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ABSTRACT
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of water supply forecasts. We investigate the value of water markets in reducing economic damages from
supply uncertainty. We produce hydrologic supply forecasts from data across 889 SNOTEL stations and
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into a water-trade model and find that when some production decisions are irreversible (e.g., planting in
agriculture), and made before water availability is realized, trade helps offset losses from sub-optimal invest-
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both forecast bias and variance. As rising temperatures are expected to reduce the fraction of precipitation
falling as snow, we project that water trade will become a more valuable mechanism for rationing water.
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1. Introduction 
In much of the western United States, recurring drought and rising variability in water supplies 
have intensified interest in policies that can reallocate scarce water toward higher value uses. 
Water markets are often proposed as a key adaptation tool because they can, in principle, move 
water to producers with the highest willingness to pay during shortages. Yet in many basins, 
allocation remains largely determined by rights seniority rather than value, so water can remain 
tied to relatively low value agricultural uses even when scarcity is severe (MacDonnell 2014; 
Zellmer and Amos 2021). This institutional setting is shaped by the prior appropriation doctrine, 
which assigns rights based on beneficial use and developed in contrast to riparian doctrines more 
common in the eastern United States (Burness and Quirk 1979). Prior appropriation also 
provides the governance foundation that makes water transfers contractible by establishing and 
enforcing property rights, without which there is little incentive to enter water rights contracts 
(Greif et al. 1994; Dixit 2009; Leonard and Libecap 2015). At the same time, because western 
rights were historically allocated to agriculture and remain concentrated in relatively low value 
crops, prior appropriation alone does not ensure allocation to the highest value use (Brewer et al. 
2008). A large literature therefore studies water markets as a mechanism to reduce economic 
losses from drought (Vaux and Howitt 1984; Grafton et al. 2011; Goemans and Pritchett 2014; 
Rafey 2023) and under climate change (Gohar and Ward 2010; Hagerty 2019; Arellano 
Gonzalez et al. 2021). However, much less is known about how producers respond when water 
supplies are uncertain (Marques et al. 2005; Calatrava and Garrido 2005; Rigby et al. 2010; Zuo 
et al. 2014), and more specifically how the economic value of water markets depends on the 
degree and structure of that uncertainty. 

This paper brings the research question to the foreground: how do gains from allowing water 
trade change as seasonal water supply forecasts become more or less accurate, and which 
features of forecast performance matter most for market value? Related work that explicitly links 
uncertainty to the value of trade is limited. Calatrava and Garrido (2005), for example, show in a 
simulation of an agricultural economy in a Spanish river basin that water trading can offset 
economic losses associated with uncertain supplies. What remains unresolved is how the value of 
water markets varies with the specific parameters that determine hydrologic forecast accuracy, 
and therefore how the gains from implementing or improving markets change when forecast 
conditions shift. This question is increasingly relevant given hydrologic evidence that climate 
change is degrading seasonal water supply forecasts in historically snow fed basins by shifting 
key forecast drivers, increasing the risk of larger and more frequent forecast errors (Livneh and 
Badger 2020; Modi et al. 2022). In the Western United States, our setting, this matters both 
because many basins remain snow fed and because allocation under prior appropriation has 
historically been relatively inflexible. Together, these features make it critical to understand how 
the benefits of water markets depend on water supply uncertainty, and how those benefits evolve 
as forecast accuracy changes. 

The concern that water supply forecast accuracy will degrade in historically drought prone 
regions such as the Western US is well supported in the hydrological literature. Here we define 
“water supply forecasts” broadly as season-ahead predictions of total water supply volume 
available for use in agricultural production. Over half of annual runoff across the Western US 
historically originates as snowmelt (Li and Zhang., 2017), making knowledge of snowpack 
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crucial to the predictability of seasonal water supply forecasts (Page and Dilling, 2019). 
However, ongoing and projected climate warming is expected to reduce spring snow water 
equivalent (SWE) across many parts of the Western United States (e.g., Li and Zhang., 2017; 
Siirila-Woodburn et al., 2021) and alter snowmelt timing (Dettinger and Cayan ,1995; Stewart et 
al., 2004). As a result, the reliability and performance of these forecasts in snow-dominated 
systems will be compromised (e.g., Livneh and Badger, 2020; Modi et al., 2022), and total water 
availability diminished (Berghuijs et al. 2014, Xiao et al., 2019, Williams et al., 2020). These 
changes, attributable to changes in global atmospheric and oceanic temperature and circulations 
result in regional changes in precipitation and temperature (Zhang et al., 2021). It is expected 
that such changes will impact seasonal forecasting systems, especially in rain-dominated 
systems, which have been shown to be less skillful than in snow-dominated systems (Pagano et 
al., 2004). Rising temperatures may reduce the fraction of precipitation falling as snow by up to 
30% (Figure 6) in intermountain and continental regions of the Rockies in the future, 
fundamentally altering the regional water cycle. 

These factors combine to exacerbate the financial risk faced by producers insofar as they must 
use increasingly uncertain forecasting information to make season-ahead investment decisions. 
In the agricultural context that we reference in our model, season-ahead investment decisions are 
highly applicable; for example, farmers typically hire farm-hands or purchase harvest materials 
prior to the growing season (Calatrava and Garrido 2005) or make decisions regarding irrigation 
acreage (Li et al. 2017) or cropping patterns (Marques 2005), though applicability is certainly not 
limited to this sector. Given the importance of season-ahead investments in water intensive 
sectors, understanding the role of water trade in ameliorating losses from supply uncertainty is 
critical due to the likelihood that climate change will increase forecast uncertainty. 

Our contribution is two-fold. First, we develop a theoretical foundation that demonstrates how 
water supply forecast accuracy interacts with the value of water markets. Our theoretical findings 
demonstrate that trade increases the degree to which producers can offset losses from water 
supply uncertainty relative to a water allocation based on relative seniority of water rights (e.g., 
prior appropriation). Second, we examine the relationship between basin precipitation from 
snowpack (versus rainfall), forecast accuracy, and the value of water markets using a water 
forecast dataset comprised of snow-observing basins located in states within the US Census-
defined Pacific and Mountain divisions of the United States, referred to in the remainder of this 
paper as the Western US (Census Bureau 2024). We find that forecast uncertainty is substantially 
higher in rain‑fed basins: median normalized forecast standard deviation rises from 2% in 
predominantly snow‑fed basins to 6.8% in rain‑fed basins, and median absolute forecast bias 
ranges from 3% to 15% across these categories. We then embed these empirical uncertainty 
measures into a two‑period water‑trade model and find that profit gains from trade are on 
average 7% larger in predominantly rain‑fed basins. Unlike much of the existing water market 
literature, we show that the gains from trade depend on drought severity as well as uncertainty in 
season ahead water forecasts. When producers make irreversible investments before water 
supplies are realized, trade can partially undo the efficiency losses from these ex ante, and often 
suboptimal, investment choices. We show that as forecast bias and variance increase, so does the 
value of allowing trade relative to rigid allocation. 

