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Abstract

Firms can learn about new technologies from other adopters, though this
social learning is not always exploited. We examine whether shale gas operators
took advantage of environmentally-focused disclosure laws to learn from com-
petitors and improve productivity; with this information, we evaluate the claim
that chemical disclosure rules expose valuable trade secrets. We exploit an un-
usual regulatory episode in Pennsylvania that allows us to see chemical inputs
prior to public disclosure. Using detailed data on well-level inputs and outputs,
we study how the change in disclosure regime affected operators’ chemical use
and well productivity.
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1 Introduction

Policies designed to disseminate information about pollution releases (or the potential
for such releases) have become increasingly popular.’ Information-based policies seem
to be especially popular in settings where conventional regulatory approaches are ill-
suited, such as when risks are not well understood, but are not anticipated to be
extraordinary. They often represent a “pragmatic compromise” (Fung et al., 2007)
that is a politically viable response to emerging risks. By harnessing the collective
power of stakeholders internal and external to the disclosing entity, information-based
policies may improve public welfare via market, political, or managerial mechanisms
(Fung et al., 2007; Bennear and Olmstead, 2008), as well as provide stakeholders
with information that supports their “right to know” about potential environmental
or health risks.

One emerging technology in which information-based regulations have been re-
cently used is hydraulic fracturing for shale gas and oil. This rapidly growing tech-
nology has transformed the nature of energy production in the U.S. and the world,
and contributed to substantial economic growth in many areas (Hausman and Kel-
logg, 2015). It has also raised a number of concerns regarding local economic impacts
and averting behavior (e.g. Muehlenbachs et al. (2015); Wrenn et al. (2016)) and
local environmental impacts, including the use of toxic chemical additives in the frac-
turing process (Elgin et al., 2012; Stringfellow et al., 2014; Fetter, 2016). Starting in
2010, policies requiring public disclosure of information about the chemicals used in
the process of hydraulic fracturing have been instituted in eighteen states.

Information-based regulations, such as mandatory disclosure of hydraulic fractur-
ing chemicals, have the potential to inspire reduced use of toxic chemicals or other
reductions in potential threats to environmental quality or human health. Operators
likely have better information regarding which chemicals are most effective for releas-
ing trapped gas in a particular shale formation, meaning that direct regulations (i.e.,
command-and-control policies) may be inefficient. Given flexibility over specific ac-
tions, and the ability to make tradeoffs between the productivity impacts of altering
specific inputs and the potential social sanction of continuing to use toxic chemicals,
firms may respond (e.g. by using less toxic formulations, or by taking actions to
prevent leaks and spills) to various forms of public pressure, including the threat of
legal action.

At the same time, mandatory information disclosure may result in unintended

1See, for example, policies regulating electricity generation (Delmas et al., 2010; Kim and Lyon,
2011), and drinking water provision (Bennear and Olmstead, 2008). Analyses within industries that
are less consumer-facing, such as manufacturing facilities that report to the Toxics Release Inventory
(TRI), find that reported releases of toxic chemicals have declined over the course of the program by
as much as 50 percent (Bennear and Coglianese, 2005). In non-environmental contexts, information-
based policies have been used to regulate financial disclosure, nutritional labeling, restaurant hygiene,
and other matters (Fung et al., 2007; Jin and Leslie, 2003).



consequences. In particular, they may undermine the ability of operators to appro-
priate the results of their innovations. Firms in the oil and gas industry, as in many
industries, rely on secrecy as a fundamental mechanism to capture value from their
investments in innovation and maintain competitive advantage (Wang and Krupnick,
2013; Cohen et al., 2000). This may be one reason the industry has worked hard to
oppose mandatory disclosure regulations, arguing for the protection of “trade secrets”
with respect to the contents of fracturing fluids. In this paper, we hope to shed light
on whether innovations in fracturing fluids that are the subject of these disclosure
debates indeed contribute to competitive advantage. In particular, we compare de-
tailed, well-level information on inputs and outputs to test whether operators took
advantage of public disclosure (by their competitors) to copy the behaviors of indus-
try leaders. We observe strong evidence that such copying did take place, and go
on to test whether the act of copying appears to improve productivity for poorer-
performing firms. We find that the answers to both questions are affirmative. This
suggests policy-makers should weigh carefully the tradeoff between right-to-know dis-
closure rules and industry claims that secrecy is essential to preserving competitive
advantage. A further question, which we leave to future work, is whether forced dis-
closure undermines the incentives for firms in this industry to invest in research and
development for future innovations. We leave this latter question to on-going work,
focusing on the first questions in this paper.

