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Abstract

We study the optimality of human groundwater extraction from many of the world’s 3,400 aquifers,
where institutional or market failures may produce non-optimal extraction decisions. We use
remote sensing and economic data to estimate a dynamic model of water extraction for each
aquifer, recover the discount factor that rationalizes observed groundwater extraction, and compare
it against Ramsey and market benchmarks. Three- to four-fifths of aquifers are extracted more
rapidly than is optimal, decreasing aquifer present value by several percent, and creating trillions
of dollars in present value welfare losses. Policies that guarantee users constant water quantities
indefinitely, through subsidies or prior appropriation, or policy rules that fully discount future
extraction, generate larger welfare costs. A sustainable extraction path that maintains current
fill forever generates meaningfully lower welfare than the optimal extraction path, because most
aquifer stocks are already inefficiently low.
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1 Introduction

Humans are rapidly depleting many of Earth’s natural resources. Hotelling (1931, p. 137)’s

description of the problem nearly a century ago still resonates today:

Contemplation of the world’s disappearing supplies of minerals, forests, and other ex-

haustible assets has led to demands for regulation of their exploitation. The feeling that

these products are now too cheap for the good of future generations, that they are being

selfishly exploited at too rapid a rate, and that in consequence of their excessive cheap-

ness they are being produced and consumed wastefully has given rise to the conservation

movement.

Debates about the optimality of resource consumption arise in part because net depletion of some

resources may be socially optimal.

We study these issues in the important setting of groundwater extraction. Groundwater sup-

plies 40% of the water used for global agriculture (Ojha et al. 2018; Rodell et al. 2018). In response

to falling water tables in some aquifers, governments in Arizona, California, Texas, Australia, India,

Iran, and elsewhere have begun debating or implementing laws to regulate groundwater extraction.

Leading media and policymakers highlight risks of excess depletion (O’Neill et al. 2023).

Priors vary on the efficiency of prevailing extraction. Because formal groundwater institutions

are uncommon and weak, many observers have the prior that most aquifers have a common pool

with many atomistic agents effectively acting myopically, that current groundwater levels are

below the social optimum, and that current extraction exceeds the optimum (Stavins 2011). We

are unaware of systematic tests of this prior. The existence of informal institutions that use many

approaches to achieve non-myopic extraction may temper this prior (Ostrom 1990; Meinzen-Dick

and Bruns 2024).1

We begin with a classic dynamic model of renewable resource extraction. Groundwater ex-

traction produces output using a technology with decreasing marginal product of water. Water

extraction is chosen to maximize the present discounted value of all future profits. Water extrac-

tion faces a tradeoff: consuming water today increases current profits at the expense of higher

future extraction costs, since current extraction lowers the future water table.

Applying the model quantitatively requires measuring three main terms. We calculate ground-

water extraction using remote sensing data. We estimate the marginal cost of groundwater ex-

traction as the product of the height that groundwater must be lifted from the aquifer to the

Earth’s surface and the energy cost per unit of lift height. We back out the marginal return

1These debates are longstanding; the first article in the first issue of the American Economic Review debated U.S. water use
policy (Coman 1911), and the centennial of that article emphasized that these debates have persisted (Libecap 2011; Ostrom
2011; Stavins 2011).
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to groundwater using production function estimates. Our remote sensing and economic data on

production inputs and outputs, climate, and geology over a decade describe many of the world’s

approximately 3,400 aquifers.

Data show that the marginal returns to groundwater typically exceed static marginal costs of

extraction. This rejects the hypothesis of myopia and suggests that extraction in most aquifers

implicitly considers future extraction costs.

We use the calibrated model for four purposes. First, we recover the “decision” discount

factor that rationalizes observed groundwater extraction in each aquifer. This discount factor

characterizes the impatience with which the representative agent extracts water from the aquifer,

so it provides a useful continuous measure of resource management. We compare it against two

benchmarks—a Ramsey discount factor (Ramsey 1928; Addicott et al. 2020) and the long-term

interest rate on low-risk government debt (Carleton and Greenstone 2022; Rennert et al. 2022).

This comparison of decision and benchmark discount factors helps assess the optimality of

current extraction. If institutional or market failures make the representative agent incompletely

internalize effects of water extraction today on future extraction costs, the decision discount factor

that the representative agent uses in choosing extraction may not equal the benchmark discount

factor that appears in the representative agent’s utility function. We find that 61% of the world’s

aquifers have decision discount factors below a Ramsey benchmark and 79% below a market

benchmark, implying that groundwater extraction in these aquifers exceeds optimal rates. Many

aquifers have decision discount factors within a few percent of benchmarks, so while excessive

extraction may be common, its welfare costs may not be extreme.

Although our model describes a representative agent for each aquifer, actual extraction in

most of the world’s aquifers instead has many individual farms, and even within an aquifer’s area,

different regions may have heterogeneous local institutions. We essentially ask what (potentially

non-optimal) extraction decisions by a representative agent would lead to the same outcomes that

we observe from actual decentralized management. We also find numerically that this discount

factor interpretation relates monotonically to the classic property-rights comparison of common

pool versus single-agent extraction.

Throughout the paper, we highlight four important case study aquifer systems: the Central

Valley Aquifer System in California, the Ogallala Aquifer in the U.S. Great Plains, the North

China Aquifer System, and the Indus Basin in South Asia. For example, we estimate that Cal-

ifornia’s Central Valley Aquifer System has a decision discount factor (i.e., revealed preference

from observed extraction decisions) of 0.89. We can also rationalize observed water extraction by

assuming that a continuum of atomistic water users use the Ramsey benchmark discount factor

but act as if 41% of future extraction costs depend on others’ common pool extraction.

Our second set of model-based calculations compares the current groundwater extraction path
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against the counterfactual path that would result from extraction under the benchmark discount

factor. We find that the median aquifer is in a steady state, but not the optimal one. In the

median aquifer, we find that actual current annual net extraction rates exceed the optimal rate

by 0.1% to 0.5% of aquifer capacity; this is a large change from the baseline, where the median

aquifer has 0.0% net extraction. Although zero net extraction characterizes the median aquifer,

most individual aquifers have non-zero net extraction. More importantly, the current fill level of

most aquifers is inefficiently low: although the median aquifer has zero net extraction (i.e., gross

extraction equal to recharge), its extraction is nonetheless above the optimal level because its stock

is below the optimal level. A transition path with diminished short- to medium-run extraction

would obtain a long-term steady state at higher fill and greater aquifer present value.

Third, we study the difference in the present value of social welfare between the current ex-

traction path and the extraction path reflecting the benchmark discount factor. We interpret

the difference as the cost of non-optimal resource management, potentially due to institutional or

market failures.

This welfare analysis shows that global aquifers are an enormously valuable asset: we estimate

a present value for all global aquifers of $103 trillion or more, comparable in magnitude to the

value of all publicly traded firms on the planet, at $117 trillion (OECD 2025), or global GDP, at

$111 trillion (World Bank 2023). Though we interpret this far-out-of-sample statistic cautiously,

since it compares against an extreme scenario of completely extracting every aquifer, its order

of magnitude illustrates the potentially large value of natural capital in this setting. The global

welfare loss due to non-optimal extraction represents 2.6% of aquifer present value. We discuss

reasons for the modest magnitude of this percentage welfare loss, including dynamic feedback

from higher future extraction costs, decision discount factors within a few percentage points of

benchmarks, and the “tyranny of discounting” (Pearce et al. 1989) whereby large resource losses

in the distant future have modest present values.

Fourth, we study the consequences of several other non-optimal but potentially realistic coun-

terfactual extraction paths—maintaining current gross groundwater extraction levels forever (‘con-

stant extraction’), extracting groundwater myopically, or maintaining current aquifer fill levels

indefinitely by consuming an amount equal to recharge in each year (‘sustainability’). Constant

extraction lightly echoes the Prior Appropriation doctrine in western U.S. surface water law (DWR

2019). Constant extraction could also result from government subsidies that fix real water prices

over time. Myopic extraction is equivalent to common pool atomistic agents using a discount

factor of zero. Zero net extraction resembles management policies that use quantity restrictions,

such as California’s Sustainable Groundwater Management Act.

All three counterfactuals are costly relative to the optimal extraction path, and the first two are

costlier than observed extraction. Under constant extraction, steady state extraction completely
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drains the stock of 30.8% of aquifers. Compared to extraction under the benchmark discount

factor, the constant extraction counterfactual generates $4 to $13 trillion in present value welfare

costs. Myopic extraction also imposes large welfare costs—in steady state, myopia completely

drains 10.1% of aquifers, and long-run marginal extraction costs under myopic extraction exceed

the marginal costs under current extraction more than three-fold. Myopia and constant extraction

generate welfare costs of 3.4% to 12.9% of aquifer present value. Under zero net extraction

(sustainability), no aquifers are fully drained. The welfare costs are smaller than in the other two

counterfactuals, though welfare remains below that of the optimal path because the sustainable

path does not let aquifers reach a steady state with higher fill.

As one test of model validation, we compare results using separate estimates from the first and

second half of our sample period. This includes comparing predicted extraction in the years 2010-

2016 from a model calibrated to the period 2003-2009 against actual remotely-sensed extraction

in 2010-2016. Across aquifers, model-based predictions of extraction from the second half of this

period have extremely high correlation with remotely-sensed actual extraction during the second

half of this period. Discount factors, estimated long-run fill, and estimated long-run marginal

extraction costs also have high correlation when estimated separately across the two periods.

We contribute to several literatures. We provide the first estimates of actual versus optimal

extraction paths and present discounted value for most of the world’s aquifers. Existing empirical

work typically studies a single aquifer or region with sufficient data (e.g., Timmins 2002; Hornbeck

and Keskin 2014; Fenichel et al. 2016; Ayres et al. 2021; Burlig et al. 2021; Berman and Hickok 2025;

Hadachek et al. Forthcoming). Many scholars conjecture from extraction trends or management

regimes that most global groundwater stocks are below optimal levels (Stavins 2011; Lawell 2016;

Montginoul et al. 2016; Edwards and Guilfoos 2021; Rodella et al. 2023; Zhao et al. 2024). We

provide a systematic test.

Our approach — interpreting remote sensing and economic data for many endowments of a

natural resource through a classic model of resource management — could apply to other resources,

complementing approaches that measure net capital depletion for resources with market prices

(Arrow et al. 2004) and empirical studies of how resource stocks respond to management regimes

for forests, wetlands, fish, biodiversity, and land (Burgess et al. 2012; Costello et al. 2016; Greenhill

et al. 2024; Frank and Sudarshan 2024; Aronoff and Rafey 2026). Our normative analysis of inter-

temporal water optimization builds on Carleton et al. (2025)’s positive analysis of inter-regional

water optimization. Their analysis studies how agricultural and trade policies affect observed

levels of water extraction, while ours focuses on a classic single-agent autarky model of resource

extraction paths. Our aquifer valuations can inform natural capital accounts (Prabhakar et al.

2023).

We also relate a new empirical measure of resource management to a classic theoretical litera-
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ture on extraction and the commons (Gordon 1954; Coase 1960; Dasgupta and Heal 1979; Ostrom

1990; Provencher and Burt 1993; Karp 2017; Dasgupta 2021). Where theory typically contrasts

two polar cases — common pool versus single-agent extraction (Levhari and Mirman 1980; Karp

and Sakamoto 2021) — we estimate the discount factor that rationalizes observed extraction,

which provides a continuous measure of management, maps directly to dynamic economics, and

relates monotonically to the property-rights interpretation.2

Our findings recall Gisser and Sanchez (1980)’s classic argument that the welfare gap between

common-pool and optimal groundwater extraction is small, though ours includes depletion, ex-

haustion, and lift constraints, features that can overturn their result (Koundouri 2004; Edwards

and Guilfoos 2021). Modest average losses here are therefore a result rather than a foregone con-

clusion. The low average cost of current practices also masks variation: some aquifers have losses

exceeding 10% of their value, and counterfactuals like myopia or constant extraction produce losses

several times larger than the current extraction path.

Our paper has important limitations. First, we follow a longstanding resource literature since

Hotelling (1931) of studying single-agent dynamic resource optimization; the conclusion discusses

the scope for work linking inter-temporal and inter-regional optimization. Second, in line with

many hydrological models, we study a single-cell geophysical model of an aquifer with vertical sides

and known depth. While we allow recharge, lift height, specific yield, capacity, and most other

empirical and model inputs to differ across aquifers, which capture some important components

of differences across aquifers that models of hydrodynamics within an aquifer and time period

generate, we abstract from spatial forces within an aquifer such as lateral flow and local cones

of depression, which are more complex to address globally. Third, we focus on the classic stock

externality of resource extraction, in which depleting a resource in the current period increases

marginal extraction costs in future periods. Groundwater aquifers can generate other externali-

ties—groundwater can interact with surface water availability, for example. We focus on the stock

externality since it has been central to policy and academic discussions of resource management

for decades, has close ties to theories of dynamic optimization, and has sufficient data to permit

quantification for most of the world’s aquifers.

We proceed as follows. Section 2 provides background. Section 3 describes the model. Section

4 discusses data. Section 5 explains model estimation and calibration. Section 6 compares decision

and benchmark discount factors. Section 7 studies resource management and welfare. Section 8

concludes.

2Quaas et al. (2012) estimate the shadow interest rate at which 13 European fisheries borrow from natural capital stocks, a
related concept to our estimate of the discount factor that rationalizes observed extraction.
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2 Background on Water Resources

Water resources come in several types. Groundwater fills underground aquifers, which can form

over millennia. Groundwater accounts for one component of total terrestrial water storage, which

includes moisture in soils and vegetation, snow, and surface waters. Surface waters (e.g., rivers

and lakes) lie above the Earth’s surface. Groundwater accounts for 20% of global freshwater.

Agricultural irrigation accounts for 70% of global groundwater extraction (Ojha et al. 2018). In

recent years, groundwater extraction has grown because it increasingly substitutes for surface

water. Analysts question this trend’s sustainability (Siebert et al. 2010; Rodell et al. 2018).

Most of the Earth’s land surface stores groundwater. A group of hydrological agencies identifies

3,424 distinct global aquifers, ranging from major basins to small and shallow aquifers (BGR 2025).

Aquifer systems combine nearby aquifers sharing geology and hydrology, where lateral water flow

may exchange groundwater slowly across aquifers (Miller 2003).

We choose the four case study aquifer systems mentioned in the introduction (Central Valley,

Ogallala, Indus, North China) given their importance by various metrics (Borunda 2022). For

example, they are four of the 37 “major” aquifer systems that some hydrologists highlight (Richey

et al. 2015a). Appendix A provides further background. Throughout, we briefly discuss the

Central Valley Aquifer System for a running illustration; additional details, including for the

Ogallala, Indus, and North China systems, appear in Appendix F.

Explaining aquifer terminology clarifies our analysis (Figure 1). Aquifer dynamics depend

on inflows and outflows, also called recharge and extraction. An aquifer’s storage volume or

reserves equal its current available water. Its capacity equals its maximum possible available water.

An aquifer’s level represents the current top of its water table. When gross extraction exceeds

recharge, reserves fall and water levels decline. Declining reserves increase the marginal cost of

water extraction because users must lift groundwater further, requiring more energy. Recharge

depends on rainfall, surface water runoff, and geology. Rainfall recharges an aquifer more in porous

rock; rainfall flows over non-porous rock as surface water runoff (e.g., streams). Water applied to

agriculture can also recharge aquifers as it flows through soil and rock.

Figure 1 also clarifies other aquifer attributes. Groundwater fills only part of an aquifer;

topsoil, rock, air, and other material fill the rest. Saturated thickness describes the vertical extent

of groundwater mixed with rock, soil, and air. Groundwater extraction ultimately depends on the

specific yield—the fraction of the saturated thickness that users can drain.3 Specific yield varies

within an aquifer by rock type and is below 100%, partly since molecular forces attract soil and

rock particles to water. Lower depths have lower specific yield (Sutanudjaja et al. 2018). Much of

our analysis considers groundwater availability, which equals surface area times saturated thickness

3We use the terms groundwater extraction, consumption, use, and depletion somewhat interchangeably.

6



times specific yield (i.e., extractable volume or fill) (Faunt 2009; Richey et al. 2015a). Capacity

equals maximum possible extractable fill. To measure capacity, we add the vertical distance from

bottom of the topsoil (just below the surface of the Earth) to the saturated thickness and multiply

by surface area and specific yield, as above.4

Consider a simple example: a cubic aquifer 10 m on each side whose top lies 10 m below the

ground. The aquifer occupies 1000 m3 of volume below the surface of the Earth; with a specific

yield of 0.5, half of that volume could hold extractable water, so its capacity is 500 m3. If the

saturated thickness is only 5 m—water fills only the bottom half of the aquifer—then groundwater

availability is 250 m3.

Groundwater extraction requires drilling into the aquifer’s saturated thickness to pump water

to the surface. Diesel or electricity typically power groundwater pumps. Pumping groundwater

can account for half of agricultural energy costs (Pradeleix et al. 2015). Pump costs depend on

lift height, energy prices, and pump efficiency. An aquifer at capacity has positive lift height since

users must pump groundwater through topsoil.

Groundwater institutions vary by region, though formal groundwater markets are rare (Car-

leton et al. 2025). California is unusual in recently beginning to enforce the Sustainable Ground-

water Management Act, which uses price, quantity, and other tools to decrease extraction of the

Central Valley Aquifer System. Many regions of India ration electricity as an indirect tool for

groundwater management (Ryan and Sudarshan 2022).

3 Model

This section explains the model and our use of it to measure welfare and estimate decision discount

factors. Appendix Table A.1 collects notation.

3.1 Model Description

A single agent manages each aquifer i. After observing the water available a at the beginning

of a period, the agent chooses how much water w to consume. Each period, aquifer i receives a

recharge quantity of available water ri. Gross extraction of water and recharge occur at constant

rates within each period. Without loss of generality, we measure a, r, and w ∈ [0, 1] as a fraction

of the aquifer’s capacity. Available water in aquifer i evolves according to the law of motion

a′ = min{a+ ri − w, 1} (1)

4Water in topsoil is typically not included in groundwater, though is part of total terrestrial water storage.
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Gross extraction w is limited to available water reserves plus recharge a+ri since the agent cannot

consume water from an empty aquifer.

Agent i produces a numeraire agricultural good using the following technology:5

yi = Zik
αlγwϕix1−α−γ−ϕi

i (2)

Here Zi represents total factor productivity, k is capital, l is labor, and x is land. We use i

subscripts for time-invariant and aquifer-specific variables and functions. Each period, the agent

in each aquifer chooses k, l, and w. We assume that capital and labor prices are fixed, that

the agent owns the land, and that current technology and preferences persist in future years.6

Sensitivity analyses include versions of w accounting for surface water and precipitation.7 The

water share ϕi may vary across aquifers with characteristics that affect water demand. Appendix

B shows that these assumptions imply the following profit-maximizing output for a given choice

of gross water extraction w:

yi(w) = ziw
ϕi/θ (3)

Transformed productivity zi is then a function of terms the agent treats as fixed:

zi = [Zix
1−α−γ−ϕi

i (α/pki )
α(γ/pli)

γ]1/(1−α−γ) (4)

The cost share of natural resources (water+land) is θ ≡ 1− α− γ . Appendix B also shows that

ignoring water costs, profit is

π̃i(w) = θziw
ϕi/θ (5)

The cost of water extraction reflects the energy needed to lift water to the surface. Let hi and

hi denote the aquifer’s minimum and maximum lift height, i.e., the lift height when the aquifer is

full or empty (see Figure 1). Because recharge and extraction occur at constant rates throughout

a period, for a period where initial water is a and gross extraction is w, mean lift height is

hi(a, w) = max

{
hi, hi +

(
1− a+

w − ri
2

)
(hi − hi)

}
(6)

5Much work assumes Cobb-Douglas agricultural technology, especially in micro settings (e.g., Gollin et al. 2014; Tombe 2015;
Donovan 2021; Chen et al. 2023), while some papers more focused on water assume a farm-level saturating response or Leontief
technology for water within crops (Berman and Hickok 2025; Carleton et al. 2025). Classic results identify settings under which
Leontief production by individual agents produces aggregate Cobb-Douglas technology (Houthakker 1955).

