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Abstract: The reacquisition or buyback of water is an increasingly accepted approach to restore environmental flows threatened 
by overall location. Reacquisitions are operated through purchase tenders that compensate irrigators who decide to 
surrender (part of) their right to withdraw water. A major concern in water buyback involves information rents and the 
extent of the compensation: information asymmetries can lead to agency costs that inflate market prices and hinder 
buyback welfare enhancing opportunities. The accomplishment of water buyback is therefore conditioned to the 
ability of the principal to place bids consistent with the shadow price of irrigators. However, methods used to inform 
buyback programmes to date either rely on ex-post trading data that is not readily available in most regions 
worldwide; or compensate projected foregone income, and thus ignore the effects that buyback may have on other 
relevant attributes determining utility. The research hypothesis is that since buyback programmes offer management 
complexity- and risk-free payments to management complexity- and risk-averse farmers, addressing foregone income 
may overcompensate sellers. This paper uses revealed preference methods to elicit the parameters of a multi-attribute 
objective function of irrigators in the overexploited Segura River Basin in SE Spain. Objective functions are used in a 
series of simulations in which water allocation is progressively constrained to reveal the shadow price of irrigation 
water using two different compensation measures: i) foregone income, a proxy of the shadow price typically used in 
the literature; and ii) compensating variation that addresses foregone utility. Results show a relevant gap between the 
two methods. 
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1. INTRODUCTION  

The reacquisition or buyback of water is an increasingly accepted approach to restore the balance 
in overexploited basins, as shown by the significant investments recently committed to water 
buyback in areas like Australia’s Murray-Darling Basin (AUD 3.1 billion for the period 2009-
2024), Spain (EUR 829.9 million for the period 2007-2027) and the US, notably California (USD 
547 million during 1987-2011, 55% of which after 2003) (DoEE, 2016; Garrido et al., 2013; 
GRBA, 2008; Hanak and Stryjewski, 2012). Reacquisitions are operated through purchase tenders 
that compensate irrigators who decide to surrender (part of) their right to withdraw water. A major 
concern in water buyback involves information rents and the extent of the compensation (Crase et 
al., 2012): information asymmetries often lead to agency costs that inflate market prices and hinder 
the realization of buyback welfare enhancing opportunities. Government agencies (the principal) 
can set in advance price and budgetary thresholds to control for agency costs. The accomplishment 
of water buyback is therefore conditioned to the quality of the information available, which largely 
determines the ability of the principal to encourage bids consistent with the shadow price of the 
potential seller and thus limit agency costs.  

Mature water markets in Australia, Chile and the US offer a platform to obtain data on prices and 
amounts traded for a variety of locations and moments, which can be used to predict responses and 
adjust bids using econometrics (Zuo et al., 2015). Yet, standard econometrics is not applicable 
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where formal water markets do not exist or are still in an early stage and ex-post trading data is not 
readily available*. This is the case of most regions worldwide –some of which are in the process of, 
or already implementing buyback programmes (Delacámara and Gómez, 2015). Informing purchase 
tenders under limited, incomplete or straightaway inexistent trading data demands an in-depth 
knowledge of, and information on, sellers’ motives and behavior, so that their objective function 
can be obtained to account for the marginal cost of strengthening the water allocation constraint (i.e. 
the shadow price). The Theory of Planned Behavior shows that motives driving behavior can be 
accurately predicted from a set of assessments based on agent’s beliefs on the “goodness” or 
“badness” of an object, which can be in turn normally associated to a particular attribute (Ajzen, 
1991). The theory is well supported by empirical evidence (Gómez-Limón et al., 2016), implying 
that accurate modelling of agents’ decisions requires the inclusion of more than one attribute in a 
multi-attribute utility function – the idea that underpins the development of Multi-Attribute Utility 
Theory (Keeney and Raiffa, 1993). Yet, methods used to date rely on single-attribute objective 
functions that compensate projected foregone income, but ignore the effects that buyback may have 
on other relevant attributes explaining utility, such as risk or management complexity aversion 
(Heady, 1952). Since buyback programmes offer a payment with no risk or management 
complexity attached to management complexity- and risk-averse farmers, this approach may 
overcompensate sellers. This paper relies on Mathematical Programming (MP) methods to elicit the 
parameters of a multi-attribute objective function that is consistent with economic theory and 
empirical evidence on farmers’ motives and behavior to test this hypothesis. The objective is to 
enhance the design and performance of water buyback programmes, particularly in areas where ex-
post trading data is unavailable. 