Our work suggests that water markets serve as a substitute for forecast accuracy. This is 
particularly important due to the likelihood that forecast accuracy will decrease as climate 
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change results in a lower proportion of precipitation from snowfall (Li et al., 2017; Siirila-
Woodburn et al., 2021). Taken together, these findings suggest that water markets may become a 
more valuable policy tool not only due to increased water scarcity, but also due to increased 
water supply uncertainty. We proceed in the following manner. Section 2 describes a simple 
model of water trade and discusses its theoretical implications. Section 3 describes the process 
by which we link our economic model to our forecasting dataset to generate estimates of returns 
to trade across forecasts with varying levels of uncertainty. Section 4 discusses our results, and 
Section 5 concludes. 

2. Water Trade under Uncertainty 
In this section, we define key forecast parameters and describe a simple model of water trade 
between agricultural producers in a prior appropriation rights system when future water supply is 
uncertain. This framework helps us establish an intuition for understanding the role of 
uncertainty in determining water market value, which we use to inform our quantitative results in 
section 4. For tractability, we abstract from details often incorporated into water rights contracts 
in our model, including transaction costs, timing of use, and return flow externalities (Womble 
and Hanneman 2020a). 

 In our analysis, we define season-ahead water supply forecasts as information received by 
agricultural producers pertaining to expected water supply volume during the growing season 
that same year, prior to the growing season and coincident with the point in time at which pre-
season investment decisions must be made by the producer. While our methodology for 
generating hydrological forecasts implies a zero-lead time, which means producers would have 
access to such information on April 1st of the year they intend to plant, we abstract from 
examining how the date of forecast dispersal relative to the growing season may implicate water 
market value, however this would be an interesting topic for future research. 

Our forecast parameters of interest are bias and variance. Forecast bias is defined as the sign and 
magnitude of the percent difference between the mean of the true water supply distribution and 
the forecast supply distribution. Forecast variance represents the variance of the distribution of 
expected water supply outcomes.  Table 1 defines the key terms and parameters related to these 
concepts that we use throughout the paper. 

Table 1. Important terms and parameters 

Term (parameter) Definition 

𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡	𝑚𝑒𝑎𝑛	(𝜇!) Mean forecasted water supply 

𝑅𝑒𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛	𝑚𝑒𝑎𝑛	(𝜇") Mean observed water supply 
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Forecast variance (𝜎!#) Variance of water forecast distribution 
(equivalent to distribution of observed outcomes).  

Forecast bias [(𝜇! − 𝜇")/	𝜇"]×100 Percent difference between realization mean and 
forecast mean 

2.1 Water Trade Model Overview 

In this section we discuss a general overview of the water trade model we use to represent water 
allocation under prior appropriation law. Sections 2.2 and 2.3 discuss the specific functional forms 
driving producer decision-making, and how the value of trade is determined in our model. In this 
context, we interpret a prior appropriation system as a rule for water allocation in which a senior 
producer receives water in priority to junior producers in the event of drought, capturing the 
fundamental allocation feature of prior appropriation law (Johnson et al. 1981). Consider two 
agricultural producers with identical production technologies. The senior producer, denoted s, 
receives water with higher priority than the junior producer, denoted j, such that in the event of a 
drought the senior producer receives the total volume of its water right, 𝑤:$, and the junior producer 
receives the remainder, up until the total volume delineated by its water right, 𝑤:%. We assume that 
the senior and junior producer’s maximum allocations are identical i.e. 𝑤:$= 𝑤:% .	In the event of total 
water supply realization W, water allocations to the senior and junior producers 
(𝑤$<<<	and	𝑤&,<<<<	respectively), take the form of equation (1). For simplicity, we assume 𝑊 >	𝑤:$ 
always holds, such that the senior producer never receives less water than the total volume 
delineated by its water right, so that 𝑤:$ =	𝑤$<<< in all cases. 

 

																D
𝑤$<<< 	= 	𝑤:$	, 𝑤&<<< 	= 	𝑤:% 		𝑖𝑓		𝑊 ≥ 	𝑤:$ +	𝑤:%

𝑤$<<< = 	𝑤:$	, 𝑤&<<< = 	𝑊 −	𝑤:$		𝑖𝑓		𝑊 < 	𝑤:$ +	𝑤:% 	𝑎𝑛𝑑	𝑊 > 	𝑤:$
	                                           (1) 

 

We model producer decision making over two time periods and two policy scenarios. In the first 
period, referred to hereafter as the “forecast period”, each uses a season-ahead water forecast to 
make a labor investment decision that is irreversible in the second period.1 For example, 
agricultural producers typically must make farm-hand labor and harvesting material purchases 
prior to the growing season (Calatrava and Garrido 2005). In the second period, referred to 
hereafter as the “realization period”, the water supply is realized and production occurs. We 
model the realization period over two policy scenarios. In our benchmark “rigid” scenario, 
producers cannot transfer water and water allocations to each of the producers remain at the 
endowment level defined in equation (1). In our counterfactual “trade” scenario producers trade 
water in the event of a shortage, i.e. when the inequalities in the second line of equation (1) hold. 

 
1 We use labor as an example. Generically, these inputs can be thought of a composite of all 
variable inputs other than water. 
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In trade scenarios, trade occurs in the realization period prior to production. This sequential 
process is outlined in Figure 1. 

 

 

Figure 1. Summary of rigid and trade scenarios the in two- period model 

 

2.2 Producer Behavior 

In this section we discuss producer decision-making in the forecast and realization periods of our 
model. Central to our model is the assumption that producers seek to maximize profits in each 
period, in accordance with standard micro-economic theory (Weston and Fred 1950). We 
proceed by first describing the profit maximization problem faced by producers in the forecast 
and realization periods, for both the benchmark rigid and counterfactual trade scenarios. We then 
discuss how forecast bias and variance impact gains from trade when water is realized in the 
realization period. This logic helps motivate our results discussion in section 3. 

In the forecast period, each producer 𝑖	observes a probabilistic forecast for total basin water 
supply, 𝑊, which is distributed normally with mean 𝜇!and variance 𝜎!#. Producers take the 
forecast as the relevant information set when making an irreversible labor choice,	𝐿'∗. In the 
realization period, total water supply 𝑊	is realized and each producer receives a realized 
endowment 𝑤̄'(𝑊)implied by the prior appropriation allocation rule in equation (1). In the rigid 
scenario, producers cannot trade and therefore use their endowment, 𝑤' = 𝑤̄'(𝑊). In the trade 
scenario, producers can buy and sell water in a spot market at an endogenously determined price 
𝑝)(𝑊), choosing water use 𝑤' 	subject to market clearing. In both scenarios, producers’ labor 
inputs in the realization period are constrained to their forecast-period choice, 𝐿'∗. 
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In both periods each producer’s output, 𝑌', is represented using a constant elasticity of 
substitution (CES) production function, which defines the relationship between producers’ water 
and labor inputs and the quantity of output produced. The CES representation of production is 
widely used across the economics literature due to both its empirical reproducibility and 
convenient form (Miller, 2008). Producers take the output price and wage as exogenous, 𝑝*	and 
𝑝ℓ, respectively. Realized output is given by: 

𝑌' = N𝜃)𝑤'
, + (1 − 𝜃))𝐿'

,P-/,. (2)	
 

Here 𝜃) 	represents producers’ identical benchmark expenditure share of water, and 𝜌	is related 
to the elasticity of substitution between water and labor, 𝜎, through 𝜌 ≡ /0-

/
	(equivalently, 𝜎 =

1/(1 − 𝜌)). We set 𝜌 = −1(so 𝜎 = 0.5) based on the 0.05–0.9 range of substitution elasticities 
between water and other inputs for agricultural producers reviewed in Graveline (2016). For 
tractability, we assume 𝜎, and therefore 𝜌, are identical between producers. 

