-

tion 2.9. The score is calculated as the estimated impact multiplied by -1:
Sijk = —Yijk-

2. Sum these impact scores across all models and projections for each county to obtain a cu-

mulative impact score:

J k

96



3. Normalize the cumulative impact scores between 0 and 1 to facilitate comparison across

counties:
C; —min(C)

M= max(C) — min(C)’

where N; is the normalized impact score for county i, and min(C') and max(C) are the
minimum and maximum cumulative impact scores across all counties, respectively.
4. Adjust the normalized score by the proportion of negative estimates (F;) to incorporate the

frequency of negative impacts. This results in the final vulnerability index for county :

Vi=N; x B,.

The index V; captures both the magnitude of all impacts and the consistency of negative im-
pacts. A higher value of V; indicates a county that not only experiences larger overall impacts
(as reflected by the cumulative score) but also a higher frequency of negative impacts, signal-
ing a higher degree of vulnerability. This composite index offers a nuanced perspective on risk,
highlighting counties with significant potential impacts and a pattern of consistently negative pro-
jections across models.

This index is calculated twice, once for the base specifications (Equation 2.8) and again for
the regional specifications (Equation 2.12). A valid criticism of the regional models is the discrete
change in coefficients for adjacent counties imposed by the interaction terms. In the top right panel
of Figure 2.22, many counties just west of the 100th meridian are projected to experience climate
change benefits, whereas many neighboring counties just east of the 100th meridian have negative
projected changes. The vulnerability index above serves to smooth out estimates across different
regional boundaries, and it is displayed in Figure 2.23.

For both indices, the counties with the largest and most consistent negative estimates across
models lie in Southern Arizona and Southern California. Although these counties heavily utilize ir-
rigation, they are also projected to see substantial increases in time spent above 36°C (96.8°F). This

area of the US is already experiencing such extreme heat events. In the summer of 2023, Phoenix,
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Arizona, located in Maricopa County, experienced a record-breaking 31-day streak of daily high
temperatures exceeding 43°C (110°F).25 Additionally, both maps indicate counties along the Pa-
cific coast, in high elevations in the Rocky and Appalachian Mountinas, and in the Northeast near
the border of Canada are not particularly vulnerable in terms of agricultural profitability. However,
these regions do not contain the largest counties in terms of agricultural output. The largest dis-
crepancy between the two indices is the projected vulnerability of western counties (excluding the

Southwest).
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Figure 2.14: Comparison of predicted climate change impacts on US gross crop revenue by model specifi-
cation over 2060-2100 with bootstrapped 95% confidence intervals. Future climate data is from the CMIP6
ACCESS-CM2 model projection under the SSP245 scenario.
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Figure 2.15: Comparison of median predicted climate change impacts on US agricultural GDP by model
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Figure 2.16: Comparison of median predicted climate change impacts on net farm income per acre by

model specification and CMIP6 model over 2060-2100 with bootstrapped 95% confidence intervals. All
future climate data assumes the SSP245 scenario.
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Figure 2.17: Comparison of predicted climate change impacts on aggregate US agricultural profits by
model specification and CMIP6 model over 2060-2100 with bootstrapped 95% confidence intervals. All
future climate data assumes the SSP245 scenario.
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Figure 2.18: Comparison of predicted distributional impacts of climate change on county net farm income
per acre by model specification with county and FRR-year fixed effects and CMIP6 model. Each density
curve represents all point estimates of the average annual change in net farm income every county in the
sample over 2060-2100. All future climate data uses the SSP245 scenario.
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Figure 2.20: Comparison of predicted average annual impacts of climate change on aggregate US agri-
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Figure 2.21: Comparison of predicted distributional impacts of climate change on county agricultural profits
per acre by model specification and regional aggregation. Each density curve represents all point estimates
of the average annual change in net farm income per acre for every county in the sample over 2060-2100.
Future climate data is from the CMIP6 ACCESS-CM?2 model projection under the SSP245 scenario.
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Figure 2.22: Predicted impacts of climate change on county agricultural profits per acre by regional aggre-
gation over 2060-2100 for the hour bins, linear model. Future climate data is from the CMIP6 ACCESS-
CM?2 model projection under the SSP245 scenario.
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Chapter 3

A Comparative Analysis of Water
Allocation Institutions and Economic

Efficiency

3.1 Introduction

The western United States (US), one of the fastest-growing regions in the country, encompasses
the driest areas of North America. New and competing interests for water continue to emerge,
yet surface water shortages are expected to worsen due to increasing frequency and severity of
droughts induced by climate change (Gutzler & Robbins 2011). The extent to which increasing
water scarcity affects western river basins will depend on the ability of human systems to adapt.
Although technological innovations have led to marked improvements in water use efficiency, in-
stitutional changes in the governance of western water are occurring at a slower pace (Brewer et al.
2006, Libecap 2011, Leonard et al. 2019). Achieving outcomes close to a social optimum through
technological improvement alone is unlikely if the mechanism governing water use inherently in-
troduces inefficiencies. The present research aims to compare the efficiency of different water

allocation institutions and evaluate the implications of return flows, heterogeneous users, and user
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locations (i.e., upstream or downstream) on allocative performance and market efficiency. I focus
on comparing prior appropriation and alternative, share-based mechanisms—all with and without
water markets. While it is well established in the economics literature that a system of prior appro-
priation creates inefficiencies due to asymmetry in risk across water users, less attention has been
given to how the initial allocation of water rights can exacerbate or alleviate these inefficiencies.
Although perfectly competitive markets can reallocate resources to an efficient outcome, the initial
distribution of property rights has implications for how much reallocation must occur within the
market. This is particularly relevant for contemporary water trading, which are typically associated
with high transaction costs. Additionally, I find that due to return flows—the positive externalities
associated with water use—the initial location of prior appropriative water rights along a stream can
affect the total amount of water available for use in the onset.