This paper relies on a Revealed Preference Models (RPM) that builds on the methods developed 
in the seminal work by Gutiérrez-Martín and Gómez (2011) and applies it to the case of agricultural 
water buyback in the overexploited Segura River Basin in SE Spain. In this version of the model, 
over 4000 source lines of code have been updated to reduce computational requirements in the 
calibration procedure, which here is based on a projection method (see Section 2.2). Use of the 
comprehensive and detailed database recently made available by the Segura River Basin Authority 
(SRBA, 2014) makes possible to expand the number of agents from 12 to 62, 5x + as compared to 
previous versions of the model, resulting in more disaggregate and homogeneous units. Calibrated 
objective functions are used in a series of simulations in which water allocation is progressively 
constrained and agents have to adapt through crop portfolio decisions (see Section 3). The 
simulation module captures the changes in income and utility resulting from agents’ decisions. 
Buyback prices can be then obtained as the capitalized value of two different compensation 
measures: i) the foregone income, a proxy of the shadow price typically used in the literature 
(Martínez-Granados and Calatrava, 2014; Qureshi and Whitten, 2014); and ii) the compensating 
variation that addresses foregone utility. This allows for comparison between the two compensation 
methods to test our initial hypothesis of whether conventional estimates based on foregone income 
overcompensate sellers.  

2. METHODS  

2.1 Decision-making problem 

Irrigators’ objective function depends on the attributes they value. The provision of these 
attributes is in turn mainly determined by the crop mix selected. Consequently, irrigators’ decisions 
are primarily focused on the choice of the crop portfolio that maximizes their objective function, 
subject to a series of constraints: 
                                                
 
* In these instances, ‘prices’ do not reflect the interaction between supply and demand in a market environment, rather government charges to 

(partially) recover regulation, abstraction, transportation and distribution costs (EEA, 2013). 
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Max U(x)
x = U(z! x ;  z! x ; z! x …  z!(x)) (1) 

s.t.:   0 ≤ x! ≤ 1 (2) 

x!!
!!! = 1 (3) 

x ∈ F x  (4) 

where x ∈ R! is the decision variable, a vector that represents the share of the available land 
dedicated to a particular crop x! (i = 1,… , n), including fallow. In case the same crop can be subject 
to alternative management techniques (e.g. irrigated and rainfed), each possible combination is 
treated as an independent crop. Thus every crop has a unique combination of dimensionless 
attributes z! (p = 1,… ,m), which are the variables that agents value and may include, among others, 
expected profit, risk avoidance and/or management complexities avoidance. Provided attributes are 
quantifiable, every crop portfolio yields a utility that can be ranked. Rational agents will choose the 
crop portfolio x∗ that maximizes their objective function subject to a series of (quantifiable) 
constraints, including land availability, water resources, vocation/know-how, agronomic aspects 
(e.g. crop rotation, including fallow land) and other restrictions (e.g. policy restrictions such as EU 
Common Agricultural Policy rules), which together define a set of feasible choices F(x). The water 
resources constraint, of particular relevance for the purpose of this paper, is denoted by: 

w! x!!
!!! ha ≤ W  (5) 

where w! is the water requirement of crop x!, ha is the land allotment and W represents total water 
availability.  

From a positive approach, the optimal solution to the problem above can be obtained ex-post 
observing the cropping decisions actually made by irrigators (x!). This means that the observed 
decision is the solution that maximizes the objective function within the domain. RPM can elicit an 
objective function that is consistent with the domain and observed decisions, which can be used in 
turn to forecast behavioral responses to key stimuli, e.g. reduced water allocation. 

2.2 Calibration procedure 

Using standard microeconomic theory, the parameters of the objective function can be calculated 
for a set of attributes equalizing the marginal opportunity cost of trading attribute z! off for attribute 
z! along the welfare’s attribute possibility frontier, or efficient frontier (the Marginal Rate of 
Transformation MRT!!,!!, the slope of the efficient frontier), and the willingness to give up one unit 
of attribute z! in exchange for a unit of attribute z! (the Marginal Rate of Substitution MRS!!,!!, the 
slope of the indifference curve of the utility function): 

MRT!!,!! = MRS!!,!! = −
!!

!!!
!!