2.2.1 Forecast-period problem (labor choice).  

In the forecast period, each producer chooses labor to maximize expected profits, taking as given 
(i) the distribution of realized basin water 𝑊, and (ii) the subsequent realization-period allocation 
rule and (potential) trade described above. Let 𝑤'1(𝑊; 𝐿)	denote producer 𝑖’s realization-period 
water use as a function of realized 𝑊and the vector of labor choices 𝐿, under scenario 𝑘 ∈
{𝑅, 𝑇}, where 𝑅	denotes the rigid scenario and 𝑇denotes the trade scenario. Under rigidity, 
𝑤'2(𝑊; 𝐿) = 𝑤̄'(𝑊). Under trade, 𝑤'3(𝑊; 𝐿)	is determined in equilibrium by the spot market 
described below in section 2.2.2. Producer 𝑖’s forecast-period problem under scenario 𝑘is: 

max	
4!56

  𝔼!  ^𝑝*  𝑌'  N𝐿' ,  𝑤'1(𝑊; 𝐿)P−𝑝ℓ𝐿'_, (3)	
 

where 𝔼![⋅]denotes expectations taken with respect to the forecast distribution of 𝑊. The first 
order condition characterizing optimal labor demand is: 

𝑝ℓ = 𝑝*  𝔼!  ^MPL'  N𝐿' ,  𝑤'1(𝑊; 𝐿)P_, (4)	
 

where MPL'is the marginal product of labor in the realization-period production function. 
Differentiating (2) yields closed-form expressions for marginal products: 

MPL' ≡
∂𝑌'
∂𝐿'

= (1 − 𝜃))𝐿'
,0-𝑌'

 -0,, (5)	

MPW' ≡
∂𝑌'
∂𝑤'

= 𝜃)𝑤'
,0-𝑌'

 -0,. (6)	
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Equation (4) states that each producer chooses 𝐿'∗	such that the wage is equal to the expected 
marginal value of labor under the forecast distribution. Purchasing any more or less labor than 
implied by (4) would imply that the expected marginal value of labor is either smaller or larger 
than its price, respectively, and therefore that expected profits are not maximized. 

Equation (4) also provides intuition for how forecast variance and forecast mean affect labor 
choices. Under CES production with 𝜌 < 1, output is concave in inputs and marginal products 
exhibit diminishing returns. As a result, the expected marginal value of labor can be sensitive to 
forecast variance through Jensen-type effects. Intuitively, when water realizations are uncertain, 
low realizations of 𝑊	relative to expectation generate larger reductions in realized labor 
productivity than gains from relatively high realizations. Producers therefore hedge in response 
to greater forecast uncertainty by choosing a smaller labor investment, holding the forecast mean 
𝜇!	constant (Just, 1975). Figure 2a illustrates this logic: because expected labor productivity is 
concave in realized water availability over the relevant range, increases in 𝜎!#increase downside 
risk in realized productivity and reduce the optimal labor choice 𝐿'∗. 

Another implication of (4) is that producers hire less labor in response to a lower forecast mean 
𝜇!. Figure 2b illustrates producers’ expected labor productivity based on two forecasts in which 
the expected value differs but the variance is constant. In the case of the relatively “low mean” 
forecast (red), producers invest less relative to the “high mean” forecast (blue) due to the lower 
expected water availability implied by 𝜇!. Thus, holding the realization mean 𝜇"	constant, 
producers facing a negatively biased forecast (i.e., 𝜇! < 𝜇") will hire less labor than when the 
forecast mean is positively biased. This effect is reinforced as 𝜇!	becomes lower due to the 
curvature of the expected marginal product of labor with respect to expected water quantity 
(Figure 2b). 

2.2.2 Realization-period problem (water use and trade) 

In the realization period, basin water supply 𝑊is realized and each producer receives a realized 
endowment 𝑤̄'(𝑊)	(equation (1)). In the rigid scenario, producers make no decision in the 
realization period and simply use their endowment: 𝑤' = 𝑤̄'(𝑊). In the trade scenario, 
producers can buy and sell water in a spot market at price 𝑝)(𝑊), choosing 𝑤'	to maximize 
realized profits subject to the labor constraint 𝐿' = 𝐿'∗: 

max	
)!56

  𝑝*𝑌' − 𝑝)(𝑊)(𝑤' − 𝑤̄'(𝑊)) − 𝑝ℓ𝐿'∗, (7)	
 

subject to 𝐿' = 𝐿'∗	and the market clearing condition ∑ 𝑤'' = ∑ 𝑤̄'' (𝑊). The first order condition 
for an interior optimum is: 

𝑝)(𝑊) = 𝑝*  MPW' . (8)	
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Equation (8) states that in the trade scenario, each producer buys or sells water until the spot 
price equals the marginal value product of water in production. In drought realizations for which 
the junior producer is shorted under the allocation rule (i.e., realizations in which 𝑤̄%(𝑊)is low 
relative to desired use), the junior producer’s marginal product of water is high. Because 
MPW' 	is increasing in the degree of shortage and increasing in 𝐿%∗	through complementarity 
between inputs (for 𝜌 < 1), water transferred to the junior producer becomes especially valuable 
in severe drought states. Taken together with the effects of 𝜇!	and 𝜎!#on the labor choice 𝐿'∗, this 
mechanism forms the basis of our discussion in the next section regarding how forecast bias and 
variance shape ex post gains from trade. 

 

 

 

 

 

 

2.3 Value of Trade 

In this section we define how we calculate the value of trade in our model and explore how we 
can expect the value of trade to behave across the parameter space, given our discussion of 
producer behavior in the previous section. We define the value of trade as the difference between 
total realized profits across producers in the trade scenario and total realized profits in the rigid 
scenario, for a given realized basin water supply 𝑊: 

ΔΠ(𝑊) ≡f𝜋'3
'

(𝑊) −f𝜋'2
'

(𝑊). (11)	

      

Here 𝑇and 𝑅denote the trade and rigid scenarios, respectively. Realized profits in each scenario 
are: 

𝜋'3(𝑊) = 𝑝*  𝑌'   h𝐿'3∗, 𝑤'3∗(𝑊)i − 𝑝)(𝑊) h𝑤'3∗(𝑊) − 𝑤̄'(𝑊)i − 𝑝ℓ𝐿'3∗										(12)									

Figure 2a. Expected marginal product of labor 
faced by farmers when season-ahead forecast is 
relatively “low variance” (blue) and “high 
variance” (red) 

Figure 2b. Expected marginal product of labor faced 
by farmers when season-ahead forecast is relatively 
“low mean” (red) and “high mean” (blue) 
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𝜋'2(𝑊) = 𝑝*  𝑌'   h𝐿'2∗, 𝑤̄'(𝑊)i − 𝑝ℓ𝐿'2∗,												(13)	
 

where 𝐿'1∗is the forecast-period labor choice under scenario 𝑘 ∈ {𝑇, 𝑅}, 𝑤̄'(𝑊)is the realized 
endowment implied by the allocation rule in equation (1), and 𝑤'3∗(𝑊)is the realization-period 
water use chosen in the spot market under trade. 