6Sufficient conditions for fixed factor prices would be that each aquifer is a small open economy with frictionless intra-national
factor mobility. The assumption of perfectly elastic labor supply is more plausible for the foreseeable smooth changes in water
extraction along a balanced growth path that we study than for a transition path in response to an unanticipated shock. Elastic
labor could also reflect surplus workers in agricultural areas, particularly in developing countries.

7We abstract from backstop technologies like desalination, which is rarely used for irrigation due to its considerable cost
(Zolghadr-Asli et al. 2023; Nargi 2024).
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When an aquifer has initial fill a, extracting w units of water has total cost

Ci(a, w) = cihi(a, w)w (7)

Here ci represents an aquifer-specific marginal cost per unit of water × lift height, reflecting

pump efficiency and energy prices. Given available water a and gross water extraction w, the

representative agent earns profit

πi(a, w) = π̃i(w)− Ci(a, w) (8)

The representative agent solves the following Bellman equation:

Vi(a; βi) = max
w≤a+ri

πi(a, w) + βiVi(min{a+ ri − w, 1}; βi) (9)

The discount factor βi, which plays a central role in our analysis, describes the representative

agent’s patience in making consumption decisions, given market or institutional failures like weak

property rights. Our notation therefore emphasizes the value function’s dependence on βi, which

we assume is time-invariant for each aquifer, though we do empirically test for its changes over

time within our analysis period. The second term on the right-hand side of (9) represents the

continuation value, which depends both on the agent’s current choice of water extraction w and

on recharge ri. The agent faces a tradeoff—increasing water consumption may raise both current

profits and future extraction costs, decreasing future profits, since current extraction raises the

cost of future extraction. We let w∗
i (a; βi) denote the optimal policy function of (9).

We use the first-order condition of equation (9):

∂π̃i(w)

∂w
≥ ∂Ci(a, w)

∂w
+ βi

∂Vi(min{a+ ri − w, 1}; βi)
∂a

(10)

Equation (10) holds with equality for an interior solution where w < a + ri, and has an intuitive

interpretation—the left-hand side represents the marginal revenue from extracting w units of water,

while the right-hand side represents the marginal cost of extraction. The marginal cost includes two

terms—the current marginal cost ∂Ci(·)/∂w and the discounted marginal dynamic cost βi∂Vi(·)/∂a.
One could think of our quantitative approach later in the paper as using calibration and estimation

to find values for all components of equation (10) besides the discount factor βi, and then inferring

the decision discount factor as the value which makes this first-order condition (10) rationalize

observed data.

While equation (9) characterizes the value of the optimal consumption path, we can also

value arbitrary, non-optimal consumption paths. Let w = {wit}∞t=0 represent an arbitrary water
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consumption path satisfying the feasibility constraint wit ≤ ait + ri, given initial water level a0.

The value Vi of this arbitrary consumption path, discounted at βi, equals the present discounted

value of future profits:

Vi(w, a0; βi) =
∞∑
t=0

βt
iπi(ait, wit) (11)

Here the law of motion (1) determines the path of water availability {ait}∞t=0. Let w
∗
i (a0; βi) denote

the optimal gross water extraction path when initial fill is a0 and the discount factor is βi. The

value of the optimal water extraction path equals the solution to (9):

Vi(w
∗
i (a; βi), a; βi) = Vi(a; βi)

Section 6.4 compares our discount factor interpretation of βi to the literature’s discussion of

common pool versus single agent extraction.

3.2 Welfare Analysis

Welfare Loss from Non-optimal Discounting

We calculate the welfare loss from the current extraction path as the difference in the present

value of aquifer profits between the extraction path under the decision discount factor βd
i and

the extraction path under the benchmark discount factor β∗
i that the representative agent would

use in the absence of institutional or market failures.8 Failures of property rights, common pool

management, or political discount rates may lead to inefficiently rapid discounting (βd
i < β∗

i ).

The welfare cost of the potentially non-optimal current extraction path, expressed as a fraction

of the maximum aquifer value, is

ωi =
Vi(ai0; β

∗
i )− Vi(w

∗
i (ai0; β

d
i ), ai0; β

∗
i )

Vi(ai0; β∗
i )

(12)

Later we estimate ωi for each aquifer. To calculate ωi, we solve the agent’s problem (9) to

obtain the maximum value of an aquifer Vi(ai0; β
∗
i ) under the benchmark discount factor β∗

i . We

also solve (9) with the decision discount factor to obtain the current extraction path w∗
i (ai0; β

d
i ).

Evaluated using the benchmark discount factor β∗
i , the current water extraction path generates

value Vi(w
∗
i (ai0; β

d
i ), ai0; β

∗
i ) and the aquifer’s estimated value under the current extraction path

8We call this discount factor the benchmark rather than the optimal discount factor partly to avoid confusion because given
any discount factor, we solve for the optimal consumption path. Additionally, a preference parameter like the discount factor
is not usually interpreted as an object that is optimized. Behavioral analysis of decision versus experienced utility (Kahneman
and Sugden 2005) has a parallel to our comparison of decision versus benchmark discount factors.
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will be less than the maximum possible value: Vi(w
∗
i (ai0; β

d
i ), ai0; β

∗
i ) < Vi(ai0; β

∗
i ).

9

3.3 Recovering Discount Factors

We use value function iteration to solve the agent’s problem, recover the decision discount factor

βd
i for each aquifer i, and calculate welfare consequences of non-optimal discounting; Appendix

C.1 presents the algorithm, and we summarize here. Given an arbitrary candidate discount factor

βi, we solve the agent’s dynamic water extraction problem (9). This solution reveals the agent’s

choice of water extraction at the aquifer’s current observed water level, w∗
i (ai0; βi). We find the

decision discount factor βd
i ∈ [0, 1) such that the model-implied water extraction w∗

i (ai0; β
d
i ) equals

current observed water extraction wi. If no feasible decision discount factor βd
i ∈ [0, 1) exists that

matches observed water extraction, we exclude the aquifer from analysis, though a sensitivity

analysis includes these aquifers with the closest feasible discount factor.

The estimated policy function w∗
i (a; β

d
i ) describes how much water the representative agent of

aquifer i consumes given beginning-of-period stock a and the decision discount factor βd
i . We then

iterate forward on the law of motion (1), beginning with the observed stock in data ai0, to obtain

model-predicted paths of water extraction, aquifer level, profit, and extraction costs T periods

into the future: {wit, ait, πit, ecit}Tt=0. Our numerical analysis iterates out to T = 1, 000 periods in

the future. We verify ex-post that water levels in all aquifers converge by this period.

4 Data

Applying the model requires measuring three groups of objects for each aquifer: the physical state

and flow of groundwater; the marginal return to groundwater in production; and the marginal cost

of extraction, plus benchmark discount factors. Sections 4.1–4.4 describe the data behind each;

Section 5 converts them into model inputs. Appendix D provides further details and Appendix

Table A.2 summarizes data sources.

Several measurement conventions apply across our datasets. For gridded datasets, we take

an unweighted average of gridpoints within each aquifer × year. We deflate all values to 2023

dollars using the U.S. GDP implicit price deflator (FRED 2024). Given aquifer capacity κi, for

any water quantity, we let qi denote its value as a share of capacity and q̃ ≡ qiκi its absolute level

in m3. For example, w represents gross water extraction as a share of aquifer capacity, while w̃

represents gross water extraction in m3. Similarly, we measure aquifer recharge ri and fill ai as

9The representative agent could have chosen the estimated water consumption path, since it is feasible. Evaluated using the
benchmark discount factor β∗

i , no feasible water consumption path can yield value above Vi(ai0;β
∗
i ).

11



a share of capacity.10 We analyze all data at the annual level, since most of our data lack sub-

annual frequency. For data reported by country, we calculate the value for each aquifer that spans

international borders as the weighted mean across countries, with weights equal to the share of the

aquifer’s area in each country. For the case study aquifer systems, we aggregate the aquifer-level

data as the weighted average across component aquifers, using the share of each aquifer in the

total area of the system as weights.

The final analysis dataset has 38,822 observations on 2,773 aquifers over the years 2003 to

2016.11 Many analyses exclude aquifers with limited agricultural activity (i.e., less than 1%

cropped area). To reduce noise from individual years, the main results use the 2003-2016 mean

of all variables. Some results distinguish the 37 major aquifer systems, which have large surface

area that increases the precision of remotely sensed inputs (Richey et al. 2015a).

4.1 Data: Groundwater

To measure the annual change in the height that water from each aquifer must be lifted ∆hit, we use

the Gravity Recovery and Climate Experiment (GRACE). Appendix D.1 describes data cleaning,

including a scaling factor to reduce noise, calculating annual changes, separating groundwater

from total water, and linking grid points to aquifers.

To measure mean annual recharge r̃i and surface area si, we use BGR (2025), a repository

that harmonizes groundwater data from several hydrological research groups. To apply the law

of motion of groundwater in the absence of annual recharge data, we assume that an aquifer’s

annual recharge equals its mean over previous years, echoing some hydrological models (Siebert

et al. 2010; de Graaf et al. 2015). A sensitivity analysis obtains an estimate of time-varying

recharge by applying a proportionality assumption between observed time-varying precipitation

and unobserved time-varying recharge, an idea related to Rodell et al. (2018).12

To measure the saturated thickness Ti,2013 of each aquifer in the year 2013, we use a widely-used

global hydrological model (WaterGAP, from de Graaf et al. (2015)). To calculate the saturated

thickness of each global aquifer, the authors use a global hydrogeological model parameterized

using terrain geometry and lithology. Comparisons of model-derived estimates with observational

data in selected areas where they are feasible have a correlation of 0.85 − 0.87 for the preferred

model parameterization. Estimates of saturated thickness and, by extension, aquifer capacity that

are based on observed aquifer properties improve upon capacity estimates from previous literature

that assume constant values for inputs like specific yield across space (de Graaf et al. 2015; Richey

10We use this notation only for variables measured in terms of m3. For variables in levels or area, such as height h or surface
area s, we do not scale by capacity, so h represents height in m and s represents area in m2.

11We therefore refer to the 2003-2016 data as either the current or baseline level.
12For example, this sensitivity analysis seeks to reflect the extent to which floods, droughts, and other weather drive variation

in groundwater recharge and depth.
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et al. 2015a). Specific yield varies widely across aquifers (Appendix Figure A.1, Panels A and B).

We assume topsoil thickness Hi, specific yield Yi, surface area si, and the maximum lift height h̄i

are time invariant.

We use estimates of lift height hi,2008 for each aquifer in the year 2008 from Fan et al. (2013).

They calculate lift height data from 1.6 million global observations of water table depth, sup-

plemented with a groundwater model. We assume the minimum lift distance hi equals topsoil

thickness Hi.

One summary statistic previews a central result of the paper: net extraction as a share of

aquifer capacity equals 0.0% and 0.1% for the median and mean aquifer (Table 2), consistent with

the near-zero mean overall net trend in fresh water availability in arable land (Carleton et al. 2024).

The distribution is somewhat symmetric around zero (Appendix Figure A.2, Panel B). Since any

long-run extraction path ends with a steady state that has zero net extraction, one summary of

our results is that the average aquifer is in a steady state (zero net extraction), though perhaps

not the optimal one.

4.2 Data: Production

We use proxies for output yit to estimate production function parameters and productivity. We

use gridded nighttime luminosity data from Li et al. (2020), in units of an index they construct.

We report sensitivity analyses that separate records from two satellites they combine; we also use

gridded data on purchasing power-adjusted GDP covering a subset of our time period (Kummu et

al. 2018). These data rescale official subnational GDP per capita statistics by gridded population,

so they approximate spatial variation in GDP within a region. These measures all have the

advantage of proxying all economic activity that may benefit from water, not only crop yields.

We combine two sets of records to measure y′i(w̃i), the marginal return to an additional unit of

groundwater in agricultural production, which is isomorphic to the willingness to pay for ground-

water. We obtain gridded data on unit production of 26 common crops from the Global Agro-

Ecological Zones (GAEZ) project (FAO and IIASA 2024). GAEZ uses agronomic models and

high-resolution data on hydrogeological characteristics to predict yields under different growing

conditions; much economic research uses it (e.g., Alesina et al. 2013; Costinot et al. 2016; Montero

and Yang 2022).

We link the shares of crops in total production from GAEZ to estimates of the marginal return

to an additional unit of groundwater in agricultural production for individual crops from D’Odorico

et al. (2020). They obtain these estimates from agronomy models on increased crop production

in irrigated land relative to rain-fed conditions, for 16 different crops.
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4.3 Data: Inputs and Costs

To measure and instrument for capital and labor in production function estimates, we use factor

quantities and prices. We use population and the employment share in agriculture from the World

Bank (2023) to measure labor lit. We measure capital stocks kit from the Penn World Tables

(GGDC 2022). We measure wages from the International Labor Organization (ILO 2023). To

adjust for differences in human capital, we multiply wages by e−0.06Hc , where Hc is mean years

of schooling in country c, measured from the World Bank’s World Development Indicators, as in

Eaton and Kortum (2002). We obtain data on interest rates used in monetary policy from the

International Monetary Fund (IMF 2023). While we observe these variables at the country rather

than aquifer level, as controls in some specifications of the production function estimates, they

play a less direct role in our welfare and counterfactual analyses than aquifer management data

like annual extraction.

To calibrate groundwater extraction costs, we use data on electricity prices ei from IEA (2021)

and pump efficiency ξ. We obtain estimates of annual industrial electricity prices by country,

averaged over years 2003-2016 (Appendix Figure A.3). Industrial energy prices provide the closest

metric to agricultural prices that is available for all countries.13 Engineering estimates of pump

efficiency range from 35% to 85%, with estimates centered around 60% (Pradeleix et al. 2015;

Martin-Candilejo et al. 2020). Our main results use the estimate of 54% from Burlig et al. (2021)

based on groundwater pump microdata from California. Our main results measure energy costs

from electricity prices given the absence of data from most countries on pump energy source,

though a sensitivity analysis uses estimates of country-specific energy sources for groundwater

pumping as well as energy-source specific estimates of pump efficiency (Qin et al. 2024).

As weather and geology controls and instruments, we use gridded data on climate and geology.

We measure precipitation and temperature Xit from the Climate Research Unit at the University

of East Anglia (Harris and Jones 2019). We measure rock porosity and permeability from the

high-resolution Global Hydrogeology Maps (Gleeson et al. 2014) and follow their assumption that

soil porosity and permeability are fixed (see also de Graaf et al. (2015) and Richey et al. (2015a)).

We use gridded cropland data from Ramankutty et al. (2008) to identify aquifers with limited

agricultural activity. We compute the share of each aquifer that is covered by cropland by taking

aquifer-averages over the share of each pixel that is cropland. We classify an aquifer as low

agriculture if less than 1% of its area is cropped, and exclude low agriculture aquifers from parts

of the analysis.

13In the U.S. at least, some farmers pay industrial electricity rates (EIA 2014). In other cases, electricity prices for agriculture
can vary substantially from electricity prices for other sectors, depending on agricultural subsidies, time of use or seasonal pricing,
or nonlinear pricing (Badiani-Magnusson and Jessoe 2018). Industrial prices to some extent proxy for marginal cost, which is
ultimately the relevant variable to the planner rather than subsidized market prices.
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4.4 Data: Benchmark Discount Factors and Others

The benchmark discount factor β∗
i represents the value the representative agent would use for

resource management decisions in the absence of institutional or market failures. It is also the

discount factor that the representative agent experiences in utility terms. Ramsey (1928) proposed

the normative discount factor β∗
i = 1/(1 + di + ηigi). Here di represents the pure rate of time

preference (the discount rate on utility), ηi is the elasticity of the marginal utility of consumption,

and gi is the growth rate of consumption per capita.

We use estimates of β∗
i from Addicott et al. (2020), who calculate the utility discount rates

implied by data on age-specific mortality rates and life expectancy for most countries. They

combine these with estimates of the elasticity of the marginal utility of consumption and the rate

of consumption growth from Drupp et al. (2018). They estimate Ramsey discount factors between

0.93 and 0.97 for most countries (Appendix Figure A.3, Panel B). The mean aquifer has a Ramsey

discount factor of 0.95 (Table 1).

We also use a benchmark market-based discount factor of 0.98. This reflects long-term rates

of low-risk government debt and other low-risk assets and prevailing views on the risk-free rate

(Giglio et al. 2015; Drupp et al. 2018; Carleton and Greenstone 2022; Rennert et al. 2022; Bauer

and Rudebusch 2023).

We present most results for both the Ramsey and market discount factors, since they have

different advantages. Some maps only show the Ramsey benchmark since it varies by aquifer while

the market rate does not.14 The Ramsey discount factor also has an explicit welfare foundation

though it requires careful calibration and has faced longstanding debates. The market benchmark

is simple, uniform across countries, and increasingly used in climate change economics.

Finally, as correlates for the decision discount factors that we recover for each aquifer, we use

data on GDP per capita, regions with formal or informal water markets, the extent of democracy,

and other variables (see Appendix D.5).

5 Parameter Estimation and Model Calibration

This section explains how we use our data to apply the model quantitatively.

14While long-term interest rates on government debt vary by country due to risk, we adopt the standard assumption that
different countries have the same risk-free long-term interest rate. For example, although Zimbabwe’s debt has higher interest
rates than U.S. debt, both countries have the same relevant risk-free rate.
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5.1 Calibration: Aquifer Characteristics

This subsection converts the hydrological data into the model’s state variables — fill a, capacity

κ, and lift height h — using accounting identities implied by the model. The starting point is

water available in each aquifer ãi,2013 in the year 2013, the product of saturated thickness, specific

yield, and surface area:15

ãi,2013 = Ti,2013Yisi

The annual change in available water is then the product of aquifer area, specific yield, and the

change in aquifer height, where a rising lift height translates into decreasing available water:

∆ãit = −siYi∆hit (13)

Equation (13) effectively assumes that aquifers have vertical sides, following some hydrological

research (Rodell et al. 2007, Rodell et al. 2009, and Richey et al. 2015a). Gross annual ground-

water extraction w̃it from each aquifer in m3 equals recharge minus the change in available water,

reflecting the law of motion in (1):

w̃it = r̃i −∆ãit (14)

Iterating forward on the law of motion (1) then yields the available water (i.e., fill) ãit in each year,

with the annual change in available water ∆ãit taken from (13). The recursion begins from baseline

fill ãi,2013, the year in which we can recover fill directly from the observed saturated thickness data:

ãit+1 = ãit +∆ãit (15)

An analogous recursion, beginning from observed baseline values hi,2008, yields lift height in each

aquifer×year:

hit+1 = hit +∆hit (16)

Maximum possible lift height is the sum of current lift height and saturated thickness:

h̄i = hi,2013 + Ti,2013

Finally, each aquifer’s capacity is the product of the aquifer’s maximum possible lift height, less

topsoil thickness, with surface area and specific yield:

κi = (h̄i −Hi)siYi (17)

15Richey et al. (2015a), who also estimate aquifer capacity, use a stronger assumption of a uniform specific yield of 1% across
all aquifers, based on prior estimates of the specific yield of subsurface rock. We allow specific yield to vary across aquifers and
to differ from 1% in some cases, though the median estimate is 1%.