The riparian water rights doctrine, rooted in English common law, is prevalent in the humid,
eastern US. It grants landowners abutting water bodies the right to use adjacent water “reasonably,"
without significantly diminishing its supply for downstream users. However, in the arid regions of
the western US, where the prevalence of irrigated agriculture requires large diversions and some-
times low return flows, a riparian doctrine is insufficient for ensuring the right of downstream users
to divert water. Consequently, the western US has adopted a doctrine of appropriative water rights
(Jones & Cech 2009). This system awards water rights based on the actual physical diversion
and beneficial use of water, adhering to a "first in time, first in right" principle. The adoption of
beneficial consumptive use as the criterion for water rights aims to encourage investment in water
diversion infrastructure and limit excessive speculation on unused waters. There is also evidence
that appropriative water rights incentivized collective investment in western irrigation infrastruc-
ture due to decreased risk for senior users (Libecap 2007, Leonard & Libecap 2019).

Under a doctrine of prior appropriation, users must obtain a water right to divert water from any
natural system. Once a water right is administered, it is placed within a hierarchy of priority. When
basin water supplies are insufficient to fulfill all allotments, older (senior) water rights have priority,

potentially leaving newer (junior) rights with nothing. This system introduces uneven risk across
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water users, making prior appropriation widely considered inefficient in the absence of a compet-
itive water rights market (Burness & Quirk 1979, 1980, Huffaker et al. 2000). In their seminal
work, Burness & Quirk (1979, 1980) analyze the efficiency of prior appropriation with simplifying
assumptions, focusing on the long-run equilibrium of expected diversions and profits when firms
with identical, separable profit functions share a waterway. They acknowledge that an efficient use
of resources under an appropriative framework would require a competitive leasing market con-
tingent on significant investment in the construction of diversion facilities to capture overall water
capacity. However, over 40 years later, many western basins are now over-appropriated, and sev-
eral assumptions in Burness & Quirk (1979, 1980) may not align with contemporary conditions.
Firstly, although modern water markets do exist, they are typically constrained to localized trading
with high transaction costs encompassing legal fees, negotiation costs, and the expenses associated
with transferring rights (Brewer et al. 2006, Libecap 2011, Leonard et al. 2019). This renders cur-
rent water allocations relatively inflexible, which can hinder the transfer of water to more beneficial
uses as new and potentially more valuable uses emerge (Brewer et al. 2008). Consequently, the
initial allocation of water rights becomes an important determinant of water use efficiency, as high
transaction costs may prevent the market from correcting inefficiencies in allocation. Secondly,
the authors do not address scenarios where average water availability is insufficient to satisfy all
administered water rights. This situation is particularly pertinent in regions experiencing water
scarcity, where the hierarchy of water rights can result in junior users being deprived of water
despite holding legal entitlements. Not only does this prevent users who potentially have a high
marginal benefit of water from generating value, there are implications for return flows when cur-
tailed users are located upstream. Lastly, the authors focus on the case in which value is only
generated from consumptive use. Many water uses generate some value non-consumptively, such
as hydroelectric power generation, recreational activities, ecosystem services, and many household
uses. Under a strict prior appropriative regime, it is possible that no water may be diverted for such

uses during times of shortage even if the consumptive use is relatively low.
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One alternative institution to prior appropriation are water sharing mechanisms, which aim to
redistribute risk. For example, some farmers have formed cooperative organizations called “irriga-
tion districts," pooling the priority of their water rights and redistributing risk evenly across shares.
Water is then allocated among members according to the number of shares they own. This system
ensures nonzero water allocations each year for each shareholder, which creates more certainty for
users to plan for the future. Ji & Cobourn (2018) find that irrigation districts allocate larger portions
of land to drought-sensitive, high-value crops compared to areas with similar overall priority with-
out a share-based system, resulting in a 6% average increase in profit. Water sharing plans have
also been adopted at larger scales in Australia and Chile (Grafton et al. 2011, Tingey-Holyoak
2014).

Although shared-based mechanisms can remedy the uneven risk introduced by prior appropri-
ation, efficiency ultimately depends on the benefits generated by individual water users (Bennett
et al. 2000). Return flows also require consideration, as water diverted is not a perfectly rivalrous
good. Most water uses necessitate diverting more water than needed for consumption, with return
flows ranging from 5-90% depending on the use (Burness & Quirk 1980). In the South Platte Basin
of Colorado, annual surface water diversions double the average natural inflow (CWCB 2015). Ef-
ficiency, therefore, depends not only on the heterogeneous value generation across users but also
on their physical location within a river basin. For instance, if an upstream user with high return
flows diverts one unit of water, a large portion of that unit can continue to generate value as it reen-
ters the stream for the next user. The allocative efficiency of priority based mechanisms can further
change depending on whether the upstream user is junior or senior and high value or low value.
Given the complexities arising from return flows and user heterogeneity, no single water allocation
institution is likely to be preferable across all western basins. The most efficient institution for
a given basin will depend on its specific composition. Figure 3.1 highlights the heterogeneity of
watersheds in the western US, displaying HUCS classifications from Duan et al. (2018) and the
location of relatively big cities. Large population centers are located within both headwater (up-

stream) and terminus (downstream) HUCS basins and across states with varying water uses and
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needs. For example, California’s water demands are remarkably diverse. Large urban areas, such
as Los Angeles and San Francisco along the state’s central and southern coast, rely heavily on
water for domestic use, industry, and maintaining green spaces in cities. Agriculture, a significant
sector in California’s economy, demands large quantities of water for irrigation. The state’s water
sources are equally varied, encompassing snowmelt from the Sierra Nevada mountains in northern
California and major river systems like the Colorado River and the Sacramento-San Joaquin River
Delta.

