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Abstract

Geological characteristics are key determinants of oil and gas production
outcomes, but these are not fully known by �rms until actual drilling occurs. To
study the precision of �rms' prior beliefs about geological quality in Louisiana's
Haynesville shale, I estimate a strucural model that combines initial mineral
lease terms, �rms' dynamic, discrete choices to drill wells, and the production
outcomes of these wells. These three components are linked by learning. I
�nd that �rms' initial signals about geology are only somewhat informative.
Mineral owners are successful in capturing some of �rms' initial information
about geolical quality, and the informational value of exploratory drilling is
likely to have accelerated the U.S. shale boom.

1 Introduction

Since the mid 2000s, the combination of horizontal drilling and hydraulic fracturing

has spurred a boom in U.S. oil and gas production. Most of this new produc-

tion comes from unconventional shale resources, which have a very di�erent geology
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and require a di�erent production process compared to conventional hydrocarbon

resources. Over time, the average productivity of new wells has steadily increased.

Some of the increased productivity is due to �rms learning about how to drill. This is

the focus of the EIA's Drilling Productivity Report,1 industry analysts who carefully

follow the latest trends in drilling and completion practices, and a recent academic

study by Covert (2015). The payo� to drilling a well also depends in large part on the

geological characteristics of well's location, not just the �rm's engineering decisions

about drilling and completion. Thus, some of these productivity gains may also be

due to �rms learning where to drill. While �rms have prior beliefs about the geo-

logical characteristics of a location before they drill it, they cannot know for certain

what those characteristics are without drilling. Drilling an initial, exploratory well

resolves some of this uncertainty, and gives �rms better information before deciding

whether or not to exercise the option to continue drilling additional wells after they

learn a location's geology.

Implications of learning about geology The relative importance of learning

about how and where to drill has meaningful implications for the long-term domestic

supply of shale resources. A key question is how precise �rms' information about

geology is, and the scope for �rms to learn about geology by drilling. If �rms have

very precise knowledge about the geology of a location before drilling, then a greater

share of the productivity increases we have seen are due to �rms targeting and

exhausting the very best locations. This will exacerbate the way depletion lowers

the mean productivity of wells over time as discussed by Smith (2017). Long-run

marginal extraction costs will rise faster as �rms must move to exploiting lower-

quality deposits. A greater share of lower-quality deposits also implies that U.S.

shale production�currently cast by some as the world's new �swing-producer� and

replacing OPEC�will become less elastic over time. In contrast, if �rms do not

have precise information about geology before drilling, then the informational value

of an initial, exploratory well is very large: �rms must actually drill to learn about

the geology of an area. The implication is that �rms will exhaust high productivity

areas more slowly since they cannot target these as well. Thus, paradoxically, the

less �rms know about geology before exploratory drilling, the greater the long-term

supply of shale resources.

The precision of �rms' information also has implications for the timing of drilling.

1https://www.eia.gov/petroleum/drilling/

2

https://www.eia.gov/petroleum/drilling/


If �rms have have imprecise initial geological information and must learn an area's

true quality through exploration, the payo� from drilling an initial, exploratory well

is both �nancial and informational. The added informational payo� accelerates

exploration. Again, paradoxically, the less �rms know about geology initially, the

more likely it is that they will undertake exploration and do so sooner. This would

imply that when we observe high initial levels of drilling in a new shale play, some of

the initial boom may be due to informational�not �nancial�payo�s. The timing

and probability of exploratory drilling matters a great deal to taxing authorities and

mineral owners. When they set royalty rates, governments and mineral owners must

trade o� increasing their share of revenue with decreasing the �rm's incentive to

drill. If exploratory drilling is made more likely due to informational payo�s, there

may be scope to increase revenues by specifying royalty rates that change after the

�rst well is drilled.

How I study �rms' beliefs To understand the role of learning about geology in

�rms' investment decisions, I study three phases of shale investment in Louisiana's

Haynesville shale: mineral leasing, drilling, and production. Each of these should be

impacted by �rms' beliefs about geology or a location's true geological characteristics.

Before drilling, �rms must acquire the right to explore for and produce oil and gas

from mineral owners. Like real-estate transactions, these mineral lease agreements

are recorded by the government. Oil and gas production are a meaningful source of

tax revenue, as well as a possible source of pollution. Thus, states require �rms to

report their both their drilling decisions and the resulting production outcomes. I use

outcomes from each of these three stages to infer the precision of their beliefs about

geology. High royalty rates and accelerated exploration are indicators that �rms have

positive signals about an area, that the informational value of initial wells is high,

or both. Realized production outcomes and �rms' additional in�ll drilling decisions

reveal the actual geological quality of a location.

Suggestive descriptive evidence Descriptive statistics from Louisiana's Hay-

nesville shale show three statistical regularities that suggest �rms have good infor-

mation about locations before they drill. First, drilling locations with observably

better geology see exploration start sooner and see more wells drilled. Second, �rms

also accelerate drilling in locations with higher royalty rates compared to locations

with lower royalty rates. This is the opposite of what we should expect given that
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high royalty rates disincentivize drilling. Third, wells in locations with higher roy-

alty rates produce more natural gas, even after conditioning on observable geological

quality. These three statistical regularities together suggest that both observable

geology and �rm's unobservable priors about drilling locations carry important in-

formation about the geological productivity of drilling locations. Firms seem to have

a fairly good idea about the quality of a location before they lease or drill it, and roy-

alty rates are indicative of geological quality. At the same time, initial exploratory

drilling is accelerated suggesting that initial wells have an additional informational

value.

A structural model to detect �rms' beliefs To test the precision of �rms'

initial information, I estimate a statistical model that combines leasing, drilling

and production. The heart of the model is a dynamic discrete choice model of

�rms' decisions to drill, which I combine with statistical models for royalty rates

and monthly natural gas production. The three processes�royalty rates, drilling

decisions, and production�are linked by two unobserved components: the geological

quality of a location and �rms' initial beliefs about this quality. The estimator uses

the Rust (1987) nested �xed point algorithm to maximize a simulated likelihood that

integrates out the unobserved geological quality and �rms' signals.

I am able to identify the distribution of unobserved quality and the parameters

of �rms' drilling payo�s using data on actual production from multiple wells and the

timing of in�ll development drilling. Modeling �rms' decisions to drill these wells

accounts for selection bias in realized production. Royalty rates and the timing of

in�ll drilling both depend on �rms' initial priors about a location's quality. I use data

on these two outcomes to identify the distribution of these priors under an exclusion

restriction that factors which a�ect landowners' characteristics do not a�ect �rms'

drilling costs.

Findings I �nd that �rms' prior information about geology is positively correlated

with the true quality of an area, but also far from precise. The fact that �rms' priors

are not precise means that, despite advances in geological sensing and modeling, there

is still no substitute for actually drilling a well: �rms must learn by drilling. Firms'

imperfect information means that the average well is less productive than it would

be were �rms to have perfect information. This implies some ine�ciency in drilling

and may reduce the ability of shale producers to rapidly increase production. At the
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same time, long-run marginal extraction costs will rise more slowly due to depletion

than they would were �rms to have perfect information about geology. While those

owning mineral rights in areas subsequently found to be more productive may earn

less compared to world with perfect geology information, more mineral owners are

likely to see positive drilling and production revenues than they would otherwise.

2 Literature review

Learning Growth of the world economy is driven in large part by productivity

advances. Some productivity advances happen through accumulated experience�a

more passive way of learning�while other advances happen through active experi-

mentation. This latter process is particularly di�cult to study. We rarely observe

�rms' prior beliefs, their decisions, or the outcomes of particular experiments. Nev-

ertheless, the oil and gas industry has been a fruitful setting for economists to study

learning of both forms, despite the contrast between the very tangible output of the

industry and the intangible nature of knowledge.

The primary activity of the upstream oil and gas industry in the U.S. is drilling

thousands of wells every year and producing hydrocarbons from them. Each well

is a costly, irreversible investment, as well as a random trial through which �rms

accumulate experience, knowledge about the production process, and knowledge

about the underlying geology.

The tax-value of oil and gas production means that �rms must report informa-

tion about their investment decisions and the resulting production outcomes. Kellogg

(2011) uses data on drilling e�ciency to study the �rst kind of learning: how ex-

perience is accumulated within business relationships. He �nds that much of this

experiential learning is not transferrable between partnerships. Covert (2015) stud-

ies the second kind: learning about the production process. Covert leverages data

on well design decisions, production outcomes, and �rms' information sets in North

Dakota's Bakken shale to test whether �rms fully exploit the information available

to them about the production process. He �nds that they do not; instead, �rms

systematically over-weight the information they themselves generate compared to

the information their partners generate.

A working paper by Levitt (2009) studies the third kind: how �rms learn about

geology, which is also the focus of this paper. Levitt examines a panel of annual

drilling data from the period 1930�1968 in the province of Alberta, Canada. He
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models drilling as a sampling process by which �rms learn about the geological

productivity of an area. After drilling a well, �rms update their priors and choose

whether to drill more. Levitt's area of study is a very large province, and he divides

this into 90 approximately 2800 square mile blocks to make the problem tractable.

In contrast to Levitt (2009), I focus on a much smaller, more homogenous area

over a shorter time-span. My setting is Louisiana's Haynesville shale during the

2003�2016 period, a time span where there is much less technological change. The

smaller spatial area also allows me to use a much denser grid, with around 1300

one square mile cells, and focus on an area with more homogenous geology. With

smaller spatial units and less variation in geology, I can reasonably assume that

�rms' learning is all completed upon drilling the �rst well: additional updating is

not needed. This simpli�es estimation considerably. The much coarser data used by

Levitt (2009), necessitates much more abstraction in terms of the structure of �rms'

problems; in the case of shale, the more detailed data from a more homogenous

sample allows me to model the structure of �rms' problem in more detail and use

this for identi�cation.

More generally, dynamic discrete choice models with learning have become more

popular over the last 20 years as advances in computational power have made es-

timating these feasible. Both Ching, Erdem, and Keane (2013) and Aguirregabiria

and Mira (2010) survey a number of these studies. One of the primary di�culties in

estimating these models is that beliefs are an unobserved, serially correlated state

variable that must be integrated out in both the calculation of the integrated value

function (Emax function), as well as the likelihood. Stinebrickner (2000) provides

a detailed discussion of integration tecniques that can be used to approximate these

integrals, including Monte Carlo simulation, used by Keane and Wolpin (1994) and

Norets (2009), and quadrature, used by Reich (2016). To make the presence of

learning tractable, I assume that �rms are rational Bayesians and that learning only

happens once�when the �rm drills its �rst well. Thus, the unobserved information

states consist of one prior and one posterior. I use quadrature to solve the �rm's

value function and am able to integrate out priors and posteriors by simulation as

Ackerberg (2003) do.

Real options Oil and gas wells can be cast as real call options since prices and

geology are risky: the �rm can choose to pay a strike price (the drilling cost) in

exchange for the risky asset (the hydrocarbons). Paddock, Siegel, and Smith (1988)
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develop an elegant continuous time model describing this. Consistent with the the-

ory, Kellogg (2014), �nds robust statistical evidence that �rms delay drilling when

volatility is high, validating the theory. Anecdotally, executives in the industry con-

�rm that �rms in the Haynesville�the area I study�have been willing to drill at low

natural gas prices because volatility is quite low, and they expect prices to remain

within a narrow band.

To incorporate the fact that volatility in natural gas prices has not been constant

over time, I allows for regime-switches in volatility. This is a coarser characterization

of volatility than Kellogg (2014), but given the large state-space I consider, allowing

for a �ner characterization of volatility is computationally di�cult.

Muehlenbachs (2015) also estimates a detailed real-options model of �rms' deci-

sions to decommission wells. Rather than detailed modeling of the price process, she

includes detailed data on well-types and reserves. One of the modeling contributions

of Muehlenbachs (2015) is allowing for reserves to to change over time in a stochastic

way due to technology.

In my setting, I consider mineral leases as having option value in not only the

price dimension, but also the geology dimension. I allow prices to be stochastic

and use the Farmer and Toda (2016) procedure to approximate the price transi-

tion matrix as accurately as possible. Unlike prices, geological information is not

revealed by waiting; �rms must drill to learn. Thus, greater geological risk acceler-

ates drilling while greater price risk slows it. Additionally, I �nd that the positive

correlation of royalty rates with unobserved quality implies that naive real options

models that assume exogenous royalty rates will obtain severly biased estimates for

well pro�tability.

Leasing mineral rights Private mineral leases are an important source of income

for regional economies with shale activity. Feyrer, Mansur, and Sacerdote (2017)

estimate that local royalty payments are one and a half times increased wages from

oil and gas extraction, and Brown, Fitzgerald, and Weber (2016) estimate that

in 2014 the six major U.S. shale plays generated a total of $39 billion

in royalties.... more than four times the royalty income received by the

Federal government in the same year (O�ce of Natural Resources Rev-

enue, 2015). In the more rural plays, private royalties rival government

transfer income and swamp total farm program payments.
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Despite the imporatnce of this source of revenue, we still have limited knowledge

about what drives royalty rates. Timmins and Vissing (2014) and Vissing (2015,

2016) do provide some evidence about the determinants of the non-pecuniary terms

of mineral rights in Texas' Barnett shale, but do not attempt to model the nature

of the game being played. Vissing (2016) in particular sidesteps this prickly issue by

using a cooperative game framework and assuming lease agreements are the outcome

of a one-to-many matching process. This allows her to remain agnostic about the

exact game at work. In all three papers, the two authors �nd evidence that owners

with higher socio-economic status are able to extract higher surpluses using data on

mineral leases and mortgages. Higher surpluses are made manifest by the increased

number of costly restrictions on drilling that favor the landowner. The authors also

�nd that �rms with geographic concentrations of leases have higher bargaining power

and higher valuations for the leases.