A key implication of this definition is that water payments are transfers between producers and 
therefore do not affect aggregate profits. In particular, the trade scenario satisfies market 
clearing, l 𝑤'3∗' (𝑊) = ∑ 𝑤̄'' (𝑊), implying: 

f𝑝)
'

(𝑊) h𝑤'3∗(𝑊) − 𝑤̄'(𝑊)i = 𝑝)(𝑊)mf𝑤'3∗

'

(𝑊) −f𝑤̄'
'

(𝑊)n = 0												(14)	

 

Substituting (12) , (13) and (14)  into (11) yields this expression for the value of trade: 

ΔΠ(𝑊) = 𝑝*[∑ 𝑌''  (𝐿'3∗, 𝑤'3∗(𝑊))−∑ 𝑌''  (𝐿'2∗, 𝑤̄'(𝑊))] − 𝑝ℓ^l 𝐿'3∗' −l 𝐿'2∗' _. (15)	
 

Thus, the value of trade is driven by two forces: (i) how much additional output is generated 
when water can be reallocated across producers in the realization period (holding labor fixed 
within each scenario), and (ii) how the anticipation of trade changes labor investment in the 
forecast period (i.e., differences between 𝐿'3∗and 𝐿'2∗). 

Because producers choose labor in the forecast period under uncertainty and cannot adjust labor 
once 𝑊is realized, the value of trade in this context rests in how much producers can use traded 
water to offset the sub-optimality of their labor decision ex post. When realized water is lower 
than expected, producers’ labor decisions tend to be “too high” relative to realized water 
availability, implying a high marginal product of water, especially for the junior producer when 
they are shorted under the allocation rule. Trade increases total profits by transferring water 
toward the producer with the highest marginal value product of water, until marginal values are 
equalized across producers, equation (8). When realized water is higher than expected, 
producers’ labor decisions tend to be “too low” relative to realized water availability; trade then 
reallocates water to reduce the opportunity cost that arises from being unable to expand labor in 
the realization period, again by moving water toward its highest marginal value in production. 

This logic suggests that gains from trade increase in the degree to which realized water differs 
from what producers planned for when choosing labor. In other words, ΔΠ(𝑊)	will tend to be 
larger when deviations between realized and expected water volumes generate a larger mismatch 
between realized and expected input proportions. Moreover, the model predicts that the value of 
trade is higher for water realizations below expectation than for realizations above expectation. 
The reason is that when water becomes scarce, the junior producer’s marginal product of water 
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rises sharply (due to diminishing returns and complementarity between inputs for 𝜌 < 1), and the 
prior appropriation allocation rule can create large wedges in marginal products across 
producers, relative to periods of water abundance.  In drought states, trade therefore produces 
relatively large efficiency gains by resolving a larger wedge in the marginal product of water 
between producers. 

Forecast bias and forecast variance affect ΔΠ(𝑊)	through their impacts on the forecast-period 
labor choices 𝐿'3∗and 𝐿'2∗(Section 2.2). Forecast variance induces hedging behavior: when 𝜎!#is 
higher, producers reduce labor investment to limit downside exposure to low-water realizations. 
This hedging effect reduces the extent of ex post mismatch between labor and realized water in 
drought states, reducing the scope for profitable trade when 𝑊is lower than expected. In 
contrast, when 𝑊is higher than expected, this same hedging behavior can exacerbate the extent 
to which labor is “too low,” increasing the value of trade by making the reallocation of water 
more consequential in alleviating the opportunity cost of fixed labor. These mechanisms are 
illustrated in Figure 3, shows how the the relationship between forecast variance and gains from 
trade can differ depending on whether realized water is above or below expectation. In the 
analysis that follows, we quantify how economic gains from trade; ΔΠ(W), vary with forecast 
bias and forecast variance using hydrologic water forecast data drawn from basins across the 
Western U.S. 
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3 Empirical analysis 
In this section we describe the application of our water trade model to water supply forecasts in 
the Western US. In Section 3.1 we summarize our forecasting methodology and motivate our 
empirical analysis by examining the relationship between forecast bias and variance in relation to 
the proportion of precipitation falling in the basin from snow (SWE/P). In section 3.2 we discuss 
our process for linking the forecasts in our hydrological dataset to our producer model. This 
comprises the experimental setup we use to link our theoretical model outlined in section 2 to the 
differences in forecast parameters observed across low and high SWE/P basins . In section 3.3. 
we discuss our sensitivity analysis, in which we examine the relationship between economic 
outcomes forecasted by our model and the ability for producers to substitute between water and 

Figure 3. Gains from trade (yellow and blue shaded regions) when realized water volume in the realization 
period is higher than expected (top panel) vs lower than expected (bottom panel). The width of the x-axis in 
each panel represents the total volume of water supply realized in the realization period. The blue shaded 
region in the bottom panel represents the amount by which the junior producer under a low variance 
forecast (whose water demand is represented by the blue series) benefits more from trade than the junior 
producer under a high variance forecast (whose water demand is represented by the red series) when the 
total volume of water realized in the realization period is lower than expected. The yellow shaded region in 
the top panel represents a reversed relationship between gains from trade in the low and high variance 
forecast scenarios when total water realized in the realization period is higher than expected. The change 
in relative gains is due to shifts in the suboptimality of the junior user’s labor decision once actual water 
volume is realized in the realization period for each forecast type. 
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other inputs. Finally, in section 3.4 we describe our station level analysis, in which we examine 
gains from trade utilizing the full range of forecast variability in our dataset. 

3.1 Forecast Data Summary Statistics 

Our forecasting dataset is based on the methods developed by Modi et al. (2022). We employ a 
modified Natural Resources Conservation Service (NRCS) statistical procedure to generate water 
supply forecasts for 889 snow-observing locations. We trained a Principal Component 
Regression (PCR) using ERA5 land hourly (Munoz et al., 2021) that was aggregated to a daily 
timestep and extrapolated from the proximal grid cell at each location. ERA5 predictors of SWE 
and accumulated precipitation are transformed into standardized anomalies (i.e., subtraction of 
mean and division by standard deviation based on training years), and April-July runoff volume 
is semi-normalized via a square root transformation (Lehner et al., 2017; Garen 1992; Modi et 
al., 2022). The modification to the NRCS’s PCR procedure is undertaken in the process of 
retaining the principal components. While the NRCS procedure uses a significance and sign test 
on regression coefficients to retain the number of principal components via an iterative process, a 
cross-validation approach is used here to retain the number of principal components. 
Specifically, a 10-fold cross-validation, i.e., a ‘test’ of model on ten different samples, calculates 
the model’s mean squared error, with the addition of the principal component one at a time. The 
number of principal components corresponding to the best model skill score is retained (Modi et 
al., 2022). The forecasts using this modified PCR are generated across the 889 locations from 
WY1986-2020.     
 