In general, the current body of economic research offers important perspectives on optimiz-
ing water resource use under institutional constraints, particularly emphasizing the role of market
mechanisms. The Coase Theorem (Coase 1960), a cornerstone in the field of environmental eco-
nomics, posits that if property rights are clearly defined and transaction costs are negligible, the
allocation of resources will be efficient regardless of the initial distribution of these rights. This
theorem stresses the potential for private negotiations to address externalities and achieve optimal
resource allocation. However, the application of Coasean bargaining to water rights governed by a
doctrine of prior appropriation is not clear cut. When high priority water rights are located down-
stream, the ability of upstream junior users to divert water and generate return flows can be stifled,
potentially distorting the total amount of water that can be reallocated through a market. This chal-
lenges the assumption that initial allocations do not affect efficiency, particularly under conditions
where the physical characteristics of the resource impose unique constraints.

In contrast to fixed-allocation mechanisms like prior appropriation, share-based mechanisms,
where water rights are allocated as proportional shares of the available supply rather than as fixed
quantities, offer a different paradigm. These mechanisms provide two possible improvements to
prior appropriation. First, they always ensure some amount of upstream diversions, which can
generate more return flows in some cases. Second, water sharing plans inherently reduce the
asymmetry in risk across users, potentially leading to an initial allocation that reflects more effi-
cient use from the outset. Share-based systems may therefore reduce the subsequent reliance on

markets to achieve social optimality. The key insight here is that the initial allocation of property
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rights not only potentially affects the availability of the resource due to the positive externalities of
return flows, but also determines the degree of market participation necessary to reach an econom-
ically efficient use of resources. In scenarios where the initial allocation generates a more efficient
distribution, the market’s role in adjusting allocations to meet changing demands and values is less
critical.

The initial allocation of property rights and its impact on market efficiency is a theme not
unique to water rights. In the context of land demarcation, (Libecap 2007) show that different
property allocation regimes have enduring impacts on land values, transaction costs, and the struc-
ture of land markets. They find that the Rectangular System, by providing standardized, secure
property rights, enhances economic outcomes compared to the more flexible Metes and Bounds
system. In the context of sulfur dioxide cap-and-trade systems, (Henry III et al. 2011) demon-
strate that the initial allocation of pollution permits can lead to increased social costs by shifting
emissions to areas of higher marginal damage. Such examples in the broader economics literature
highlight the principle that the initial distribution of property rights can influence the efficiency of
resource allocation, even in the presence of well-functioning markets.

The present research builds upon the current literature by exploring the nuanced aspects of wa-
ter allocation that remain relatively unexplored, examining how the initial allocation of water rights
and physical characteristics of a river basin can either aggravate or mitigate potential inefficiencies.
I develop a series of optimization models that emulate different institutions that exist throughout
the world and use Monte Carlo simulations of water supply to examine their sensitivity to ran-
domly generated physical characteristics of a river basin. I find that system-wide value generation
under prior appropriation is particularly sensitive to the location of priority along a stream and the
utilization of return flows during times of shortage, even in the presence of a perfectly competitive
leasing market. For simulations in which there is no water shortage, markets unsurprisingly and
unambiguously generate the most value. Ideal conditions for priority-based mechanisms include
relatively senior upstream water users that either generate high value or high return flows. How-

ever, as the number of water users in the model increases, these ideal conditions become less likely,
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and share-based mechanisms can generate more value than a market under certain conditions. By
examining the physical factors that impact institutional efficiency, this study provides valuable in-
sights for policymakers and stakeholders in the development and implementation of effective and
efficient water allocation strategies.

The remainder of the article is organized as follows. First, I present a series of modeling frame-
works that emulate different water allocation mechanisms for a hypothetical river basin. I begin
by outlining a simple two-user case to emphasize the impact of basin composition on economic
efficiency and extend the models to accommodate n-users for generalizability. Next, I employ
Monte Carlo simulations to evaluate efficiency outcomes of each mechanism under various basin
compositions and random water supply conditions. I outline the conditions that have the greatest
impact on market efficiency, and regression models are applied to the simulation results to charac-
terize basin compositions that bode well for specific water allocation mechanisms. Lastly, I discuss

potential policy considerations and implications.

3.2 Theoretical Models of Water Allocation Institutions

3.2.1 Two Users
Social Planner

Before examining real-world water allocation institutions, consider the social planner (SP),
whose objective is to maximize the total value of production within a river basin by allocating water
w; to two users with value functions v;(w;), where ¢ = upstream (u) or downstream (d). Available
water in a given year is a random draw w € W, where W is the distribution of possible water
supply conditions. Some proportion of water # € (0, 1) diverted to the upstream user returns to

the stream and becomes available for the downstream user as a return flow. The SP’s deterministic
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maximization problem with two water users in a given year is

max v, (wy) + va(wg)
Way ,Wgq >0

(3.1

IN
£

S.t.  wy

wg < W — (1 - 0)w,.

If the two users are homogeneous, i.e., v, = v4 = v, it can be easily shown that w; > w and
Ov/ow} > Ov /0w at the optimum. Due to return flows, more water is diverted to the upstream
user, resulting in a lower marginal benefit of water compared to the downstream user.?® When

vy # Vg, optimal allocations will depend on the relative value functions.