These papers are primarily focused on connecting the non-�nancial terms of

mineral leases to either household incomes or the role of �rms' bargaining power in

determining household-protections in leases. In contrast, I aggregate up from the

individual lease level to the drilling unit. I study how �rms' signals about geological

productivity�not economies of scale or monopoly power�and the terms of mineral

leases shape �rms drilling decisions. In this sense, I address the moral hazard issue

present in selling a mineral lease: set the royalty rate too high, and the �rm will not

drill, but set it too low, and the mineral owner has left money on the table. While

the focus of my paper is on �rms, not households, I leverage the insights of Timmins

and Vissing (2014) and Vissing (2015, 2016), namely that household characteristics

in�uence lease outcomes, to form instruments for royalty rates that allow me to

overcome the endogeneity between royalty rates and unobserved geological quality.

A di�erent, and very large literature focuses on sales of oil and gas leases through

auctions, not bilateral negotiations. These are primarily government-held mineral

leases, not the private mineral leases prevalent in shale areas. One of the key re-

sults from the literature on auctions is that by making the total price of the lease

contingent upon contractible, post-sale information about risky or unobserved state

variables, sellers can often increase revenue above what it would be in the case of a

cash-only sale (Hansen 1985; Riley 1988). At the same time, however, the introduc-

tion of a royalty rate reduces a buyers' incentive to invest after purchasing the lease.

This distortion is a form of moral hazard.

Private mineral leases, like government mineral leases, use royalty rates to link
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production outcomes to landowners' total payment. However, the sales mechanism

usually di�ers greatly from that used by governments. The latter often implement

formal auctions with rules that make the parties' incentives and information sets

clear. Much less is known about the market for private mineral rights. Gorbenko

and Malenko (2011), McAfee (1993), McAfee and Vincent (1992), and Peters and

Severinov (1997) consider how competition between buyers and sellers in�uences

both the optimal royalty-rate and the equilibrium royalty rate(s). DeMarzo, Kremer,

and Skrzypacz (2005) show that in that informal auctions of real options (those in

which the seller does not make preferences over royalty rates and cash known in

advance), all parties pay cash. Given the DeMarzo, Kremer, and Skrzypacz (2005)

result and the lack of data about several aspects of mineral leasing, I choose model

royalty-rate setting in a reduced-form way.2

3 Institutional details

Shale boom background Historically, oil and gas extraction �rms have looked for

concentrated deposits of hydrocarbons that have accumulated over millions of years

in porous and permeable rocks �capped� by impervious layers above that inhibit

further migration of gases and liquids. Porosity refers to the capacity of rocks to

hold oil and gas within their pores, while permeability refers to the ease with which

these hydrocarbons can �ow through the rocks. Deposits like these are generally

termed conventional oil and gas deposits. Firms drill wells that target these geologic

structures and extract the associated resources.

Starting in the early 1980s, a program initiated by the U.S. Department of Energy

and involving collaborations with private gas companies led to increased extraction

of natural gas from high porosity but low permeability shales. By the early-to-

mid 2000s, natural gas producers operating in the Barnett Shale near Dallas, Texas

started combining two well-known techniques. The �rst technique, hydraulic frac-

turing or �fraccing,� involves pumping large quantities of sand and water into a well

at very high pressures. This cracks open the rocks deep inside the well, opening

2 Better modeling of this strategic interaction is a promising direction for future work and
could provide another point of comparison between the revenue-e�ciency properties of bargaining
vs auctions in addition to Bajari, McMillan, and Tadelis (2009). While I choose not to model the
strategic interactions between �rms and landowners, the model in this paper could certainly provide
either a basis for such an exercise, or at least a check on the distribution of payo�s such an exercise
might estimate.
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Source: http://worldinfo.org/wp-content/uploads/2012/01/gas-drilling.jpg

Figure 1: Illustration of conventional vs. unconventional drilling.

�ssures through which hydrocarbon molecules can more easily �ow. The grains of

sand, called �proppant,� then hold these cracks open after the water pressure de-

clines. The second technique, horizontal drilling, involves �rst drilling a well to a

certain vertical depth. The wellbore is then turned approximately 90 degrees so that

it can remain within the same shale layer. Firms can do this very precisely, main-

taining a wellbore in a particular shale layer for many thousands of feet. Figure 1

illustrates the di�erence between conventional and unconventional drilling.

In 1998, Mitchell Energy demonstrated that the combination of these two tech-

niques allowed operators to economically extract gas from a di�erent kind of geology

in Texas' Barnett Shale that had been, heretofore, unpro�table to develop. These re-

sources were characterized by porous shale formations that contained large quantities

of organic matter trapped by low permeability that prevented �uid �ow. Long, hor-

izontal wellbores allowed a much greater area of contact with hydrocarbon-bearing

shales. Hydraulic fracturing accompanied by proppant to keep fractures open in-

creased permeability and, thus, the �ow of hydocarbons per area of wellbore con-

tact. The combination allowed su�cient quantities of natural gas, and later oil, to

be produced so as to make the process pro�table. Rather than targeting the smaller,

highly productive conventional reservoirs, �rms were now able to target entire lay-

ers of shale that for years they had known contained large volumes of oil and gas.

Compared to conventional reservoirs, these formations are less productive per foot

of well drilled; however, they are expansive, containing a volume of hydrocarbons

equal to the best conventional reservoirs.
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In the mid 2000s, the U.S. shale boom came to the northwestern corner of

Louisiana, where the Haynesville shale sits deep underground. Gas deposits that

�rms had long known existed but could not economically produce were suddenly

very valuable. The area had seen limited conventional drilling of shallower forma-

tions before, but nowhere near what the shale boom brought to the area. Firms

hustled to acquire rights to develop these minerals, and in 2008, a land-rush (actu-

ally, a mineral rights rush) was on. Drilling began in earnest a couple of years later,

but by then, prices had fallen o� their peak.

The fact that �rms would be drilling as prices were falling has two explanations.

First, they may have been learning about geology by drilling exploratory wells. Sec-

ond, �rms faced �use-it-or-lose-it� deadlines with their mineral leases: unless they

drilled, their rights to develop minerals would revert to the original mineral owners.

Geology risk in shale: �How much?� not �If?� Production of oil and gas

resources has two stages. In the �rst, called �exploration�, companies use geologi-

cal information to form expectations about whether a su�ciently large deposit of

hydrocarbons is present. If geological indications are favorable, they drill one or

more exploratory wells. If these suggest the location does hold economically viable

quantities of oil and gas, they may choose to enter the second phase: development,

in which additional in�ll wells are drilled to extract the hydrocarbons.

In conventional oil and gas formations, �rms face higher geological risk: a con-

centrated aggregation of hydrocarbons in rock of suitable permeability and under

su�cient pressure to allow high �ow rates for a long period of time may or may not

be present, and it may be large or small. In shale known to have organic matter

in its pores, there is very little risk that no resources will be present. Instead, a

particular area of the shale may have an insu�cient volume of hydrocarbons per

unit of volume, or it might have other characteristics that make hydraulic fracturing

ine�ective. Industry discusses the existence of �sweet-spots� in shale, and Covert

(2015) and Montgomery and O'Sullivan (2017) both demonstrate that there is still

a high degree of spatial variability in geological quality that determines production

volumes. Thus, while a �rm may generally know the general quality of an area,

the high degree of spatial variability means that the �rm may need to drill a well

to actually learn enough to know whether an area's geological characteristics will

support pro�table exploitation. That means that an initial well has a potentially

large informational�not just �nancial�value. Empirically, then, observed well pro-
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duction is the result of both �rms' well-design decisions as well as their decisions

of whether to drill. If �rms know about location-speci�c indicators of quality that

an econometrician cannot observe and tend to drill the most productive locations

(�high-grading� in the parlance of industry), then the impacts of technology and

well-design are not separately identi�ed unless the empirical model also includes the

decision to drill.

Mineral leases Operators can only drill wells that originate on surface locations

under which they hold mineral rights.3 These rights are usually leased from the

owners, not purchased outright. Mineral leases are characterized by a few main

parameters. First, they specify an up-front cash bonus payment, usually on a per-

acre basis. Second, they specify a royalty rate. This is a percentage of production

revenues that is paid to the mineral owner. While a higher royalty rate can raise

the landowner's revenue, higher royalty rates also reduce the �rm's incentive to drill.

Royalty rates in the Haynesville range from 12.5% to 25%, with more recent leases

tending to be in the 20�25% range. The third main component of the mineral lease

is the �nite primary term. During this period of time, usually three to �ve years, the

�rm has the right�but not the obligation�to drill. If the �rm takes no action, the

lease expires.4 If the �rm does drill, the lease is considered to be held-by-production

as long as production in commercial quantities continues (Lane, Freund, and McNab

2015). This (possibly) perpetual regime is called the secondary term. Thus, in

addition to providing revenue and information, drilling the initial well also gives the

�rm a very valuable option to drill more wells in the future. Lease expirations will

serve to accelerate drilling compared to the case where �rms own minerals outright

as there is usually a large opportunity cost to losing the right to drill in the future.

Common pool issues and unitization Historically, oil and gas extraction has

been beset by common pool externalities. Since oil and gas are subject to the �rule

of capture� and can migrate through rocks, �rm A may be able to drain an adjacent

�rm's B resources. When such a situation arises, �rms may extract resources too

quickly as they race to drain as much of the reservior as possible. To resolve this

3 Special thanks to Edward B. Poitevent II (Stone Pigman Walther Wittmann L.L.C.), Silas
Martin (Drillinginfo), and Cullen Amend (Encino Energy) for assistance with the institutional
background of mineral leasing.

4The lease may also give the �rm the right to extend the lease for a certain amount of time,
usually in exchange for a payment equal to the initial bonus.
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ine�cient behavior, many states�including Louisiana, the focus of this paper�

implemented spacing regulations that limited the density of wells. States will also

designate areas as �drilling units.� In Louisiana, all �rms with mineral interests in a

drilling unit must participate in each well, and only one �rm can make operational

decisions about each well (the �operator�). These regulatory structures have been in

existence for many years and reduce the externalities that cause over-drilling. Since

shale formations have very low permeability, resources cannot migrate very far, and

the wells primarily drain the part of the shale they and their fractures contact. This

characteristic complements the regulatory structure and means a �rm with interest

in unit B need not fear the possibility that a competitor with interest in unit A will

drain unit B as well.

In the Haynesville, units fall along the boundaries of �sections� de�ned by the

Public Land Survey System (PLSS) grid. The PLSS grid was established in Louisiana

in the 19th century, well before shale production. Sections are approximately one

square mile, or 640 acres. This provides a grid that partitions the Haynesville shale

into uniformly-sized locations where there is only one operator making decisions.

This is a very convenient, predetermined unit of analysis for drilling decisions.

Multiple leases per unit Ownership of mineral rights in most 640-acre sections in

Louisiana's Haynesville shale is generally split among multiple private individuals�

not the government. Firms tend to lease as much acreage in a section as possible

to maximize their control and revenue interest. Mineral owners are paid royalties

according to the share of the producing unit they own. Firms are not are not always

able to lease the entire section, however. Nevertheless, all mineral mineral interests

in a section, including unleased minerals, must participate in each well. After the

operator has recovered the cost of the well, these unleased interests are paid their

pro-rata share of wellhead revenue after costs have been recovered. If the mineral

interest has been leased by a second �rm and is not held by the original owner, the

second �rm must actively contribute its share of the well's costs lest a risk penalty

equal to 100 or 200% (depending on the exact circumstances) of the well's cost be

deducted from its revenue interest.5 The original, private owners are not subject

to risk penalties. The fact that mineral owners must be paid even if they choose

not to lease would, on the surface, suggest a strong reason for landowners not to

5 In some states, such as North Dakota, risk penalties are taken out of private landowners'
revenue shares as well.

13



lease. However, the operator controls all information and accounting related to the

well and its costs. While production is veri�able from public records, costs are not,

making it di�cult for these unleased but drilled landonwers to ensure they recieve

the compensation they should. Furthermore, an unleased mineral owner will receive

no bonus and nothing if the well is not drilled or the �rm does not declare that

the well has �paid out� (e.g., revenues have not exceed costs). Operators also have

strong interests in keeping the share of unleased mineral interests low, since unleased

minerals cut into their revenue shares. Anecdotally, they tend not to drill unless a

large majority of minerals are leased.

Leasing via landmen While operators can lease minerals directly from individ-

uals, they often employ third party �land-men� to do so. This is for three reasons.

First, acquiring acreage is a specialized, costly process outside of operators' core

business. Leasing minerals requires determining who the current owners are and

verifying that they have title to the minerals. In Texas, for example, this usually

requires tracing the chain of ownership back to the original Mexican or Spanish land

grants using county records. Additionally, there may be multiple parties who hold

fractional mineral interests in the same location. The landman must sign contracts

with all of these fractional mineral owners. Second, local landmen often have spe-

cialized knowledge about an area. Records of mineral leases must be �led at the

local county or parish courthouse, and these documents rarely, if ever, record the

bonus bid. Firms can choose to �le a �Memorandum of lease� in lieu of the lease

itself, and these documents are also allowed to omit the size of the lease and the

royalty rate. A local landman may know the distribution of lease terms in an area

while an out-of-state operator may not. Third, by leasing through a third party,

a �rm can conceal its identity. This is important since knowing a �rm's portfolio

provides information about the �rm's beliefs about an area's quality. Sometimes

smaller �rms will also acquire portfolios of mineral leases and sell these to larger

operators in exchange for an overriding royalty on top of what the original mineral

owners receive.