We calculate prediction bias in each station-year as the percent difference between the mean 
predicted streamflow and the observation mean. To construct a measure of forecast variance we 
use a jackknife sampling process to estimate the variance in predictions on each station-year. We 
categorize basins into five evenly spaced categories between 0-1 based on SWE/P value. After 
calculating median bias and variance for each station over the 34-year period we eliminate 15 
stations in which forecast bias and variance fall outside of three standard deviations from the 
mean within each SWE/P category. Median absolute bias, normalized standard deviation and 
station count for each SWE/P category are described in Table 2. Median absolute bias is used to 
proxy the severity of bias in each bin, though we explore implications of bias sign by conducting 
our analysis in section 3.2 with both median absolute bias and negated absolute bias in the lowest 
and highest SWE/P categories. Figure 4 displays box plots of bias and normalized standard 
deviation across each SWE/P category, Figure 5 displays the distribution of these parameters 
across our forecast dataset for each SWE/P bucket.  
 
Table 2. Forecast data summary statistics 

SWE/P Category Median Normalized 
Std. Dev. ( % 

Observed 
Streamflow) 

Median Percent Abs. 
Bias (%) 

Station Count 

0.0-0.2 6.8% (+-) 14.8% 137 
0.2-0.4 4.9% (+-) 11.9% 135 
0.4-0.6 4.7% (+-) 9.0% 168 
0.6-0.8 3.5% (+-) 8.3% 287 
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0.8-1.0 2.0% (+-) 2.7% 45 
 
 

 
Figure 4. Boxplots of normalized forecast standard deviation (left) and bias (right) by SWE/P category  
 The middle line in each plot represents the category median. Circular markers represent 
 observations outside of each category’s interquartile range. 
 
 

 
Figure 5. Histogram plots of Percent forecast bias and normalized standard deviation for each SWE/P category 

 

Our summary statistics from Table 2 indicate that both median forecast bias and variance 
decrease as SWE/P increases. Figure 5 shows histogram plots of median normalized standard 
deviation and median percent bias for each station in each SWE/P bin. These plots show that the 
frequency of relatively extreme observations of each of these forecast parameters is higher 
overall in rain-dominant basins (basins with low SWE/P). Taken together with the theoretical 
results from section 2, this suggests that water trade is likely particularly important in basins with 
a lower proportion of streamflow from snowpack. As discussed in the introduction, this has 
important implications in the context of climate change as warming is projected to decrease 
SWE/P in basins that have historically been snow dominated, as the majority are in the Western 
US (Figure 6).  
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The theoretical model outlined in section 2 shows that gains to trade increase as forecast 
accuracy declines i.e. as forecast bias and variance increase. In this section we motivate our 
empirical analysis by showing that both forecast bias and variance increase with decreased 
SWE/P using data from SNOTEL stations in the Western United States. We proceed by using 
estimates of forecast parameter differences from these summary statistics to inform our water 
market value analysis, which is described in the following sections.   

 
Figure 6 Reductions in future snowpack: Projected changes in the ratio of annual peak snow water equivalent (SWE) to 
accumulated precipitation (SWE/P) for mid-century (2030-2059) relative to historical (1981-2010) years in ssp5-8.5 scenario. 
Each point represents a snow-observing location, and the black polygon is a basin boundary representing flow at a USGS stream 
gage. Analysis shown for snow-dominated regions using the six climate models included in the ORNL CMIP6 dataset (Kao et al., 
2022). 

3.2 Experimental Setup 

In order for our experimental design and preceding water market value analysis to reflect 
differences in key forecast parameters across observed Western US stations with substantial 
variation in SWE/P, we use summary statistics from the previous subsection from the lowest 
(0.0-0.2) and highest (0.8-1.0) to inform the forecasts faced by each of the senior and junior 
producers in our water trade model. We run two experiments. In the first experiment, hereafter 
referred to as the “variance experiment” we examine differences in gains from trade between a 
“low variance” and “high variance” scenarios. The “low variance” scenario reflects a forecast 
variance scaled to reflect median normalized standard deviation in the lowest SWE/P (0.0-0.2) 
(most rain-fed) category from our empirical forecast dataset (Table 2). The “high variance” 
scenario reflects a forecast variance scaled to reflect median normalized standard deviation in the 
highest SWE/P (0.8-1.0) (most snow-fed) category from Table 2. For tractability, both forecasts 
in this experiment exhibit zero-bias.  
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In the second experiment, hereafter referred to as the “variance and bias experiment” we allow 
both forecast variance and bias to vary and reflect median normalized standard deviation and 
both positive and negative percent absolute bias for the lowest (0.0-0.2) and highest (0.8-1.0) 
SWE/P category in Table 2. Thus, gains from trade are examined across four forecasts in the 
variance and bias experiment and two in the variance experiment. We examine water market 
value across bias sign in the variance and bias experiment due to the sensitivity of water trade to 
drought conditions, motivated by our theoretical model.  In this experiment we investigate the 
sensitivity of trade gains to the amount by which the junior producer is shorted, in addition to 
producers’ hedging behavior in response to downside risk.  

For each forecast in each experiment, we run the rigid and trade scenarios in our model of water 
trade over 100 water realization draws from the true water realization distribution. This is done 
to evaluate how bias and variance in each forecast impact economic returns from trade on 
average across production years. To control for basin scale, we normalize differences in basin 
average streamflow volume by assigning the median average observed streamflow to the mean 
of the realization distribution across all SNOTEL stations. An outline of our experimental setup 
is presented in Table 3.  

3.3 Sensitivity Analysis 

The relative substitutability between water and other inputs to agricultural production can vary 
depending upon producers ability to adapt to drought conditions via modalities other than water 
trade. For example, producers may be able to substitute water intensive crops to crops that are 
relatively more intensive in other inputs (Lund et al. 2018) or into irrigation efficiency 
investments (Medellín-Azuara et. al 2012). We examine the sensitivity of economic gains to 
trade in our experimental setup by repeating our gains from trade analysis described in section 
3.2 when the substitution elasticity between water and labor is “low” and again when the 
substitution elasticity between water and labor is “high”. We select low (0.05) and high (0.9) 
values for the value of σ based on the lower and upper bounds for this parameter discussed in 
Graveline (2016). 