Prior Appropriation

Now consider the same basin layout, but water allocation is determined by PA. Each user owns
a water right 7" that determines a maximum amount of water allowable for diversion, where m
= senior (s) or junior (j). Under PA, R; must be met before the junior user can divert any water.
In practice, any water use by a junior user that prevents any senior user from receiving their full
allotment is prohibited. Water allocation is therefore no longer determined by a maximization
problem, but by the location of the junior and senior user, their respective water rights, and the
total water supply. There are two possible cases for a given level of water supply: (i.) the senior

user is upstream or (ii.) the senior user is downstream.

26The role of return flows in determining upstream versus downstream diversions is further demonstrated in the Sup-
plementary Analysis.
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i. When the upstream user is senior and the downstream user is junior, the resulting water

allocations are:

W if W< RS
RS if @ > RS

(3.2)

<w<(1-0R+ R}

S
u

R} if @>(1-0)R+ R,

ii. When the upstream user is junior and the downstream user is senior, the resulting water

allocations are: )

W if W< Ry
Ry if @ > Ry
0 if @ < RS (3.3)

wl, = 5B i R << (1- )R+ RS

R if w>(1-0)R + Rs.

\

In each case, (1 — 0)R]" + R}’ characterizes the total amount of water necessary to fulfill the
maximum allowable diversion for both users. For the senior user, location is irrelevant and w; =
wj in any water supply scenario. However, the junior user faces different outcomes in times of
scarcity, i.e., w < (1 — #)R™ + R}, depending on location. If downstream, the junior user will
always receive at least the return flows from the upstream user, fw. If upstream, the junior user
faces the possibility of receiving nothing if the basin water supply is insufficient to fulfill even
the senior right, i.e., w < R;. Although simple, the two user case clearly conveys how risk is
disproportionately assumed by the junior user. Table 3.1 provides a stylized example of how water

allocations differ for the junior user under different stream location and supply scenarios. If the
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users have the same value functions in both cases, case (ii.) unambiguously results in lower basin-
wide value during shortages due to the upstream, junior user receiving less water.

One criticism of the doctrine of prior appropriation is the economic inefficiency introduced
through an uneven distribution of risk. During times of shortage, some users who could generate
significant value per unit of water receive nothing, while others with higher priority rights may
not put all of the resource to its most productive use. This uneven risk can lead to a suboptimal
allocation of resources. Alternatively, share-based institutions can partly remedy this inefficiency
by ensuring that all users receive a non-zero allocation of water, even during times of scarcity.
Under a PS system, water is allocated proportionally according to shares until all endowments
are satisfied in a descending order from highest to lowest number of shares. If a basin were to
transition from PA to PS, shares may be determined by users’ previous priorities or endowments or
both. Share-based institutions aim to redistribute risk more equitably among water users, hopefully

promoting a more efficient use of resources.

Proportional Sharing

Before addressing PS, here I characterize how water rights may have formed along a stream.
This intermediate step has the benefit of ensuring return flows are accounted for when developing
a stylized PS system. The senior user first appropriates some portion " € (0, 1) of average water
supply from a completely unappropriated basin, and then the junior user appropriates some portion
of the remaining available water. The characterization again depends on the location of each user,
where w is the mean of W.

i. The upstream user is senior, the downstream user is junior, and the resulting water rights are:

(3.4)
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ii. The upstream user is junior, the downstream user is senior, and the resulting water rights are:

R = ajw
3.5)
) 1—of (
o I d
R, auw(1_6>.

Again consider the same basin layout as in the SP and PA examples, but water allocation is
now determined by PS. Assume this institution has replaced PA and the existing water users trade
in their water rights for a share

Rm

5 = ZZ—ZR%” e (0,1). (3.6)

A more realistic formulation of shares that is driven by seniority is introduced in the n-user frame-

work, however this simple version is sufficient for examining how allocations change under a
share-based mechanism. Under PS, if w is not sufficient to fulfill the sum of all previous water
rights, the shortage is distributed equally according to shares. Again, there are two cases depend-
ing on the location of the users.

i. The upstream user was senior, the downstream user was junior, and the resulting shares are:

55 _ Oé’i
‘o as+ gl — (1—0)as]
o)

as + afl[l — (1 —=0)az].

(3.7)

0 =

ii. The upstream user was junior, the downstream user was senior, and the resulting shares are:

52 - O'éd 11—«
ag+ad < 1 6d>
; (3.8)
5 = S

In each case, the junior user is now guaranteed a nonzero allocation of water in a given period.
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3.2.2 N Users

In this section I outline four institutional mechanisms for allocating water relative to the social
planner. The first is a strict doctrine of prior appropriation, where no water can be traded among
users. The second and third mechanism also do not have markets, and water is allocated equally
or proportionally according to shares. The final mechanism emulates a leasing market, in which

water allocations from any of the prior institutions can be traded.

Social Planner

The two-user case provides helpful intuition for how stream position and seniority can affect the
overall value of water within a basin. The SP problem can be easily extended to accommodate an n

number of users, where 7 indexes stream position from furthest upstream (1) to furthest downstream

(n):

(3.9)

s.t. Physical constraints.

wy, < — 30N - 0)w;
There are now n number of constraints, where each imposes the maximum amount of water that
can be physically delivered to the i*" user. Again, the SP problem conveys the upper bound on the
total value that can be generated from the available water in a given period. Figure 3.2 provides
a visual representation of the hypothetical river basin outlined in equation (9) with n = 3 users.

Notably, return flows generated from user 7 are available to all downstream users.?’