4 Data

Louisiana's Haynesville shale is a good area to study �rms' investment decisions.

First, the Haynesville is a purely gas play, unlike the Permian Basin or Eagle Ford
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shales, which produce oil and gas. The fact that Haynesville wells produce a single

commodity simpli�es modeling. A second, related reason to study the Haynesville is

that the domestic benchmark gas spot price�Henry Hub�is set in Louisiana. That

means Haynesville prices are less a�ected by the time-varying congestion that espe-

cially a�ects regional wellhead prices in Pennsylvania's Marcellus or North Dakota's

Bakken shales. Third, as discussed previously, the state of Louisiana has divided the

Haynesville into square-mile sections. With only one decision-maker per section, this

makes for a ready-made unit of analysis. Texas does not have such a ready-made

grid, and North Dakota drilling units often overlap each other, making decisions on

separate units no longer independent. Fourth, because of its long history of oil and

gas development, the state of Louisiana provides relatively good data on its drilling

and production.

Data overview My unit of observation is the PLSS 640 acre (one square mile)

section (which I also refer to as a �unit�). The statistical model I describe in Sec-

tion 6 captures the history of leasing, drilling, and production on a unit. Assembling

this history is relatively complex since it requires merging spatio-temporal datasets

measured at di�erent spatial resolutions and temporal frequencies. Figure 2 shows

an example of how the leasing and drilling data �t together. The squares with dark

outlines are the original 640 acre sections. Within each, the faint purple outlines rep-

resent the outlines of mineral leases, which generally fall within section-boundaries.

Wellheads (the surface location of the vertical wellbores) are marked by round dots,

and these are connected via the purple line-segments to bottom-holes (the end of the

horizontal portion of the well). I intersect each each section with census-block group

polygons, a heatmap of geological quality, and satellite raster data, and aggregate

over these. In this section, I brie�y detail where my raw data originate and how one

can construct appropriate dataset.

Geology Since a shale play is de�ned by its geology, I de�ne the universe of Hay-

nesville units, leases, and wells using the University of Texas Bureau of Economic

Geology (BEG) study on Haynesville shale geology (Browning et al. 2015). In the

study, the authors use a sample of well-logs from the Haynesville shale to estimate

the spatial distribution of geological fundamentals like the thickness and total or-

ganic content. They then form a spatial measure of estimated �original gas in place�

(OGIP) using this information. In the paper, they provide a map of the Haynesville
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Figure 2: Wells, leases, and sections

shale and grade the acreage on a 1�10 scale. I limit my sample to units, wells, and

leases that fall within the BEG-de�ned boundary of the Haynesville, and take the

BEG measure of OGIP as a measure of geological quality.

PLSS Sections The Louisiana Department of Natural Resources (DNR) provides

shape�les for the PLSS grid as well as drilling units in the Haynesville. Since not

all sections have been unitized, the �rst step is to merge the two datasets. These

spatial polygons form the unit of observation, and I spatially merge the Browning

et al. (2015) OGIP estimates with my drilling unit polygons. Sections are the larger

squares with dark borders in Figure 2.

Boundaries of mineral rights Leasing data come from the data provider Drilling-

info, which provides shape�les for leases in Louisiana starting in 2002. Lease-

boundaries are represented by the smaller purple polygons with fainter borders in

Figure 2. Drillinginfo sends employees to parish courthouses to record information

from leases and memoranda of leases stored therein. The information recorded can,

but does not always, include the identities of the counter-parties and their addresses,

the royalty rate, the primary term, whether an optional extension was speci�ed, the
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Figure 3: Lease weighting method

size of the lease, and the shape of the lease.

Working with the leasing data is challenging for several reasons. Drillinginfo

polygons are always 40 acres or bigger, even for very small leases, and actual acreage

is not reported on many leases. This means that many of the lease polygons repre-

sented in Figure 2 are actually stacked on top of other lease polygons. Furthermore,

since leases for fractional interests (mineral interests that are split among multiple

people, such as family members) are recorded, the total area of leases pertaining to a

section�whether one sums up the area listed on all lease contracts in a section or the

areas of the Drillinginfo polygons�is often greater than the area of the section itself.

Thus, it is not possible to perfectly pair a lease with its net royalty share of a section.

To deal with this, I form a measure of lease-size by downweighting the area of each

lease-polygon such that the total area of all lease�section intersections is equal to

the area of the section. Figure 3 shows a simple example of how parts of the surface

area of two hypothetical leases would be weighted so as to avoid double-counting the

areas of lease-intersections.

While most leases seem to fall within a single section, occasionally they cross

section boundaries. I make the very strong assumption that each of these leases has

a horizontal Pugh clause that implies a well in one section does not hold the portion

of a lease falling outside of that section. Additionally, a substantial share of leases

are recorded as a memorandum of a lease and lack royalty information. I assume that

the royalty rates and sizes of these leases come from the same distribution as those

leases where the full lease document with royalty and acreage information is known.
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The fact that much leasing is done via third-party landmen obscures the identity of

the �nal purchaser, and for this reason, I choose not to consider �rm-identities.

Lease-expirations Each unit can have many leases associated with it (there

are 35, on average, though this number can be in the hundreds), and each lease can

have its own set of signing and expiration dates. Rather than make a heroic assump-

tion about which expiration date matters to the operator, I choose to integrate over

the set of leases and the possible primary terms the �rm may face.

Another complication is that some leases allow the �rm to extend the primary

term by paying an additional fee. Whether a lease is extended or not is not observ-

able. Furthermore, the �rm's cost to extend the lease is also not observable. Thus,

I abstract away from the �rm's decision to extend leases and assume that all leases

specifying optional extensions are, in fact, extended at no cost to the �rm. For each

monthly observation of a lease�unit pair, I compute the number of months remaining

on each lease by subtracting the current month from either the lease expiration or,

if a an optional extension is speci�ed, the optionally extended expiration date.

Royalty-rates While the royalty rate on a lease matters a great deal to the

mineral owner, what matters to the �rm is the blended royalty rate for the drilling

unit, which is a spatially weighted average of discrete royalty rates. To compute

the blended royalty rate for a particular unit, I take an average of the royalty rates

speci�ed by the associated set of leases, weighted by the area of the intersection

between the lease polygons that list royalty rates and the drilling unit polygon.

Lease polygons often overlap, and I downweight leases so that I do not double-count

overlapping leases. If there is ever shale drilling on the unit, I limit my sample to

leases which have been signed but not expired before the �rst shale well is drilled.

The blended royalty rates tend to be quite close to the set of discrete royalty rates

listed on the original leases. Thus, I map the continuous, blended royalty rates to

the nearest discrete royalty-rate category.

Wells and production data I use data from the Louisiana Department of Nat-

ural Resources (DNR) to determine well locations and determine whether wells are

unconventional. Of the quarter-million wells in the DNR database, 29,700 fall within

the my de�nition of the Haynesville. Speci�cally, I limit my sample to wells drilled

within the period January 2003�October 2016 that the DNR denotes as a Haynesville
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well or a horizontal well. I exclude wells shallower than 8700' or wells drilled into

the shallower Fredericksburg or James Lime formations, as these are likely to be

conventional wells with very di�erent production processes and outputs. The set

of wells also includes a number of expired well-permits to drill, injection wells, and

abandoned wells, and I exclude these as they will not hold leases by production.

Additionally, I exclude two dry wells from my sample. Though this introduces a

small bias upwards in production estimates, this is small compared to the more than

1000 wells in my �nal sample, and these dry wells cannot hold leases by production.

I match wells to drilling units by merging on a combination of spatial intersections

and name-matching. The spatial merge involves matching the overlap of units with

the line segments connecting wellheads and bottom-holes. There are no rules for

how �rms name their wells, but many name them by their section, so I also use this

information to merge wells and sections. For all but a very few cases, the name

and spatial merges concur, and I examine the others on a case-by-case basis. This

method of merging is more accurate than using the wellhead location alone since,

as Figure 2 shows, the vertical portion of a well may sit in one section when the

horizontal wellbore is actually underneath a neighboring section.

I use production information from data-provider Drillinginfo and merge it to

wells using the API number. Though the DNR does report production information,

it is not always cleanly matched to wells. Drillinginfo cleans the raw production data

from the DNR, ensuring that production streams are allocated correctly to wells.

Land characteristics Finally, I merge GIS surface characteristics to sections.

These characteristics include satellite-based land-cover and data from the U.S. 2001

National Land Cover Database, the urban/rural classi�cation from the 2010 U.S.

Census, 2001�2006 average Census block-group characteristics. I consider these vari-

ables as exogenous sources of variation that a�ect the bargaining power landowners

may have, but not �rm's costs. Figure 4 displays the satellite data on land impervi-

ousness. Overlaid are the outline of the state of Louisiana and the Haynesville shale,

as well as the Census-de�ned urban areas (outlined in blue).

Other excluded observations I exclude a single section with a blended royalty

rate of 30%. This is a highly unusual royalty rate, suggesting this section could be

of a di�erent type than the others. There are 558 units in which there is initial

conventional drilling. I choose to drop these units since I am unable to determine
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Figure 4: Imperviousness and urban areas

whether these early wells held the entire unit or not, and they target a resource

that is qualitatively di�erent than shale. I also drop 352 units that intersect urban

areas as de�ned by the 2010 U.S. Census. These urban sections systematically have

much higher royalty rates and lower drilling activity than the rest of the sample.

It is possible that drilling in these urban areas faces a di�erent set of constraints

and costs as compared to rural areas. Because of this heterogeneity, I exclude this

part of the sample and focus solely on rural areas. Finally, I drop units with leases

that are longer than 10 years or which were signed before January 2003. The vast

majority of private leases are less than 10 years long, and the longer leases tend to

be on property owned by the government or other large institutions. Because these

very long leases between institutions are more likely to have additonal requirements,

I exclude them. I also exclude the earliest leases as these pre-date most shale-related

activity nation-wide. Because unconventional drilling was so uncommon before this

time, it is unlikely that �rms who signed these leases were intending to develop the

unconventional resources. This leaves 1332 units in my sample out of around 3000.
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Final dataset The history for unit of observation has three pieces. The �rst is

a single blended royalty observation. The second is a history of drilling decisions.

This is composed of three parts: an initial panel of unit�lease�month observations

for primary terms and exploratory drilling, lease-characteristics (namely, the area of

the lease's associated polygon), and a second panel of unit�month observations for

the secondary term. Into the monthly drilling history data I merge average monthly

futures prices for natural gas, which I obtain from Bloomberg. The third component

is a panel of unit�well�month production data for each well for which I have data.

5 Descriptive evidence

There are three stages to shale development: leasing, drilling, and production. In this

section, I �rst describe the time-series of development. I then analyze descriptive

statistics from these three stages. These descriptive statistics suggest that explo-

ration seems to be accelerated by lease expirations, learning, or both. Furthermore,

higher royalty rates seem to be correlated with accelerated exploration and more

productive wells, even though higher royalty rates, like any tax, should discourage

e�ort along an intensive margin.

Development over time Figure 5 plots time series of summary statistics from

my sample of data for prices and the �rst two stages. The top two panes show

real drilling costs and average revenue per thousand cubic feet (mcf) of production.

They are shaded by their (estimated) volatility regime. As the �gure shows, the late

2000s were an especially volatile period for gas prices. Volatility after 2010 has been

much lower. Real options theory suggests that this should make �rms more likely to

drill at low prices. The middle three panes show leasing activity�both when leases

were signed and when they expire. Leasing reached its zenith in June 2008 when

prices spiked (marked with the �rst vertical line). When prices dropped, so did the

rate of leasing. Since I do not know whether lease-extensions are exercised, I show

lease-expirations assuming that they are or are not. Finally, the bottom pane depicts

exploratory and in�ll drilling over time. Exploratory drilling peaked in Q1 2010 and

preceeded the raft of expirations of the 2008 leases. This was also a period of lower

drilling costs and (relative to today) moderately higher prices.
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Figure 5: Time series of sample

Drilling (quarterly)

Lease expiration if extension (thou acres/qtr)

Lease expiration if no extension (thou acres/qtr)

Lease signing (thou acres/qtr)

Real revenue per mcf (2009 USD)

2005 2010 2015

2

4

6

8

10

0

30

60

90

0

25

50

75

100

0

20

40

60

0

25

50

75

100

Lease
Extension

Extension

No extension

Volatility

High

Low

Well order

Exploratory

Well 2

Well 3+

22



Figure 6: Weekly drilling hazard by well-order for 36-month leases
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Descriptive plots The timing of drilling in the Haynesville suggests that �rms

accelerate initial exploratory drilling compared to later in�ll development drilling.

Figure 6 shows that the hazard rate for drilling the initial well is much higher than

for the second well.6 There are two possible explanations for this. First, �rms face a

�use-it-or-lose-it� drilling deadline speci�ed by their mineral leases. Since the option

to delay drilling loses value as lease expirations draw near, so also does the oppor-

tunity cost of drilling. Firms must incur the cost of drilling an initial well, but gain

the option to drill later. Second, �rms may be drilling to learn about a location's

geology. In this case, the information value of drilling the �rst well supplements its

purely �nancial value. While waiting to drill provides new information about prices,

it does not do this for geology, which is �xed over time.7 The changes in hazard rates

around lease expiration dates suggest that leases do distort �rms' investment deci-

sions; however, parsing out the relative contributions of this distortion and learning

in accelerating drilling requires a structural model of the value of information and

the value of the option to wait.