Our analysis is primarily empirical, and is set in Pennsylvania. This state provides
a unique data environment in which to analyze our questions of interest. Pennsyl-
vania was one of the earliest states to experience a dramatic increase in exploration
and production of unconventional shale gas, and continues to experience extensive
unconventional development. Furthermore, Pennsylvania features an unusual regula-
tory episode in which operators were required to disclose information about chemical
additives in fluid to the regulator, but not in a format that was easily accessible for
the general public (or to one another), for a 14-month period in the height of the
boom. We have recovered this information through a combination of Right-to-Know
law requests and other methods. Observing this information helps us to distinguish
the effect of the public disclosure law from other simultaneous phenomena, including
a general improvement in technology.

We perform a series of empirical analyses designed to test whether regulations re-
quiring the mandatory disclosure of chemicals created opportunities for social learning—
even when those regulations included provisions that permitted operators to declare
some chemicals “proprietary.” As a first step, we look for evidence that the unex-
plained variation in production declined over time; that is, if there is a tighter dis-
tribution of residuals from a regression of output on observable well characteristics.
We then test for convergence in inputs, as well as test for convergence in productivity
across operators; in the latter test, we focus on evidence that low-performing firms
used information revealed by the disclosure law to catch up with more successful
firms. There could, naturally, be other reasons for this convergence. We therefore



focus on the specific mechanism of interest, and examine the role of input similarity
in the design of fracturing fluid. We find that convergence is indeed explained specif-
ically by weaker firms adopting the chemical mixtures used by more successful firms
in previously drilled wells, after the disclosure rules have gone into place.

This paper makes several key contributions to literature on innovation, learning,
and information disclosure. First, we expand the literature on the empirical effects of
transparency or disclosure regulations in a new direction. A number of papers have
documented the effects of disclosure laws on environmental, health, or other outcomes
of interest for consumers and the general public, in both consumer-facing (Delmas
et al., 2010; Bennear and Olmstead, 2008; Jin and Leslie, 2003; Fung et al., 2007)
and non-consumer-facing (Fung et al., 2007; Fetter, 2016; Konar and Cohen, 1997)
settings. In addition, some work has analyzed how investors respond to corporate
environmental disclosures (Hamilton, 1995). Other authors, too, have explored av-
enues for social learning across firms or other actors (Conley and Udry, 2010; Covert,
2015). Our analysis is the first, to our knowledge, to bring together information on
the effects of information disclosure regulations with the effect of social learning. We
find strong evidence that information disclosure regulations do create a pathway for
social learning in an emerging technology. This could also be interpreted as a form
of technology diffusion facilitated by regulation.

Second, we contribute to literature on the relationship between innovation, secrecy,
and disclosure. The economic returns to innovation depend upon the ability of firms to
appropriate the rewards of the knowledge they create. While patents, in theory, solve
the problem of imperfect appropriability, evidence suggests firms in many industries
rely more often on secrecy, lead time, and investment in complementary capabilities to
maintain the competitive advantage they gain by innovation (Cohen et al., 2000). At
the same time, in some settings—such as when firms’ production processes involve the
use of toxic chemicals—there may be a compelling public interest in revealing specific
process elements. In settings such as these, policy makers must weigh the social
costs of requiring disclosure by private entities against the social costs of potentially
reducing the ability of firms to preserve the secrecy of their innovations and thereby
appropriate the rewards of their innovations. We provide some insight into to what
extent this tradeoff is real or imagined.