Z7All else equal, the Social Planner will always divert more water to upstream users, as demonstrated in the Supple-
mentary Analysis.
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Prior Appropriation

With n users, it is not feasible to discretely characterize every possible stream position and
priority hierarchy as in the two-user case. Instead, the institution of prior appropriation can be
emulated with a constrained linear programming problem. The following maximization problem

will hereinafter be referred to as the PA allocation function,

max E )
Wit w0 4

s.t. s Physical constraints (3.10)

S
3
IA

T e

w" < R™ Vie{l,...,n} }Institutional constraints

where m indexes priority from 1 to M with 1 being the highest priority user, and 3" and R]"
correspond to a priority coefficient and maximum allowable quantity for user ¢, respectively. For
the highest priority user, 3" must be sufficiently large enough such that the PA allocation function
always gives the next unit of water to the user with m = 1 until w;" = R!", and so on and so
forth down the priority ranking. The n institutional constraints are imposed to ensure no user is
allocated more than R and the physical constraints are identical to the SP problem, resulting in a
total of 2n constraints.

For the PA allocation function, ¢ still indexes stream position, but it does not reflect the hierar-
chy of priority. It is not necessarily the case that 5" corresponds to the highest or lowest priority
user. In the following water supply simulations section, both ¢ and m are randomly assigned to
each user to analyze how efficiency changes under different hierarchies and stream positions. The

solution to the PA allocation function yields a vector of water delivered to each user. Once the
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allocations are determined, they can be plugged into the function >, v;(w]") to determine the

total value generated under prior appropriation.

Proportional Sharing

Suppose users under a prior appropriation system elect to pool their risk and assign shares ac-
cording to priority levels. Under a proportional sharing (PS) system, water is allocated proportion-
ally according to each user’s number of shares until all endowments are satisfied in a descending
order from highest to lowest number of shares. This ensures non-zero allocations but still maintains

some manner of hierarchy. Let 7/ represent a user’s shares and ¢;" their proportional allocation:

1
W=> - (3.11)
—J
j=m
»ym
D me1 i

Different formulations of v/ can be used to tighten or loosen the level of hierarchy.?® Essentially,
all users are allocated water at a rate proportional to 9;".

The PS mechanism can be modeled with an iterative linear optimization approach. Again, let
R be the water right that determines the maximum amount of water allowable for user ¢ with
priority m. PS can be emulated as follows:

1. Calculate the minimum amount of water necessary, w, to satisfy the maximum allowable

quantity for the highest priority user (R}) while abiding by the physical and institutional

BForn = 4, 5} = 0.520833, 62 = 0.276833, 67 = 0.145833, and &} = 0.0625 using equation (12).
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constraints below.

s.t. Physical constraints
: (3.13)
N ~1
wy' < w— Z?—l (1 —0)w )
w} = R}
Institutional constraints
n
wi = 0" (X5 wj)
. If w < wy, use the following maximization problem to determine allocations.
n
max w"
Wi, W >0 Zl !

1=

)
w* <w
wi < — (1 — 6w

s.t. Physical constraints
Y (3.14)
~ ~1

wyt <@ =30 (1= 0w

Institutional constraints

If w > w;, store the allocations from the minimization problem in step 1 in vector w; =
(Wi, wh, ..., w") and proceed to step 3.

. Subtract w; from the vector of maximum allowable quantities R to get the remaining
amount of water each user requires to satisfy their water right, R, = (R — Wy, R} —
Wy, ..., R — ). Subtract w, from o to get the remaining amount of water in the stream,
w;. Set 6} = 0 since R} — @} = 0, and generate new shares and proportions using equa-

tion (14) for ¢ — 1 users. Calculate the minimum amount of water necessary, ws, to satisfy
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the maximum allowable quantity for the second highest priority user (R? — %?), who now
holds the largest share, using the same minimization problem from step 1 with the updated
parameters.
4. If w; < wy, use the maximization problem from step 2 with updated parameters to determine
second stage allocations and add them to w0, to get final allocations. If w; > w,, repeat step
3 with updated parameters.
5. Repeat the process until there is no water remaining or all water rights are satisfied.
The iterative approach to PS allocation provides the vector of water delivered to each user. This
vector is the sum of all water allocated through each iteration, culminating in the the maximization
problem in step 2 when there is not enough water left to satisfy the next highest priority user. In
essence, the PS allocation process always diverts the next available unit of water in proportion to

each user’s number of shares while abiding by the physical constraints of the basin.

Equal Sharing

A simple, and naive, share-based mechanism for water allocation is one where all users are
required to receive the same amount of water. An institution where water is equally shared (ES)
across all water users can also be imitated with a linear programming problem. The following is

the ES allocation function:

3

max v;(w;)
W1 yeeryWin, >0 -

s.t. . Physical constraints (3.15)

Institutional constraints
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where additional institutional constraints ensure all users receive the same amount of water.

Leasing Markets without Transaction Costs

The mechanisms above each allocate water according to a set of institutional constraints that
do not consider the value generated by individual users and therefore do not attempt to equate
marginal value across users. A leasing market can remedy this introduced inefficiency, which
allows the trading of water among users. Users with lower-valued uses can sell water to those
who can generate higher value from the water, leading a more efficient reallocation of resources.
The following model emulates a leasing market in which users are allowed to trade water after
allocations are determined from the PA, PS, or ES allocation function. Annual water supplies are
often estimated from the amount of winter snow pack, so the initial allocations can be interpreted
as expected allocations for the given period.