Figure 7 plots an estimate of the Kaplan-Meier failure function by well order.

This describes the probability that a random unit will have been drilled by a particu-

lar point in time. The plot shows that around three quarters of units are drilled with

at least one well. Having been drilled once, the probability that a unit is drilled a

6 The unit of observation for drilling hazards and failure rates is the lease�unit where the initial
time is the date of leasing and the failure time is the date a well is drilled in that unit. Since there
are multiple leases per unit, I downweight each lease�unit overlap by its area so that the shares of
mineral ownership in a unit sum to one.

7 I assume that there are no informational spillovers between adjacent sections.
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Figure 7: Cumulative weekly failure rate by well-order for 36-month leases
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second time is much lower than the unconditional probability of any drilling. How-

ever, if a second well is drilled, a third one is quite likely to be drilled very soon

thereafter. This pattern suggests that �rms have strong incentives to delay in�ll

development. However, whey then do drill in�ll wells in high-quality areas, develop-

ment is intense. This could be either because exploration revealed the area to be of

high quality. Alternatively, there may be signi�cant cost savings from using shared

equipment to drill multiple wells at once.

Figure 8 shows, as expected, that observed geological quality is positively cor-

related with development since better geology translates into higher revenues. In

particular, the number of wells increases with the geology measure. Figure 9 shows

that wells in better geology area also drilled earlier.

By a similar reasoning, we should expect that higher royalty rates would translate

into lower drilling intensity since royalty rates reduce the payo� to drilling. Yes this

is not what Figure 8 shows. Instead, with the notable exception of the small number

of units with 12.5% royalty rates, the probability of exploratory drilling seems to

increase with the royalty rate. Although in�ll drilling may decline with the royalty

rate as expected, the e�ect appears very weak. Furthermore, Figure 9 shows that

units with the highest average royalty rates are drilled earlier than those with middle

royalty rates. This suggests that royalty rates are correlated with quality anticipated

by the �rm (their signal). Finally, Figure 10 shows that the discretized, blended

royalty rates are not monotonically increasing with measured geological quality as we

might expect. This suggests that royalty-rates are capturing additional information

about quality that is orthogonal to observable geological quality.
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Figure 8: Intensity of drilling (number of wells drilled)
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Descriptive regressions Reduced form regressions allow us to more formally test

for correlations between drilling, geology and royalty rates. In Table 1, I display es-

timates for a simple probit model where the outcome is whether any drilling occurs

(models (1) and (2)) and a simple ordered probit model where the outcomes are

whether no drilling, exploratory drilling only, or in�ll drilling has occurred (models

(3) and (4)). While higher values of OGIP are very strong indicators of whether a

unit will be drilled, the blended royalty rate is not. In a more general speci�cation

with discretized OGIP and royalty rates, the same pattern happens: OGIP-speci�c

dummies are very signi�cant, but discretized royalty-rate dummies are not individu-

ally or jointly. Since royalty rates reduce �rms' revenues, we should be seeing higher

royalty rates being associated with lower drilling probabilities. That they are not

suggests that royalty rates are not simply an exogenously set �tax� on production.

For example, higher royalty rates may be indicative of �rms' beliefs about a loca-

tion's high quality. Another possibility is that the value of information obtained

through exploration dominates the decision to drill initial wells, so wells are drilled
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Table 1: Ordered probit model for outcome

Any drilling Drilling intensity

(1) (2) (3) (4)

Blended royalty rate 0.516 1.963 -0.338 0.895
(1.383) (1.429) (1.170) (1.199)

Average OGIP category (linear) 0.184∗∗∗ 0.175∗∗∗

(0.0160) (0.0140)

OGIP = 2 0.600∗ 0.471
(0.299) (0.289)

OGIP = 3 0.919∗∗ 0.846∗∗

(0.284) (0.273)

OGIP = 4 1.459∗∗∗ 1.369∗∗∗

(0.282) (0.269)

OGIP = 5 1.605∗∗∗ 1.541∗∗∗

(0.288) (0.272)

OGIP = 6 2.135∗∗∗ 1.891∗∗∗

(0.288) (0.268)

OGIP = 7 1.858∗∗∗ 1.773∗∗∗

(0.279) (0.265)

OGIP = 8 1.649∗∗∗ 1.652∗∗∗

(0.279) (0.266)

OGIP = 9 2.095∗∗∗ 1.947∗∗∗

(0.285) (0.267)

OGIP = 10 1.834∗∗∗ 1.946∗∗∗

(0.344) (0.311)

Constant -0.522 -1.512∗∗∗

(0.301) (0.407)

No drilling | 1 well 0.299 1.199∗∗∗

(0.255) (0.363)

1 well | 2+ wells 1.879∗∗∗ 2.805∗∗∗

(0.259) (0.366)

Observations 1333 1333 1333 1333

Standard errors in parentheses

Models 1 and 2 are probit. Models 3 and 4 are ordered probit.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure 9: Failure function for exploratory drilling by geology, royalty
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independent of royalty rates.

Table 2 shows the results from OLS models where the outcome is either the

logarithm of cumulative gas production in the second through twelfth months of

production or the logarithm of a well's horizontal lateral length.8 All models include

OGIP-tier speci�c dummies to control for observable geology. Model (1) shows that

exploratory wells produce less gas, on average, than in�ll wells. This would be consis-

tent with selection. Firms may be using exploratory drilling to learn about geology

and then drilling only especially productive locations. The statistical signi�cance

disappears when controls for gas prices, drilling costs, and technology (captured by

a linear time trend) are added in models (2) and (3). These are, admittedly, fairly

crude ways of controlling for selection (�rms may drill only their best locations at

low prices), that �rms might economize on well completions during high-cost peri-

ods, and technological change. Most interesting, however, is that high royalty rates

are positively correlated with production volumes. This suggests that either (1)

�rms' lower post-royalty revenue from high-royalty rate units causes them to drill

8 In Louisiana, production is reported on a monthly basis, but no information is provided about
the number of days per month a well produces. Thus, if a newly completed well begins producing
on the �fteenth day of the month, the �rst production observation will seem abnormally low. To
avoid this issue, I drop the �rst month of production data for each well.
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Figure 10: Royalty rates

only the best locations, or (2) that �rms pay higher royalty rates in more productive

locations. Without more structure on the problem it is not possible to disentangle

causality from correlation. In an attempt to shed more light on the issue, I examined

the length of well's horizontal lateral sections. This is a costly well-design decision

that is positively correlated with production as shown in in Models (1)�(3). Models

(4) and (5) show that royalty rates are uncorrelated with lateral length, whether

they enter in a continuous or a discrete way. That suggests the positive correla-

tion between royalty rates and production re�ects a higher quality of the underlying

geology, not that �rms exert more drilling e�ort on higher-quality locations.

Taken together, these results suggest that �rms lease acreage based on a noisy

signal that is correlated with true, unobservable quality. The initial well is drilled

relatively quickly due to a combination of learning and lease expirations. Firms then

wait until an opportune moment to drill in�ll development wells arises, either because

of a favorable cost shock, high prices, or low price risk. When they do proceed with

in�ll development, they tend to drill multiple wells. This could be because �rms

decide to proceed with in�ll development only in the best locations where many

wells will be pro�table (selection) or because �xed drilling and infrastructure costs

can be spread over multiple wells (gains to scale). In the next section, I develop a

statistical model that captures these elements and allows me to test each.
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Table 2: Production and lateral length

Log production Log lateral length
(1) (2) (3) (4) (5)

Exploratory well -0.118∗∗∗ -0.0563 -0.0684 -0.0233 -0.0236
(0.0328) (0.0413) (0.0414) (0.0270) (0.0272)

Log real average gas price -0.204 -0.197 -0.239∗ -0.230∗

(0.143) (0.143) (0.0933) (0.0938)

Log real drilling cost -0.480∗ -0.517∗ -0.366∗∗ -0.356∗∗

(0.208) (0.207) (0.136) (0.136)

Log lateral length 0.863∗∗∗ 0.824∗∗∗ 0.830∗∗∗

(0.0444) (0.0444) (0.0442)

Time trend 0.0203 0.0175 -0.0112 -0.00972
(0.0246) (0.0245) (0.0161) (0.0161)

Blended royalty 1.256∗ 0.548
(0.549) (0.359)

0.1667 0.170 -0.0143
(0.105) (0.0691)

0.1875 0.266∗∗ -0.0434
(0.0820) (0.0539)

0.2 0.310∗∗∗ -0.0310
(0.0804) (0.0529)

0.225 0.231∗∗ -0.00859
(0.0814) (0.0535)

0.25 0.312∗∗∗ 0.0209
(0.0842) (0.0553)

OGIP Dummies Yes Yes Yes Yes Yes
N 1202 1202 1202 1202 1202
Adjsted R2 0.335 0.352 0.358 0.0284 0.0278
No royalty e�ect 3.942 1.120
Pr(No royalty e�ect) [0.00150] [0.348]
No price, technology 8.684 7.423 7.431 7.029
Pr(no price, tech) [0.000180] [0.000626] [0.000621] [0.000924]

Log production is logarithm of total gas production in months 2�12.

Lateral length measured as lower minus upper perf.

12.5% royalty category is omitted.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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6 Model

I assume that before leasing, �rms receive an initial, noisy signal about a location's

quality. This signal is not observable, but it a�ects observable royalty-rates as well

as the observable timing of the �rm's decision to drill an initial, exploratory well.

Drilling the �rst well reveals the true quality of a location. True quality is also not

observable, but it a�ects the number and timing of in�ll drilling decisions, as well

as observed production outcomes.

The corresponding statistical model I describe has three main components: the

primary dynamic decision of interest (drilling), royalty rate-setting, and gas produc-

tion. Royalty rates and production serve as additional measurement equations for

the unobserved signal and the revealed quality of a location.

The unit of observation is a square mile section, i, which the state of Louisiana

determiness based on the Public Land Survey System (PLSS) grid. Wells on a unit

are numbered D = 1, 2, . . . , Di, and time (measured in months) is indexed by t. I

assume that drilling in unit i can only pertain to leased acreage overlapping it, and

I index these lease�unit overlaps by j.9 Where possible, I use lower-case letters to

denote speci�c realizations of random variables and upper-case letters to denote the

random variables themselves. One exception to this is the variable Dit, which is the

cumulative number of wells drilled prior to time t.

6.1 Information

I denote the �rm's noisy signal of a location's true productivity as ψi0. This a�ects

initial royalty-rate setting and exploratory drilling. The true productivity of unit i

is denoted ψi1, and it a�ects both the �rms' in�ll drilling decisions and production

outcomes. I assume that the signal and true quality are jointly distributed as a

bivariate standard normal variable with correlation ρ. The conditional distribution

of ψi1 given ψi0 is simply

F (ψ1|ψ0) = N
(
ρψ0, (1− ρ2)

)
.

9 Most lease-polygons seem to fall within sections. Thus, while many leases do not contain
horizontal Pugh clauses that would imply a well in one unit would hold the portion of a lease
overlapping a di�erent unit, I believe this simplifying assumption is relatively innocuous.
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6.2 Royalty rates

Royalty rates are the outcome of a one-time negotiation between mineral owners

and �rms when they sign a mineral lease contract. We know little about the exact

rules of the game being played between the two parties, except that the royalty-rate

outcome is discrete. Even though a mineral lease is a real option that de�nes a

dynamic program, writing the contract is a static, one-time decision. While geology

and other factors determining productivity are likely continuous variables, only a

discrete number of royalty rates ever appear in the data. Thus, I make the royalty

rate for unit i a discrete random variable Ri with support R ∈ {r̄1, . . . , r̄L}. We

observe a realization, ri, but royalty rates are determined by a continuous latent

variable R∗i that is a linear combination of a vector landowner-characteristics, Zri,

variables Xri that directly a�ect a �rm's pro�ts, the �rm's signal ψi0, and a latent

shock νi. I assume that landowner characteristics, Zri, a�ect either landowners'

bargaining power or their disutility of drilling but cannot directly a�ect �rms' pro�ts.

This is an an identifying exclusion restriction. We can write a realization of the latent

variable r∗i as

r∗i = αrψi0 + z>riδr + x>riβr + νi (1)

Royalty rates take a particular value when r∗i falls between two corresponding thresh-

olds:

ri = r̄l ⇐⇒ κl−1 < r∗i ≤ κl

where −∞ = κ0 < κ1 < . . . < κL−1 < κL = +∞.

Assumption 1 ψi0 and νi are independent: E[νi|zri, xri, ψi0] = E[νi] and E[ψi0|xri, zri] =

E[ψi0].