3.4 Station Level Analysis 

In the experiments described above we evaluate gains from trade over the median forecast bias 
and variance within in each SWE/P category. This process allows us to link the experiment 
results to our theoretical discussion in section 2 in a tractable manner. However, as indicated by 
the boxplots and histograms in Figures 4 and 5, SWE/P groups differ considerably by range and 
distribution of forecast parameters. To reconcile differences in the frequency and range of 
forecast parameters between categories, we conduct a complementary analysis in which we run 
our producer model for each station in the dataset. 

In this analysis, we run our producer model once for the trade and rigid scenarios for each 
station. For each station we input a single observed water volume, forecast variance, and bias, 
which represent the median normalized values of these parameters for each station over our 
1986-2020 sample period. Just as in the experimental setup, we exclude stations that demonstrate 
a variance and bias over three standard deviations away from the mean of each SWE/P category.  
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Table 3. Outline of experimental setup. In order for our experiments to reflect the median 
difference in key forecast parameters across observed Western US stations with varying 
proportion precipitation falling as snow, differences in forecast variance in both experiments, 
and differences in forecast bias in the Bias and Variance Experiment reflect median values from 
the lowest (0.0-0.2) and highest (0.8-1.0) SWE/P bins in Table 2, rounded to the nearest 
percent.	𝜇p  reflects a benchmark parameter set to the median water volume observed in the 
forecast dataset. 

Variance Experiment 

Forecast 1: High Variance, Low SWE/P (0.0-0.2) 

𝜎! = 	0.07	 ×	𝜇" 

𝜇! = 𝜇"=	𝜇p  

Forecast 2: Low Variance, High SWE/P (0.8-1.0) 

𝜎! = 	0.02	 ×	𝜇" 

𝜇! = 𝜇"=	𝜇p  

Bias and Variance Experiment 
  

Positive Bias                        Negative Bias 

Forecast 1: Low SWE/P (0.0-0.2) 

𝜎! = 	0.07	 ×	𝜇" 

	𝜇! =	𝜇" 	× 	0.15 +	𝜇" 

Forecast 1: Low SWE/P (0.0-0.2) 

𝜎! = 	0.07	 ×	𝜇" 

	𝜇! =	𝜇" 	× 	−0.15 +	𝜇" 

Forecast 2: High SWE/P (0.8-1.0) 

𝜎! = 	0.02	 ×	𝜇" 

	𝜇! =	𝜇" 	× 	0.03 +	𝜇" 

Forecast 2: High SWE/P (0.8-1.0) 

𝜎! = 	0.02	 ×	𝜇" 

	𝜇! =	𝜇" 	× 	−0.03 +	𝜇" 
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4 Results 
4.1 Variance experiment  

Figure 7.i displays profit gains from trade as a percent of profit in the benchmark rigid case for 
Forecasts 1 and 2 in the Variance experiment. Each marker represents gains from trade for an 
observed water volume drawn from the true water supply distribution (n=100). Aligned with our 
theoretical discussion in section 2, gains are increasing as water realizations move away from the 
expected total water volume and are zero at the point at which realized and expected marginal 
product of labor are equated. Because the high variance (low SWE/P) basin (Forecast 1) yields 
water realizations that are farther away from expectation in both directions than realizations in 
the low variance basin (Forecast 2), overall gains to trade are higher in the former over our 
sample realizations. 

As discussed in section 2, the value of trade increases as producers’ labor decisions diverge 
relative to labor decisions under certainty. Illustrating this result, Figure 7.ii plots the percent 
decrease in profit losses from uncertainty that attributable to trade. This metric reflects the 
difference between profit losses relative to certainty in the rigid and trade cases for each forecast, 
which is increasing in the magnitude of the labor discrepancy (Figure 7.iii). This is because trade 
allows producers to ameliorate losses from hiring too much or too little labor in the forecast 
period. As the magnitude of producers’ labor discrepancy increases, the margin by which trade 
can help offset mistakes due to forecast uncertainty in the forecast period increases.  

Over the range of water realizations in which water volumes are commensurate between 
Forecasts 1 and 2 in Figure 7.i  (96-107% of expected water volume), gains are relatively higher 
for the low variance (high SWE/P) case as realized water falls below expectation, while gains are 
relatively lower than in the high variance case as water realized increases past expected water. 
This is because producers facing the low variance forecast hedge relatively less than those facing 
the high variance forecast, thus at lower water realizations the magnitude of the labor 
discrepancy from decisions made in the forecast period is larger than it is in the high variance 
forecast, while the reverse is true as water realizations increase past expectation. 
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Figure 7. Panels i-iii display results from the Variance experiments in which we vary forecast variance according to 
the forecast summary data in section 3.1 (Table 2). Each panel displays water volume realized as percent of 
expected water on the x-axis, and moving from left to right the y-axis reflects percent profit gains from trade, 
percent decrease in losses from uncertainty due to utilizing trade relative to the rigid scenarios, and percent 
difference between labor hired under uncertainty and certainty across each water realization. 

4.2 Bias and Variance Experiment 

Figures 8a and 8b display results from our Bias and Variance experiment, in which we vary 
median forecast bias magnitude for high and low SWE/P categories from Table 2. Figures 8a.i 
and 8b.i display gains from trade across water realizations for the positive and negative bias 
values from Table 2, respectively. Note that the scale of the y-axis in both charts is substantially 
larger than the scale of the y-axis in the trade gains chart for the variance experiment (Figure 7.i). 
This is because holding forecast variance constant, forecast bias offsets water realizations further 
from expectation than the Variance experiment alone, reflected by the magnitude of water 
realizations recorded on the x-axes in Figures 8a and 8b relative to Figure 7. Specifically, in 
Figure 8b.i , the lowest water realization is 72% of expected value, which is when the largest 
gains from trade occur. In the Variance experiment (Figure 7) water realizations range from 80-
115% of expected value. As a result, producers can offset much higher potential profit losses due 
to uncertainty by trading water in the second period of the model. This is because labor 
discrepancies relative to certainty increase with distance from expected water (Figures 8a.ii and 
8bii).  

Comparing low SWE/P basins to high SWE/P basins in each experiment shows that gains to 
trade are significantly higher in the low SWE/P. This is not surprising since precipitation 
dominated basins are more difficult to forecast than snow dominated basins. The resulting higher 
positive and negative bias cause water realizations to occur much farther away from expected 
volumes than in the high SWE/P basin. This means that producers’ expected marginal product of 
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labor is much more likely to differ substantially from that which is realized (Figure 2b), 
increasing the role of trade in correcting profit losses relative to certainty (Figures 8a.ii and 8bii).  

Again, hedging causes slight differences in returns over comparable water volumes (Figures 8a.i 
and 8b.i). The high SWE/P forecast (Forecast 2) yields higher (lower) returns to trade than low 
SWE/P (Forecast 1) in this range (92-102% of expected water volume) when forecast bias is 
positive (negative). This is because for a given volume of water below (above) expectation, 
producers in a high (low) SWE/P basin hedged less (more) in the forecast period, as a result, 
their labor discrepancy is relatively higher (lower) when low (high) water volumes are realized 
(Figures 8a.iii and 8b.iii). 