To proxy the outcome of a perfectly competitive market with no transaction costs, the model
is set up as a Social Planner’s problem with additional institutional constraints. For the leasing

market, let w; be the initial allocation for user ¢« who can choose to buy or sell an amount #;:

n

max Z v (W; + t;)

t1yeestn >0 P
W+t <
Wy +ty < W — (1 —6)(1 + 1)

s.t. > Physical constraints
: (3.16)

Wy +t, < W — Z?gll(l - 91)(”@1 + ti) )
w; +t; >0 Vie{l,...,n} } Non-negative allocations

Sor i ti=0 } Market clearing condition.

If t; > 0, user 7 can be considered a net buyer and if ¢; < 0, a net seller. The first set of constraints

ensure that user ¢ can only buy water up to an amount such that w; + ¢; is less than or equal to the
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total amount of water in the river at their point of diversion. The second set of constraints ensures
that no user can sell more water than they were initially allocated. The last constraint is a market
clearing condition that ensures that sum of all water bought is equal to the sum of all water sold.
The solution to the water market optimization problem, t, can then be added to the initial vector of

allocations w to get the final allocations.

3.3 Results

3.3.1 Water Supply Simulations

In this section I employ a Monte Carlo simulation to randomly generate water supply conditions
to compare allocation and value outcomes across the institutional mechanisms outlined above. For
the two-user case, I compare four simple basin compositions to highlight the sensitivity of prior
appropriation to the location of priority and value along a waterway. For the n-user case, basin
compositions are randomly generated. Users are randomly assigned a priority number, stream po-
sition, return flow parameter, and value function to assess how robust water allocation mechanisms

are to varying institutional and physical constraints.

Two Users

To compare the efficiency of each institution, I allow users to be heterogeneous in terms of
their value functions and use a Monte Carlo simulation to randomly sample 5,000 draws of w from
a log-normal distribution. Four cases are compared across the three institutions (SP, PA, PS): (i.)
the senior user is upstream and high value, (ii.) the senior user is downstream and high value, (iii.)
the senior user is upstream and low value, and (iv.) the senior user is downstream and low value.
In each scenario, the junior user assumes the opposite characteristics. The outcomes of PA and
PS would be identical when there is enough water to fulfill the endowments of both users, i.e.,

w > (1—0)R+ RY}', so the following results examine only the iterations where there was a water
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shortage. The models are parameterized such that: v, (w) = 20w?, Viow (W) = 10w, § = 0.25,
af = 0.6, o = 0.75, and @ = 500.

The results of the simulations are presented in Figure 3.2, which displays distributions of total
value generated for each institution across all random water supply draws. Distributions with
significant area on the right side of each panel indicate a larger proportion of simulations where
high value is generated. In each scenario, the SP’s distribution characterizes the upper bound on
efficiency. In the scenario where the senior user is upstream and high value, PA generates more
basin-wide value from water than PS on average, as evidenced by the higher peak on the right hand
side of the panel. Under PA, water is first allocated to the higher value user upstream, and return
flows are then available for the less valuable use downstream. Moving from PA to PS reallocates
some water away from a high value use. In the scenarios where the senior user is low value, PS
unambiguously generates more value than PA. When the senior user is downstream and low value
(bottom right panel), there is potential for PA to generate very little relative value during extreme
shortages, as shown in the peak in the left tail. An ambiguous finding results from when the senior
user is downstream and high value. For minor shortages, PA may be preferred to PS, but during
extreme shortages where the junior user receives no water, the senior uses all available water to a
point of low marginal benefit. In general, Figure 3.2 conveys how PA is more sensitive to basin
composition than PS in terms of risk. Moving from a desirable to less desirable composition causes

the distribution to flatten, increasing the risk of low-value outcomes in the left tail.

N Users

Similar to the two-user simulations, the allocative efficiency of the following mechanisms with
and without a subsequent leasing market are compared using a Monte Carlo simulation: 1. prior
appropriation (PA), 2. proportional sharing (PS), and 3. equal sharing (ES). For the leasing mar-
ket scenarios (PAM, PSM, ESM), transaction costs are set to zero to capture a perfectly efficient
market. Water supplies are randomly sampled from a log-normal distribution and the maximum

amount any user can divert is 500 units of water. For each water supply draw, users along the
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stream are randomly assigned a stream position, a priority (and a subsequent number of shares), a
value function, and a return flow parameter. The value functions are all non-negative, monotoni-
cally increasing, and display diminishing marginal returns. Detailed information on all parameters
of the hypothetical river basin are outlined in Table 3.2. The optimization problems for each of
the mechanisms are then solved for that particular composition of users. This process is repeated
for a system with three to 36 users, with 15,000 water supply draws for each case.? Table 3.3
displays an example of a simulation with n = 10 users and a randomly sampled water supply. In
this example, the optimization models are each parameterized according to their relevant values in
this table, and the outcomes are compared for w = 2, 252.

For each institution and simulation, I also compute the absolute difference between the water
allocations without the market (PA, PS, ES) and with the market (PAM, PSM, ESM), to generate
a percentage that provides a total measure of how much water had to be shifted under each mech-
anism to reach the efficient (market) outcome. A higher percentage indicates a greater shift in
allocations due to the introduction of the market, and, all else equal, plausibly higher participation

and transaction costs required to reach that optimal outcome. The calculation for PA would be:

n PA PAM
> i ‘wi — W

% Reallocationpy, =
’ " 2x 3wt

x 100 (3.17)

PAM

where wf* and wPM are the water allocations to the i*" user under PA without and with the per-
fectly competitive leasing market, respectively. The division by 2 is included to account for the
fact that reallocating water from one user to another is counted in both the reduction for one and
the increase for the other, thus doubling the total apparent reallocation when summed absolutely.
Figure 3.4 displays the average value generated (left panel) and average water reallocated (right
panel) across all simulations by institution and number of users. The left panel of the figure

presents a clear trend: in the absence of a leasing market, share-based mechanisms outperform

PA in terms of average total value created, with the disparity widening as the user base expands.