Given Assumption 1, the likelihood of observing a particular royalty rate ri = r̄l

given xi is then

Li(Ri = r̄l|ψi0, xri, zri) =

Fν

(
κl − αrψi0 − z>riδr − xriβr

)
− Fν

(
κl−1 − αrψi0 − z>riδr − xriβr

)
(2)

The solution to many viable possibilities that involve complex dynamic programs

should be such that royalty rates take a particular value when when a latent vari-

able lies between two cuto�s. This reduced-form assumption should incorporate

many of these possibilities. The presence of exogenous regressors Zri will allow for
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identi�cation of αr when the royalty-rate model is paired with the drilling-decision

model. To simplify estimation, I assume that νi is drawn from the standard normal

distribution. Under these assumptions, we can use an ordered probit regression to

model Ri.
10

6.3 Drilling decision

The most complex part of the statistical model is �rms' discrete, forward-looking

decision to drill wells. A �rm's decision variable is the number of wells to drill each

month, dit. There are are four endogenous state variables the �rm a�ects via d: the

number of months left on the lease before expiration, τit, whether a well was drilled

last month, d−1,it ≡ 1[di,t−1 > 0], the number of prior wells drilled in unit i before

month t, Dit, and the current information about the unobserved productivity of

the unit, ψit. A vector of additional state variables, Zit includes both time-varying

prices and price volatility as well, as time-invariant geology and the average royalty

rate. Conditional on the �rm's information set, these are exogenous as well. An

i.i.d. vector of decision-speci�c, unobserved pro�tability shocks, ε, is also realized

each period.

Endogenous state variables The endogenous state variables can be divided into

a vector of variables that describe unit i's state with respect to drilling and leasing

at time t, Sit, and the �rm's current signal about the unit's productivity, ψit.

Drilling-leasing state The drilling-leasing state is a tuple containing the time

until the lease expires, τit, whether there was any drilling last period, d−1,it, and the

number of wells in unit i drilled before t:

sit = (τit, d−1,it, Dit)

The transition rule for sit is deterministic and depends on the transitions of the

individual components. The transition rules for cumulative prior drilling, Dit, and

10 While it would theoretically be useful to model lease-speci�c royalty rates with a unit-level
random e�ect, the vast majority of variation in royalty-rates is at the unit level. This means that
the unit-speci�c random e�ect swamps lease-speci�c variation and makes the model numerically
unstable.
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whether a well was drilled last period, d−1,it, are very simple:

Di,t+1 = Dit + dit

d−1,i,t+1 =

1 if dit > 0

0 if dit = 0

The transition rule for lease-time remaining depends on prior drilling. Before the

exploratory well is drilled (Dit = 0) the unit is not held by production, and there is

one less month remaining before the lease expires. Once a well is drilled, the unit

is held by production, and τ = ∞, which is an absorbing state. This implies the

following transition rule τ(τit, dit):

τ(τit, dit) =

τit − 1 if dit = 0 and τit <∞

∞ otherwise

The fact that τ decreases by 1 each period in the initial regime makes τ non-

stationary, implying that the associated value function will be non-stationary as

well. Once the unit is held by production, the �rm faces a stationary, in�nite-horizon

problem. We can write the transition rule for sit as

S′(sit, dit) =
(
τi,t+1 = τ(τit, dit), 1[dit > 0], (Dit + dit)

)
Current signal state The last endogenous state variable is the current infor-

mation the �rm has about the unit's true productivity, ψit. Its transition is random

even conditional on the �rm's drilling decision, d. The �rm receives at least one and

possibly two realizations of ψ. The �rst, which all �rms receive before leasing, is the

noisy one: ψi0. The �rm can elect to receive the second signal by drilling at least

one well. This signal is equal to the true productivity: ψi,{t|Dit>0}. The conditional

distribution of ψi,t+1|ψit is degenerate unless the �rm decides to drill an exploratory

well. This transition rule can be expressed as

ψi,t+1 ∼

N
(
ρψit, (1− ρ2)

)
if Dit = 0 and dit > 0

ψit otherwise
.

Observed state variables The vector of observed state-variables Zit can be bro-

ken into two parts. The �rst, Z1it contains market price signals. These follow an
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exogenous Markov-process. Natural gas prices and drilling costs are set in a large na-

tional market, so I assume that they are not a�ected by individual drilling decisions.

The second set of state variables, Z2i is time-invariant and contains the average

royalty-rate Ri (which may be correlated with ψi0) and geological quality, Gi, which

is exogenous but included in Xri from the royalty-rate setting model, Equation (1).

Assumption 2 implies that the transition of Zit is independent of ψit, but does not

rule out dependence between Zit and ψit.

Assumption 2 The vector Zi,t+1 is conditionally independent of the other state

variables: E[Zi,t+1|zit, sit, ψit, εit, dit] = E[Zi,t+1|zit]

Action space The �rm's decision variable is the number of wells to drill each

month, dit. Two elements of the drilling-leasing state, sit determine the action space

Γ(sit). The two components are cumulative past drilling, Dit and time-remaining in

the lease, τit. Each unit i has capacity for up to D̄ wells, and no more than d̄ wells

can ever be drilled in a month. Since units in the Haynesville are all similarly sized

at around 640 acres, I assume that this cumulative drilling limit does not vary by

unit. If the lease has expired (τit < 0) and nothing has ever been drilled (Dit = 0),

the operator cannot drill anything, so inaction is the only possibility, so Γ = {0}.
Similarly, if D̄ wells have been drilled, then Γ = {0}. These are two absorbing states.
If the lease has not expired and the �rm has drilled between one and D̄ − 1 wells,

the operator can choose to drill between zero and the lesser of d̄ and the number of

well-spots remaining: D̄ −Dit. This fully describes the action space:

Γ(sit) =

{0} if τit < 0 or Dit = D̄{
0, 1, . . . ,min

{
d̄, D̄ −Dit

}}
otherwise

.

Choice-speci�c shocks Finally, each period, the �rm also receives a random,

d̄-length vector ε of pro�tability shocks associated with each choice.

6.4 The Value Function
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Value functions The �rm's discount rate is β ∈ (0, 1), and its objective is to

choose a sequence of actions dit to maximize

V (si0, zi0, ψi0, εi0) = max
{dit}∞t=0

E

[ ∞∑
t=0

βtũ(dit, Sit, Zit, ψi1, εit)

∣∣∣∣∣si0, zi0, ψi0, εi0
]

subject to

dit ∈ Γ(Sit).

The action-space Γ is compact, so under the assumption that ũ is bounded and

continuous, the maximum exists. The �rm's payo� from well D may be stochastic

since the �rm may only have the noisy signal ψi0 of the unit's true productivity, ψi1,

and the ex-post revenue from the well depends on ψi1. For convenience denote

ud(sit, zit, ψit, εit) = E[ũ(d, sit, zit,Ψi1, εit)|sit, zit, ψit, εit]

We can now form the problem as a Bellman equation:

V (sit, zit, ψit, εit) = max
d∈Γ(sit)

ud(sit, zit, ψit, εit)

+ β E
[
V (S′(sit, d), Zi,t+1,Ψi,t+1, εi,t+1)

∣∣sit, zit, ψit, εit, d]
The �rm's problem is incomplete without transversality conditions. Since lease-

expiration and exhausting all drilling opportunities are both absorbing states, I as-

sume that the value of the unit is 0 when the �rm is no longer able to drill:

V (sit, zit, ψit, εit) = 0 if Dit = D̄ or τit < 0.

Solving the value function can be done using backwards recursion starting from

D = D̄ and τ = −1. At the points where D > 0, the problem's horizon is in�nite,

but it is �nite when D = 0 and τ ≥ 0.

I follow the literature on empirical dynamic discrete choice models and make two

standard assumptions about the distributions of the choice-speci�c shocks. Namely,

I assume that they are additively separable and conditionally independent from the

other state variables.

Assumption 3 Flow payo�s are additively separable with respect to the choice-
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speci�c shock:

ud(s, z, ψ, ε) = ud(s, z, ψ) + ε(d)

Assumption 4 The joint density of the states can be factored as

f(si,t+1, zi,t+1, ψi,t+1, εi,t+1|sit, zit, ψit, εit) =

fε(εt+1|st+1, zt+1, ψi,t+1)f(st+1, zi,t+1, ψi,t+1|sit, zit, ψit, dit)

Note that Assumption 4 does not imply that ψit is independent of zit. This will be

accounted for by modeling the royalty-rate and using exgenous shifters zri. Con-

tinuing to follow the literature on dynamic discrete choice models, I work with the

integrated value function, (also called or expected value function or Emax function):

EV(sit, zit, ψi,t−1) =

E
[

max
d∈(sit)

{ud(sit, zit, ψit) + εit(d) + β E [V (Si,t+1, Zi,t+1,Ψi,t+1)|sit, zit, ψit, dit]}
∣∣∣∣ψi,t−1

]
This function represents the �rm's continuation value when it enters a period with

deterministic leasing-drilling state sit, prior signal ψi,t−1 (which has not yet been

updated), and the current state of the price process, zit. There are three cases,

and we proceed via backwards recursion. First, we address the terminal state. The

integrated value function is a trivial computation:

EV(s, z, ψ) = 0 if τ < 0 or D = D̄.

Second, we solve for the integrated value function in states where there was no

drilling the prior period: {sit|Dit > 0}. In this set of states, the function EV is the

�xed point of the contraction-mapping T , shown below. Since in�ll drilling implies

that the �rm has already learned ψi1, no conditional expectation over ψ is required

as ψi,t−1 = ψit:

T (W )(s, z, ψ) = E
[

max
d∈Γ(s)

{
ud(s, Z

′, ψ) + ε(d) + βW (S′(s, d), Z ′, ψ)
}∣∣∣∣z] if D > 0.

If no well was drilled last period, choosing not to drill (d−1,it = 0) will leave the

endogenous leasing-drilling state unchanged, so the value function is an in�nite-

horizon problem. However, if a well was drilled last period (d−1,it = 1), the �rm
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cannot remain in the current leasing-drilling state. Either the prior-drilling state

changes if the �rm chooses not to drill, or the number of wells drilled changes if it

does. Third, we solve for the integrated value function during exploratory drilling

(the set of states {s|τ ≥ 0 and D = 0 and d−1,it = 0}).11 In this region of the

state-space, the horizon of the �rm's problem is �nite since τ decreases by one unit

each period. When the �rm considers the value of drilling one or more wells, it

must take a conditional expectation over ψi1|ψi0 because the �rst well will reveal the
true geological quality, ψi1. To simplify the problem somewhat, de�ne the function

ẼV, which is the conditional expectation of the integrated value function over Ψi,t+1

given the current realization ψit:

ẼV(s, z, ψ) =

EV(s, z, ψ) if d = 0

E
[
EV (s, z,Ψ′)

∣∣∣ψ] if d > 0

The integrated value function during the exploratory drilling regime is

EV(s, z, ψ) =

E
[

max
d∈Γ(s)

{
ud
(
s, Z ′, ψ

)
+ ε(d) + βẼV

(
S′(s, d), Z ′, ψ

)}∣∣∣∣z]
if (D, d−1) = (0, 0) and τ ≥ 0

We can now de�ne the choice-speci�c (alternative-speci�c) value function vd as

vd(s, z, ψ) = ud(s, z, ψ) + β EV(S′(s, d), z, ψ).

Should the �rm choose to drill d wells, it will receive vd + ε(d). Thus, we can write

the integrated value function as

EV(s, z, ψ) = E
[

max
d∈Γ(s)

{vd(s, z, ψ) + ε(d)}
]

Drilling decision likelihood To form the likelihood, I also assume that choice-

speci�c random shocks ε are drawn from a multivariate Type-I Extreme Value (Gum-

bel) distribution. Following my convention of di�erentiating between random vari-

ables and their realizations where possible, I denote speci�c realizations of ε as ε.

11 The second and third conditions that D = 0 and d−1,it, respectively, are implied automatically
by the �rst, but I include them for clarity.

37



Assumption 5 ε(d) ∼iid Gumbel(−ec, 1). That is,

fε(ε1, . . . , εd̄) =

d̄∏
d=1

exp {− exp {−[ε(d)− ec]}}

where ec is the Euler�Mascheroni constant.

Assumptions 4 and 5 imply that choice-speci�c shocks capture idiosyncratic events

like a rig or extra materials becoming available nearby. Serial correlation is explicitly

ruled out, so we assume no permanent shifts in the �rm's signal about productivity

from new information. Instead, serial correlation is captured through ψit.

Given the above assumptions, the integrated value function has a closed-form:

EV(s, z, ψ) = log
∑
d∈Γ(s)

exp {vd(s, z, ψ)} ,

and the probability of observing action d conditional on all state variables except

action-speci�c shocks ε is

Pr (d|sit, zit, ψit) =
exp {vd(sit, zit, ψit)}∑

l∈Γ(sit)
exp {vl(sit, zit, ψit)}

.

Dealing with multiple leases One of the di�culties in estimating a model of

exploratory drilling decisions is that there are multiple leases per unit. That means

that time-to-expiration, τ , is not observed. We do, however, see the universe of

leases that pertain to a unit, as well as the expiration date of each. This implies that

while we do not know τ , we know its support. We also know lease-characteristics.

Therefore, we can integrate out τ . I assume that only one of the lease-expirations

is binding to the �rm. Furthermore, I assume that the probability that a particular

lease j is the one that binds is related to a vector of exogenous lease-characteristics,

Zij , and a vector of i.i.d. Type-I extreme value shocks εj . The vector Zij includes

the size of the lease, as well as the cumulative share of the unit leased at the time

lease j was signed.

Assumption 6 The lease-choice shocks are independent:

fε(εj |zij , zit, εit, ψit) = fε(εj) = Gumbel(0, 1)
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and

fε(ε1, . . . , εJi) =

Ji∏
j=1

fε(εj)

The probability that lease j binds is therefore just a multinomial logistic regression:

Pr
(
j
∣∣∣{zij′}Jij′=1

)
=

exp
{
z>ijβj

}
∑Ji

j′=1 exp
{
z>ij′βj

}
Note that deterministic transitions automatically imply that Zij only a�ects deci-

sions through the selection of sij0:

Pr(sij,t+1|sijt, zij , dit) = Pr(sij,t+1|sit, dit).