16



Log capacity varies considerably across aquifers (Appendix Figure A.1, Panels C and D).16

5.2 Estimation: Production Functions

Methods

We use versions of the following equations to estimate production function parameters:17

yit = Zitk
α
itl

γ
itw

ϕi

it (18)

Zit = eΓXit+φi+ζt+εit (19)

Equation (18) allows for annual input variation in the technology from (2), and lets time-varying

technology Zit subsume land xi. In (19), productivity combines temperature and precipitation

Xit, soil, quality and other time invariant characteristics φi (including and subsuming land xi),

an annual global productivity disturbance ζt, and an idiosyncratic shock εit.

Combining (18) and (19) then taking logs gives

log yit = α log kit + γ log lit + ϕi logwit +X
′

itΓ + φi + ζt + εit (20)

The model-based analysis of welfare and counterfactuals in Sections 6 and 7 primarily uses two

parameters from equation (20)—the water elasticity ϕi and the resource share θ ≡ 1− α− γ.

Estimating equation (20) faces two main challenges. First, no data report aquifer-level output,

so yit is unobserved. We proxy for it using remotely sensed nighttime luminosity ȳit and, for a

subset of years, gridded GDP.18 Second, OLS estimates of the input elasticities are likely biased.

Measurement error can arise in remotely sensed data, which are typically smoothed averages of

multiple images (Donaldson and Storeygard 2016; Proctor et al. 2023). Omitted variables bias is

a classic concern in production functions, since the agent may observe productivity shocks that

the econometrician does not (Marschak and Andrews 1944).

We therefore instrument for water, capital, and labor. The first stage equation for (20) is

16Capacity has more uncertainty than our other data inputs because it depends on saturated thickness, which is not directly
observed. Older studies assume a uniform specific yield and maximum depth for all aquifers, producing a wide range of capacity
estimates (Richey et al. 2015a). We instead follow recent work that combines hydrological models with observational data on
well depths and rock characteristics (de Graaf et al. 2015).

17Market prices of water provide an alternative possible estimate of the marginal valuation of water resource, but water markets
are rare globally and markets that do exist suffer from substantial market frictions.

18In our model of final and no intermediate goods, GDP equals output. We assume that the log of true output equals an
aquifer-specific multiplier χi of nighttime luminosity plus normally-distributed measurement error, log yit = χi log ȳit + υit.
Richer machine-learning estimates of gridded GDP (e.g., Rossi-Hansberg and Zhang 2025) are only available beginning in 2013,
limiting overlap with our groundwater data.
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log bit = Z
′

itΛ +X
′

itΨ+ µi + δt + uit (21)

Here bit ∈ (kit, lit, wit) is endogenous and Zit are instruments. To instrument for water, we use two-

and three-period lags of precipitation and temperature and their interactions with soil permeability

and porosity: through the law of motion, lagged weather determines current lift height and thus

current extraction costs, with larger effects in more porous aquifers (Kotchoni et al. 2019). For

capital and labor, we use up to three-period lags of interest rates and wages, following common

practice in production function estimation (Pindyck and Rotemberg 1983; Ackerberg et al. 2015;

Doraszelski and Jaumandreu 2018). Identification requires that lagged input prices and lagged

weather be uncorrelated with current shocks to aquifer productivity.19

Implementation follows standard practice. We select instruments and weather controls (from

among precipitation, temperature, their squares, and logs) using post-double-selection lasso (Bel-

loni et al. 2012). Extensions estimate heterogeneous returns ϕi = ϕ+ψνi using aquifer character-

istics νi such as GAEZ measures of the return to irrigation, and cluster standard errors by aquifer.

Sensitivity analyses also measure w with groundwater alone or combined with surface water, and

control for precipitation directly.

Results

In first-stage regressions of groundwater extraction, capital, and labor on the instruments, lasso

selects lagged precipitation, temperature, wages, and interest rates as instruments, including some

interactions (Appendix Table A.3). The first stage Kleibergen–Paap rk Wald F-statistic exceeds

the critical value for a reduction in bias of at least 90% in the instrumental variables estimates

with our three endogenous variables and the twelve selected instruments (10.01) (Stock and Yogo

2005). Given the observed instrument strength, we also report model results calibrated to match

production function values from existing literature.

The estimates find moderate importance of water for output (Table 3). Our preferred speci-

fication, in column (4), implies a groundwater elasticity ϕ of 0.10 and a resource share θ of 0.51.

Although the model does not directly use the land share, we also report the land share implied by

constant returns, θ − ϕ, as an informative benchmark. The OLS estimate of the water elasticity

in column (1) is small, consistent with attenuation from measurement error and omitted variables

bias.20 Instrumenting for groundwater raises the elasticity (columns 2 and 3); our preferred spec-

19Some papers use current input prices as instruments, which is valid if aquifer-specific productivity is uncorrelated with
aggregate demand. Because many aquifers produce significant output of specific crops, potentially challenging this assumption,
we use lags.

20For example, regional adoption of drought-resistant seeds would raise output while reducing water extraction, biasing OLS
downward.
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ification in column (4) also instruments for capital and labor. Column (5) shows that calibrating

the land share from the literature (Gollin and Udry 2021; Ryan and Sudarshan 2022), rather than

estimating it, yields a capital + labor share of 0.40 rather than 0.49. Finally, the water elasticity

varies with the value of irrigation: an aquifer at the top of the GAEZ irrigation-return distribution

has a groundwater elasticity of 0.35, versus 0.11 at the median (column 6).

Comparison benchmarks are scarce because few production estimates account for water. Ryan

and Sudarshan (2022)’s analysis of farmers in the Indian state of Rajasthan, one exception, esti-

mates water input shares of 0.04 to 0.18, and labor + capital shares of 0.42 to 0.54. While our

preferred instrumental variables estimates of 0.10 for the water share and 0.49 for the labor +

capital share are in the middle of this range, the settings of course differ.

Appendix E discusses alternative production function estimates. Higher cropland, irrigation,

and agricultural dependence predict higher returns to water (Appendix Table A.4). Alternative

measures of output obtain estimates of the parameters ϕ and θ loosely centered around the main

estimates, as does including surface water in total water inputs (Appendix Table A.5).

5.3 Calibration: Productivity

Applying the model quantitatively requires an estimate of transformed productivity zi from equa-

tion (4), not only the production function parameters. We assume nighttime luminosity is pro-

portional to GDP but does not numerically equal output in each aquifer, so we cannot directly

use the production function estimates alone to measure productivity zi.

We instead calculate transformed productivity as follows. Differentiating the production tech-

nology (3) with respect to water and solving for productivity gives

zi =
θκ

ϕi
θ
i y

′
i(w̃i)

ϕi(w̃i)
ϕi
θ
−1

(22)

To calculate zi, we use empirical analogues to each term in (22). Data report capacity κi and

gross water extraction w̃i. Table 3 estimates the water and resource shares ϕ and θ. We calculate

the marginal return to groundwater y′i(w̃i) as the weighted sum of the crop-specific marginal

returns from D’Odorico et al. (2020), weighted by each crop’s share of production from GAEZ.21

y′i(w̃i) = Σcσic × vc

Here σic is the share of crop c in total agricultural production of aquifer i and vc is marginal

21D’Odorico et al. (2020) calculate the crop- and continent-specific value of water as the increase in crop production due to
additional irrigation water ∆yi/∆w̃i, which provides a secant approximation to our derivative. They also multiply unit output
by prices, while we interpret the output as numeraire.
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groundwater revenue for crop c.

The marginal returns to groundwater vary by aquifer (Figure 2, Panel C). Areas with little

agriculture, like the Sahara, have low marginal returns. Regions with productive staples, like the

Midwestern U.S., have moderate marginal returns. Areas with high value crops, like almonds and

fruit in California’s Central Valley, have high marginal returns.

5.4 Calibration: Cost Function

We measure the marginal cost of groundwater extraction by estimating the cost function (7).

Following engineering practice (Robinson 2002; Pradeleix et al. 2015; Martin-Candilejo et al. 2020),

we measure the total extraction cost of lifting wi cubic meters of groundwater to the surface from

(7) as the height hit in meters that the water is lifted times an aquifer-specific engineering cost ci

and extraction wi. This cost depends on pump efficiency ξ, electricity prices ei, and a constant ρ

reflecting flow rate, gravitational acceleration, and water density:22

ci =
eiρ

ξ
(23)

As discussed above, we calibrate pump efficiency and the physical constant to Burlig et al. (2021),

though a sensitivity analysis allows fuel type, price, and pump efficiency to vary by region.23

The marginal cost of lifting one cubic meter of groundwater to the surface, ci × hit, varies by

region (Figure 2, Panel E). The Western U.S. and Western Australia have relatively high lift costs;

regions with cheap energy like the Middle East and Russia have lower costs. Panel F shows that

most lift costs range between $0.01 and $0.04/m3. Lift height has a far more skewed distribution

than electricity prices, and therefore drives more of the dispersion in marginal extraction costs

(Appendix Figure A.3, Panels D and F).

5.5 Model Validation

The model has good out-of-sample fit: estimated on data from 2003–2009, it predicts extraction

in 2010–2016 with a correlation above 0.95 against remotely sensed actual extraction (Figure 7,

Panel A). Most points in the binned scatterplot lie near the 45-degree line, so the predictions are

essentially unbiased as well as accurate.

A second, somewhat weaker test asks whether the model recovers similar results for an aquifer

22Engineering models have a mixed record in predicting realized costs in complex settings like residential energy efficiency
(Fowlie et al. 2018; Burlig et al. 2020; Davis et al. 2020). The physics of lifting water is far simpler, however, and more amenable
to calculation; results are also similar under region-specific fuel types and pump efficiencies (Appendix Table A.8, column 5).

23Since in the model Ci(a,w) is the extraction cost per unit of aquifer capacity, rather than m3, we multiply (23) by aquifer
capacity κi to link the model with data.
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when fit separately to each half of the sample. It does (Figure 7, Panels B through D). Across

aquifers, the correlation between the two periods’ estimates exceeds 0.95 for decision discount

factors and welfare losses, and is 0.77 for long-run fill.

These tests have an important limitation: available remote sensing data permits validation

only seven years ahead, while our counterfactuals extend much further, so strong fit here does not

guarantee accuracy over the horizons that matter for welfare. Still, a misspecified model would

likely produce biased or inaccurate seven-year forecasts, and this model does not.

6 Results: Discount Factors

This section presents the decision discount factors that rationalize observed extraction in each

aquifer, and compares them against the Ramsey and market benchmarks.

6.1 Graphical Explanation of Decision Discount Factors

A graph clarifies how the model estimates the decision discount factor that rationalizes an aquifer’s

extraction path, using the Central Valley Aquifer System as an example (Figure 3). The horizontal

axis describes gross groundwater extraction as a share of aquifer capacity (w). The vertical axis

describes marginal revenues or marginal costs in $/m3. The thick downward-sloping marginal

revenue curve, ∂π̃i(a, w)/∂w, shows how current groundwater extraction affects current profits.

The positive value of this line reflects the return to water extraction, while the downward slope

reflects decreasing returns to water. The dashed upward-sloping marginal cost curves show the

marginal cost of extraction under different discount factors, including the stock externality that

extracting groundwater today increases extraction costs in future periods. The benchmark β∗
i

in orange crosses describes market discounting. The benchmark β∗
i in yellow triangles describes

Ramsey discounting. The purple squares describe the estimated decision discount factor βd
i . The

green asterisks show the myopic scenario, where βi = 0. The vertical dashed line shows observed

gross water extraction w.

Interpreted graphically, our estimation algorithm essentially recovers the decision discount

factor βd
i as the value which makes the marginal revenue and cost curves intersect at observed

water consumption w (Figure 3). Myopic extraction has the lowest marginal cost curve because it

ignores future costs. Larger discount factors shift marginal costs upwards, by accounting more for

future costs due to the greater future lift heights that current extraction causes. Policy functions

then map aquifer fill to water consumption (see Appendix F.5 and Appendix Figure A.5).

In the Central Valley, the Ramsey and market benchmark factors exceed the decision discount

factor, since the triangles and crosses lie above the squares (Figure 3). This implies that current
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extraction exceeds the optimal level.

6.2 Describing Decision Discount Factors

Estimated decision discount factors vary widely (Figure 4, Panel A). Most North American aquifers

have relatively low decision discount factors, though the Ogallala Aquifer in the U.S. Great Plains

does not. Aquifers in South Asia and Australia also have low decision discount factors; parts of the

Middle East and West Africa do not. The major aquifer systems have a similar range of decision

discount factors (Appendix Figure A.6).

The mean and median aquifers have decision discount factors of 0.86 and 0.92 (Table 2, Panel

A). Because the benchmark market discount factor is 0.98 and most Ramsey discount factors

are between 0.93 and 0.97, aquifers are split between having discount factors well below these

benchmarks and having a discount factor somewhat near these benchmarks. Few aquifers have a

decision discount factor below 0.50. The aquifers with decision discount factors in the ballpark

of these benchmarks will contribute to our subsequent finding that the welfare losses from excess

extraction are not enormous as a percent of aquifer present value for the mean aquifer. Weighting

across aquifers by crop value, GDP, or population gives a similar range (Appendix Table A.6).

Our estimate that decision discount factors for most aquifers substantially exceed zero implies

that most aquifers are far from myopia.

These decision discount factors have sensible correlations with other variables (Appendix Table

A.7). Aquifers with higher marginal returns have higher decision discount factors; richer and

more democratic countries have lower discount factors, consistent with decentralized common-

pool extraction; and some evidence suggests aquifers in countries with formal water markets have

higher discount factors.

6.3 Comparing Decision and Benchmark Discount Factors

Most aquifers have decision discount factors 2.5 percentage points or more below their Ramsey

benchmark (Figure 5, Panel A). Parts of East Asia, the Middle East, and Sub-Saharan Africa do

not. The similar geographic patterns in Panel A of Figures 4 and 5 suggest that most of these

patterns reflect spatial patterns of decision discount factors rather than spatial patterns of Ramsey

benchmark discount factors. This finding echoes the low correlation between decision and Ramsey

discount factors discussed earlier.

We do estimate large gaps between some decision and benchmark discount factors (Figure 5,

Panel B). While the modal difference is close to zero, many aquifers have decision discount factors

far below the benchmark. A few aquifers also have decision discount factors slightly above the

benchmark, potentially due to distortions in markets for factors or intermediates. The share of
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aquifers with a discount factor below the benchmark is 61.0% with the Ramsey benchmark and

79.0% with a market benchmark (Table 4). These shares are moderately higher when weighted

by aquifer capacity.

Decision discount factors are 2 versus 9 percentage points below the Ramsey discount factor for

the median versus mean aquifer (Table 2, Row 2). This difference reflects the skewness of decision

discount factors. The Ramsey and market benchmark discount factors exceed the decision discount

factor for all four case studies. Some of these patterns persist when weighting across aquifers by

crops, GDP, or population (Appendix Table A.6).

6.4 Discount Factor Versus Property Rights Interpretation of βi

We primarily interpret resource management in terms of the gap between the decision discount

factor and the benchmark discount factor. A more standard approach to analyzing efficiency,

which directly represents property rights, compares whether common pool or single agent decision-

making better characterizes extraction (Levhari and Mirman 1980; Karp and Sakamoto 2021).

This subsection explores the relationship between our discount factor interpretation and the more

standard property rights interpretation of observed extraction. Some research equates the exis-

tence of single-agent extraction with optimal resource management; we instead allow that a single

representative agent for an aquifer may engage in non-optimal resource management, by extracting

under a decision discount factor that differs from the benchmark discount factor.

Suppose each aquifer has a unit mass of atomistic agents who each extract water from private

individual wells on the shared aquifer. The law of motion for a well’s water level then depends on

the owner’s gross extraction wit and on aquifer-wide average extraction wit, which the atomistic

agents take as given:

ait+1 = min{ait + ri − λiwit − (1− λi)wit, 1}

The parameter λi ∈ [0, 1] represents the extent of a well owner’s control over the water level. The

value λi = 0 corresponds to a common pool, where agents have no control over the water level

and so take it as given. The value λi = 1 corresponds to a single agent who fully internalizes the

effects of the agent’s own extraction. The agent’s problem is then

Vi(a; βi, λi) = max
w≤a+ri

πi(a, w) + βiVi(min{a+ ri − λiw − (1− λi)wi(a), 1}; βi, λi) (24)

The problem in (24) has the optimal solution w∗
i (a; βi, λi). We focus on equilibria with symmetry

across atomistic agents, so that wi(a) = w∗
i (a; βi, λi). Solving (24) involves finding a fixed point

where, given the atomistic agent’s water consumption wi(a), the optimal policy function is w∗
i (a) =
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wi(a). Appendix C.2 describes our computational algorithm to solve for this fixed point.24

Our discount factor interpretation is analytically equivalent to this property rights interpre-

tation for the polar cases. The common pool atomistic agent case corresponds to λi = 0, and

equivalently, βi = 0 (myopia). Similarly, the single agent optimal extraction path corresponds to

λi = 1 and βi = β∗
i (discounting at the benchmark rate). Many resource models describe these two

cases, and our use of a discount factor rather than property rights is isomorphic to such models

for these cases.25

To further clarify how our discount factor interpretation of resource extraction compares to the

literature’s property rights interpretation, we compute (βd
i , λi) pairs such that the main model,

which uses decision discount factor βd
i , induces the same extraction as the property rights model,

which relies on the parameter λi. For the property rights model, we set βi equal to either the

Ramsey or market discount factor.

We estimate a simple relationship between the decision discount factor βd
i and the property

rights regime λi that we recover for the Central Valley Aquifer System across a wide range of

possible water consumption levels (Figure 6). Either the property rights or discount factor inter-

pretation can rationalize observed levels of water extraction. The figure shows a strictly mono-

tonic, increasing, nonlinear relationship between the discount factor interpretation (βd
i ) and the

property rights interpretation (λi) for this aquifer. Its decision discount factor is consistent with

a value of λi = 0.59, implying that users act as if 41% of extraction costs depend on others’

extraction choices. We find similar patterns for the three other case study aquifers (Appendix

Figure A.7).26 All these patterns hold whether using the Ramsey or market benchmark. These

one-to-one functions suggest that while most of this paper uses the discount factor interpretation

of resource management, one could think of the discount factor as analogous to the more long-

standing property rights interpretation. The standard comparison of open access to single agent

extraction provides only a binary characterization of property rights, while this analysis provides

a continuous measure.