!!!
 ;     ∀p ≠ k  (6) 

Irrigators’ objective function is calibrated following a procedure in three steps. The model is 
coded using the General Algebraic Modelling System software (GAMS v21.4) and is available 
upon request. 

2.2.1 Efficient frontier 

When making their choices, rational agents face tradeoffs along the efficient frontier: crop 
portfolios with a higher expected profit may display lower risk avoidance, while portfolios avoiding 
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complex management may come at the expense of a lower expected profit. Real world efficient 
frontiers cannot be represented with a closed mathematical function; nonetheless, provided a 
sufficient and relevant number of choice alternatives x exists (guaranteed in this case by a large 
portfolio of 71 crops comprising 80% of irrigated surface), it is possible to represent the efficient 
frontier using numerical methods. This is done solving an optimization problem that maximizes the 
value of attribute z! along the z! axis within the domain:  

Max z! x
x

  (7) 

s.t.: z! x = c    ∀k ≠ p   c = (0,… ,1)  (8) 

0 ≤ x! ≤ 1  (9) 

x!!
!!! = 1  (10) 

x ∈ F x   (11) 

Note again that attributes are dimensionless with values between zero and one. There is one 
efficient frontier for every pair of attributes z!, z! †. The efficient frontier must be convex –
otherwise there is no opportunity cost between attributes and the decision becomes trivial.  

The position in the two-dimensional space z!, z! of the set of points along the efficient frontier is 
denoted as τ!!,!! X

! , and the position of one of these points as τ!!,!! x
! . Analogously, the position 

of a given crop portfolio 𝑥 in the space of crops can be denoted as τ!!,!! x  and the position of the 
observed crop portfolio x! in the space of crops (i.e. the crop portfolio actually chosen by the agent) 
as τ!!,!! x

! .  
The next problem consists in finding a value along the frontier that can be used as a reference for 

the calibration of the utility function. For this purpose the MRT!!,!! is estimated. Since the solution 
to agents’ decision-making problem is the observed crop portfolio, and agents are rational 
individuals that aim at maximizing their utility within the domain, the efficient frontier must be 
close to τ!!,!! x! . Therefore the two points that result from projecting the position of the observed 
crop portfolio τ!!,!! x

!  vertically or horizontally to the efficient frontier, namely τ!!,!!! x!  and 
τ!!! ,!! x

! , are also close to each other. τ!!,!!! x!  and τ!!! ,!! x
!  are obtained solving the problem in 

equations [6]-[10], setting equation [7] equal to the observed values of the attributes. The MRT!" 
can be approximated through the slope between the two points. The approximation error and other 
potential sources of bias in the calibration stage are measured using calibration residuals. 

2.2.2 Utility function 

The application of the model in this paper relies on a Cobb-Douglas specification for the 
objective function. As compared to alternative additive or multiplicative-additive functional forms, 
Cobb-Douglas functions have a decreasing marginal utility for every attribute and guarantee the 
existence of a global optimum provided the efficient frontier is convex (Inada, 1963). The objective 
function in equation [1] is now:  

U x = z! x !!!
!!! ;     α!!

!!! = 1 (12) 

                                                
 
† There are  attributes. Therefore, each set of attributes comprises   attributes, and  combinations of two attributes and efficient 

frontiers. 

t!
2! t− 2 ! 
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The parameters (α) of the Cobb-Douglas objective function can be obtained from the following 
system of equations: 

MRS!!,!! = −  
!!

!!!
!!

!!!
= − !!

!!

!!
!!
= MRT!!,!!;     ∀p ≠ k (13) 

α!!
!!! = 1 (14) 

Solving this system for every possible combination of attributes yields an equal number of utility 
functions, whose parameters are determined by: 

𝛼! =
!

!! !"#!,!·
!!
!!

!
!!!

    ∀𝑝 ≠ 𝑘 (15) 

Each utility function is then used to solve the problem in equations [1]-[5] to obtain the 
simulated crop portfolio (x∗) and the corresponding attributes value (z!∗ ; p = 1,… ,m). 

2.2.3 Goodness of fit 

In order to use behavioral models effectively for decision-making, it is of critical importance to 
use an appropriate level of confidence in their performance. In positive MP methods such as RPM, 
metrics for performance evaluation are also the very instrument used to reveal the relevant attributes 
driving agents’ behavior. Positive models assume that rational agents choose the crop portfolio that 
maximizes the provision of the attributes they value, given a number of constraints, and thus that 
the relevant attributes in the model must be those that more accurately represent observed behavior 
–in other words, those that yield a lower calibration residual/error. Among the available metrics for 
performance evaluation (see e.g. Bennett et al., 2013), this work relies on the root-mean-square-
error, a measure frequently used in economics and environmental research to address the difference 
between observed and model predicted values. Similar measures have been used in previous 
applications of RPM (see e.g. Varian, 2012, 2007).  