Deterministic leasing�drilling state transitions already imply that

Pr(sij,t+1|sit, zij , dit) = Pr(sij,t+1|sit, dit)

The likelihood of observing a sequence of decisions dit for an entire unit given

the noisy signal ψi0 and true ψi1 (as well other variables) can then be written as

Li({di,t+1, si,t+1}|{zit}T̄it=1, ψi0, ψi1) = T̄i∏
t=T1i+1

Pr(di,t+1|si,t+1, zi,t+1, ψi1) Pr(si,t+1|sit, dit)


×

 Ji∑
j=1

(
T1i∏
t=1

Pr(di,t+1|sij,t+1, zi,t+1, ψi0) Pr(sij,t+1|sijt, dit, j)

)
Pr(j|zij)

 . (3)

Numerically, integrating the likelihood in this way is simply a more sophisticated

version of averaging over possible exploratory drilling histories.

6.5 Production

The next component of the model is production, which functions as a set of mea-

surements of true unobserved productivity, ψi1. Production data are provided at the

well-month level.

Patzek, Male, and Marder (2013) analyzes the physics behind shale well decline

curves and shows that two physical processes determine decline rates. During the

39



�rst phase, which occurs during the interval t ∈ (0, tint), cumulative production

Q(t) can be modeled as Q(t) = K
√
t. This implies that dQ/dt = 0.5Kt−0.5. After

the interference time (t > tint), the authors �nd that production should follow an

exponential decline where dQ/dt = q0e
−δt.

Male et al. (2015) �nd that the transition point tint is around 12 months. While

I con�rm that the 12-month breakpoint appears to �t the data best, I �nd that

the second regime is best �t using a linear decline rate.12 I therefore assume the

following econometric model of monthly production for well d in section I at time t:

log qiDt = f(t; γ, tint)︸ ︷︷ ︸
decline

+x>qiβx + βψψi1︸ ︷︷ ︸
unit geology

+ z>qiDβz + uiD︸ ︷︷ ︸
well-speci�c

+εqiDt (4)

where

f(t; γ, tint) = −γ1 log min{t, tint} − γ2(max{log t− log tint, 0})

and

uiD ∼iid N(0, σ2
u) εqiDt ∼iid N(0, σ2

ε ).

The term f(t; γ, tint) captures exogenous, natural production decline over time. The

function f is allowed to have a kink at tint, though it will still be continuous. This is

equivalent to estimating a traditional Arps model of decline in which a well's �ow-

rate is dQ/dt = αtγ and there is a break in γ at t = 12 months. There are two types

of time-invariant variables that determine production. The �rst are shared by all

wells within the unit, and this includes observable geology, xqi, and true unobservable

productivity, ψi1. The well-speci�c variables include zqiD, the well-length, as well

as a random term uiD. This is simply a random-e�ects model. When there are

TiD months of production data for well D on unit i, the likelihood of the vector of

12 Tests of the Patzek, Male, and Marder (2013) hypothesis strongly reject the null hypothesis
of no break in a time trend using production data from Louisiana's SONRIS database, as well as
Drillinginfo's cleaned version of the SONRIS data. I �nd that a break at 12 months minimizes
the variance of the econometric model, as opposed to breaks in any other of the months 3 to 59,
just as Patzek, Male, and Marder (2013) �nd is the case for Texas' Barnett shale. However, when
including both a linear time trend and log t in a model of the logarithm of monthly production,
the linear time trend is much less signi�cant than log t during the second regime. Thus, I drop the
linear term for regime two and keep only log t in regime two.
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production observations given the well-period shocks εqiDt, is

L (log ~qiD|ηi) = −1

2

[
TiD log(2π) + (TiD − 1) log σ2

ε + log(σ2
ε + σ2

uTiD)
]

− 1

2σ2
ε

TqiD∑
t=1

ε2qiDt −
σ2
u

σ2
ε + σ2

uTiD

TqiD∑
t=1

εqiDt

2 (5)

where the vector ε is computed using equation (4).

6.6 Model likelihood

We can write the likelihood conditional on the signal and true quality, ψi0 and ψi1,

as the product of the likelihood of the royalty rate, the history of drilling decisions,

and production from the wells that may have been drilled:

L(historyi|ψi0, ψi1) = L(rl|ψi0)×L({dit}|ψi0, ψi1)×
Di∏
d=1

L
(
{log qiDt}

TqiD
t=2

∣∣∣ψi1) . (6)
Since ψi0 and ψi1 are not observed, I integrate them out by simulation. Rather

than draw ψi0 and ψi1 directly, however, I draw two independent standard normal

variables v1i and v2i and form ψi1 = v1i and ψi0 = ρv1i+
√

1− ρ2v2i. The correlation

between ψi0 and ψi1 is then ρ. Letting the number of simulations beM , the simulated

likelihood is then

SL(historyi) =
1

M

M∑
m=1

Li (historyi|ψim0, ψim1) . (7)

To form the complete likelihood, I assume conditional independence of unit his-

tories given exogenous prices, observed geology, and lease characteristics.

Assumption 7 Choice speci�c shocks (εit), royalty-rate shocks (νi), and lease-shocks

(εji) are independent across units.

This rules out within-�rm pro�tability shocks such as a �rm waiting to drill until

a rig on a neighboring unit is free and �rms drilling cross-unit wells. It also rules

out leases that have interest in more than one unit, which is generally the case.

Additionally, I make the following assumption, which rules out spatial dependence:
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Assumption 8 Signals and quality are uncorrelated across units i:

f ((ψ10, ψ11), . . . , (ψI0, ψI1)) =

I∏
i=1

f(ψi0, ψi1).

This rules out spatial correlation between unobserved quality in units and would

imply no bene�ts to aggregating contiguous acreage. These assumptions about spa-

tial dependence are likely invalid; however, allowing for spatial correlation greatly

complicates the model as �rms' optimal decisions must be made over sets of drilling

units and the order in which they are drilled. With a larger set of data, one solution

would be to draw a sample of drilling unit such that no drilling unit touches another.

The full, simulated likelihood of the data is

SL(data) =
∏
i

SL(historyi), (8)

and I maximize it to obtain estimates.

6.7 Identi�cation

Given the above assumptions, the model is statistically identi�ed. Intuitively, loca-

tions that are drilled quickly and intensely and which have high royalty rates and

very productive wells will tend to correspond to high signals and good quality, and

vice-versa. The royalty-rate equation serves as a single measurement equation for the

�rm's signal during the exploratory drilling problem, and the production equation

provides potentially multiple measurement equations for a location's true quality

during the second, in�ll drilling regime. We have exclusion restrictions for all three

equations, which I now describe.

The �rst set of exogenous s in the royalty-rate equation: median housing val-

ues, population density, and the imperviousness of a location's surface, which is a

measure of urbanization. The set of papers by Timmins and Vissing (2014) and

Vissing (2015, 2016) document that higher socio-economic status households have

more leverage in negotiations with landmen. This is captured in housing values. I

also assume that the disruption to landowners from drilling increases as wells get

closer to populations centers, causing them to demand higher royalty payments. At

the same time, I assume that this does not raise �rms' costs. This is, of course, not

without limit. Drilling does occur in urban environments, and local city governments
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sometimes impose tighter regulations to limit the impact of this industrial activity

on residents.13 For that reason, I exclude all locations marked as �urban� in the 2010

Census. This generally corresponds to the area around Shreveport, Louisiana. (It

should be noted that the vast majority of the urban leases had 25% royalty rates,

and the probability of drilling in this area was quite low.) Note that time-varying

variables do not enter this equation because it is the blended royalty rate�an av-

erage over all leases in a section�that matters. Thus the point of time associated

with a royalty rate is not well-de�ned.

The drilling decision is a�ected by exogenous variation in prices and volatility. As

mentioned, these are determined in a national market, and a single well's production

will not move the market. Changes in prices provide variation over time to help drive

decisions. We also have very a strong structure on the deterministic state-transitions

in the drilling decision problem.

Finally, the production equation sees variation in well-length, geology, and time.

Several units have multiple wells, and under the assumption of an additive random

e�ects model for panels of production data, the distribution of ψi1 is immediately

identi�ed, and estimation is possible through generalized least-squares or maximum

likelihood. This pins down the distribution of βψψi1 + ui. The presence of multiple

wells then identi�es βψ (the standard deviation of ψ) and σu.

7 Estimation

I estimate the parameters of the value function using the standard Rust (1987)

Nested Fixed Point (NFXP) algorithm and maximum simulated likelihood (MSL).14

I �rst discuss the speci�cs of the royalty-rate and production models and then pro-

ceed to the drilling decision model. Details on discretization of prices, information,

and the transition matrices of each are available in Appendix A.

13 For example, the Dallas-Fort Worth metro area regularly sees shale gas wells being drilled into
the Barnett formation, and local city governments have sought to impose regulations on operators
to limit disruption to residents.

14 Hotz and Miller (1993)-style CCP estimation can accommodate unobserved heterogeneity by
using the Expectation-Maximization (EM) algorithm and allowing for a �nite mixture distribution
as shown by Arcidiacono and Miller (2011). However, I choose to use NFXP estimation since I do
not have enough observations to observe all combinations of states multiple times. Additionally,
MSL accommodates both the presence of two unobserved variables, ψi0 and ψi1, plus the additional
measurement equations in a very natural way. With the NFXP algorithm, an inner loop solves the
�rm's value function given a trial guess for the parameter vector, and an outer loop searches for
the parameter vector that maximizes the simulated likelihood.
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7.1 Royalty rates

The �rst measurement equation, Equation (2), is for royalty rates. I assume that

the unobserved idiosyncratic shock, νi follows a normal distribution, making Equa-

tion (2) a standard ordered probit model. I estimate the model using aggregated

section-level data on median housing values, population density, how impervious

the ground is, and the OGIP tier. With the exception of OGIP, all three variables

should be positively correlated with the share of revenues paid to landowners since

they will raise the cost of disruption due to drilling. It would be ideal to include

the price of natural gas as a variable that a�ects �rms' demand; however, this is not

possible because multiple leases are associated with most sections. Thus, the date

associated with each royalty rate is not well-de�ned. Estimates from this partial

model alone are given in Table 3. The �rst two columns use a larger sample of units

that experience some initial conventional drilling. The second column includes only

the sub-sample of units for which I estimate the full model. The results suggest that

royalty rates are higher in more developed, wealthier areas, as well as areas with

better geology. The inclusion of all 9 dummies in the full estimation routine renders

the Hessian ill-conditioned, so I use the linear speci�cation for the restricted sample

in the full model.

7.2 Production

The second measurement equation is for production decline. Revenues from a well

�ow in over the course of years at a diminishing rate as production declines. Any es-

timates of well-revenues must take this into account. This means I require consistent

estimates of well declines before estimating the full model. Thus, as a preliminary

step, I estimate the production decline parameters (γ in the term f(t; γ, tint)) from

Equation (4) using a �xed e�ects regression and time-varying variables. These are

consistent estimates even in the presence of unobserved well-speci�c heterogeneity

and quite precisely estimated.

For starting values in the full model, I estimate Equation (4) using a multi-

level random e�ects model with e�ects at the well and unit levels. The random-

e�ects speci�cation allows me to control for important time-invariant characteristics

that a�ect production, such as geology and lateral length. Since the OGIP bins in

Browning et al. (2015) are not uniformly sized, I include OGIP as a discrete variable

in the vector of unit-speci�c characteristics, Zqi. As a check on whether my model
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Table 3: Ordered probit model for royalty-rates

Enlarged sample Restricted sample

Log median house value 0.420∗∗∗ 0.425∗∗∗ 0.469∗∗∗ 0.422∗∗∗

(0.0610) (0.0635) (0.0871) (0.0913)

Log population density 0.0759∗∗ 0.0876∗∗ 0.0966∗ 0.110∗∗

(0.0275) (0.0281) (0.0379) (0.0388)

Share of land with 0 imperviousness -2.208∗∗∗ -2.138∗∗∗ -1.722∗∗ -1.470∗∗

(0.225) (0.225) (0.539) (0.543)

Average OGIP category (linear) 0.0492∗∗∗ 0.0485∗∗∗

(0.0106) (0.0141)

OGIP = 2 0.384∗∗ 0.0646
(0.145) (0.212)

OGIP = 3 0.469∗∗∗ 0.127
(0.139) (0.198)

OGIP = 4 0.402∗∗ 0.107
(0.131) (0.195)

OGIP = 5 0.297∗ -0.0301
(0.135) (0.199)

OGIP = 6 0.276∗ -0.109
(0.137) (0.194)

OGIP = 7 0.445∗∗∗ 0.141
(0.134) (0.190)

OGIP = 8 0.897∗∗∗ 0.539∗∗

(0.135) (0.193)

OGIP = 9 0.684∗∗∗ 0.404∗

(0.136) (0.193)

OGIP = 10 0.199 0.124
(0.165) (0.243)

0.125 | 0.1667 0.973 1.323 1.996 1.634
(0.683) (0.734) (1.101) (1.178)

0.1667 | 0.1875 1.393∗ 1.750∗ 2.429∗ 2.075
(0.684) (0.735) (1.103) (1.179)

0.1875 | 0.2 2.200∗∗ 2.571∗∗∗ 3.275∗∗ 2.934∗

(0.686) (0.737) (1.104) (1.180)

0.2 | 0.225 3.058∗∗∗ 3.443∗∗∗ 4.164∗∗∗ 3.834∗∗

(0.687) (0.738) (1.105) (1.181)

0.225 | 0.25 3.713∗∗∗ 4.110∗∗∗ 4.816∗∗∗ 4.494∗∗∗

(0.687) (0.738) (1.106) (1.182)

N 2222 2222 1332 1332
χ2(9) 88.55 44.53
Pr[χ2(9)] [3.18e-15] [0.00000113]

Standard errors in parentheses. OGIP = 0 is omitted category

Restricted sample drops units with problematic leases or drilling histories.