7 Results: Resource Management and Welfare

This section turns to the model’s remaining outputs: the extraction paths implied by decision

versus benchmark discount factors, the welfare cost of the gap between them, and the consequences

24Simpler settings have simpler solutions—in a two-period model of resource extraction, the equilibrium with N agents that
each have discount factor βi is equivalent to the choice of a planner with discount factor βi/N (Karp 2017).

25In both the baseline and property-rights models, agents fully internalize effects of their water consumption on within-period
water level. In the property rights model, aquifer-wide extraction only affects next period’s water level.

26We have calculated these relationships only for the case study aquifers since this calculation is computationally intensive,
including relative to other results in the paper.
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of counterfactual extraction rules.

7.1 Results: Resource Management

Under either benchmark discount factor, the Central Valley Aquifer System would cut extraction

nearly in half in order to refill the aquifer (Figure 8, Panel A). In the baseline year, extraction of

the Central Valley Aquifer System equals 1.8% of aquifer capacity, and under the decision discount

factor it gradually decreases to 1.6% of aquifer capacity in steady state. Under the benchmark

discount factors, extraction instead drops to about 1% of capacity in the baseline period, then

increases to a steady state of 1.6% by 2040, or 25 years after the decrease in extraction.27 De-

creasing extraction by half is an enormous change that would have large short-run consequences

for farmers.28 Steady state extraction under the decision and benchmark discount factors is equal

because in a steady state for any aquifer, extraction equals recharge.29

The same benchmark paths that refill the aquifer also reduce extraction costs and eventually

raise annual profit (Figure 8). Under the decision discount factor, the Central Valley Aquifer

System fill declines from 95% of capacity today to 90% by the year 2100. Under either benchmark

discount factor, in contrast, the aquifer completely fills by 2040. Under the decision discount

factor, extraction costs rise by about 40% over the 21st century. Under either benchmark discount

factor, by contrast, the rising water table makes extraction costs plummet over a few decades to

nearly zero. The current extraction path increases short-run profit. Within a decade, however,

annual profit under the extraction path for either discount factor exceeds annual profit under the

current extraction path. In steady state, annual profit under both benchmarks moderately exceeds

annual profit under the current extraction path.

As discussed earlier, under the decision discount factor, net water extraction in the mean or

median aquifer nearly equals zero (Table 2, Panel B). Zero net extraction may be excessive if the

optimal fill level exceeds the baseline value. For example, a completely drained aquifer might have

zero net extraction because extraction equals recharge, but the optimal path would likely decrease

short-term extraction in order to increase long-term fill. The Ogallala Aquifer is refilling, but the

optimal path would decrease extraction further.30 In all cases either Ramsey or market discounting

27This rapid refill is easily explained—the Central Valley has annual recharge of about 1.6% of capacity and has high baseline
fill. Considerably decreasing gross extraction therefore can refill the aquifer within a limited time period.

28As with other analysis of optimal policy (e.g., optimal taxation in public finance), we analyze the policy decisions that
maximize social welfare, abstracting from political considerations. Political economy considerations would be important to
practically pursuing the optimal extraction path.

29At the capacity boundary a = 1, an aquifer can remain at a steady state level of fill of 100% as long as extraction is weakly
less than recharge.

30This pattern represents aggregate extraction throughout this major aquifer system (Scanlon et al. 2012; Richey et al. 2015b);
the southern portion of the system, beneath Texas and Kansas, is being depleted much more rapidly than the wetter and less
cultivated northern portion (USGS 2023).
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would initially let recharge moderately exceed gross water extraction, producing negative net water

extraction (i.e., refilling the aquifer).

These water extraction plans affect long-run fill (Table 2, Panel C). Under the current extraction

path, the median aquifer will only be 94.1% full in steady state. In contrast, in steady state,

Ramsey or market discounting leads the median aquifer to have 100% fill. Compared to the current

extraction path, the benchmark discount factor substantially decreases steady state extraction

costs as aquifers reach higher fill (Panel D). We find similar patterns for the median global aquifer

weighted by crop value, GDP, or population (Appendix Table A.6).

These summary statistics mask differences in outcomes across aquifers. Under the decision

discount factor, 46% of aquifers achieve more than 95% fill (Figure 9). Under the Ramsey and

market benchmark discount factors, 61% to 84% of aquifers fill completely.

7.2 Results: Social Welfare

Aquifer Present Value

All global aquifers together have global value of $103 trillion under Ramsey discounting and $245
trillion under market discounting (Appendix Table A.8). Sensitivity analyses vary but all exceed

$49 trillion. Valuing an aquifer in full is equivalent to a counterfactual that completely drains

it, which lies far outside the moderate changes in extraction paths that most of our scenarios

consider. We therefore interpret the order of magnitude as informative — particularly since, to

our knowledge, no existing work has estimated it — but nonetheless interpret it cautiously.

This magnitude may or may not be surprising. Water is critical for life, so a vast sum for

Earth’s groundwater may seem reasonable. Agriculture, however, is also a modest share of global

GDP, and water is only one input to agricultural production.

Costs of the Current Extraction Path

The costs of non-optimal groundwater extraction are large where earlier results show that decision

discount factors are low, including in parts of the Western U.S. and Mexico (Figure 10, Panel

A). The modal aquifer has a welfare cost of non-optimal extraction below 1.0% of aquifer present

value, though the distribution has a long right tail (Panel B). Several percent of aquifers have

losses due to non-optimal extraction paths that exceed 5.0% of aquifer present value, and a few

have losses exceeding ten percent of aquifer value. No aquifers have a welfare cost of observed

relative to optimal extraction which exceeds 16% of the aquifer’s value. We obtain comparable

results for the market benchmark discount factor (Appendix Figure A.9).

These welfare costs of non-optimal aquifer depletion have large dollar though small percentage

magnitudes (Table 4, Panel A). These welfare losses of current extraction relative to the benchmark
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path equal $2.6 to $8.4 trillion in aggregate, or 2.6% to 2.9% of aquifer value. In California’s Central

Valley Aquifer System, for example, the loss is $2.1 to $9.0 billion in present value. Sensitivity

analyses obtain qualitatively similar results (Appendix F.3).

A few reasons explain why non-optimal extraction may create modest percentage welfare costs.

First, non-optimal extraction produces a natural dampening force. As the representative agent

extracts water more quickly than is optimal, the water table declines and extraction costs rise.

Thus, excessive extraction today slows extraction in the future through increasing future extrac-

tion costs. Second, extraction under the benchmark discount factor typically decreases short-run

profits as the aquifer refills. Although this extraction path increases annual profit in future years,

discounting diminishes the present value of those future profits. Discussions of modest to moderate

early estimates of the welfare costs of climate change (Nordhaus 1977) sometimes attributed them

to the “tyranny of discounting” (Pearce et al. 1989; Cline 1992) – the tendency of low discount

factors to assign small present costs to large distant future damages. We consider relatively high

benchmark discount factors, but this general force is still relevant to our setting. Third, a majority

of aquifers have a decision discount factor above 0.90, so the typical gap between decision and

benchmark discount factors is not enormous.

7.3 Counterfactual Extraction Patterns

This subsection analyzes three counterfactuals. In the first (myopia), the representative agent

statically optimizes and ignores any impacts on future extraction costs (so βd
i = 0). In the second

(constant extraction), the current level of extraction persists in physical units for all future years.

If an aquifer is fully drained, then extraction equals recharge. In the third (sustainability), the

representative agent consumes recharge in every period.

We choose these counterfactuals for a few reasons. Common pool extraction can induce myopia.

The Prior Appropriation doctrine from the Western U.S. or growing water subsidies could induce

constant extraction. Sustainable extraction reflects the spirit of California’s Sustainable Ground-

water Management Act. Additionally, our main results find modest welfare costs of the current

extraction path. By weakening the complete dynamic optimization assumption of the main results,

the first two counterfactuals explore whether alternative interpretations of the current extraction

path find it to have larger welfare costs. Finally, the third counterfactual highlights classic trade-

offs between extraction that is sustainable and extraction that maximizes the aquifer’s present

value (Arrow et al. 2004).

Table 5 compares each counterfactual to the current extraction path along four dimensions:

baseline net extraction, long-run fill, long-run marginal extraction costs, and welfare losses relative

to the Ramsey and market benchmark paths. Figure 9 shows the corresponding distributions of

27



long-run fill across aquifers. We discuss each counterfactual in turn.

Counterfactual: Myopic Extraction

Myopia produces the largest departures from the current extraction path. In the mean aquifer,

baseline net extraction rises from a tenth of a percent of aquifer capacity to 6.4%; if this rate of

net extraction persisted, the mean aquifer would lose 95% of its capacity within a half century (=

1 − 0.9450). Long-run fill in the mean aquifer falls from 89% under the current path to 61%, and

the share of aquifers nearly drained in the long run rises from about 1% to about 10%. Because

myopic extraction lowers the water table, long-run marginal extraction costs more than triple. The

resulting welfare losses are 9.2% to 12.9% of aquifer present value, roughly four times the losses

under the current extraction path. Intuitively, myopia front-loads extraction into the baseline and

immediately subsequent years; this maximizes profits early, but profits then decline rapidly as the

water table falls.

Counterfactual: Constant Extraction

Constant extraction produces smaller departures than myopia. By construction, its baseline net

extraction equals that of the current path (a tenth of a percent of capacity in the mean aquifer).

Long-run fill in the mean aquifer is 61%, similar to myopia, but the distribution across aquifers

is bimodal rather than compressed: constant extraction completely drains 30.8% of aquifers and

completely fills 45.2%.31 For example, constant extraction empties the Central Valley Aquifer

System, where extraction exceeds recharge, but fills the Ogallala Aquifer. Long-run marginal

extraction costs in the mean aquifer rise more than four-fold. The resulting welfare losses are

3.4% to 5.4% of aquifer present value—above the current path but well below myopia. Intuitively,

constant extraction diverges from the current path only gradually, and the two paths differ most

in far future years, when differences matter less in present value; the welfare cost relative to

the current path arises because repeating current extraction forever ignores feedback from rising

marginal extraction costs.

Counterfactual: Zero Net Extraction

Sustainability produces the smallest changes of the three counterfactuals. Baseline net extraction

is zero by construction, close to the current path for the mean aquifer. Long-run fill in the mean

aquifer is 93%, slightly above the current path, and the fill distribution is compressed—no aquifer

31Steady state fill under the constant extraction counterfactual is somewhat mechanistic. In aquifers where observed extraction
exceeds recharge, constant extraction fully drains the aquifer in steady state. In aquifers where recharge exceeds observed
extraction, constant extraction completely fills an aquifer in steady state.
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is completely drained, and none has long-run fill below 60%. Long-run marginal extraction costs

are similar to the current path. The resulting welfare losses are 2.9% of aquifer present value under

either benchmark, essentially the same as the current extraction path—an average that combines

welfare gains for aquifers depleting on net (e.g., the Central Valley Aquifer System, the Indus Basin,

and the North China Aquifer System) with welfare losses for aquifers that would refill under the

current path. Intuitively, sustainable extraction equals optimal extraction in the long run, since

both equal recharge; the welfare cost arises because freezing fill at its current, inefficiently low

level prevents most aquifers from reaching the fill level that maximizes the aquifer’s present value.

This counterfactual therefore shows that a policy that is sustainable can still have large welfare

costs relative to extraction that is optimal.

8 Conclusions

Economists have long worried that inefficiently rapid extraction of natural resources generates

large social costs. To put numbers on these concerns, we modernize a classic model of resource

extraction, applied with modern remote sensing and economic data.

This paper’s title describes its research question: are people consuming too much groundwater?

Our answer is both no and yes. For the median global aquifer, groundwater extraction equals

recharge today, just as it would in any counterfactual steady state, although most individual

aquifers have non-zero net extraction. In a long term sense, therefore, median extraction levels

reflect a steady state. At the same time, we calculate that most current levels are inefficient, since

most aquifers have inefficiently low stocks. The optimal extraction plan in most aquifers would

therefore decrease short-run extraction in order to refill most aquifers, and then would reach a

steady state plan in which extraction equals recharge. While decreasing short-run water extraction

decreases short-run profits, these costs are outweighed by the long-term benefit of a higher water

table, which decreases extraction costs and increases profits.

We find that three-fifths to four-fifths of aquifers extract groundwater more rapidly than is

optimal, potentially due to failures of institutions or property rights, generating global costs of

several trillion dollars, or about 3% of aquifers’ global present value. Two counterfactual sce-

narios—myopia or repeating current extraction levels indefinitely—increase the costs of inefficient

extraction, though under either scenario, costs remain under 13% of aquifer present value for

the average aquifer. A third counterfactual where users sustainably consume only recharge has a

moderate welfare cost relative to the optimal extraction path.

Although natural resource theory focuses on the distinction between common pool and single

agent extraction, we instead estimate the discount factor which best characterizes the current

extraction path. We show a monotonic numerical relationship between the discount factor and an
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interpretation in terms of property rights.

We leave several avenues for future work. Work on spatial analysis of the environment and

natural resources has burgeoned recently (Balboni and Shapiro 2025). Future work could also

combine our analysis of intertemporal optimization (dynamics) with analysis of inter-regional

optimization (trade and spatial). While this combination has been informative for analysis of

climate change, its potential for groundwater is unknown.

Additionally, future work could study the importance of stochastic fluctuations around the long-

run dynamic policy we analyze. One important constraint is the limited availability of evidence on

stochastic patterns of recharge for each global aquifer. The ability to use aquifers as a buffer stock

would tend to enhance their value beyond our nonstochastic analysis, amplifying our finding that

a majority of aquifers are extracted more rapidly than is efficient, and that aquifers’ aggregate

global present value is enormous. At the same time, stochastic recharge is most important when

an aquifer is empty, which is rare in scenarios we consider, particularly in the short-run. Future

work could test the idea that the welfare importance of long-run extraction trajectories exceeds the

importance of short-run fluctuations. Growth versus business cycle analysis in macroeconomics

lightly echoes this comparison (Lucas 1988). Our nonstochastic dynamic analysis also slightly

echoes the focus of climate change research on long-term dynamics (Nordhaus 2008) rather than

on short-run fluctuations (Felkner et al. 2009). Some case study evidence finds modest importance

of stochastic refill relative to the importance of long-run extraction (e.g., Merrill and Guilfoos

2018), though the extent to which this generalizes to other aquifers is unknown.

Aquifers also interact with other natural resources and ecosystem services, such as through

saltwater intrusion or interactions of ground and surface waters. While data are limited to ac-

count for these in all global aquifers, analysis to clarify the broad importance of other ecosystem

interactions for groundwater policy would be valuable.

Finally, classic literature and modern policy papers investigate how to account for environmen-

tal and natural resource goods in national accounts (Kokkelenberg and Nordhaus 1999; Prabhakar

et al. 2023; UN 2024). Governments in the U.S., UK, and elsewhere have implemented national

strategies to formalize this measurement. Our estimates suggest that the global value of aquifers

is large. An important and exciting question is how to adapt the analysis from this paper for

statistical agencies to measure dynamic values of natural resources.
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Figures and Tables

Figure 1: Aquifer Structure and Terminology
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Notes : This figure depicts an example aquifer to illustrate hydrological terminology.
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Figure 2: Aquifer Characteristics

(a) Spatial Patterns of Gross Annual Extraction (b) Distribution of Gross Annual Extraction

(c) Spatial Patterns of Marginal Return to Groundwater (d) Distribution of Marginal Return to Groundwater

(e) Spatial Patterns of Marginal Extraction Costs (f) Distribution of Marginal Extraction Costs

Notes: Panels A and B show mean gross annual groundwater extraction as a percent of aquifer capacity
from GRACE (Rodell et al. 2019) and WHYMAP (BGR 2025). Panels C and D show marginal returns in
$/m3 of groundwater calibrated using data from GAEZ and D’Odorico et al. (2020). Panels E and F show
the marginal cost of extracting groundwater in $/m3, calibrated using data from Fan et al. (2013) and the
International Energy Agency (IEA 2021). Each aquifer-level estimate averages the years 2003–2016. We
calculate marginal returns and marginal cost following Sections 5.3 and 5.4.
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Figure 3: Marginal Cost and Marginal Revenue Curves for the Central Valley Aquifer System

Notes : The horizontal axis shows gross extraction as a share of aquifer capacity. The dashed vertical line
shows gross groundwater extraction based on GRACE (Rodell et al. 2019). The upward-sloping lines show
marginal costs for four discount factors: complete myopia, the decision discount factor (i.e., the estimated
marginal cost), the Ramsey benchmark discount factor, and the market benchmark discount factor. With
complete myopia, β = 0. The market discount factor is β = 0.98. In the Central Valley Aquifer System, the
decision discount factor is βd = 0.89 and the Ramsey discount factor is β∗ = 0.96.
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Figure 4: Decision Discount Factors, by Aquifer

(a) Spatial Patterns of Decision Discount Factors

(b) Distribution of Decision Discount Factors Across Aquifers

Notes : The decision discount factor represents the value that rationalizes observed extraction. Panel A
maps the decision discount factor (βd) for each aquifer. Panel B shows the distribution of decision discount
factors across aquifers. Section 3.3 and Appendix C.1 explain how we estimate decision discount factors.
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Figure 5: Decision Minus Ramsey Discount Factors, by Aquifer

(a) Spatial Patterns of Decision Minus Ramsey Discount Factors (βd − β∗)

(b) Distribution of Decision Minus Ramsey Discount Factors Across Aquifers

Notes : The decision discount factor represents the value that rationalizes observed extraction. Panel A
maps the difference between the decision discount factor that we estimate and the Ramsey benchmark
discount factor from Addicott et al. (2020). Panel B graphs the distribution of this difference across
aquifers. Section 3.3 and Appendix C.1 explain how we estimate decision discount factors.
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Figure 6: Estimated Relationship Between the Discount Factor and Property Rights Interpretations for the
Central Valley Aquifer System
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Notes : This figure describes the relationship between the property rights parameter λ and the decision
discount factor βd for the Central Valley Aquifer System, using the methodology described in Appendix C.2.
We estimate λ assuming that β∗ equals the Ramsey or the market discount factor. Appendix Figure A.7
shows estimates for the other case study aquifers.
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Figure 7: Comparison of 2003-2009 Versus 2010-2016 Model Predictions and Values

(a) Annual Net Extraction in 2010-2016 (% of Capacity) (b) Decision Discount Factor

(c) Long-Run Fill (% of Capacity)
(d) Percentage Loss in Present Value Due to Non-Optimal
Extraction, Ramsey Benchmark Discount Factor

Notes : In Panel A, the x-axis shows annual net extraction as a percent of aquifer capacity in the years
2010-2016 as predicted from a model fit to the years 2003-2009, and the y-axis shows remotely-sensed actual
annual net extraction in the years 2010-2016. In Panels B-D, the x-axis shows the estimate from a model fit
to the years 2003-2009, and the y-axis shows the estimate from a model fit to the years 2010-2016. Each
graph shows a binned scatterplot and the 45-degree line.
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Figure 8: Resource Management Paths by Discount Factor, Central Valley Aquifer System

(a) Gross Water Extraction (% of Capacity) (b) Fill (% of Capacity)

(c) Water Marginal Extraction Cost ($/m3) (d) Annual Profit (Billion $)