Two calibration residuals are used. The first error is based on the distance between the observed 
portfolio (x!) and the simulated crop portfolio (x∗). 

𝑒! =
!
!

!!
!!!!

∗

!!
!

!
!
!!!   (16) 

The second error assesses the distance between the observed attributes (𝑧!) and the simulated 
ones (z∗):  

𝑒! =
!
!

!!!!!!∗

!!!

!
!
!!!   (17) 

An average calibration residual is estimated as the ordinary arithmetic mean of the two metrics 
above.  

𝑒 = !!!!!
!

  (18) 

The relevant set of attributes is the one that minimizes the average calibration residual. Its 
corresponding utility function is the one used in the buyback simulation runs. 
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3. RESULTS  

Attributes are selected based on a literature review on the Multi-Attribute Utility Theory 
(Keeney and Raiffa, 1993) and the Theory of Planned Behavior (Ajzen, 1991), and include 
measures of profit, risk avoidance and management complexity avoidance. The ordinal utility 
function ranks alternative decisions and prevents correlation among attributes. The most relevant 
attributes (z!) in explaining the behavior of each agent are those displaying a higher parameter 
value (α!). In the case of the Segura River Basin, profit is the most relevant attribute in 55 AWDUs, 
while risk avoidance is the most relevant attribute in 7 AWDUs. Consistent with the literature, both 
attributes are relevant in explaining the behavior of all the 62 agents in the basin.  

The objective functions revealed are then used to assess agents’ response to a series of 
simulations, in which the water allocation constraint W! is progressively strengthened reducing the 
allotment from 1% to 50% at 1% intervals (g = 1, 2,… , 50). The baseline scenario without water 
reacquisitions used for the calibration of the objective function corresponds to g = 0. It is assumed 
that only surface water, groundwater and resources transferred from outside the basin are 
purchased; desalinated water and treated wastewater are excluded.  

The shadow price of water is estimated in every simulation run both as the foregone income and 
as the compensating variation that addresses foregone utility. The foregone income (FI!) is obtained 
from the change in the variable margin z! in two consecutive simulation runs:  

FI! =
!!,!∗ !!!,!!!∗

!!!!!!!
  (19) 

The compensating variation (CV!) is obtained as follows:  

CV! =
! !!!!∗ ,!!

!!!!!!!
  (20) 

where 𝑒 is an expenditure function representing the minimum amount of money agents would need 
to attain the utility level in g − 1 given a water constraint W!.  

The information above can be used to inform temporary and permanent buyback programmes. A 
benchmark for temporary reacquisitions can be readily obtained aggregating marginal purchase 
prices and dividing them by the total amount of water reacquired to obtain an annuity payment. A 
benchmark for the permanent purchase price of water can be estimated as the capitalized value of 
the shadow prices of water, using the capitalization rate of agricultural land as a reference (GRBA, 
2008). 
 

Table 1. Marginal and average water purchase prices and investment costs for selected environmental targets  
(3.7% capitalization rate) 

Target 
(hm3) 

Balance 
(hm3) 

Compensating variation Foregone income 
Marginal price 

(EUR/m3) 
Average price 

(EUR/m3) 
Investment (M 

EUR) 
Marginal price 

(EUR/m3) 
Average price 

(EUR/m3) 
Investment 

(M EUR) 
50 -194 1.14 0.58 28.9 2.94 1.33 66.5 

100 -144 3.30 1.37 137.2 4.51 2.65 265.2 
150 -94 4.42 2.22 332.9 6.91 3.67 550.9 
200 -44 6.03 2.89 578.9 9.93 4.73 945.4 
250 6 8.81 3.81 952.8 13.90 6.22 1,554.2 
300 56 11.63 4.91 1,474.1 16.56 7.78 2,333.2 
400 156 21.19 7.87 3,146.5 32.72 11.02 4,408.1 
500 256 38.39 11.56 5,781.5 52.77 18.08 9,041.4 

Results in Table 1 highlight again the relevant gap in compensation payments between the two 
methods. The use of a method that accounts for changes in utility instead of changes in income can 
reduce budgetary pressures (i.e. investment) between 28.5% and 56.4%, depending on the 
reacquisition target. Results validate the hypothesis of overcompensation in buyback programmes 



European Water 59 (2017)    267 

and stress the need for alternative modelling approaches to inform policy design, address agency 
costs and realize buyback welfare enhancing opportunities.  