2Due to the complex and nonlinear optimization problems, the solver fails to find a solution for at least one institution
in roughly 9.1% of the draws. When a solution cannot be found, that draw is omitted.
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This suggests that share-based mechanisms have the capacity to allocate water more efficiently in
the absence of an active market. With a leasing market in place, as indicated by the overlapping
red, yellow, and orange curves, total average value is effectively equivalent across institutions,
which aligns with the principle that the efficiency of resource allocation should not depend on
the initial allocation of resources. Nonetheless, the right panel provides a nuanced perspective
on this narrative. Despite achieving similar levels of value creation, the proportion of water that
necessitates reallocation under the PA market (PAM) system is substantially higher—almost dou-
ble—compared to the equal sharing market (ESM) system. The need for significant reallocation
in the PAM system to attain efficiency relative to the ESM system highlights an often-overlooked
dimension of Coasean bargaining: the initial distribution of rights has substantial implications for
the volume of resources that must be reallocated to achieve efficiency. This suggests that more effi-
cient initial allocations, as evidenced in the share-based systems, could reduce the need for market
reallocations, thereby minimizing transaction costs and potential barriers to achieving an optimal
distribution of resources.

Due to return flows, as demonstrated in the Supplementary Analysis, the Social Planner allo-
cates more water upstream to balance the marginal benefits of the last units of water diverted to
each user. However, as shown in Section 2.1.2 and Table 3.1, a senior user downstream of a junior
user can result in less overall diversions. So, for each randomly generated basin composition, I cal-
culate a Pearson correlation coefficient p to examine the strength and direction of the relationship
between stream position and user priority under PA. For example, consider a case with n = 3 users
where the priorities assigned (in order of stream position) are 1,2, 3. Here, the stream position
correlates perfectly with the user priorities, yielding a correlation coefficient of p = 1. In contrast,
if the user priorities are assigned as 3, 2, 1, the stream position correlates perfectly negatively with
the user priorities, resulting in a correlation coefficient of p = —1. In essence, a positive correlation
would suggest that users’ priorities are aligned with the natural flow of the stream, i.e., upstream
users have higher priority. Conversely, a negative correlation implies that high-priority rights are

downstream.
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Figure 3.5 displays the relationship between stream-priority location and the total amount of
water diverted to all users. This relationship is calculated simply by regressing p on the percentage
of total water that is diverted in excess of the natural inflow w across all simulations. For the ES
mechanism, stream-priority location has no impact on the amount of water diverted, because the
institutional constraint in equation (15) simply forces everyone to diverted the same amount of
water. The PA mechanism displays the steepest slope, indicating that when downstream users have
senior rights, there is a constraint on the ability of upstream users to divert water, which could lead
to decreased overall utilization of the resource. However, a higher correlation mimics the strategy
of the Social Planner to divert more water upstream, so there are then some instances when PA
with an active market is the most efficient mechanism. The magnitude of the slope is reduced for
the PS mechanism, as it can be interpreted as a middle ground institution between ES and PA. In
summary, the findings presented in Figure 3.4 and Figure 3.5 convey that the distribution of user
priorities across the stream not only determines the level of market transactions required to achieve
social optimality, but it also has a direct impact on the total volume of water that can be harnessed
by the system.

Figure 3.4 demonstrates that each of the market mechanisms generates the same amount of
total value on average, but this is not the case for all stream compositions. As shown in Figure 3.5,
the total amount of water diverted is impacted by the location of users. As such, Figure 3.6 shows
the distribution of total value generated (relative to the Social Planner) across all simulations that
fall into four categories: the combinations of high priority downstream (p < —0.5) and high
priority upstream (p > 0.5), and high and low shortage. The high and low shortage scenarios
are defined as the top and bottom 25" percentile of shortage per user, which is calculated as the
minimum amount of water required to satisfy all user endowments minus the natural inflow w and
divided by the number of users. In Figure 3.6, the top four panels correspond to the mechanisms
without a market, and it is evident that PA is particularly sensitive to both the location of users
and the level of shortage. The peaks of each distribution move the left as high priority users move

downstream, indicating greater efficiency losses, and the distributions flatten as the magnitude of
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shortage increases. The share-based mechanisms display less sensitivity in these dimensions. The
bottom four panels of Figure 3.6 correspond to the mechanisms with a market, and unsurprisingly
all distributions display a rightward shift relative to no market. However, PAM still displays a
sensitivity to the four scenarios. Given that these markets have zero transaction costs and the same
value functions across users, the only explanation for differences in efficiency is that different
amounts of water are being traded (despite the same natural inflow). This further demonstrates
that the total volume of water harnessed by the system can be impacted by the location of priority
along the stream and potentially further exacerbated during times of extreme shortage. In fact, ES
without a water market still generates more value than PAM in 17.5% of simulations. Of these
simulations, the average stream position-priority correlation coefficient is -0.2 and the average

shortage per user is 180 units, which corresponds to the 27" percentile across all simulations.

3.4 Conclusion and Policy Discussion

This research examines the impact of water allocation institutions on economic efficiency by
comparing prior appropriation and alternative, share-based mechanisms. As water scarcity inten-
sifies due to climate change, this study underscores the need for adaptive institutional changes
beyond technological improvements. I demonstrate how the initial allocations of water rights,
influenced by return flows and the location of users, affect both market efficiency and the to-
tal availability of water. Prior appropriation, the predominant water allocation mechanism in the
western US, is particularly sensitive to basin composition. Additionally, share-based water allo-
cation mechanisms can provide more equitable risk distribution and efficiency compared to prior
appropriation in many instances, even in the absence of a water market. The findings also suggest
that market mechanisms, while important, are not a panacea; institutional configurations must be
tailored to basin-specific characteristics and the physical realities of water resources.