Notes : This figure shows the predicted gross groundwater extraction (% capacity), predicted fill levels (%
capacity), predicted future water extraction costs ($/m3), and predicted annual profit (billion $) for the
Central Valley Aquifer System. Each line represents a prediction under a different discount factor. The solid
blue line represents the current extraction path.
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Figure 9: Long-Run Fill, by Discount Factor and Counterfactual

(a) Under Decision Discount Factor (b) Under Ramsey Discount Factor

(c) Under Market Discount Factor (d) Under Myopia

(e) Under Constant Extraction (f) Under Zero Net Extraction

Notes : This figure shows histograms of steady state aquifer fill, expressed as a percent of aquifer capacity,
under alternate extraction paths. Panel A shows steady state fill under the decision discount factor (i.e., the
current extraction path). Panels B through F show steady state fill under counterfactuals. In Panel B, the
planner uses a Ramsey discount factor. In Panel C, the planner uses a market discount factor. In Panel D,
the planner is myopic. In Panel E, users have the same gross extraction in each future year, unless the aquifer
is drained. In Panel F, users consume recharge in every year.
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Figure 10: Welfare Loss Due to Deviation from Ramsey Benchmark Discount Factor, by Aquifer

(a) Spatial Patterns of Welfare Losses

(b) Distribution of Welfare Losses

Notes : Panel A maps the welfare loss in each aquifer due to the current extraction path deviating from the
Ramsey benchmark. We measure the welfare loss as a percent of each aquifer’s present value. Panel B graphs
the distribution of these losses across aquifers.
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Table 1: Summary Statistics

Median Mean Central Valley Ogallala Indus North China
aquifer aquifer
(1) (2) (3) (4) (5) (6)

Capacity (billion m3) 44.13 284.25 327.01 737.05 2661.58 1434.39
Water: gross annual use (% capacity) 2.11% 3.06% 1.85% 1.42% 1.60% 3.33%
Annual recharge (% capacity) 2.06% 2.98% 1.62% 1.73% 1.17% 2.97%
Marginal return to groundwater ($/m3) 0.20 0.21 0.22 0.17 0.17 0.22
Marginal extraction cost ($/m3) 0.02 0.02 0.04 0.03 0.06 0.01
Current lift height (m) 18.08 20.92 41.88 20.31 45.23 26.34
Electricity price ($/kWh) 0.07 0.07 0.08 0.07 0.08 0.04
Ramsey discount factor 0.95 0.95 0.96 0.96 0.92 0.91

Notes : Columns (1) and (2) describe the median and mean of all global aquifers with data. Columns (3)
through (6) describe the four case study aquifer systems. Ramsey discount factors are from Addicott et al.
(2020). Currency values are in 2023 U.S. dollars.
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Table 2: Model Outputs: Discount Factor and Intermediate Outcomes

Median Mean Central Valley Ogallala Indus North China
aquifer aquifer
(1) (2) (3) (4) (5) (6)

Panel A: Discount Factor
Estimated 0.924 0.860 0.890 0.935 0.714 0.890
Estimated - Ramsey discount -0.022 -0.086 -0.069 -0.023 -0.206 -0.022

Panel B: Baseline Net Water Use (% of aquifer capacity)
Observed 0.00% 0.08% 0.23% -0.30% 0.43% 0.36%
Ramsey discounting -0.12% -0.47% -0.55% -0.62% -0.25% -0.09%
Market discounting -0.53% -0.98% -0.74% -0.83% -0.64% -0.94%

Panel C: Long-Run Fill (% of aquifer capacity)
Observed extraction path 94.09% 89.84% 88.51% 98.38% 86.99% 91.54%
Ramsey discounting 100.00% 86.52% 100.00% 100.00% 97.48% 98.07%
Market discounting 100.00% 94.89% 100.00% 100.00% 100.00% 100.00%

Panel D: Long-Run Marginal Extraction Cost ($/m3)
Observed extraction path 0.018 0.031 0.057 0.005 0.089 0.032
Ramsey discounting 0.001 0.032 0.000 0.000 0.018 0.007
Market discounting 0.000 0.013 0.000 0.000 0.000 0.000

Notes : Columns (1) and (2) describe the median and mean of all global aquifers with data. Columns (3)
through (6) describe the four case study aquifer systems. Panels B and C are in percentage points (i.e., 0.33%
represents a third of a percentage point). Ramsey discount factors are from Addicott et al. (2020). The
market discount factor is 0.98. Estimates use the model in Section 3.3 and Appendix C.1. Currency values
are in 2023 U.S. dollars.
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Table 3: Estimated Production Function Parameters

OLS IV, water only IV, water only IV, all IV, calibrated IV, GAEZ
(1) (2) (3) (4) (5) (6)

log(Groundwater) (ϕ) 0.004 0.227∗∗∗ 0.253∗∗∗ 0.103∗∗ 0.103∗∗ -0.130
(0.003) (0.077) (0.079) (0.044) (0.044) (0.095)

log(Groundwater) × Value (ϕi) 0.479∗∗

(0.194)

1 - log(Capital) - log(Labor) (θ) 0.863∗∗∗ — 0.893∗∗∗ 0.514∗∗∗ 0.603∗∗∗ 0.405∗∗

(0.049) (0.051) (0.155) (0.044) (0.162)

Implied log(Land) (θ - ϕ) 0.858∗∗∗ — 0.639∗∗∗ 0.411∗∗ 0.500 0.470∗∗∗

(0.049) (0.085) (0.173) — (0.158)

Aquifer FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes
F statistic — 21.608 21.105 10.401 10.401 5.082
Observations 29,854 29,854 29,854 29,854 29,854 29,854

Notes: Columns (2)-(4) and (6) instrument for log(Groundwater), where groundwater represents gross ex-
traction in m3. Columns (4) and (6) instrument for log(Labor) and log(Capital). Section 5.2 describes the
process for choosing instruments and weather controls. Column (5) recovers θ implied using the groundwater
estimate from column (4) and the land share from Ryan and Sudarshan (2022). Column (6) uses the aquifer’s
percentile in the distribution of irrigation’s effect on crop yield from GAEZ to measure water sensitivity.
Capital is in millions of 2023 U.S. dollars. Labor is population employed in agriculture. Implied Log(Land)
is the implied value of the land share under the assumption of constant returns to scale. The dependent
variable is log(Night Lights Luminosity) by aquifer-year. F statistic is the first stage Kleibergen–Paap rk
Wald F-statistic. Parentheses show standard errors clustered by aquifer. Asterisks denote p-value less than
0.01 (***), 0.05 (**), 0.10 (*).
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Table 4: Welfare Gains from Following Benchmark Discount Factors

Median Mean Global Total Central Valley Ogallala Indus North China
aquifer aquifer
(1) (2) (3) (4) (5) (6) (7)

Panel A: Welfare gain from following...
Ramsey discounting (% of aquifer value) 1.35% 2.55% — 2.75% 0.48% 2.58% 0.18%
Market discounting (%) 1.69% 2.90% — 5.54% 1.24% 10.83% 3.37%
Ramsey discounting (billion $) 0.07 1.88 2,582 2.12 0.54 5.13 0.54
Market discounting (billion $) 0.20 6.11 8,386 9.01 2.93 91.87 44.88

Panel B: Fraction of aquifers over-extracted
Ramsey discounting — — 0.610 — — — —
Market discounting — — 0.790 — — — —
Ramsey discounting (capacity weighted) — — 0.713 — — — —
Market discounting (capacity weighted) — — 0.857 — — — —

Notes : Columns (1) and (2) describe the median and mean of all global aquifers with data. Columns (3) through (6) describe
the four case study aquifer systems. “Ramsey discounting” and “market discounting” describe counterfactuals where the planner
chooses the extraction path while using a Ramsey or a market discount factor. Ramsey benchmark discount factors are from
Addicott et al. (2020). The market discount factor is 0.98. Estimates use the model in Section 3.3 and Appendix C.1. Currency
values are in 2023 U.S. dollars.
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Table 5: Impact of Counterfactual Scenarios on Resource Management

Median Mean Central Valley Ogallala Indus North China
aquifer aquifer
(1) (2) (3) (4) (5) (6)

Panel A: Baseline Net Water Use (%)
Observed extraction path 0.00% 0.08% 0.23% -0.30% 0.43% 0.36%
Myopic extraction 4.12% 6.44% 2.85% 2.64% 1.08% 7.45%
Constant water extraction 0.00% 0.08% 0.23% -0.30% 0.43% 0.36%
Zero net extraction 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Panel B: Long-Run Fill (%)
Observed extraction path 94.09% 89.84% 88.51% 98.38% 86.99% 91.54%
Myopic extraction 71.65% 61.41% 75.46% 73.42% 84.06% 67.65%
Constant water extraction 91.09% 60.74% 0.00% 100.00% 0.00% 0.00%
Zero net extraction 94.82% 93.19% 92.44% 90.49% 91.87% 96.58%

Panel C: Long-Run Marginal Extraction Cost ($/m3)
Observed extraction path 0.02 0.03 0.06 0.00 0.09 0.03
Myopic extraction 0.10 0.10 0.12 0.07 0.11 0.12
Constant water extraction 0.04 0.14 0.50 -0.00 0.68 0.37
Zero net extraction 0.02 0.02 0.04 0.03 0.06 0.01

Panel D: Welfare Loss (Ramsey) (%)
Observed extraction path 1.35% 2.55% 2.75% 0.48% 2.58% 0.18%
Myopic extraction 8.93% 9.16% 10.66% 10.23% 5.42% 8.43%
Constant water extraction 1.68% 3.40% 4.85% 1.23% 6.79% 0.52%
Zero net extraction 1.49% 2.87% 1.73% 1.75% 0.84% 0.12%

Panel E: Welfare Loss (Market) (%)
Observed extraction path 1.69% 2.90% 5.54% 1.24% 10.83% 3.37%
Myopic extraction 14.29% 12.88% 14.64% 14.38% 14.28% 16.01%
Constant water extraction 2.24% 5.44% 12.27% 2.44% 38.88% 11.25%
Zero net extraction 1.64% 2.91% 3.74% 4.07% 6.61% 1.57%

Notes : Columns (1) and (2) describe the median and mean of all global aquifers with data. Columns (3) through (6) describe
the four case study aquifer systems. Myopia describes extraction under a discount factor of β = 0. Constant water extraction
describes a scenario where in each future year, the representative agent extracts the same amount as under the baseline period
of the current extraction path. Zero net extraction describes a scenario where the representative agent extracts recharge in each
year, so that aquifer fill is constant in all years. All estimates are based on the model in Section 3.3 and Appendix C.1. Dollar
values are in 2023 U.S. dollars.
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Appendix

A Additional Background on Case Study Aquifer Systems

This appendix provides additional background on the four case study aquifer systems.32 As the main text
mentions, we choose these four given their capacity, population, GDP, and common public discussion.
These four also have the modest research benefit that one aquifer almost completely contains the aquifer
system in the hydrological map data (BGR 2025).

The Central Valley Aquifer System supports 40% of American fresh produce (Borunda 2022). Cali-
fornia has historically not metered groundwater extraction, so farmers can pump groundwater with little
oversight. In response to a declining water table, California in 2014 passed the Sustainable Groundwater
Management Act, which aims for sustainable extraction of the Central Valley Aquifer System by 2042,
using price and non-price policies (Burlig et al. 2021; Bruno et al. 2022).

The Central Valley Aquifer System and the Ogallala Aquifer together account for about half of total
U.S. groundwater extraction since 1900, and have the greatest extraction among U.S. aquifers. Despite
its larger surface area, the Ogallala Aquifer is less intensively cultivated than the Central Valley Aquifer
System and produces approximately 30% of U.S. agricultural output (Rhodes et al. 2023).

The Indus Basin straddles the arid regions of India, Pakistan, China, and Afghanistan. Some research
considers the Indus Basin to have the highest net depletion of all major aquifer systems, driven by
agricultural demand and low precipitation (Richey et al. 2015b).

The North China Aquifer System also has among the highest global depletion rates. The arid plain
above this aquifer system is the largest wheat and maize production area in China. As with the other
case studies, agriculture accounts for most groundwater extracted from this aquifer. Between 2003 and
2010, the aquifer lost 50 km3 of groundwater, exceeding the capacity of the country’s Three Gorges Dam,
the world’s largest power station (Feng et al. 2013).

B Derivation of Model Results

Given w, the agent faces the static optimization problem

max
k,l

Zik
αlγwϕix1−α−γ−ϕi

i − pki k − plil

where pki is the rental price of capital and pli is the price of labor. The first-order conditions are

αyi(w)

k
= pki

γyi(w)

l
= pli

32Naming conventions for these water resources vary slightly across researchers; we follow the naming conventions from the
National Aeronautics and Space Administration (NASA) (Richey et al. 2015a). The Ogallala Aquifer is the largest aquifer in
the High Plains Aquifer System, and NASA often follows the convention of referring to the whole aquifer system by the name
of this main unit. The boundaries of some major aquifer systems, such as the Indus Basin, draw their names from surface water
hydrological basins with which they overlap almost perfectly.
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Substituting k = αyi(w)/p
k
i and l = γyi(w)/p

l
i into the production function gives

yi(w) = Zi

(
αyi(w)

pki

)α(γyi(w)
pli

)γ

wϕix1−α−γ−ϕi
i

⇒ yi(w) =

[
Zix

1−α−γ−ϕi
i

(
α

pki

)α( γ

pli

)γ] 1
1−α−γ

w
ϕi

1−α−γ

which can be written as equation (3)

yi(w) = ziw
ϕi
θ

Here zi = [Zix
1−α−γ−ϕi
i (α/pki )

α(γ/pli)
γ ]1/(1−α−γ) and θ = 1−α−γ are functions of terms the agent takes

as fixed. Substituting the first-order conditions into the objective function gives profit in equation (5),
net of water costs:

π̃i(w) = yi(w)− αyi(w)− γyi(w)

= θyi(w)

C Computational Details

C.1 Solving the Water Use Problem

We solve the water extraction problem (9) using value function iteration. We discretize aquifer fill level
a ∈ [0, 1] using an evenly spaced grid with 100 nodes. Throughout this subsection, we suppress aquifer
indicators i and use aj to denote discretized aquifer fill levels. Our numerical algorithm is as follows:

1. Guess an initial discretized value function V 0(aj).
33 Set the iteration counter to n = 0.

2. Use cubic spline interpolation to obtain the interpolating function V n(a) and its derivative ∂aV
n(a).

3. Compute the unconstrained water extraction wu
j that satisfies the unconstrained version of the

first-order condition (10), evaluated at the discretized fill levels aj :

ϕz(wu
j )

ϕ/θ−1 − c[h+ (1− aj − r/2)(h− h)]− c(h− h)wu
j − β∂aV

n(min{aj − wu
j + r, 1}) = 0 (25)

The optimal discretized policy function is wj = min{wu
j , aj + r}.

4. Substitute the discretized policy function into the Bellman equation (9) to update the discretized
value function:

V n+1(aj) = π(aj , wj) + βiV
n(min{aj − wj + r, 1})

Check for convergence. If

max
j

∣∣∣∣V n+1(aj)− V n(aj)

V n(aj)

∣∣∣∣ < εtol

for a numerical tolerance parameter εtol > 0, stop. Otherwise, set n = n+1 and return to step (2).

As mentioned in the main text, if no βdi ∈ [0, 1) exists that matches observed water extraction, we exclude
the aquifer from the main analysis, though a sensitivity analysis adds these aquifers back into the analysis.
In 14% of aquifers, model-implied water extraction is at the lower bound of the range of βdi values for
which the model converges, and in 6% of aquifers, model-implied water extraction is at the upper bound.

33We implement this with an initial guess of V 0(aj) everywhere.
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C.2 Computing the Property Rights Parameter λi

This subsection explains how we calculate the property rights parameter λi that Section 6.4 describes.
For a given λi ∈ [0, 1], we solve the agent’s problem (24) using the following algorithm:

1. Guess the function w0(aj) and set the iteration counter to n = 0.

2. Given λi and w
n(aj), solve (24) using the algorithm described in Appendix C.1.

3. In a symmetric equilibrium, the policy function w(aj) obtained in step (2) equals w(aj). Check for
convergence: if

max
j

|w(aj)− wn(aj)| < εtol

for the numerical tolerance parameter εtol > 0, stop. Otherwise, update the guess for w(aj) to

wn+1(aj) = wn(aj) + ς[w(aj)− wn(aj)]

where ς ∈ (0, 1] is a numerical damping parameter. Set n = n+ 1, and return to step (2).

To estimate the property rights parameter, we search for a λi ∈ [0, 1] such that the model-predicted
extraction equals observed extraction: w(adata;λi) = wdata.

C.3 Welfare Analysis

We compute the welfare loss ω from excess extraction from equation (12) as follows. First, we use the
algorithm from Appendix C.1 to compute the discretized policy function wj implied by the decision
discount factor βdi . We then use cubic spline interpolation to approximate the policy function w(a),
a ∈ [0, 1]. Given the fill level at time t, we can use the law of motion (1) and policy function to predict
the fill level at t+ 1:

at+1 = min{at − w(at) + r, 1}.

Starting with the current observed fill level a0, iterate forward in this manner to obtain the predicted time
series of fill levels {at}Tt=0 and water consumptions {wt}Tt=0 from time t = 0 to t = T . If T is sufficiently
large that a has (approximately) converged by time T , then we can approximate the value of the current
water consumption path according to the benchmark discount factor (defined in equation (11)) using34

V(w∗(a0;β
d
i ), a0;β

∗
i ) ≈

T−1∑
t=0

(β∗i )
tπ(at, wt) +

(β∗i )
Tπ(aT , wT )

1− β∗i
.

We then compute the maximum value of the aquifer according to the benchmark discount factor β∗i ,
V (a0;β

∗
i ), using the algorithm described in Appendix C.1. Finally, we compute the welfare loss ω from

equation (12).

D Data Details

D.1 Groundwater Storage and Recharge

GRACE uses a pair of satellites to measure changes in Earth’s gravity fields in each aquifer. GRACE
reports the monthly net change in the level of total terrestrial water in vertical centimeters on a 1-by-1
degree grid from April 2002 to January 2017. We use the annual change in storage for the years 2003 to

34We set T = 1000 and verify ex-post that the fill level of every aquifer converges over this horizon.
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2016, letting us observe the full calendar year, and calibrate the model to these years. We drop the 2002
and 2017 months to exclude data for partial years; many of our other data sets are at the annual level
and do not permit analysis of month-to-month seasonality. Due to using up to three lags in regressions,
the estimation of the production function input shares uses the years 2006-2016.35

GRACE reports the height of the change in water storage, rather than the change in the height that
water must be lifted. The distinction arises because one meter of extractable groundwater may be spread
vertically across many meters of porous rock. We divide the change in water thickness by specific yield
to convert the change in the height of water extracted from GRACE to the change in lift height.36

The raw gridded GRACE data provide measures of total terrestrial water storage, which includes
groundwater, surface water, snow, and vegetation and soil moisture. We use gridded measures of plant
and soil moisture and snow water-equivalent from the Global Land Data Assimilation System (GLDAS)
to measure sources of terrestrial water storage other than groundwater (Beaudoing and Rodell 2016).
Surface water, the remaining component of total terrestrial water storage (together with groundwater,
plant and soil moisture, and snow), accounts for a small share of variation in total water storage; surface
water accounts for only about 8% of changes in global total water storage, while groundwater, plant and
soil moisture, and snow-water equivalent account for 17%, 51%, and 23%, respectively (Rodell et al. 2007;
Getirana et al. 2017). This approach follows Rodell et al. (2007), Rodell et al. (2009), and Richey et al.
(2015a).