Third, we contribute to a growing literature on how firms learn about emerging
technologies in general, and hydraulic fracturing in particular. However, no prior
authors have addressed the role of chemical additives in the process. We take the role
of chemicals seriously.

The paper proceeds as follows. In Section 2, we provide context and background
for our study, including a review of the emergence of the technologies that have
made development of shale gas economically feasible, the environmental concerns
that led to the requirement for public disclosure, and literature on the role of alterna-
tive strategies—including secrecy—that firms use to preserve competitive advantage.
Section 3 describes our data. In Section 4 we present our analysis of convergence and



catch-up in operators’ output, as well as evidence on how the disclosure rules affected
chemical input choices. Section 5 offers a discussion and concluding remarks.

2 Background

2.1 The Sources of Innovation Behind the Rise of Shale Gas

The rise of shale gas to prominence in the US energy landscape has been well-
documented.? Less is known, however, about the role played by public and quasi-
public institutions in that rise. These institutions played a prominent role because
innovations are notoriously difficult to monetize in the oil and gas industry, leading
to a disincentive to undertake costly and risky research and development activities.?
The shale industry has been, and continues to be, based on an evolving technology.
Technologies developed in the 1970’s and 1980’s, ranging from changes in the ma-
jor compounds comprising fracturing fluid to the direction in which wellbores were
drilled, transformed the way shale is approached, with significant implications for the
natural gas industry. Foam was replaced by gels in the formulation of fracturing fluid,
and order-of-magnitude changes were made in the quantity of proppant used. In the
1990’s, there were important advances in the role of directional drilling — along with
hydraulic fracturing, the ability to drill horizontally through a shale formation made
shale gas development economical. At the same time, “slick water” fracturing fluid
replaced gels. Most recently, fracturing fluid has been refined in multiple dimensions
for maximizing output and minimizing costs.

The early development of shale gas was largely based on advances in four key
areas of technology: (1) horizontal drilling, (2) three-dimensional seismic imaging, (3)
micro-seismic fracture mapping, and (4) massive hydraulic fracturing. Development
of new technology in support of a nascent industry requires large, risky investments.
Many of these developments were made by Mitchell Energy on the Barnett shale
in north Texas (the birthplace of the modern shale gas industry, for all practical
purposes). There were certain features of the Barnett shale and Mitchell Energy

2Shale gas grew from 5% of total US dry gas supply in 2004 to 56% in 2015 (See EIA
Natural Gas Monthly data through December, STEO through May 2015 and Drilling Info;
http://www.eia.gov/conference/2015 /pdf/presentations/staub.pdf). Spurred on by recent develop-
ments in hydraulic fracturing and horizontal drilling technologies, natural gas has largely replaced
coal in the production of electricity (http://www.cnbe.com/2015/07/14 /natural-gas-tops-coal-as-
top-source-of-electric-power-generation-in-us.html). The largest contribution from any one shale
play to the growth described above has come from the Marcellus Shale, located in Pennsylvania and
West Virginia. Due to the availability of pre-disclosure data, Pennsylvania will be our area of study
(see Section 3).

3“Because private companies have difficulty monetizing and capturing all the benefits of energy
technology research, it is consistently the case that federal coordination and investment is required
to drive high-level technological innovation in the energy sector” (Shellenberger et al. (2012); see
also Mazzucato (2014)).