Even fully accounting for agency costs, buyback programmes can be expensive. The 1980-2012 
average water balance in the Segura River Basin is estimated at -244 hm3/year. A water buyback 
program that targets the permanent purchase of 250 hm3 has a minimum estimated cost of 
EUR 952.8 million (compensating variation method). With a lower budget, the Restoring the 
Balance in the Murray-Darling Basin Plan had secured the permanent purchase of 803 hm3 as at 30 
April 2010 (DoEE, 2016). This illustrates the high value of water in the Segura River Basin. A 
more ambitious target aiming at enhancing environmental flows would demand a minimum 
investment of EUR 1,474.1 million (300 hm3 target), EUR 3,146.5 million (400 hm3 target), 
EUR 5,781.5 million (500 hm3 target) or EUR 11,960.3 million (600 hm3 target) (compensating 
variation method).  

4. DISCUSSION AND CONCLUSIONS  

Results are consistent with the (admittedly limited) scientific evidence in the area. By means of a 
PMP model and using an income compensation approach, Martínez-Granados and Calatrava (2014) 
find that the annuity payment necessary to buyback 68.7 hm3 of groundwater rights from irrigators 
in the western part of the basin‡ is EUR 0.71/m3. Using the model presented in this paper and 
focusing on groundwater resources in the same area, the annuity to achieve the 68.7 hm3 target is 
estimated at EUR 0.65/m3 with the foregone income method (consistent with the PMP single-
attribute approach), and EUR 0.35/m3 with the compensating variation method – suggesting again a 
bias towards overcompensation in single-attribute approaches. 

Water buyback experiences in the Segura River Basin have addressed more modest targets thus 
far; both in their quantitative and temporary scope (annual water purchases). Reacquisitions 
recovered 2.9 hm3/year in 2007 and 2008 at an average annuity payment of EUR 0.17/m3. Tenders 
targeted farmers in the upper stretches of the basin, in the Albacete Province (NUTS 3), and aimed 
at maintaining environmental flows in surface water bodies during a severe drought period (state of 
emergency). The annuity that results from applying the methodology above in this specific area§ to 
achieve the 2.9 hm3/year target is lower: EUR 0.10/m3 and EUR 0.12/m3 using the compensating 
variation and foregone income methods, respectively. This simulation accounts for the irrigation 
restrictions that apply during a state of emergency (-50% of the initial allocation). The difference 
between the estimated values and the annuity actually paid offers a first estimation of the agency 
costs incurred. High agency costs can be explained by the limited ex-post trading data available, 
which constrains government agencies to operate with limited information. While literature reports 
significant trading in the area, mostly beyond the control and supervision of institutions, only 35 
formal lease contracts totaling 10.1 hm3 took place in the Segura River Basin between 2000 and 
2005: less than .6% of annual withdrawals (Garrido et al., 2013).  

Further research can address the current limitations of the model. Alternative calibration 
procedures could be used, and results compared, to minimize calibration residuals and correct 
simulation bias. For example, the calibration procedure could minimize the distance between the 
position of the observed crop portfolio in the space of attributes and that of the efficient frontier. It 
is also possible to explore alternative functional forms and/or alternative/complementary attributes 
in the objective function of the agents to improve accuracy. For example, it could be informative to 
explore the role of climate, weather and market forecasts on agents’ behavior. At this point it is 
worthy of note the difficulty, if not impossibility, to fully model or interpret the relevant set of 
attributes, as we are bound by information constraints and our cognitive abilities. As a result, the 
calibration residual cannot be fully removed. On the other hand, a finite and manageable sample of 

                                                
 
‡ This area comprises AWDUs n. 60, 61, 63, 64, 65 and 68. AWDU n. 66 does not use groundwater and is excluded. 
§ This area comprises AWDUs n. 8, 9, 10, 12, 13, 14 and 15. AWDU n. 7 relies on groundwater only and is excluded.  
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attributes gives us useful insights for decision-making and more accurate modelling of agents’ 
behavior as compared to alternative approaches.  
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