We take several steps to obtain annual changes in groundwater storage for each aquifer from the raw
gridded GRACE data. These steps also follow Rodell et al. (2007), Rodell et al. (2009), and Richey
et al. (2015a) to isolate groundwater storage changes from changes in other terrestrial water storage
types at the aquifer-level. First, we multiply the GRACE data by the land-grid-scaling factor provided
by NASA to reduce post-processing noise. Second, we calculate the annual change in terrestrial water
storage from the month of January of one year to the January of the following year using the average of
the data sets generated by the three different agencies that pre-process the data into raster format, in
units of deviations in groundwater storage relative to the 2004-2009 mean. Third, we isolate groundwater
storage from total terrestrial water storage by subtracting gridded measures of plant and soil moisture
and snow water-equivalent from the GLDAS (Beaudoing and Rodell 2016); we transform the GLDAS
data to the same units as GRACE (i.e., annual deviations from the 2004-2009 mean and January-January
changes). Fourth, we intersect the resulting gridded data set with global maps of aquifer extent from
the World-wide Hydrological Mapping and Assessment Programme (WHYMAP) (BGR 2025) to obtain
aquifer-level averages of groundwater storage changes. Fifth, since some resulting observations are clear
outliers (e.g., increases or decreases in groundwater height exceeding hundreds of meters), we exclude the
top and bottom 1% of observations. Finally, we exclude aquifers in Antarctica since several of our main
data sets lack data on them.

We measure recharge from the Water Global Assessment and Prognosis (WaterGAP) model, version
2, a global hydrological model that captures groundwater dynamics (de Graaf et al. 2015; Schmied et
al. 2021).37 These gridded recharge data account for differences in local precipitation, soil porosity, and
in-flow from returning surface water runoff. Schmied et al. (2021) provide details: recharge is a function

35A separate GRACE Follow-On (GRACE-FO) mission was launched in May 2018 to continue tracking terrestrial water
storage. Our data set ends after the first mission due to the two-year January-January gap in the panel, the onset of the
pandemic years and associated economic fluctuations, and uncertainty about continuity of data from the two missions.

36For example, if GRACE reports a 2 m change in water thickness for an aquifer with specific yield of 0.1, lift height has
changed by 20 m.

37To assess accuracy of this model, de Graaf et al. (2015) compare the model-predicted lift heights in the WaterGAP model
and observational well depth data from the global map of groundwater lift heights compiled by Fan et al. (2013). They find a
reasonably high correlation coefficient of 0.85-0.87 between the model-predicted and observational data for their preferred model
parameterization.
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of daily total effective precipitation (including snow and rain), moisture stored in the soil, and soil-specific
porosity and saturation characteristics. Effective precipitation is precipitation after deducting amounts
absorbed by the plant canopy. Effective precipitation is adjusted by a soil-specific runoff coefficient that
adjusts for differences in the extent to which water can permeate the soil. If the total of daily effective
precipitation that does not run off the topsoil plus existing soil moisture exceeds the soil-specific saturation
threshold, the excess becomes recharge in the underlying aquifer. The model adds estimates of return
flow from irrigation and inflow from surface water bodies to obtain total recharge.38 WHYMAP reports
binned estimates of annual recharge based on this methodology (BGR 2025). We assign the midpoint of
each bin to each aquifer, except for the highest bin, which includes recharge above 300 mm per year and
to which we assign the minimum of the bin; and the lowest bin, which includes recharge of less than 2 mm
per year and to which we assign the maximum of the bin. In sensitivity analyses, we allow aquifer-level
recharge to vary from the 30-year average reported in WHYMAP by scaling their estimate up or down
by the percentage deviation in rainfall during our sample time period from the 100-year average rainfall.

Calculating aquifer capacity in equation (17) uses data on specific yield, saturated thickness, topsoil
thickness, lift height, and surface area. Since one aquifer may have rock with different specific yields, we
follow Richey et al. (2015a) and use the minimum specific yield across gridpoints within an aquifer to
account for the most binding constraint on groundwater flow. We assume aquifer capacity is fixed over
time because capacity changes due to pollution or subsidence typically have small magnitude relative to
aquifer capacity (de Graaf et al. 2015; Ojha et al. 2018; Sutanudjaja et al. 2018); globally, subsidence
causes a loss of less than 0.03% of aquifer capacity per decade, with heterogeneity across aquifers (Hasan
et al. 2023).39 Quantifications of the effects of pollution on groundwater storage are limited; one study
on one aquifer in India finds that dilution from recharge may fully offset pollution incursion (Sarah et al.
2021).

D.2 Measurement Error

Satellite- and model-derived data may have measurement error. Our averaging across years of datasets
provides one response. Apart from our discussion of four case studies, we also emphasize moments
and other aggregates of data across many aquifers, rather than emphasizing the precise value for each
individual aquifer. In regression settings, some papers use Empirical Bayes to adjust value added estimates
for teachers or similar results for sampling variation. We do not pursue this approach here for a few
reasons—the use of dynamic programming rather than regressions implies that we do not have estimates
of uncertainty for each aquifer to use for adjusting decision discount factors; we also lack estimates of
uncertainty for most inputs; and even with these inputs, the computational burden of resampling the
dynamic programming algorithm for each global aquifer would be large.

D.3 Production Proxies

In analyzing nighttime luminosity as a proxy for aquifer GDP, we use the temporally-harmonized version
of the gridded remotely sensed data of global luminosity spanning 2003-2016. The source analysis, Li et
al. (2020), harmonizes records from the two satellite programs, the Visible Infrared Imaging Radiometer
Suite (VIIRS) years from 2012-2018 and the Defense Meteorological Satellite Program (DMSP) years

38While this model takes into account flow between surface water and groundwater, this and other global hydrological models
typically abstract from lateral groundwater flow from one aquifer to neighboring aquifers due to lack of data and model recharge
as a function of precipitation and local land cover and geological characteristics (e.g., de Graaf et al. 2015; Sutanudjaja et al.
2018).

39Subsidence that has small implications for storage capacity can have very large above-ground infrastructure costs (Hasan et
al. 2023).
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from 1992-2013. We assess the robustness of our results to analyzing the data separately for each of the
two time periods.

How well does nighttime luminosity proxy economic activity? Nighttime luminosity has the advantages
of gridded resolution and global scope, as GDP data varies in quality across countries and is not typically
available sub-nationally (Chen and Nordhaus 2011; Donaldson and Storeygard 2016). Night lights data
are commonly used in economic analysis for these reasons: Gibson et al. (2020) approximate that, since
2012, over 150 economics papers have used night lights data as a proxy for local economic activity.
Henderson et al. (2012) estimate a linear relationship between night lights and GDP of 0.28 to 0.53 in
a panel of countries across the two decades prior to 2012, with a higher correlation in urban areas than
in rural ones. Since then, changes in the measurement and spatial resolution of the data have improved
the approximation of rural economic activity after 2012 (Perez-Sindin et al. 2021). For the earlier, pre-
2012 years of the data, Gibson et al. (2020) report a statistically significant, positive relationship between
night lights and GDP in areas where the agricultural share of GDP is less than 20%; while aquifer-specific
agricultural GDP data are not available, we note that, in our data, 80% of aquifers are less than 20%
cropped.

We also draw on two alternate measures of GDP to use as outcome variables in production function
estimates. The first comprises country GDP from the World Bank’s World Development Indicators for
the years 2003 to 2016. We multiply these by the share of the population employed in agriculture, also
from the World Development Indicators, to proxy for agricultural GDP. The second is gridded, purchasing
power adjusted GDP data from Kummu et al. (2018), available for the years 1990 to 2015. These gridded
data scale official national statistics, so only approximate the spatial distribution of sub-national economic
activity.

D.4 Marginal Return to Groundwater and Costs Data

We also draw on crop production from irrigated and rainfed sources and the marginal return to ground-
water in the irrigation of these crops from the GAEZ data set published by the Food and Agriculture
Organization and the International Institute for Applied Systems Analysis. The crops included in GAEZ
production under actual conditions data include banana, barley, cassava, cotton, groundnut, fodder, fruit,
maize, millet, oil palm, olives, other cereals, potato, pulses, rapeseed, rice, rye, stimulants, sorghum, soy,
sugarbeet, sugarcane, sunflower, tobacco, vegetables, wheat, yams, and one “rest of crops” category. The
marginal return to groundwater of these crops varies by crop and, for some crops, by continent and is
from D’Odorico et al. (2020). The authors calculate the crop- and continent-specific value of water as the
ratio of the increase in crop production from irrigation and the associated increase in irrigation water.40

The crops included in the D’Odorico et al. (2020) data are barley, cassava, groundnut, maize, millet,
potatoes, oil palm, rapeseed, rice, rye, sorghum, soybean, sugarbeet, sugarcane, sunflower, and wheat.
We use the continent-specific prices where available (i.e., for maize, rice, soybean, and wheat). For the
10 crops in GAEZ but not in D’Odorico et al. (2020), we average the marginal return to groundwater for
the crops observed in both datasets, using the GAEZ shares as weights.

Section 5.2 calculates the marginal return to groundwater for each aquifer. To do so, we calculate
the marginal return to groundwater y′i(w̃i) = Σ26

c=1σic × vc for each pixel within the aquifer, where σic is
the share of crop c in total agricultural production of each pixel within aquifer i and vc is the value of

40They estimate

y′i(w̃i) =
Pi∆Yi
IWRi

where Pi is the unit price of agricultural output in location i, ∆Yi is the change in agricultural output due to irrigation, and
IWRi is the amount of water required to irrigate.
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groundwater in irrigation for crop c in that pixel. We assign pixels without crop production a marginal
return to groundwater of 0. To calculate the marginal return to groundwater at the aquifer-level, we
average across pixels within the aquifer.

The various country-level data differ somewhat in spatial and temporal coverage. For years between
2003 and 2016 that are missing data, we linearly interpolate between the existing observations for each
country. We impute missing country-level data using the annual continent mean.

In addition to the labor data from the World Bank’s World Development Indicators discussed in
Section 4, we also draw on alternate gridded measures of population. A benefit of this data set is that
its finer resolution lets us more precisely approximate aquifer labor inputs than through the use of the
country-level statistics. A disadvantage is that this data set is only available every five years; we linearly
interpolate the intervening years.

The extraction costs data analyzed in the main text use electricity prices and groundwater pump
efficiency for electric pumps in the calculation of extraction costs. We also consider an alternative
measure of extraction costs that incorporates differences in pump fuel type and efficiency across aquifers.
We obtain electricity and diesel groundwater pump efficiency and electricity and diesel shares in total
energy used for groundwater extraction from Qin et al. (2024) and electricity and diesel industrial input
prices from IEA (2021). We re-weight these country-level variables to the aquifer-level. We calculate the
aquifer-level extraction cost as the weighted sum of the cost of extraction using an electric pump and a
diesel pump using the shares of each fuel in total groundwater extraction energy as weights.

D.5 Other Data

Our analysis of heterogeneous returns to groundwater relies on a variety of alternative measures of
the value of water in irrigated agriculture. Our preferred estimate is based on a measure of the relative
contribution of groundwater to agricultural production, using data from GAEZ. We measure groundwater
irrigation’s effect on crop yields as the weighted sum across crops of the current actual yield under
irrigation conditions less the current actual yield under rainfall conditions at the aquifer level. The
weights are the share of each crop’s contribution to total yields. We sort the resulting irrigation effects
by percentiles since the yield returns in physical quantities themselves are highly dispersed.

Many very small aquifers have missing cropland shares; if an aquifer is missing cropland share and
has nonzero crop value in 2010 from GAEZ, we do not define it as low agriculture.

Additional alternate measures of the local importance of groundwater include gridded data on the
spatial extent of cropped land, irrigated land, and dominant land use. The data on irrigated land
coverage are from the History Database of the Global Environment (HYDE) and the Aquaknow Historical
Irrigation Data set for the year 2005 (Goldewijk 2017; Siebert et al. 2015). We use these data to construct
measures of the fraction of the aquifer that is cropped and the fraction that is irrigated as the area
dedicated to each of these uses divided by the aquifer land area, as well as binary measures indicating
whether or not any cropland or irrigation activity occurs above the aquifer. We also measure whether
the dominant use of land above the aquifer is agriculture using a separate gridded data set from GAEZ
on dominant land use class.

Other, non-agricultural aquifer characteristics include GDP per capita, democracy, and water markets.
We use these data to analyze determinants of the discount factors that we estimate. GDP per capita
and democracy data are from Kummu et al. (2018) and INSCR (2022) respectively, re-weighted from
country-level to aquifer level. We manually code water markets from Carleton et al. (2025) by country.
International aquifers have less than 95% of the aquifer in a single country.
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D.6 Model Inputs Discussion

Table 1 summarizes values of several model inputs for the four case study aquifers and for the mean
and median of all global aquifers. We show our estimates of aquifer capacity, groundwater extraction,
marginal returns, marginal extraction cost and some of its components, lift height and electricity prices,
and the benchmark Ramsey discount factor from Addicott et al. (2020).

Table 1 shows results for our four case study aquifers: the Central Valley Aquifer System, the Ogallala
Aquifer, the Indus Basin, and the North China Aquifer System. Of these, the Indus Basin has the largest
capacity, which contributes to its relatively low depletion as a share of its capacity. All four of these
aquifers are relatively high-value, with marginal returns estimates that range from $0.17/m3 for the
Ogallala to $0.22/m3 for the Central Valley, in the upper half of the distribution (Figure 2d). Marginal
costs are between 5% and 35% of marginal return to groundwater for these aquifers, with differences
largely driven by variation in lift height. This table also shows that the Ramsey discount factor is
between 0.91 and 0.96 for all four aquifers.

The four case studies are somewhat similar to the mean or median global aquifer, with a few main
differences. Mean and median gross groundwater extraction as a share of capacity are approximately 2-3%
for all aquifers, which is similar in magnitude to the case studies. The mean and median global aquifers
are characterized by marginal returns estimates that are weakly below the Central Valley Aquifer System
and the North China Aquifer System; weighting by aquifer crop value, GDP, or population increases
marginal returns by approximately 10%. Median and mean extraction costs are on the lower end of the
case studies, in the range of $0.01/m3 to $0.02/m3. Differences in lift height, rather than electricity
prices, appear to drive this distinction. Ramsey discount factors are comparable, also within the range
of 0.91 to 0.96 across the different examples.

Figure 2, Panel A, maps the percent of each aquifer’s capacity extracted annually wi (i.e., gross
extraction), averaged across years. Most global land has some form of groundwater, though not all
aquifers are widely used. Aquifers where groundwater is difficult to access or with arid climates or
inhospitable soils, like the Australian Outback, the Arabian peninsula, or the Sahara desert, have limited
extraction. More fertile areas like California’s Central Valley or the breadbaskets of Eastern India have
higher extraction rates. The modal aquifer has gross annual extraction below 1.0%, though a large share
have extraction up to 5.0% of capacity, and a smaller share up to 10.0% (Panel B). The mean aquifer has
gross annual extraction equal to 3.1% of capacity (Table 1).

Panel C of Appendix Figure A.2 maps annual recharge ri across aquifers, equal to gross minus net
extraction. Aquifers beneath the Amazon and Congolese rain forests and snow-covered Russian tundra
have among the fastest recharge. Spatial patterns of recharge have less clear correlation with spatial
patterns of agricultural production. Annual recharge in most aquifers ranges from 0.5% to 1.5% of
aquifer capacity (Panel D).41 Because recharge has a long right tail, however, the mean across aquifers is
larger, at 2.9% (Table 1).

E Heterogeneous Production Function Estimates

We examine heterogeneity in the return to groundwater across aquifers by extending equation (20) to
include an interaction term between groundwater extraction and a measure of the importance of ground-
water in each aquifer. We then estimate ϕi for each aquifer i using the following regression:

log yit = α log kit + γ log lit + ϕ logwit + ψ logwit × νi +X
′
itΓ + φi + ζt + εit (26)

41Most aquifers have some level of recharge, and only 6% of aquifers with data have annual recharge below 0.1% of aquifer
capacity.
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where νi measures differences in the value of groundwater across aquifers and the aquifer-specific water
input share is ϕi = ϕ + ψ × νi. We use the same instrumental variables approach as in equation (20)
to estimate this equation. We also estimate equation (26) without the interaction term but exclude low
agriculture aquifers from the sample, i.e., aquifers with less than 1% share of cropland. We report results
in Appendix Table A.4. We measure heterogeneity in the importance of groundwater using the share
of the aquifer that is cropland (column 1), the share of the aquifer that is irrigated (column 2), and an
indicator variable equal to 1 if any agriculture occurs above the aquifer (column 3), if any irrigation takes
place (column 4), or if agriculture is the dominant land use above the aquifer (column 5). Columns 6
and 7 report OLS and IV results on the high agriculture data subsample.

The heterogeneous effects estimates, in Appendix Table A.4, support that groundwater is more valu-
able in areas with more agriculture. For example, aquifers at the 90th percentile of the distributions of
cropland and irrigation have elasticities of 0.41 and 0.19 (Appendix Table A.4, columns 1 and 2, respec-
tively), above the mean of 0.10 across all aquifers (Table 3). Restricting the sample to high agricultural
aquifers only yields an IV estimate of 0.274 (column 7), again above the mean across all aquifers.

Appendix Table A.5 shows that the input shares are generally robust to different GDP outcomes,
different groundwater extraction definitions, and different data subsamples. They are also robust to
the inclusion of surface water in wit in addition to groundwater. We estimate the input shares using
water inputs from all sources instead of groundwater only, using economic data on agricultural GDP as
an outcome variable, using data from time periods when the night lights satellite data were measured
differently, and using alternate measures of labor based on gridded population estimates. Relative to our
main estimate of ϕ = 0.10, we estimate a groundwater input share of 0.12 when including all water inputs
in wit (column 1), 0.17 when using re-weighted agricultural GDP as an outcome in the place of night lights
(column 2), 0.15 when using the more recent night lights satellite data and 0.10 when using the older
satellite data (columns 5 and 6, respectively), 0.10 when we use logs instead of inverse hyperbolic sine
(column 7), 0.07 when we measure labor using gridded population (column 8), and 0.17 when we exclude
temperature and precipitation controls (column 9). We estimate smaller elasticities of approximately
0.03 when we use gridded GDP available for a more limited set of years as an outcome instead of night
lights (column 3), and when we restrict the data set to the deepest aquifers only (column 4), though we
cannot reject that all of these are equal to our main estimates. Estimates of θ are often close to our main
estimates in sign, magnitude, and precision but are somewhat less stable across specifications than the
estimates of ϕ.