χ2(9) is test for joint signi�cance of OGIP dummies.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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is a reasonable one, I con�rm the correlation between royalty rates and production

in model (3) which includes the unit-level blended royalty rate, as well as prices and

costs. As before, wells drilled at lower prices seem to be more productive, but higher

costs are correlated with lower-productivity wells.

Table 4 shows estimates for Equation (4). Model (1) contains �xed-e�ect esti-

mates. Models (2) and (3) and contain random e�ects estimates, with model (3)

adding royalty rates and price variables. The time-varying decline coe�cients are

quite close across all models. Models (2) and (3) show that OGIP has a powerful

predictive e�ect on production volumes, and they also show that the variance of

unit-level quality ψi1, and well-heterogeneity, uiD, are of similar magnitudes. Fi-

nally, model (3) shows that royalty rates are positively correlated with production

volumes as they were with the simpler model estimates in Table 2.

7.3 Speci�cs of drilling model

Flow payo�s The fundamental driver of drilling decisions is the net �ow from

drilling a well. I assume that this payo� is composed of revenue, cost, and an

e�ciency gain from drilling continuously. Unobserved heterogeneity enters into the

revenue component, not cost, and makes revenue-coe�cients random. The net (�ow)

payo� to drilling can be written as

ud(z, s, ψ) = E [rev(z, s, ψi1, d)|ψit] + cost(d) + discount(s, d). (9)

The fact that unobserved heterogeneity a�ects revenues, not costs, re�ects the posi-

tive correlation between production volumes and royalty rates.15 Revenues take the

form

E [rev(zit, sit, ψi1, d)|ψit] =d(1− αrri) exp

{
α0 + αp log pt + βgOGIPi + αψρψi0 +

α2
ψ(1−ρ2)

2

}
if D = 0

d(1− αrri) exp {α0 + αp log pt + βgOGIPi + αψψi1} if D > 0

.

(10)

15 This correlation is also re�ected in a long history of papers which analyze oil and gas auctions
in a common-values paradigm.
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Table 4: Well decline estimates

(1) (2) (3)
Fixed e�ects Simple, RE Endogenous, RE

log min{t, tint} −0.5988∗∗∗ −0.5992∗∗∗ −0.5990∗∗∗

(0.0155) (0.0074) (0.0074)

max{log t− log tint, 0} −1.3607∗∗∗ −1.3600∗∗∗ −1.3598∗∗∗

(0.0131) (0.0049) (0.0049)

Log lateral length 0.9398∗∗∗ 0.8762∗∗∗

(0.0517) (0.0513)

Log real price per mcf −0.3824∗∗∗

(0.0776)

Log real drilling cost index −0.8666∗∗∗

(0.2581)

Blended royalty 4.1136∗∗∗

(0.7708)

OGIP-tier dummies No Y es Y es
Num. obs. 65648 65648 65648
Num. units 879 879
Num. wells 1202 1202 1202
minTi 2 2 2
maxTi 59 59 59
σε 0.5818 0.5818 0.5818
σψ 0.4456 0.4246
σu 0.7268 0.4479 0.4408

Fixed e�ect standard errors clustered on well.

Models 2 and 3 are random e�ects models and use MLE standard errors.

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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The top line di�ers from the bottom line because �rms take expectations over ψi1 if

at least one well has been drilled, D > 0 and ψit = ψi1. Otherwise, the �rm only

has its noisy signal: ψit = ψi0.
16 Drilling costs per well, cost(d) are simpler. They

re�ect potential gains to scale from drilling wells in close sequence, consistent with

the empirical hazard for wells 3+ shown in Figure 6.

cost(d) =

αc1 if d = 1

d× αc+ if d > 1
. (11)

In�ll drilling often involves multiple wells being drilled at a time, so I allow for some

economies of scale when this happens. The continuous drilling discount captures the

idea that moving rigs is costly:

discount(d, d−1) =

αd if d−1 > 0 and d > 0

0 otherwise
. (12)

Prices and the discount rate When evaluating the �nancial pro�tability of a

well, what �rms care about is not the current price of natural gas, but the present

value of the price at which the gas will be sold when it is produced. Operators

often sell gas production forward, hedging against future price drops and locking

in revenues when production commences. Thus, I use a weighted average of the

forward curve that incorporates both well decline and time-discounting to capture

�rms expected production revenue.17 Let F (t, t+ τ) be the monthly average futures

price at time t for gas delivered at time t + τ where both t and τ are measured in

months. Following Covert (2015), I assume that a shale gas well produces for 20

years. Then the relevant gas price for the �rm is

pt =

∑240
τ=1 β̃

τ
12 exp{f(τ ; γ̂, tint)}F (t, t+ τ)∑240
τ=1 exp{f(τ ; γ̂, tint)}

(13)

where β̃ is the nominal discount rate, f(τ ; γ̂, tint) is the decline curve from Equa-

tion (4), and parameter estimates γ̂ are taken from �xed e�ects estimates in Table 4.

16 I also tried estimating a model where rev = d(1− αrri)pαp
t (α0 + βgGi + E[αψψi1|ψit]), how-

ever, model �t was worse, and this functional form for revenue does not correspond to that in the
model of production.

17 One could also justify this by assuming that the futures market accurately re�ects �rms'
expectations about future prices.
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The variable pt then represents the marginal value of an additional unit of expected

ultimate recovery (EUR). Reliable measures of forward prices, F (t, t + τ), are only

available for τ up to 5 years. To account for this, I replace F (t, t + τ) for years

6�12 with the average 5-year futures price, F (t, 5 year) = 1
12

∑12
m=1 F (t, 48 + m).

Rather than attempt to estimate β, I set it exogenously as is typical in empirical

dynamic discrete choice papers and follow Kellogg (2014), who assumes a nominal

discount rate of 12.5% based on a survey of the Society of Petroleum Evaluation En-

gineers. I also compute average in�ation from the average change in the logarithm

of the PPI for all commodities over the sample period Jan 2003�Oct 2016. This

is 2.34%.18 Combining the two, this gives me an annual nominal discount rate of

β̃ = 1/1.125 ≈ 0.89 and an annual real discount rate of β = 1.0234/1.125 ≈ 0.91,

which is close to the value 0.9 used by Covert (2015) and Muehlenbachs (2015) for

similar applications, as well as the real discount rate used in Kellogg (2014).

8 Results

Table 5 shows estimates for a naive drilling-only model, and Table 6 shows estimates

for the full model that includes both measurement equations. Signs are as expected,

with the notable exception of αp, the price parameter. The aspect of the data being

rationalized by the model is likely the fact that �rms did not drill at the highest

gas prices before 2008, but did drill as prices fell. This can be readily seen in

Figure 5.19 The drilling model and full-model estimates have identical signs and

18 Speci�cally, this is the series �PPIACO� from FRED.
19 The fact that αp is negative and suggests that �rms prefer low prices, not high prices is

indeed troubling as it contradicts pro�t-maximization, and I am actively working on resolving this
contradiction. There are several possible omitted factors that cause the model to �nd prices are
negatively correlated with pro�tability. First technological progress is not included in the model.
Firms have, indeed, gotten better at extracting gas from shale, and this will serve to �re-in�ate�
revenue in later years when prices are low. A di�culty with this approach is actually measuring
technology-related productivity advances and �rms' expectations about them. Second, volatility
may be under-estimated in early years. Real options theory implies that this would cause under-
estimation of �rms' opportunity cost of drilling. Third, in assuming that all leases with optional
extensions are costlessly extended, I have over-estimated the opportunity cost of waiting during
early years, causing the model to under-predict drilling during this time. Fourth, I may be mis-
measuring prices. In early years, �rms may have faced midstream infrastructure constraints to get
gas to market. In this case, early prices would be over-stated. Fifth, the vector of time-varying
variables zit does not include a time-varying cost; though including this is computationally di�cult
as it increases the size of the state-space dramatically. Additionally, I do not know of any monthly
data on unconventional well costs. The Bureau of Labor Statistics (BLS) does publish a PPI
for drilling; however, this is at the well-level and combines both conventional and unconventional
drilling. This results in a dramatic under-statement of costs during early years.
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similar magnitides, except for the coe�cient on royalty-rates, αr. The drilling-only

model su�ers from endogeneity and vastly underestimates the causal e�ect of high

royalty rates. In fact, the drilling-only model cannot reject the null hypothesis

that the royalty rate has zero, or even a positive e�ect on drilling at reasonable

signi�cance levels. In contrast, we strongly reject the null hypothesis that royalty

rates have a positive causal e�ect on drilling once the royalty rate equation and

exogenous landowner characteristics are included. Furthermore, we cannot reject

the null hypothesis that αr = 1�the value we should expect. The full model also

con�rms that the source of correlation between royalty rates and accelerated drilling

is �rm's prior beliefs, ψi0. These priors, though correlated with an area's true quality,

are still quite noisy as the correlation is relatively precisely estimated to be ρ = 0.165

in Table 6 or ρ = 0.155 in Table 7.

Table 5: Naive drilling model only

Parameter Estimate SE t-statistic p-value

Leasing

Log lease area 2.102∗∗∗ (0.637) 3.30 0.00

Drilling

αr 0.276 (0.423) 0.65 0.51
α0 0.258 (0.309) 0.83 0.40
αp -0.515∗∗∗ (0.072) -7.12 0.00
βg 0.065∗∗∗ (0.012) 5.53 0.00
αψ 1.223∗∗∗ (0.133) 9.22 0.00
αc1 -8.197∗∗∗ (0.374) -21.89 0.00
αc+ -6.309∗∗∗ (0.391) -16.14 0.00
αdisc 2.317∗∗∗ (0.119) 19.42 0.00
ρ 0.226∗∗∗ (0.031) 7.29 0.00

Log lik. = -7096.1649. Standard errors computed by outer product of gradients.

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Figure 11 shows the aggregate cumulative probability of a well having been drilled

given that price is $3.13, the geology quality is 8 of 10, and a 25% royalty rate. For

a randomly selected unit, the probability of an exploratory well being drilled is, on

average, signi�cantly higher when �rms' inital signals are noisy.

Figure 12 shows a risk-neutral landowner's expected payo� as a function of roy-

alty rates the worst and best geology levels (1 and 10). This is equivalent to a

principal-agent problem in which all aspects of the �rms' problem are common knowl-
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Figure 11: E�ect of learning on aggregate cumulative drilling probability
(pt, ri, Gi) = ($3.13, 0.25, 8)

edge except the �rm's signal. Instead, landowners only know the distribution of the

signal. Additionally, the set of possible contracts only consists of 3-year primary

terms with discrete royalty rates. Under this simple setup, landowners' expected

payo� under perfect information can be computed recursively as

U(ri, zi0, si0, ψi0) =∑
d

Pr(d|sit, zit, ψit) {(1− ri)rev(sit, zit, ψit) + β E[U(si,t+1, zi,t+1, ψi,t+1)|sit, zit, d]} .

When only the distribution of ψ is known, the payo� is simply the integral:
∫
U(ri, zi0, si0, ψi0)dF (ψi0).

This is most certainly a lower-bound for the revenue-maximizing contract since we

have not allowed any parameters except the royalty rate to vary between a few dis-

crete options. Figure 12 suggests that revenue-maximizing royalty rates could, in

fact, be higher than they are currently. However, given risk aversion and a problem-

atic price coe�cient, this result should be treated with some caution.

9 Conclusion

It is well understood that operators have improved the productivity of their wells by

learning how to drill and complete their wells better. In this paper, I use a structural

econometric model to estimate the joint distribution of �rms' initial pre-exploration

priors and the true quality of the locations they drill. This requires combining com-

plex datasets from all parts of the upstream investment cycle. To identify parameters,

I exploit pre-drilling royalty-rates and multiple post-drilling production outcomes as
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Figure 12: Revenue-maximizing royalty rates when pt = $3.13 and volatility is low

measurement equations, using the exclusion restriction that landowner and land-

cover characteristics only a�ect the �rm's pro�ts through landowners' negotiating

position.

Model estimates imply that despite advances in seismic sensing technology, �rms

still do not know exactly where to drill without investing in an exploratory well.

Their priors are positively correlated with a location's actual quality, but these prior

beliefs are still quite noisy. This has important implications for the supply of shale.

First, �rms' inability to precisely target exploratory wells to the very best locations

will reduce their ability to quickly ramp up production in response to price shocks.

Second, �rms will exhaust shale formations more slowly than in a perfect information

world since they will not be able to concentrate on exhausting the very best locations
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�rst. Third, because the informational value of exploratory wells is large, the initial

phase of shale drilling in an area will be less price-responsive. As �rms drill more

exploratory wells over time, these three e�ects will diminish. Firms will get better

at knowing where to drill and more price responsive. Depletion will accelerate faster

than the rate of drilling.