As expected, positive bias yields larger returns to trade than negative bias. This is because as the 
likelihood of water realizations that are lower than expected increase, the junior producer’s 
marginal product of water in the rigid case increases. As a result, a transfer of water to the junior 
producer offsets profit losses from uncertainty more than a transfer when water is less scarce. 
This is demonstrated by the larger magnitude of profit losses relative to certainty for the rigid 
case relative to the trade in rigid case in Figure 8a.ii (positive bias) versus in 8b.ii (negative bias), 
across low and high SWE/P values. In general, when profit losses due to uncertainty are smaller, 
gains from trade are relatively smaller. Ameliorating losses due to uncertainty is the main avenue 
through which trade produces value in our model. 

 

 
Figure 8a. Panels i-iii display results from the positive Variance and Bias experiment in which we vary forecast 
parameters according to the forecast summary data in section 3.1 (Table 2), limited to positive forecast bias. Each 
panel displays water volume realized as percent of expected water on the x-axis, and moving from left to right each 
y-axis reflects percent profit gains from trade, percent decrease in losses from uncertainty due to utilizing trade 
(relative to the rigid scenarios,  and percent difference between labor hired under uncertainty and certainty across 
each water realization. 
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Figure 8b. Panels i-iii display results from the negative Variance and Bias experiment in which we vary forecast 
parameters according to the forecast summary data in section 3.1 (Table 2), limited to negative forecast bias. Each 
panel displays water volume realized as percent of expected water on the x-axis, and moving from left to right each 
y-axis reflects percent profit gains from trade, percent decrease in losses from uncertainty due to utilizing trade 
(relative to the rigid scenarios, and percent difference between labor hired under uncertainty and certainty across 
each water realization. 

4.3 Sensitivity Analysis 

Figures 9-12 comprise results from our sensitivity analysis. Each chart represents the percent 
difference in gains from trade between low (0.05) and high (0.9) values specified for the 
junior producer’s ability to substitute between water and labor (σj), and our baseline σj 
specification of 0.5, which is identical between junior and senior producers. Values for our 
low and high values were chosen based on the lower and upper bounds of the range of 
substitution parameter values discussed in Graveline (2016). Figure 9 shows these percent 
differences across water realizations from our “High Variance, Low SWE/P” run of the 
variance experiment. We omit comparisons for the “Low Variance, High SWE/P” run of the 
variance experiment for this and all other experiments in the sensitivity analysis. This is 
because variation in differences in gains from trade between our specifications for the junior 
user’s substitution elasticity parameter are due primarily to differences across the range of 
realized water volume in each experiment, as opposed to differences in hedging between the 
low and high variance forecasts under comparable water realizations. Because we observe 
the highest range in realized water volume for the high variance forecasts, we make these the 
focus of our results exposition for this analysis. 

In Figure 9, gains from trade are markedly higher than in the baseline specification for σj 
when the junior user’s substitution parameter is increased to 0.9 from 0.5. The reasoning for 
this increase is as follows; when water and labor become relatively more substitutable, the 
junior user hires more labor in the forecast period. Intuitively, this is because an increased 
ability to utilize water and labor interchangeably means that labor can better serve to increase 
output in the realization period, holding expected water volume constant. Due to the 
convexity of the production technology, a higher labor decision from the forecast period 
increases the marginal product of water in the realization period, shifting junior water 
demand upward. The upward shift in the junior user’s water demand curve is especially high 
as the junior users’ labor decision in the forecast period is more sub-optimal, this is because 
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as water becomes more substitutable with labor, the junior user may now better “make-up” 
for a suboptimal labor choice in the forecast period by way of water transfers. 

The mechanics of these effects in our model are illustrated in Figure 10. Focusing on the 
comparison between “High σj” and “Moderate σj”, with “Moderate σj”, representing our 
baseline case, the left panel of Figure 10 depicts a larger labor decision made by the junior 
user in the forecast period in the “High σj” case. Accordingly, the marginal product of water 
for the junior user is much higher in the realization period (middle panel). This is due both to 
a higher labor investment, as well as the increased capability for the junior user to offset a 
poor labor decision in the forecast period with the water market. The right panel of Figure 10 
further supports this reasoning; the junior user buys the entirety of the senior user’s 
endowment across all water realizations due to their large upward shift in marginal product 
of water relative to the senior user.  

Figure 10 further illustrates that when the junior user’s substitution parameter becomes lower 
than that of the senior user, gains from trade are also higher than in our baseline case when 
each user faces the same substitution parameter. As can be seen from the negative range of 
the gray series in the right panel of Figure 10, this is because the downward shift in the junior 
user’s water demand when σj is decreased causes the direction of trade to reverse. The junior 
user now sells water to the senior user, who now faces a substitution parameter larger than 
that of the junior user. Since the junior user’s demand for water is now shifted downward 
relative to the senior user, gains are larger than in the case where both user’s demand curves 
are identical. The relative difference is much lower than in the “High σj” specification, 
because of the higher initial water allocation to the senior user across all water realizations. 
Furthermore, gains over the baseline case now increase slightly with water availability due to 
higher volumes of water transfers to the senior user as the junior user receives more water. 
This is illustrated by the increasing magnitude of transfers from the junior to senior user as 
water becomes more abundant (right panel of Figure 10). 

Figures 11 and 12 represent precent differences in gains to trade between the high and low 
specifications of σj and our baseline for our representative negative and positive bias 
forecasts, respectively. In Figure 11, the scale of differences for the “High σj” over 
comparable water realizations are decreased when water is relatively scarce relative to when 
no forecast bias is present (Figure 10). This is because in negative bias (i.e. when the mean of 
the forecast is lower than the realization mean), users hire less labor than when no bias is 
present, making the scale of the labor discrepancy smaller when water is more scarce. By 
parallel reasoning, in the case of positive forecast bias (Figure 12), the premium in gains 
from trade observed for the “High σj” run are much larger when water is relatively scarce. 
This is because in positive bias the magnitude of the labor discrepancy is much larger when 
water is scarce because the forecast mean is higher than when no bias is present (Figure 9).  

Differences in gains for the “low σj” over comparable water realizations are changed 
negligibly when negative bias is introduced, this is due to relatively small shifts in the degree 
of the labor discrepancy for the senior user between forecasts, who can guarantee a much 
larger portion of its water supply than the junior user can when facing uncertainty. 
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Figure 10. Junior labor investment (left) marginal product of water (middle), and water volume transferred from 
senior to junior user for “low”, “moderate” and “high” values of σj Labor investment in the forecast period, 
marginal product in the realization period and water transfers to the junior user increase as water becomes more 
substitutable with the labor input.  
 

Figure 9. The percent difference in gains to trade between our 
“low”(0.05) and “high” (0.9) specification for the junior user’s input 
substitution parameter (σj), across water realizations in our “High 
Variance, low SWE/P” forecast.  