F Additional Discussion of Results

F.1 Graphical Analysis of Decision Discount Factors

This appendix subsection explains the graphical discussion of decision discount factors in detail for the
Central Valley Aquifer System. The dashed vertical line in Figure 3 shows that in the mean year for our
data, gross water extraction equaled 1.8% of aquifer capacity. At this quantity, we calculate marginal
revenue from water of $0.12/m3, which is the value on the y-axis where the thick downward-sloping
marginal revenue line intersects the dashed vertical consumption line. At this quantity, myopia implies
a marginal extraction cost of $0.04/m3, shown in the dashed line with asterisks. At this quantity, this
myopic marginal cost is below marginal revenue, so myopia has too low a discount factor to rationalize
observed water extraction. The Ramsey discount factor of 0.96 (Table 1) implies the marginal cost of
water extraction equals $0.18/m3 at the observed quantity, shown in the dashed line with triangles.
Because this exceeds marginal revenue, Ramsey has too high a discount factor to rationalize observed
extraction. The market discount factor of 0.98 shown with ×’s is even higher. Ramsey and market
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discounting consider future extraction costs due to lifting the water further; myopia does not. A discount
factor of 0.89 makes the discounted marginal cost of water extraction of $0.12/m3 equal marginal revenue
at the observed quantity, and therefore best describes observed extraction.

F.2 Long-Term Management of Ogallala Aquifer

This appendix subsection explains long-term resource management outcomes for one case study, the
Ogallala Aquifer. Figure A.8 shows that the decision discount factor for the Ogallala Aquifer leads to
relatively rapid gross extraction over the century (Panel A). Extraction is slower under the benchmark
Ramsey and market discount factors. Panels B and C show that, as a consequence, the benchmark
extraction paths steadily increase fill and decrease extraction costs, leading to higher long-run profits.
The main difference between the Central Valley and Ogallala case studies is that the Central Valley
rapidly reaches steady state, while the Ogallala is still converging by the end of the century. Similarly,
Central Valley extraction in the three scenarios converges within a few decades.

F.3 Model Sensitivity Analyses

This section summarizes the sensitivity of the model results to changes in the estimated and calibrated
model parameters. Table A.8 reports these results. Column 1 summarizes our model estimates from the
main text and Columns 2-7 report model results for different model parameters.

Columns 2-4 use different production function parameters. Column 2 uses a calibrated value of the
land share from Ryan and Sudarshan (2022) in the production function. Together with our estimated
groundwater input share ϕ, calibrating the land share pins down the resource share θ without requiring
estimation of the capital and labor shares in equation (20). We find similar welfare losses using our
production function estimates or calibrating the production function parameters based on these estimates
from the literature, which suggests that aquifers in this scenario are similarly far from the optimal
extraction path on average. The dollar value of the welfare loss increases by 1-2% using the alternative
production function, but the welfare loss as a percent of aquifer value is lower because the total value of
global aquifers is higher. The share of aquifers that are over-extracted falls by 2-4 percentage points in
the Ramsey and market benchmarks.

Column 3 uses production function parameters resulting from estimating equation (20) using all water
(surface+groundwater) in production, rather than groundwater only. This sensitivity analysis assumes
that surface water and groundwater are perfectly substitutable in production. Table A.5 shows that the
water input share ϕ rises slightly relative to the groundwater only input share (0.121 versus 0.103) and
the resource share θ falls slightly (0.479 versus 0.514). Including surface water slightly lowers the welfare
loss in dollars from non-optimal extraction. The welfare loss in percentage terms is higher because the
value of groundwater resources is lower, reflecting the availability of surface water substitutes.

Column 4 uses aquifer-specific production function parameters resulting from allowing the water input
share to vary across aquifers; Table A.4 reports these production function parameters. As in column 3,
we find a very small effect on the welfare loss in dollars from non-optimal extraction, again suggesting
that aquifers are similarly far from the optimal extraction path in this scenario. The effect on the welfare
loss as a percent of aquifer value increases because the global value of aquifers falls.

Column 5 reports results that use an alternate calibration of marginal extraction costs. This sensitivity
analysis allows marginal extraction costs to vary across aquifers based on differences in aquifer-specific
pump fuel source (electricity versus diesel) and pump efficiency. We find that using this alternative
marginal cost estimate has very little effect on the model outcomes. We find welfare loss estimates and
global aquifer valuations that are all within 10% of the outcomes that we report in the main text, for
both Ramsey and market discounting. Most of the over-extracted aquifer shares are similar or higher.
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Column 6 calibrates recharge to the distribution of precipitation during the years where we observe
extraction data from GRACE. If rainfall is unusually high or low during this 2003-2016 period, calibrating
recharge to the long-run average will overstate or understate extraction. In this sensitivity analysis, we
allow recharge and, by extension, extraction to be higher or lower than the long-run average by the
same percent that rainfall is higher or lower than the average of the 100 prior years. Again, we find
quantitatively similar results.

Column 7 uses an estimate of marginal extraction costs that includes annualized well drilling costs.
The U.S. Department of Agriculture (USDA) reports that aggregate annual expenditure on drilling is
approximately 12% of aggregate annual pumping costs (USDA 2024); in this sensitivity analysis, we
increase annual extraction costs by 12% and continue to find quantitatively similar results.

Appendix Table A.9 reports further sensitivity analyses using different subsets of aquifers. Column
(2) uses only major aquifer systems. Column (3) includes aquifers with decision discount factor outside
0 to 1. Column (4) includes estimates for aquifers with less than 1% of land devoted to agriculture, and
Column (5) includes aquifers with low agriculture and decision discount factors outside of 0 to 1. In
each of these alternatives, the share of aquifers where extraction is inefficiently rapid is similar to the
main estimates, at 61% to 65% for Ramsey discounting and 79% to 81% for market discounting, and
non-optimal extraction generates a welfare cost of several trillion dollars.

F.4 Technology Parameters

Appendix Table A.5 assesses the robustness of the estimated model parameters ϕ and θ to different
definitions of water extraction and profits, different data subsamples, and different specifications of the
instruments. We report our estimates of the groundwater input share ϕ, θ = 1− α− γ, and the implied
return to land θ − ϕ.

Column 1 combines surface water and groundwater extraction in the measurement of water inputs.
The estimate of the total water input share is statistically indistinguishable from our estimate using
groundwater only. Using this alternative definition results in a water input share point estimate that is
approximately 20% larger than our estimate based on groundwater only in Table 3, which is suggestive of
slightly higher returns to the surface water component of irrigation. In both models, the capital and labor
input shares are similar in sign, magnitude, and precision to our estimates that include only groundwater,
leading to quantitatively similar estimates of θ.

Columns 2 and 3 define the profit outcome variable differently. Rather than using observational
night lights luminosity, column 2 uses economic data on country-level agricultural GDP and column 3
uses model-based gridded estimates of total GDP adjusted for purchasing power (Kummu et al. 2018;
Prabhakar et al. 2023) both of which we re-weight to the aquifer-level. We find that the point estimates of
the input shares are slightly larger than our main estimates in Table 3 when we use agricultural GDP as
the outcome variable and slightly smaller when we use gridded GDP as the outcome variable, though in
both cases the point estimates are statistically indistinguishable from the main estimates. In particular,
the larger groundwater effect on agricultural GDP relative to our benchmark estimate of 0.10 using
night lights and 0.03 using gridded GDP seems to accurately capture the importance of groundwater in
agriculture, relative to all sectors. The smaller gridded GDP estimate in column 3 may also reflect the
purchasing power adjustment and the smaller sample size due to the fewer number of years in which this
data set is available.

Columns 4, 5, and 6 use the same variables as our main estimates, but different data subsamples. Col-
umn 4 excludes shallow-water aquifers from the data; aquifers classified as shallow-water by hydrological
agencies are more likely to be close to the surface, under thicker bedrock, and less likely to approximate
the “bathtub” shape in Figure 1 (BGR 2025). The results on this sample are statistically indistinguish-
able from our main estimates, though the smaller sample size reduces precision. Columns 5 and 6 split
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the data into two time periods corresponding to the two different satellites that measured night lights
luminosity, our outcome variable. Column 5 includes 2013-2016 (i.e., the “VIIRS” years) and column 6
includes 2003-2012 (i.e., the “DMSP” years); the full night lights data set is harmonized across the two
time periods, so we expect, and find, similar results across the subsample that includes much of our data
(i.e., the DMSP years) and noisier estimates for the three-year VIIRS sample.

Column 7 replicates our main estimates using instruments in logs, rather than inverse hyperbolic
sine. The inverse hyperbolic sine transformation of average temperature and total precipitation in the
instruments used to generate our main estimates of the input shares allows us to include approximately
200 aquifers with negative or zero average temperatures, but is sensitive to the choice of units. Log-
transforming temperature and precipitation generates instruments that are robust to different measure-
ment choices, at the cost of excluding approximately 200 observations. We find estimates of the water,
capital, and labor input shares that are virtually identical using either set of instruments.

Column 8 uses the same groundwater inputs, capital inputs, and instruments as our main analysis, but
replaces our measure of labor with gridded population estimates. Gridded population data are available
every five years; we linearly interpolate intervening years. Using this alternate measure of labor, our
estimate of the groundwater input share is statistically indistinguishable from our main estimate, though
none of the model parameters are statistically significant using this noisier labor measure.

Column 9 again uses the same production function inputs and instruments as our main analysis, but
excludes the temperature and precipitation controls. The groundwater input share is almost identical to
our main estimates, suggesting that climate is not driving our main result. The labor and capital shares
and, by extension, the land share are less precisely estimated.

F.5 Policy Functions

Appendix Figure A.5 shows optimal water consumption as a function of aquifer fill (the “policy function”)
for each of the four case study aquifers. Each figure shows the policy function for four discount factors:
“myopic” (β = 0), the decision discount factor, the Ramsey discount factor, and the “market” discount
factor (β = 0.98). The policy function shifts down as β increases: a more patient agent uses less water
for a given aquifer fill. In each figure, the dashed horizontal line is the aquifer recharge. Water use equals
recharge where a policy function intercepts this line. The long-run fill of an aquifer is the fill level at
which water consumption equals recharge. The more patient an agent is, the higher will be the long-run
fill level.
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G Figures and Tables

Figure A.1: Patterns of Specific Yield and Capacity, by Aquifer

(a) Spatial Patterns of Specific Yield (b) Distribution of Specific Yield

(c) Spatial Patterns of Log Capacity (d) Distribution of Log Capacity

Notes: Panels A and B show aquifer-level specific yield (out of 1). Panels C and D show log capacity (in
m3).
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Figure A.2: Net Extraction and Recharge, by Aquifer

(a) Spatial Patterns of Net Annual Extraction (b) Distribution of Net Annual Extraction

(c) Spatial Patterns of Annual Recharge (d) Distribution of Annual Recharge

Notes: Panels A and B show aquifer-level net groundwater extraction as a share of aquifer capacity. Net
extraction equals gross extraction minus recharge. Panels C and D show recharge as a share of aquifer
capacity. Data are from GRACE and de Graaf et al. (2015). The means are aquifer-level averages over all
years between 2003 and 2016.
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Figure A.3: Additional Aquifer Characteristics, by Aquifer

(a) Spatial Patterns of Ramsey Discount Factor (b) Distribution of Ramsey Discount Factor

(c) Spatial Patterns of Mean Lift Height (d) Distribution of Mean Lift Height

(e) Spatial Patterns of Electricity Prices (f) Distribution of Electricity Prices

Notes: Panels A and B show Ramsey discount factors from Addicott et al. (2020). Panels C and D show
mean lift height in meters from Fan et al. (2013). Panels E and F show electricity prices in $/kWh from the
International Energy Agency. The means are aquifer-level averages over all years between 2003 and 2016.
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Figure A.4: Marginal Cost and Marginal Revenue Curves for Other Case Study Aquifers

(a) Ogallala Aquifer (b) Indus Basin

(c) North China Aquifer System

Notes : The horizontal axis shows gross extraction as a share of aquifer capacity. In each graph, the dashed
vertical line shows observed gross groundwater extraction based on GRACE (Rodell et al. 2019). The deci-
sion discount factor β represents the value where marginal revenue equals marginal cost at observed water
extraction (i.e., the β for which observed water extraction is optimal). Graphs show marginal costs for four
discount factors: complete myopia, the decision discount factor, the Ramsey benchmark discount factor, and
the market benchmark discount factor. With complete myopia, β = 0 in all four graphs. The market discount
factor is β = 0.98 in all four graphs. In the Ogallala Aquifer, decision βd = 0.94 and Ramsey β∗ = 0.96. In
the Indus Basin, decision βd = 0.71 and Ramsey β∗ = 0.92. In the North China Aquifer System, decision
βd = 0.89 and Ramsey β∗ = 0.91.
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Figure A.5: Policy Functions

(a) Central Valley
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(b) Ogallala
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(c) Indus
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(d) North China
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Notes: This figure shows optimal water consumption as a function of aquifer fill (the “policy function”) for the four case study
aquifers. Each figure shows the policy function for four discount factors: “myopic” (β = 0), the decision discount factor, the
Ramsey discount factor, and the “market” discount factor (β = 0.98). The dashed horizontal line is the aquifer’s recharge.
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Figure A.6: Decision Discount Factors, Major Aquifers

(a) Spatial Patterns of Decision Discount Factors

Notes : The decision discount factor represents the value consistent with observed extraction. This figure maps the decision
discount factor (βd) for each component aquifer of the major aquifer systems. Case study aquifers are outlined in red.
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Figure A.7: Estimated Relationship Between Discount Factor and Property Rights Interpretations: Other
Case Study Aquifers

(a) Ogallala Aquifer
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(b) Indus Basin
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(c) North China Aquifer System
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Notes : This figure displays the relationship between the property rights parameter λ and the discount factor
β for the Ogallala, Indus, and North China Aquifer Systems, using the methodology from Section 6.4 and
Appendix C.2. We estimate λ assuming β∗ is given by the Ramsey or market discount factor.
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Figure A.8: Paths of Resource Management Outcomes Under Different Discount Factors, Ogallala Aquifer

(a) Gross Water Extraction (% of Capacity) (b) Fill (% of Capacity)

(c) Water Marginal Extraction Cost ($/m3) (d) Annual Profit (Billion $)

Notes : This figure shows the predicted gross groundwater extraction (% capacity), predicted fill levels (%
capacity), predicted future water extraction costs ($/m3), and predicted annual profit (billion $) for the
Ogallala Aquifer. Each line represents a prediction under a different discount factor. The solid blue line
represents the current extraction path.
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Figure A.9: Welfare Losses Due to Difference Between Estimated and Market Discount Factors

(a) Welfare Losses, by Aquifer

(b) Distribution of Welfare Losses

Notes : Panel A maps the welfare loss in each aquifer, measured as a percent of each aquifer’s present value,
due to the current extraction path deviating from the market benchmark. Panel B maps the distribution of
these losses across aquifers.
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Table A.1: Model Notation

Variable: Meaning

i Aquifer
t Period
a, ai, ait ∈ [0, 1] Amount of water available at beginning of a period
ci Aquifer-specific cost per unit of water × lift height
di Pure rate of time preference (discount rate on utility)
ei Industrial electricity price
gi Growth rate of consumption per capita

hit, hi, hi Lift height, min lift height, max lift height of aquifer
k Capital, chosen by agent
l Labor, chosen by agent
pki , p

l
i Rental price of capital; price of labor

r, ri ∈ [0, 1] Recharge quantity of water for aquifer i
si Surface land area above aquifer
vc Marginal groundwater revenue for crop c
w,wi, wit ∈ [0, 1] Water consumption
w,w∗ Water consumption path, optimal water consumption path
w̄it Average extraction
ã, w̃, r̃ Not scaled by aquifer capacity: amount of water available, water consumption, recharge

quantity
x Land
yi Numeraire output good produced by agent i
ȳit Remotely sensed nighttime lights; proxy for output yit
zi Transformed productivity
Hc Mean years of schooling in country c
Vi Value of aquifer i
Xit Temperature and precipitation
Zit Vector of instruments (lagged weather, input prices)
α Share capital
β, β∗i , β

d
i Discount factor, benchmark discount factor, decision discount factor

γ Share labor
ζt Annual global productivity disturbance
ηi Elasticity of marginal utility of consumption
θ Cost share of water plus land
κi Capacity
λi ∈ [0, 1] Extent of well owners’ control over water level
νi Measure of the value of groundwater in aquifer i (e.g., GAEZ return to irrigation)
ξ Pump efficiency
πi Profit when available water is a and water consumption is w
π̃i Profit, net of water costs
ρ Physical constant reflecting flow rate, gravitational acceleration, and water density
σic Share of crop c in total agricultural production for aquifer i

(Continued on next page)
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Table A.1: Model Notation (Continued from previous page)

Variable: Meaning

ϕi, ϕ Elasticity of output w.r.t. groundwater extraction (aquifer-specific; common component)
φi Time-invariant aquifer productivity characteristics (soil quality; subsumes land)
χi Aquifer-specific multiple of nighttime luminosity
ωi Welfare loss due to using non-benchmark discount factor
Ci Cost of extracting w units of water when initial water is a
Hi Topsoil thickness of aquifer
Ti Saturated thickness of aquifer
V Value of a consumption path on aquifer, discounted at β
Yi Specific yield of aquifer
Zi,Zit Total factor productivity
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Table A.2: Data Sources

(1) (2) (3) (4) (5)
Data Source Variables Unit Description Citation
GRACE ∆hit cm/year Height of the change in water storage; used

to compute change in lift height (m)
Rodell et al. (2019)

WHYMAP r̃i mm/year Mean annual aquifer recharge; input to
aquifer dynamics model

BGR (2025)

si m2 Surface land area; used to derive aquifer
characteristics such as capacity

WaterGAP Hi, Yi m, unitless Topsoil thickness and specific yield; used to
compute aquifer capacity κi = (̄hi −Hi)siYi

de Graaf et al. (2015)

Fan et al. (2013) hi,2008 meters Initial lift height; benchmark for water table
depth in 2008

Fan et al. (2013)

Li et al. (2020) ȳit Index Nighttime light intensity; proxy for
aquifer-level economic output

Li et al. (2020)

Kummu et al. (2018) USD Gridded purchasing power-adjusted GDP;
alternative proxy for output

Kummu et al. (2018)

GAEZ tons, % Yields of 26 crops under various conditions;
combined with marginal returns to estimate
y′i(w̃i)

FAO and IIASA (2024)

D’Odorico et al. (2020) $/m3 Marginal value of irrigation water by crop;
used to estimate marginal returns to
groundwater

D’Odorico et al. (2020)

World Bank WDI people Population, employment share in agriculture;
used to compute effective labor input

World Bank (2023)

Hc years Mean years of schooling; adjusts for
differences in human capital

Penn World Table Kit USD Capital stock; capital input in the production
function

GGDC (2022)

ILO USD Wages; used in productivity estimation and
calibration

ILO (2023)

IMF rc % Interest rates; used as proxy for cost of
capital in production function

IMF (2023)

IEA pe,c $/kWh Electricity prices; used to calculate marginal
cost of groundwater extraction

IEA (2021)

Climate Research Unit precipit, tempit mm, ◦C Climate data; used as instruments in
production function and to estimate recharge

Harris and Jones (2019)

Global Hydrogeology Maps Soil characteristics; informs recharge and
aquifer structure

Gleeson et al. (2014)

Addicott et al. (2020) β∗
i Benchmark discount factor; used to compute

welfare-optimal extraction path
Addicott et al. (2020)

HYDE / AquaKnow IrrigAreai km2, % Irrigated area; used to estimate groundwater
dependence of agriculture

Goldewijk (2017)
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Table A.3: First Stage for Instrumental Variables Regressions

(1) (2) (3)
log(Groundwater) log(Capital) log(Labor)

Average Temperature, Lag 2 -0.008 -0.001 -0.002∗∗

(0.006) (0.001) (0.001)

Average Temperature, Lag 2 X Porosity 0.001 -0.017∗ -0.010∗

(0.042) (0.009) (0.005)

Average Temperature, Lag 3 X Porosity -0.043∗ -0.028∗∗∗ -0.006∗

(0.024) (0.005) (0.003)

asinh(Average Temperature, Lag 2) -0.052∗∗∗ -0.049∗∗∗ -0.020∗∗∗

(0.019) (0.004) (0.002)

log(Total Precipitation, Lag 2) X Porosity -0.683∗∗∗ 0.276∗∗∗ 0.030
(0.139) (0.046) (0.018)

asinh(Average Temperature, Lag 3) 0.062∗∗∗ -0.035∗∗∗ -0.030∗∗∗

(0.016) (0.004) (0.002)

log(Wage, Lag 1) -0.002 -0.001 -0.069∗∗∗

(0.016) (0.007) (0.006)

log(Wage, Lag 2) 0.048∗∗∗ 0.011∗∗∗ -0.028∗∗∗

(0.017) (0.004) (0.003)

log(Interest Rate, Lag 2) 0.094∗∗∗ 0.045∗∗∗ -0.031∗∗∗

(0.014) (0.002) (0.001)

log(Interest Rate, Lag 1) -0.073∗∗∗ 0.096∗∗∗ -0.032∗∗∗

(0.012) (0.004) (0.002)

log(Wage, Lag 3) -0.042∗∗∗ 0.025∗∗∗ -0.014∗∗∗

(0.014) (0.005) (0.004)

log(Interest Rate, Lag 3) 0.021∗ -0.001 0.004∗∗

(0.012) (0.004) (0.002)

Aquifer FE Yes Yes Yes
Year FE Yes Yes Yes
Weather controls Yes Yes Yes
F statistic 11.664 116.508 256.495
Observations 29,854 29,854 29,854

Notes: This table shows the first stage regressions for Table 3. The outcome variables are the log of groundwater extraction, capital, and labor by

aquifer, respectively. The instruments and precipitation and temperature controls are chosen as part of the two-step model selection process (see text).