Mineral owners do appear to capture some of �rms' prior information, as ev-

idenced by the positive coe�cient in estimates of the royalty-rate equation. The

large value of information raises the probability of exploratory drilling�and result-

ing production royalties�across locations. This implies that royalty revenue will be

more uniformly spread across mineral owners. Preliminary estimates of the revenue-

maximizing royalty-rate suggest that current royalty rates are generally below the

revenue-maximizing ones that a principal-agent framework would predict. In turn,

this suggests that either information asymmetries between landowners and �rms

exist, or that �rms have some market power, or a combination of the two. Disen-

tangling the roles of asymmetric information and monopoly power in determining

royalty rates remains an interesting question for future research.
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Table 6: Full model

Parameter Estimate SE t-statistic p-value

Leasing

Log lease area 2.070∗∗∗ (0.618) 3.35 0.00

Drilling

αr 1.261∗∗∗ (0.295) 4.27 0.00
α0 0.616∗ (0.293) 2.10 0.04
αp -0.397∗∗∗ (0.066) -6.00 0.00
βg 0.050∗∗∗ (0.010) 5.10 0.00
αψ 1.089∗∗∗ (0.140) 7.76 0.00
αc1 -8.249∗∗∗ (0.441) -18.73 0.00
αc+ -6.379∗∗∗ (0.455) -14.02 0.00
αdisc 2.284∗∗∗ (0.123) 18.57 0.00
ρ 0.165∗∗∗ (0.028) 5.83 0.00

Royalty

ψi0 0.220∗∗∗ (0.057) 3.88 0.00
Log median house value 0.403∗∗∗ (0.084) 4.78 0.00
Log pop. density 0.107∗∗ (0.040) 2.71 0.01
Pct impervious -1.828∗∗∗ (0.499) -3.66 0.00
Mean OGIP 0.051∗∗∗ (0.015) 3.43 0.00

0.125 | 0.1667 1.140 (1.062) 1.07 0.28
0.1667 | 0.1875 1.577 (1.073) 1.47 0.14
0.1875 | 0.2 2.442∗ (1.080) 2.26 0.02
0.2 | 0.225 3.355∗∗ (1.082) 3.10 0.00
0.225 | 0.25 4.022∗∗∗ (1.084) 3.71 0.00

Production

ψi1 0.480∗∗∗ (0.027) 17.93 0.00
log min{t, tint} -0.599∗∗∗ (0.003) -196.81 0.00
max{log t− log tint, 0} -1.360∗∗∗ (0.002) -741.85 0.00
Log lateral length 0.935∗∗∗ (0.026) 36.65 0.00
OGIP == 1 2.776∗∗∗ (0.248) 11.18 0.00
OGIP == 2 4.472∗∗∗ (0.293) 15.28 0.00
OGIP == 3 4.585∗∗∗ (0.219) 20.95 0.00
OGIP == 4 4.736∗∗∗ (0.225) 21.00 0.00
OGIP == 5 4.750∗∗∗ (0.216) 21.98 0.00
OGIP == 6 4.831∗∗∗ (0.211) 22.87 0.00
OGIP == 7 4.858∗∗∗ (0.212) 22.90 0.00
OGIP == 8 5.069∗∗∗ (0.216) 23.44 0.00
OGIP == 9 5.010∗∗∗ (0.210) 23.88 0.00
OGIP == 10 5.301∗∗∗ (0.379) 13.98 0.00
σε 0.582∗∗∗ (0.000) 4356.30 0.00
σu 0.453∗∗∗ (0.012) 36.83 0.00

Log lik. = -69122.0336. Standard errors computed by outer product of gradients.

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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Table 7: Full model with restriction that αr = 1

Parameter Estimate SE t-statistic p-value

Leasing

Log lease area 2.053∗∗∗ (0.610) 3.36 0.00

Drilling

αr 1.0 - - -
α0 0.660∗ (0.295) 2.24 0.03
αp -0.363∗∗∗ (0.055) -6.58 0.00
βg 0.046∗∗∗ (0.008) 5.73 0.00
αψ 1.029∗∗∗ (0.126) 8.17 0.00
αc1 -8.428∗∗∗ (0.450) -18.74 0.00
αc+ -6.555∗∗∗ (0.462) -14.18 0.00
αdisc 2.277∗∗∗ (0.123) 18.55 0.00
ρ 0.155∗∗∗ (0.026) 5.89 0.00

Royalty

ψi0 0.204∗∗∗ (0.051) 4.04 0.00
Log median house value 0.408∗∗∗ (0.084) 4.86 0.00
Log pop. density 0.107∗∗ (0.040) 2.70 0.01
Pct impervious -1.816∗∗∗ (0.496) -3.66 0.00
Mean OGIP 0.051∗∗∗ (0.015) 3.43 0.00

0.125 | 0.1667 1.218 (1.056) 1.15 0.25
0.1667 | 0.1875 1.655 (1.068) 1.55 0.12
0.1875 | 0.2 2.516∗ (1.075) 2.34 0.02
0.2 | 0.225 3.427∗∗ (1.077) 3.18 0.00
0.225 | 0.25 4.092∗∗∗ (1.079) 3.79 0.00

Production

ψi1 0.480∗∗∗ (0.026) 18.13 0.00
log min{t, tint} -0.599∗∗∗ (0.003) -196.92 0.00
max{log t− log tint, 0} -1.360∗∗∗ (0.002) -742.52 0.00
Log lateral length 0.935∗∗∗ (0.025) 37.10 0.00
OGIP == 1 2.782∗∗∗ (0.246) 11.28 0.00
OGIP == 2 4.481∗∗∗ (0.292) 15.34 0.00
OGIP == 3 4.592∗∗∗ (0.218) 21.10 0.00
OGIP == 4 4.742∗∗∗ (0.224) 21.16 0.00
OGIP == 5 4.752∗∗∗ (0.212) 22.40 0.00
OGIP == 6 4.829∗∗∗ (0.209) 23.13 0.00
OGIP == 7 4.859∗∗∗ (0.210) 23.10 0.00
OGIP == 8 5.073∗∗∗ (0.214) 23.68 0.00
OGIP == 9 5.010∗∗∗ (0.207) 24.21 0.00
OGIP == 10 5.300∗∗∗ (0.374) 14.15 0.00
σε 0.582∗∗∗ (0.000) 4354.62 0.00
σu 0.451∗∗∗ (0.012) 37.10 0.00

Log lik. = -69122.4927. Standard errors computed by outer product of gradients.

∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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Figure 13: ACF of ∆ log pt

A Computation

Time-varying exogenous variables Natural gas prices are generally modeled
as having a unit root over the short term, and the ACF of ∆ log pt, shown in Fig-
ure 13, shows very little structure left in ∆ log pt, suggesting that a random walk
is an appropriate way to model log pt. This does ignore the role of seasonality in
natural gas prices. However, the ACF shows no statistical evidence for it, and it
is very important to keep the state-space as small as possible. Volatility plays an
important role in setting the value of an option, and volatility in natural gas prices
has generally declined over time. Rather than model volatility as a continuous pro-
cess using a GARCH model, I consider a simple volatility regime-switching model
in which volaltility takes values σt ∈ {σlow, σhigh}. I estimate volatility regimes and
transitions using the R package depmixS4, which performs estimation via the EM
algorithm. I set the regime in each period, kt, as the Viterbi estimate of the state.
Estimates of the parameters are displayed in Table 8. This allows me to form the
vector zi1t of time-varying exogenous variables.

20

z1t =
[
log pt kt

]>
.

The estimated price volatilities do not enter into a �rm's �ow-payo�s, but they
are extremly important in determining the �rm's value function through the transi-
tion matrix for prices, Πz. Since prices are non-stationary, standard discretization
methods for stationary AR(1) processes are less helpful. Thus, I use outlined in

20I also tried including the BLS drilling cost index; however, this does not account for the
di�erence in costs between conventional and unconventional wells, and its addition caused the
state-space to mushroom in size, making estimation extremely expesnive.
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Table 8: Price process estimates

Volatility Transition Πz(k)
σp Pr(State 1 | i ) Pr(State 2 | i )

High volatility 0.08223171 0.91412134 0.08587866
Low volatility 0.05045245 0.02691382 0.97308618

Estimated using the period Dec 2001�March 2017.
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Figure 14: Number of moments matched for conditional distribution of ∆logpt

Farmer and Toda (2016) to form regime-speci�c transition matrices, Πz(k), that
match as many conditional moments of the continuous distribution as possible. As
shown in Figure 14, I am able to match quite a few moments on the interior of
the state-space, though this number necessarily decreases a the edge of the grid.
I include 51 points in my grid for log pt, and allow it to extend from one-half the
smallest value of prices I observe to twice the largest value. This ends up being a
range of 1.20 to 24.00 2009 USD/mcf. Since gas prices vary over a such a wide range
during the sample, many of the elements are minuscule and can be ignored with
minimal numerical consequences. Thus, I set all elements less than 1e-6 to zero and
use sparse matrices. This saves considerable computational time. I combine the high
and low regime-speci�c price transition matrices, Πz(k), with the regime transition
matrix to form the full transition matrix

Πz =

[
π11Πz(1) π12Πz(2)
π21Πz(1) π22Πz(2)

]
.

Finally, when evaluating the integrated value function, EV, I interpolate between
grid-points using quadratic B-splines.
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Information In addition to discretizing prices, one must also discretize the �rm's
information about geology, ψ. Since F (ψi,t+1|ψit) is an AR(1) process, I use the
Tauchen (1986) procedure to approximate the transition matrix, Πψ.

21 Tauchen
(1986) recommends that the grid be symmetric around the mean of the distribution.
I set the upper and lower limits to ±4.0 and use an evenly-spaced 41-point grid.
This covers the vast majority of the distribution as the corresponding quantile is
Φ(−4.0) = 3.2e− 5. The Tauchen (1986) procedure sets the elements of Πψ to be

πij =


Φ (x+) if j = 1

1− Φ (x−) if j = 2Mψ/∆ψ + 1

Φ (x+)− Φ (x−) otherwise

where

x+ =
ψj − ρ2ψi + 0.5∆ψ√

1− ρ
x− =

ψj − ρ2ψi − 0.5∆ψ√
1− ρ

As with prices, I when evaluating the integrated value function, EV, I interpolate
between grid-points using quadratic B-splines. This has the added advantage of
providing ∂ EV /∂ψ for minimal additional computational cost.

Inner NFXP loops In the inner NFXP loop, I solve the integrated value function
by backwards induction one leasing-drilling state at a time. Recall that the leasing-
drilling state sit is a tuple sit = (τit, d−1,it, Dit). Denote the set of leasing-drilling
states as S. These are sorted lexicographically by −τ , −d−1, and D. The implication
of this is that the integrated value functions at si depend on sj when i < j but not
vice versa. The last element in S, s|S|, is the the terminal state at which the �rm
cannot drill, either because the lease expired or all of the possible wells have been
drilled. As stated previously, this is normalized to zero: EV(s|S|, z, ψ) = 0∀z, ψ.
Computing EV at all s involves computing EV at s|S|−1, then computing EV at
s|S|−2 using EV at s|S|−1, and so on.

At all leasing-drilling states si with i < |S|, the �rm's problem is �nite horizon
if there is no way a �rm can remain at si by not drilling, and it is an in�nite-
horizon problem if the �rm can. I solve �nite-horizon problems by value function
iteration, and in�nite horizon problems by a hybrid iteration algorithm that involves
a few initial value function iterations and subsequent policy function iterations until
convergence (see Rust (1994)). The value function for one set of time-invariant
variables, e.g., geology and royalty-rates, does not depend in any way on the value
function for another set, which enables parallelization over combinations of the 6

21 While the approximation could be improved by either using quadrature grid-points or opti-
mizing over the elements of Πψ to match moments, this would require substantial additional com-
putational overhead when computing the inner loop and its derivatives, as well as the likelihood
evaluation if the grid changes between iterations. Thus, I choose not to do this.
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observed royalty rates and 10 geology levels. This considerably accelerates the inner
NFXP loops.

Outer NFXP loops The outer NFXP loops involve searching over the simulated
likelihoods for a maximum. The log likelihood of each action depends on the �ow-
payo�s and the integrated value function that correspond to each action in the action
space. For each action, I re-compute the �ow-payo�s given the state variables and
evaluate the value function at the appropriate state values. Because prices and
information are continuous state variables, I use quadratic B-splines to interpolate
over the value function in these dimensions. I use Monte Carlo integration with two
Halton (1960) sequences of bases two and three to integrate out the independent
standard normal variables u and u. After discarding the �rst 5000 observations, for
each unit i, I draw 2500 pairs of shocks. Given my sample size of 1332, this satis�es
the requirement that Mψ increase at a rate faster than the sample-size.22

I obtain starting values by separately estimating each component of the model
and then combining them. Closed-form gradients are available for each component
of the likelihood. This allows me to use the BFGS optimization procedure. Con-
veniently, BFGS stores the inverse Hessian, so I compute standard errors using the
BFGS inverse Hessian, as well as the outer product of the gradient. The two are
quite close. Estimating the full model is fairly expensive in terms of computational
time; however, computation of EV and the simulated likelihood are both paralleliz-
able, and I achieved signi�cant speedups by utilizing an Amazon and Microsoft cloud
computing, as well as a relatively new programming language, Julia.

22Normally this is stated as Mψ increases faster than
√
n + ε, but since I draw two shocks, I

require that Mψ dominate the sample size, n.
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