that made this possible — Mitchell had secured a favorable long-term contract price
at which it sold its gas to wholesalers, placing it in a secure financial position that
allowed for R&D activities. At the same time, declining output from old reserves
meant that Mitchell was motivated to seek new sources in order to meet long-term
contractual demands. The risk of drilling experimental wells was reduced because the
Barnett shale contained many overlapping formations that allowed Mitchell to hedge
by extending those wells, should they fail, into traditional formations. Finally, Devon
Energy (the company that eventually purchased Mitchell for $3.5 billion in 2002)
brought its own particular expertise in horizontal drilling, which when combined with
Mitchell’s advances in slickwater fracturing, made shale gas economically competitive.
While much of the history of the shale gas industry is tied up in the history of
firms like Mitchell and Devon, the size of and risk associated with the R&D invest-
ments necessary to grow the industry mean that it would not have been successful
without the help of a number of public and quasi-public institutions. In response
to persistent supply shortages in the 1970s, the US government began to directly
and indirectly fund R&D investment in the natural gas industry. The Natural Gas
Policy Act of 1978 removed wellhead price controls and provided tax incentives for
developing new natural gas resources. The Crude Oil Windfall Profit Tax Act of
1980 provided tax credits for developing unconventional fuels, which increased their
financial return and reduces their risk. The Department of Energy (DOE) initiated
a number of Unconventional Natural Gas Research Programs, including the Eastern
Gas Shales Program, the Western Gas Sands Program, the Methane Recovery from
Coalbeds Program, the Seismic Technology Program, and the Drilling, Completion
and Stimulation Program. While these programs did not have a role in the devel-
opment of horizontal drilling or 3D seismic imaging technologies, they did play an
important role in high-volume fracturing and micro-seismic fracture mapping.*
Much of the technological development that took place on the Barnett was based
on R&D that was directly sponsored by the government, or by government subsi-
dized R&D (in the form of tax credits for development of unconventional shale and
tight gas). Mitchell also received assistance from the Gas Research Institute (GRI)
in developing micro-seismic fracture mapping around 2000.> However, not all of the
innovation was supported by federal sources. Evidence suggests that firms on Bar-
nett developed familiarity with 3D seismic imagery, which was crucial for successful
horizontal drilling, by sharing information with Republic Energy, which used the
technology to adjust lateral placement on its horizontal well segments (Wang and

4Dan Steward, former Vice-President at Mitchell Energy, was quoted as saying in regards to
these programs: “The DOE started it, and other people took the ball and ran with it... You cannot
diminish DOE’s involvement” (Shellenberger et al., 2012).

5The Gas Research Institute was a nonprofit established by the gas industry in 1976 and partially
funded by a surcharge on interstate natural gas transactions until 1998. Its activities, which were
focused mainly on applications and technology transfer, were justified by arguing that the benefits
of R&D expenditures in natural gas were mostly unappropriated by the firm making them, and were
hence underprovided by the private market.



Krupnick, 2013).

2.2 The Role of Fracturing Fluid

A wide array of chemicals are used in hydraulic fracturing fluid to enhance the pro-
ductivity of the primary inputs — water and sand. In particular, additives are used
to minimize the growth of bacteria that might interfere with metal casing or cause
other problems, and to lower viscosity in order to allow faster pumping and higher
pressures. Doing so leads to better fractures. Other chemicals are then used to in-
crease the delivery of proppant into those fractures. Fracturing fluid is, however, a
complicated solution where an additive that improves performance in one dimension
may reduce performance in another. The cost of the chemicals themselves is very
small in comparison to the overall cost of the well stimulation operation and is not a
major factor. However, the proper choice of chemicals may have dramatic effects on
the overall cost and productivity of a well (Boling, 2013).

Designing fracturing fluid for optimal performance on any particular shale play
has become a major focus for oil and gas engineers, and represents a key dimension on
which shale technology continues to evolve today (Robart et al., 2013; Montgomery,
2013; Gulbis and Hodge, 2000). In many cases, this leads engineers to consider the
use of highly toxic chemicals (Stringfellow et al., 2014). Indeed, many of the chemicals
used in fracturing fluid are known to be toxic to human health, or may cause damage
to the ecosystem. These risks have raised concerns among environmental groups
(Elgin et al., 2012; Haas et al., 2012).