Log(groundwater) is gross groundwater extraction in m3. Log(capital) is the aquifer-specific value of capital in million 2023 U.S. dollars. Log(labor) is

aquifer population employed in agriculture. F statistic is the first stage F statistic for each endogenous variable. Standard errors clustered by aquifer

are in parentheses. Asterisks denote p-value less than 0.01 (***), 0.05 (**), 0.10 (*).
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Table A.4: Heterogeneous Effects of Groundwater Extraction on GDP

(1) (2) (3) (4) (5) (6) (7)
Cropped % Irr % Any Crops Any Irr Dominant Ag High Ag,OLS High Ag, IV all

log(Groundwater) (ϕ0) -0.210∗∗∗ -0.004 -0.204∗ -0.151 -0.138∗∗ 0.014∗∗∗ 0.274∗∗∗

(0.080) (0.066) (0.115) (0.098) (0.070) (0.003) (0.063)

log(Groundwater) × Value (ϕi) 1.743∗∗∗ 3.266 0.456∗∗∗ 0.451∗∗∗ 1.214∗∗∗

(0.447) (2.011) (0.177) (0.171) (0.346)

1 - log(Capital) - log(Labor) (θ) 0.439∗∗∗ 0.487∗∗∗ 0.405∗∗ 0.366∗∗ 0.456∗∗∗ 0.702∗∗∗ -0.345
(0.153) (0.160) (0.161) (0.160) (0.155) (0.058) (0.323)

Implied log(Land) (θ - ϕ) 0.460∗∗∗ 0.544∗∗∗ 0.210 0.223 0.393∗∗ 0.688∗∗∗ -0.619∗

(0.164) (0.163) (0.224) (0.202) (0.164) (0.058) (0.356)

Aquifer FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes Yes
F statistic 4.287 2.389 4.505 3.814 3.099 — 5.633
Value Mean .108 .019 .731 .533 .062 — —
Observations 29,854 29,777 29,854 29,854 29,854 17,782 17,782

Notes: All models are estimated using instrumental variables, except Column (6), which is estimated using OLS.
Log(groundwater), its interaction, log(labor), and log(capital) are instrumented in all models. The instruments and precip-
itation and temperature controls are chosen as part of the two-step model selection process (see Section 5.2). Log(groundwater)
is gross groundwater extraction in m3. Value is the aquifer-specific value of groundwater, measured by heterogeneity in the
variable specified in the column heading; this gives us heterogeneous water input shares (ϕi). Column (1) uses the share of the
aquifer that is cropped. Column (2) uses the share of the aquifer that is irrigated. Column (3) uses a binary indicator for any
cropped land above the aquifer. Column (4) uses a binary indicator for any irrigation above the aquifer. Column (5) uses a
binary indicator for agriculture as the dominant land use above the aquifer. Columns (6)-(7) exclude low agriculture aquifers.
Log(capital) is the aquifer-specific value of capital in million 2023 U.S. dollars. Log(labor) is aquifer population employed
in agriculture. Implied Log(land) is the implied value of the land share under the assumption of constant returns to scale,
evaluated at the mean of the value variable. The outcome variable is log(night lights luminosity) by aquifer×year. F statistic
is the Kleibergen–Paap rk Wald F-statistic. Standard errors clustered by aquifer are in parentheses. Asterisks denote p-value
less than 0.01 (***), 0.05 (**), 0.10 (*).
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Table A.5: Alternative Estimated Effects of Production Function Parameters

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Total Water Ag GDP Grid GDP Deep Aq VIIRS DMSP log IVs log(Pop) No Xs

log(All Water) (ϕ) 0.121∗∗ — — — — — — — —
(0.049) — — — — — — — —

log(Groundwater) (ϕ) — 0.169∗∗∗ 0.024 0.024 0.151∗ 0.098∗∗∗ 0.100∗∗ 0.073 0.170∗∗∗

— (0.024) (0.063) (0.044) (0.088) (0.018) (0.042) (0.045) (0.050)

1 - log(Capital) - log(Labor) (θ) 0.479∗∗∗ 0.551∗∗∗ 0.440∗ 0.645∗∗∗ 2.410∗∗∗ 0.612∗∗∗ 0.592∗∗∗ 0.138 0.072
(0.151) (0.134) (0.239) (0.140) (0.360) (0.079) (0.162) (0.173) (0.170)

Implied log(Land) (θ - ϕ) 0.357∗∗ 0.383∗∗∗ 0.416∗ 0.620∗∗∗ 2.259∗∗∗ 0.513∗∗∗ 0.492∗∗∗ 0.066 -0.098
(0.173) (0.134) (0.242) (0.162) (0.350) (0.084) (0.178) (0.191) (0.190)

Aquifer FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Weather controls Yes Yes Yes Yes Yes Yes Yes Yes No
F statistic 9.138 10.401 9.103 9.267 4.237 7.293 10.830 12.741 9.974
Observations 29,854 29,854 27,248 23,244 10,717 19,137 29,772 29,854 29,854

Notes: All models are estimated using instrumental variables. Log(groundwater), its interaction, log(labor), and log(capital)
are instrumented in all models; the instruments and precipitation and temperature controls are chosen as part of the two-step
model selection process (see Section 5.2). Log(groundwater) is groundwater extraction in m3. Log(capital) is the aquifer-specific
value of capital in million 2023 U.S. dollars. Log(labor) is aquifer population employed in agriculture. Implied Log(land) is
the implied value of the land share under the assumption of constant returns to scale. Column (1) combines groundwater and
surface water extraction. Column (2) uses agricultural GDP (Ag GDP) (re-weighted to the aquifer-level from the country-level)
as an outcome variable. Column (3) uses gridded purchasing power parity GDP as an outcome variable. Column (4) excludes
shallow water aquifers (Shallow Aq) from the analysis sample. Columns (5) and (6) split the sample into the two time periods
where two different satellite operations collected night lights data: column (5) includes 2013-2016 (i.e., the “Visible Infrared
Imaging Radiometer Suite (VIIRS)” years) and column 6 includes 2003-2012 (i.e., the “Defense Meteorological Satellite Program
(DMSP)” years). Column (7) uses logs of the IVs instead of inverse hyperbolic sine and excludes aquifers with negative average
temperatures. Column (8) uses the log of gridded population instead of agricultural labor. Column (9) excludes precipitation
and temperature controls. The outcome variable is log(Night Lights Luminosity) by aquifer-year, except in Columns (2) and
(3). F statistic is the first stage Kleibergen–Paap rk Wald F-statistic. Standard errors clustered by aquifer are in parentheses.
Asterisks denote p-value less than 0.01 (***), 0.05 (**), 0.10 (*).
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Table A.6: Model Outputs: Discount Factor and Intermediate Outcomes, Medians

Crop GDP Population
Weighted Weighted Weighted

(1) (2) (3)
Panel A: Discount Factor
Estimated 0.840 0.943 0.881
Estimated - Ramsey discount -0.107 0.003 -0.057

Panel B: Baseline Net Water Use (% of aquifer capacity)
Observed -0.00% 0.03% 0.08%
Ramsey discounting -0.98% 0.07% -0.50%
Market discounting -1.37% -0.40% -1.16%

Panel C: Long-Run Fill (% of aquifer capacity)
Observed extraction path 92.49% 93.50% 92.49%
Ramsey discounting 100.00% 92.19% 100.00%
Market discounting 100.00% 100.00% 100.00%

Panel D: Long-Run Marginal Extraction Cost
($/m3)
Observed extraction path 0.021 0.018 0.028
Ramsey discounting 0.000 0.028 0.000
Market discounting 0.000 0.000 0.000

Notes : For each statistic, we report the global aquifer crop value-weighted median (Column 1), the global
aquifer GDP-weighted median (Column 2), and the global aquifer population-weighted median (Column
3). We report results using our decision discount factor, the benchmark Ramsey discount factor, and the
benchmark market discount factor 0.98. The Ramsey discount factors are from Addicott et al. (2020). Panels
B and C are in percentage points, i.e., 0.33, which represents a third of a percentage point. All estimates are
based on the model in Section 3. All dollar values are in 2023 U.S. dollars.
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Table A.7: Correlations between the Decision Discount Factor (βd
i ) and Aquifer Characteristics

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13)
Model Inputs
Log(Groundwater Returns) 0.522∗∗∗ — — — — — — — — — — — 0.745∗∗∗

(0.156) — — — — — — — — — — — (0.153)
Log(Marginal Cost) — -3.062∗∗∗ — — — — — — — — — — -2.991∗∗∗

— (0.447) — — — — — — — — — — (0.564)
Log(Elec. Price) — — -1.862∗∗∗ — — — — — — — — — -0.913∗∗∗

— — (0.327) — — — — — — — — — (0.243)
Log(Lift Height) — — — -0.027∗∗∗ — — — — — — — — 0.003

— — — (0.008) — — — — — — — — (0.008)
Ramsey Discount Factor and Components
Ramsey Discount Factor — — — — 0.122 — — — — — — — 0.751

— — — — (0.948) — — — — — — — (0.517)
Pure Rate of Time Pref. — — — — — 0.019 — — — — — — 0.061∗∗∗

— — — — — (0.044) — — — — — — (0.021)
Growth Rate, GDP/Pop — — — — — — -0.001 — — — — — 0.000

— — — — — — (0.004) — — — — — (0.002)
Other Country Characteristics
Formal water market exists — — — — — — — -0.020 — — — — 0.055∗∗

— — — — — — — (0.028) — — — — (0.027)
Informal water market exists — — — — — — — — 0.046 — — — 0.023

— — — — — — — — (0.046) — — — (0.030)
International Aquifer — — — — — — — — — 0.016 — — 0.024∗

— — — — — — — — — (0.020) — — (0.015)
Log(GDP/Pop) — — — — — — — — — — -0.010∗∗∗ — -0.010∗∗∗

— — — — — — — — — — (0.003) — (0.002)
Log(Democracy) — — — — — — — — — — — -0.128∗∗∗ -0.058∗∗

— — — — — — — — — — — (0.046) (0.028)
Continent FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369 1,369

Notes: The outcome variable is the aquifer-level estimate of the decision discount factor (βd
i ). The Ramsey discount factor and

the pure rate of time preference are from Addicott et al. (2020). d.f. is discount factor. Country characteristics are discussed
in Appendix D.5. All models are estimated using OLS. Marginal returns and marginal cost are in $/m3, electricity prices are in
$/kWh, and lift height is in m. Robust standard errors are in parentheses. Asterisks denote p-value less than 0.01 (***), 0.05
(**), 0.10 (*).
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Table A.8: Consequences of Non-Optimal Discounting and Other Counterfactuals, Sensitivity Analyses

(1) (2) (3) (4) (5) (6) (7)
Panel A: Ramsey benchmark discount factor
Welfare loss from:

Observed extraction path (%) 2.55% 2.10% 3.39% 4.71% 2.29% 2.54% 2.63%
Observed extraction path (trillion $) 2.57 2.63 2.61 2.83 2.50 2.61 2.87
Myopia (%) 9.16% 7.48% 12.02% 16.88% 9.13% 9.19% 9.34%
Constant water (%) 3.40% 2.71% 4.56% 6.55% 3.05% 3.39% 3.57%
Zero net extraction (%) 2.87% 2.38% 3.79% 5.34% 2.61% 2.86% 2.97%

Fraction of aquifers over-extracted:
Unweighted 60.85% 56.45% 62.65% 56.43% 62.41% 61.27% 63.76%
Capacity weighted 71.68% 67.63% 72.01% 68.04% 70.39% 72.06% 72.76%
Population weighted 77.39% 64.52% 78.90% 64.51% 77.82% 77.90% 81.40%
GDP weighted 48.98% 46.17% 50.24% 46.17% 50.57% 49.75% 50.72%

Global value of all aquifers (trillion $) 103.26 143.59 74.72 49.52 105.17 104.54 102.20
Panel B: Market benchmark discount factor
Welfare loss from:

Observed extraction path (%) 2.90% 2.24% 3.92% 4.95% 2.83% 2.91% 3.12%
Observed extraction path (trillion $) 8.36 8.41 8.37 8.51 8.93 8.47 9.29
Myopia (%) 12.88% 10.67% 16.68% 22.89% 12.90% 12.91% 13.05%
Constant water (%) 5.44% 4.09% 7.37% 10.37% 5.34% 5.46% 5.88%
Zero net extraction (%) 2.91% 2.25% 3.94% 5.01% 2.83% 2.91% 3.15%

Fraction of aquifers over-extracted:
Unweighted 81.52% 80.03% 82.87% 79.80% 84.18% 82.58% 83.51%
Capacity weighted 89.00% 87.90% 88.98% 87.32% 89.17% 89.40% 88.60%
Population weighted 95.99% 94.60% 96.38% 94.29% 96.35% 95.69% 96.65%
GDP weighted 70.35% 69.73% 70.21% 69.72% 90.75% 70.22% 71.01%

Global value of all aquifers (trillion $) 244.91 340.39 177.05 115.61 248.30 248.32 242.44
Baseline Yes
Calibrated land share Yes
Add surface water Yes
Heterogeneous water returns Yes
Heterogeneous fuel sources Yes
Variable Recharge Yes
Drilling Costs Added Yes
Observations 1,369 1,387 1,360 1,391 1,410 1,366 1,352

Notes : This table displays model results for all aquifers. Column (1) summarizes our model estimates from
the main text. Columns (2) through (7) report model results for different sets of model parameters. Column
(2) uses a calibrated value of the land share from Ryan and Sudarshan (2022) in the production function
instead of the value implied by estimating the capital and labor shares in equation (20). Column (3) uses
production function parameters resulting from estimating equation (20) using all water (surface+groundwater)
in production, rather than groundwater only; Table A.5 reports these production function parameters. Column
(4) uses aquifer-specific production function parameters resulting from allowing returns to water to vary across
aquifers; Table A.4 reports these production function parameters. Column (5) uses estimates of marginal
extraction cost that incorporate heterogeneity across aquifers in groundwater pump fuel source (electricity
versus diesel) and pump efficiency. Column (6) uses recharge estimates that vary by year. Column (7)
includes drilling costs. The Ramsey discount factors are based on Addicott et al. (2020), re-weighted to the
aquifer-level. The market discount factor is based on a market discount rate of 2%. All estimates are based
on the model in Section 3. All dollar values are in 2023 U.S. dollars.
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Table A.9: Implications of Observed and Counterfactual Consumption Paths for Social Welfare, Sensitivity
Analyses

(1) (2) (3) (4) (5)
Panel A: Ramsey benchmark discount factor
Welfare loss from:

Observed extraction path (%) 2.55% 2.30% 3.01% 2.66% 3.40%
Observed extraction path (trillion $) 2.57 1.65 3.02 2.88 3.43
Myopia (%) 9.16% 9.99% 8.69% 9.35% 8.77%
Constant water (%) 3.40% 3.57% 7.82% 3.58% 39.14%
Zero net extraction (%) 2.87% 2.84% 8.45% 2.97% 21.56%

Fraction of aquifers over-extracted:
Unweighted 60.85% 66.67% 61.01% 62.57% 64.97%
Capacity weighted 71.68% 79.49% 71.25% 70.28% 72.65%
Population weighted 77.39% 82.25% 77.43% 77.26% 77.37%
GDP weighted 48.98% 64.59% 49.14% 51.14% 49.52%

Global value of all aquifers (trillion $) 103.26 68.99 107.91 115.55 121.25
Panel B: Market benchmark discount factor
Welfare loss from:

Observed extraction path (%) 2.90% 2.89% 3.34% 3.07% 3.88%
Observed extraction path (trillion $) 8.36 5.31 9.47 9.02 10.40
Myopia (%) 12.88% 13.28% 12.28% 12.93% 12.11%
Constant water (%) 5.44% 6.22% 10.45% 5.74% 52.94%
Zero net extraction (%) 2.91% 3.15% 8.20% 3.09% 20.44%

Fraction of aquifers over-extracted:
Unweighted 81.52% 84.93% 79.01% 82.06% 80.64%
Capacity weighted 89.00% 92.25% 85.65% 88.37% 86.42%
Population weighted 95.99% 97.26% 95.20% 95.94% 95.15%
GDP weighted 70.35% 83.81% 67.91% 71.79% 67.15%

Global value of all aquifers (trillion $) 244.91 160.82 255.51 273.02 285.93
Baseline Yes
Major aquifers Yes
Extremal discount factor included Yes Yes
Low agriculture aquifers Yes Yes
Observations 1,369 219 1,572 1,611 2,004

Notes : This table displays model results for all aquifers and for different aquifer samples. Column (1)
summarizes our model estimates from the main text. Column (2) uses only major aquifers. Column (3) uses
all aquifers, not just those with discount factor between 0 and 1. The Ramsey discount factors are based
on Addicott et al. (2020), re-weighted to the aquifer-level. The market discount factor is based on a market
discount rate of 2%. Column (4) includes low agriculture aquifers. Column (5) includes low agriculture
aquifers, and aquifers regardless of discount factor. All estimates are based on the model in Section 3. All
dollar values are in 2023 U.S. dollars.
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