Figure 11. The percent difference in gains to trade between our 
“low”(0.05) and “high” (0.9) specification for the junior user’s 
input substitution parameter (σj), in our “High Negative Bias, 
Low SWE/P” forecast 
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4.4 Station Level Analysis 

Results from our station-level analysis are displayed in Figures 13-15. Figure 13 represents 
boxplots of gains to trade in each SWE/P category across all SNOTEL stations in forecast 
sample (n=772. Figure 14 shows frequency weighted average returns to trade by SWE/P level. 
Each boxplot is comprised of profit gains from trade across individual stations within a SWE/P 
category. For each station we run our producer model once over the trade and rigid scenarios, 
where the forecast faced by producers in the forecast period represents the station-level median 
forecast variance over the (1986-2020) sample period. Just as in the previous experiments, we 
normalize median observed values to control for scale differences between basins.  

The least snow fed category (SWE/P = 0.0-0.2) benefits from trade the most. On average, returns 
from trade are 6.95% higher for the lowest SWE/P category (Figure 13) relative to the highest 
SWE/P category. The boxplots and histograms in Figure 13 and Figure 14 show that relatively 
extreme returns to gains are much more common for lower SWE/P basins, meaning that the 
potential for very high returns is much higher as basins receive less of their streamflow from 
snowpack. 

Interestingly, the premium in gains from trade in the lowest SWE/P category over the others is 
dampened by the sign of the median bias in each category. Median bias in the lowest SWE/P 
category is negative while the median in categories spanning SWE/P 0.4-0.8 are positive. 
Despite absolute bias decreasing in SWE/P category (Table 2), our results from the Bias and 
Variance experiments (Figures 8a.i and 8b.i, ) show that negative bias results in relatively lower 
returns to trade than positive bias, due to the higher junior marginal product of water in the latter. 
This effect slightly offsets the impact of relatively more extreme variance and absolute bias 
levels observed in the lowest SWE/P category relative to the rest. 

 

Figure 12. The percent difference in gains to trade between our 
“low”(0.05) and “high” (0.9) specification for the junior user’s 
input substitution parameter (σj), in our “High Positive Bias, 
Low SWE/P” forecast. 
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5 Conclusion 
Our findings contribute to the literature on water trade in several important ways. We diverge 
from much of the previous literature concerning water markets to establish that the importance of 
trade depends both upon the severity of drought as well as the degree to which season-ahead 
water forecasts are uncertain. We find that when producers must make irreversible investments 
before the realization of water availability, water trade helps offset the efficiency losses from 
sub-optimal investment positions made at seasonal lead times. These offsetting effects, i.e. the 
value of water trade relative to rigid water allocation, increase with forecast bias and variance.  
Thus, snow-fed basins benefit less from water trade than rain-fed basins. We develop the 
theoretical underpinnings for this result and show how decreasing snowpack can alter the 
magnitude of returns from trade due to differences in forecast precision derived from a 
hydrological forecasting dataset comprised of stations in the Western US. Additionally, because 

Figure 13. Boxplot showing gains to trade across all SNOTEL 
stations in forecast sample (n=772). For each station median 
forecast variance and bias was used to inform the producers’ 
forecast in period 1 of the trade model.  

Figure 14. Bar chart representing frequency weighted percent 
gains from trade in each SWE/P category. 

Figure 15. Histogram plots illustrating the distribution of percent profit gains to trade from our station-level analysis. Each histogram bin 
represents the count of stations in which a given bucket of percent profit gains from trade were observed 
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the value of trade under uncertainty is driven partly by user’s ability to “make-up” for a 
suboptimal pre-season investment due to uncertainty, gains from trade increase with the drought-
affected user’s ability to substitute between inputs. This further diverges from previous research 
which has not incorporated considerations for uncertainty in water markets, under such 
assumptions, theory would support that water trade value decreases with the ability for producers 
to substitute into inputs other than water. 

As climate change is expected to reduce the fraction of precipitation falling as snow, these results 
suggest that water trade will become a more valuable mechanism for allocating water supplies; 
as warming shifts basin’s streamflow from snow fed to rain fed, season ahead supply forecasts 
will likely become less accurate. In turn, water reliant economies will face increased supply 
uncertainty and the water trade as a policy tool may become more critical. Because of climate 
change’s role in reducing total water supply, these findings complement the literature which 
studies water market value in the context of increased drought severity. In particular (Arellano-
Gonzalez et al. 2021) estimates that introducing more flexible markets to agricultural markets in 
water scarce regions of California primarily governed by prior appropriation rights would result 
in economic gains between $348 and $362 million using drought projections for the period 2070-
2099. Taken together with our findings, these results further stress the economic importance of 
well-functioning water markets in the Western US, perhaps even in areas that have not 
historically faced water scarcity or variability issues. Future research should incorporate the 
effects of supply uncertainty due to SWE/P in large scale analyses of water markets similar to 
those carried out by Arellano-Gonzalez et al. (2021) and Hagerty (2019). 

Our model does not explicitly account for adaptive drought mechanisms other than trade (though 
in regions that already face a large degree of water scarcity, the margin for further adaptation 
may be limited). For example, to reduce losses from capital investments associated with 
perennial crops, farmers may switch to annual plantings (S), plant drought resistant or higher 
value crops (Howitt et al. 2010), or adopt more efficient irrigation technology (Schuck et al. 
2005). Instead, we capture these adaptive margins indirectly via our sensitivity analysis, in which 
we vary the degree to which the drought impacted junior user can substitute between water and 
labor in production. Importantly, we find that when substitution capability is increased, gains 
from trade are increased further, due to the uncertainty in investment that occurs in the pre-
growth season. Intuitively, increased flexibility between inputs in productions helps producers 
better use water markets to offset suboptimal investment decisions, decreasing losses from 
uncertainty. 

While the sensitivity analysis we include focuses on substitution opportunities producers may 
have between water and other inputs, in some cases agricultural producers may also adapt to 
uncertainty in surface water availability by substituting into groundwater pumping (Ward 2014), 
which is well known to contribute to negative externalities faced by other aquifer users (Lawell, 
2016, Pfeiffer and Lin 2012, Brozovic et al. 2010). An interesting avenue for further research 
would be to investigate the impact of water trade as a means of reducing the cost of these 
inefficiencies. Water storage volume and timing presents a natural alternative to ameliorating 
effects of water uncertainty (Josué Medellín-Azuara et al 2008, Smith and Edwards 2021), 
though this method of adaption does not conserve water, it merely allows for previous storage to 
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become available in periods of drought, which helps smooth use over time. Increased storage 
capacity without the capability to re-allocate water from low to high value production is thus 
likely not as effective as water trade.  

Importantly, while we have modelled transfers between users as costless, we have ignored 
transaction and transport costs associated with such trades, which can be prohibitively costly, 
especially for small volumes (Womble and Hanneman 2020a). However, recent research has also 
shed light on legal changes that show potential for reducing transaction costs significantly 
Womble and Hanneman 2020b).  For example, in Colorado, laws limiting trade volume to 
historical use result in substantial transaction costs due to the cost of surveys required to 
establish such use. Womble and Hanneman (2020b) find that adjusting this requirement lowers 
transaction costs associated with trades significantly with limited effects on third parties An 
interesting topic for further research could be to develop policy recommendations based on 
similar criteria in other states, or between states. 
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