This analysis shortcomings that must best addressed. First, the parameterization of the the-

oretical models in this analysis is somewhat arbitrary. The purpose of these models is solely to
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highlight the costs and benefits of different institutional constraints, not to adequately mimic real-
ity. To apply the findings of this article to an existing river basin, it would be necessary to generate
realistic value functions and return flow dynamics, which can be challenging. Secondly, the mod-
els presented in this research do not account for decreases in water guality. 1 claim that, in some
instances, water sharing mechanisms generate more value due to a higher capacity to capitalize on
return flows. However, return flows tend to be associated with decreases in water quality, which can
impact downstream value generation. Lastly, to consider the feasibility of policy action, moving
away from a property rights system like PA can be exceptionally difficult.

Despite some limitations, the results from this paper have important policy implications. First,
it is a poignant reminder for policymakers that the design of water allocation systems must account
for the geophysical context to ensure both the efficient allocation and the maximal utilization of
water resources. The composition of a river basin and the initial allocation of property rights have
implications for both the efficiency of markets and the total volume of water that can be used. The
presence of return flows and the location of users need to be considered when designing rules for
governance.

For future work, the modeling framework presented in this study could be modified to further
investigate the availability and timing of return flows, which could also impact institutional effi-
ciency. In reality, the return flows from one user may not be available for all downstream users.
There may also be uncertainty about when that water reenters the system. Additional constraints
could also be included to emulate instream flow water rights. States such Arizona and Colorado
have incorporated the use of water rights to ensure certain sections of rivers maintain a minimum
flow for ecological purposes. These minimum flow requirements would generate ecological bene-

fits, though there may be trade offs for the location and seniority of instream flow water rights.

3.4.1 The Colorado River

The findings presented in this paper hold significant importance in the context of ongoing

negotiations among Western states for reducing withdrawals of Colorado River water. The US
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Bureau of Reclamation has issued warnings of imposing more stringent regulations on water re-
lease from reservoirs if a total demand reduction of 4 million acre-feet is not achieved (Flavelle
2023a). California, Arizona and Nevada came to a temporary agreement to reduce water use, how-
ever the federal government will pay $1.2 billion to various stakeholders to achieve that reduction
(Flavelle 2023b). As climate change exacerbates water scarcity in the western United States, there
is an urgent need to develop and implement efficient water allocation institutions that can adapt to
evolving environmental and socioeconomic conditions.

The Colorado River is a crucial water source for seven states in the US and two states in Mexico,
supporting over 40 million people and extensive agricultural activities. Given the river’s impor-
tance, the ongoing negotiations between states aim to address the increasing demand for its water
resources and balance the competing interests of various stakeholders. This research can inform
these negotiations by providing insights into the relative efficiency of different water allocation
mechanisms under different basin compositions and water supply conditions. Understanding the
strengths and weaknesses of existing mechanisms, such as prior appropriation and share-based
systems, can help policymakers identify potential improvements in water governance that foster
more equitable and sustainable water use.

Moreover, the US Bureau of Reclamation’s warning highlights the need for effective demand
management strategies to avoid severe restrictions on water releases from reservoirs, which could
have significant consequences for water-dependent communities and ecosystems. The results from
this analysis can guide decision-makers in identifying water allocation mechanisms that promote
more efficient water use. By examining the impacts of heterogeneity in value generation and user
location on allocative efficiency, this study can also inform targeted policy interventions that ad-
dress the specific needs and constraints of different user groups within a river basin. If water
markets are the preferred intervention, this article provides insights into how much participation
is necessary to outperform other mechanisms. Ultimately, this research has the potential to con-
tribute to more sustainable water management practices in the western United States and other

arid climates. By identifying the most efficient water allocation mechanisms under various basin
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compositions, it can support the development of policies that promote more equitable and efficient

water use in the face of growing demands and climate change-induced water scarcity.

3.5 Tables

Table 3.1: Water allocation outcomes under different water supply scenarios; Rj = 250, Rz = 200,
0 =0.25

@i.) (ii.)

w’  Total w  w!  Total

100 100 25 125 100 O 100
300 250 1125 3625 250 66.7 316.7
500 250 200 450 250 200 450

Table 3.2: Detailed parameters for water supply simulations

Parameter Sample Set Replacement
Water Supply (w) Log-normal distribution With
User Endowments (R) 500 N/A
Number of Users (n) 3 to 36 in increments of 1 N/A
Stream Position (7) lton Without
Priority Number (m) lton Without
Priority Coefficient (3) 20—™ N/A
Return Flow Coefficient (0) 0.1,0.2,0.3, ..., 0.9 With
Value Coefficient (v) Normal distribution With
Value Function v-w? N/A
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Parameter User1 User2 User3 User4 UserS User6 User7 User8 User9 User10
Stream position (z) 1 2 3 4 5 6 7 8 9 10
Priority no. (m) 5 6 4 10 7 8 2 1 3 9
Share coef. (9) 0.085 0.065 0.11 0.01 0.048 0.034 0.193 0293 0.143 0.021
Value coef. (v) 68 738 435 225 950 454 121 592 321 534
Return flow coef. (0) 04 0.1 0.8 0.6 0.7 0.8 0.8 0.3 0.7 0.3
Endowment (R) 500 500 500 500 500 500 500 500 500 500
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