Early concerns about shale gas development were driven by the possibility that
toxic fracturing fluid might migrate to or be accidentally released into ground water
or surface water. The industry responded to these concerns by pointing to the small
percentage of fracturing fluid that is actually comprised of toxic substances.® Public
concerns about risks to water sources were accentuated by the often close proximity
of well-pads to residential and other non-industrial land uses, and by a few high-
profile incidents of water pollution.” Media coverage of fracturing chemicals has
highlighted the toxicity of some chemicals along with the industry’s desire to keep
certain chemicals secret (Elgin et al., 2012; Haas et al., 2012). The federal government
has largely dismissed the risk posed to water supplies by shale gas development,® but
that debate has recently re-surfaced over suggestions that those conclusions might be
politically motivated.?

6 Approximately 90% of modern-day fracturing fluid is water, 9.5% is sand, and the remain-
der is made up of a variety of chemicals, many of which are non-toxic and found in the average
home (http://www.energyfromshale.org/hydraulic-fracturing/hydraulic-fracturing-fluid). However,
if even a fraction of a percentage of fracturing fluid is toxic, this could represent tens of thousands
of gallons of chemicals for a typical operation that uses five million gallons of fluid.

"See, for example, http://www.vanityfair.com/news/2010/06/fracking-in-pennsylvania-201006.

8https://www.epa.gov/hfstudy

9https://stateimpact.npr.org/pennsylvania/2016/11/30/marketplace-epas-last-minute-changes-



2.3 Information-Based Regulation

With respect to potential external impacts associated with the use of toxic chemicals,
economic theory suggests a number of alternative approaches that public policy-
makers might use to regulate such externalities. Command-and-control regulations
require firms to undertake particular technologies or practices. When regulators have
less information about production processes than do firms, this “one size fits all”
approach may be suboptimal. Market-based regulations (e.g., severance taxes and
impact fees) modify firms’ incentives via price effects, but may affect firms only on
the extensive margin, and may be difficult to implement if chemical releases are diffi-
cult to monitor. In contrast, information-based regulations require regulated entities
to disclose elements of their production process that may have external impacts, but
which would be difficult for outside stakeholders to ascertain without the disclosure
requirement. Disclosure regulations are motivated both by the notion that the public
has a “right to know” the details of firms’ (and governments’) production decisions,
especially when those elements conceivably affect public welfare. In addition, disclo-
sure regulations may also motivate regulated entities to change their behavior, either
through pressure applied in the marketplace or the courts. The former means that
information-based regulations are most commonly used in consumer-facing industries
(Fung et al., 2007).

Scholars have posited alternative mechanisms to explain why mandatory disclo-
sure laws may positively influence regulated actors even without a consumer channel
(Bennear and Olmstead, 2008). One interpretation focuses on the role of liability,
which is facilitated by information disclosure. Olmstead and Richardson (2014) list
factors that work in favor of liability as a regulatory approach, including asymmetric
information (i.e., regulated firms have better information about technologies) and
limited ability to avoid payment (e.g., by spinning risky activities off into operations
with little exposed assets.!® If it is unlikely that a suit is brought, either because
litigation or information costs are high, the disciplining force of liability will also be
muted. Because shale gas development primarily occurs deep underground, it may be
hard for regulators and the general public to monitor operator activities. Providing
potential victims with information reduces this cost.

Bennear and Olmstead (2008) identify an additional political mechanism. In par-
ticular, information may increase the ability of a concerned public to lobby for stronger
regulation. Finally, disclosure may affect an organization’s internal decision making,
as individuals within the firm change their behavior as a result of measuring and
reporting data.

Konschnik (2014) summarizes other reasons why disclosure is valuable, many of
which are more direct. These are:

to-fracking-report-downplayed-risks/
Onsurance and bonding requirements in Pennsylvania do not do much to help. Bonding require-
ments are very small (either $2,500 per well or $25,000 for all wells in the state).



e In the event of an accident, disclosure to emergency medical personnel and
medical staff may improve treatment and protect the staff members themselves.

e Disclosure provides information to nearby landowners and local government
authorities so that they can test their water supplies, increasing their ability to
bargain with operators.

e Disclosure can help establish liability for contamination, helping victims sue,
making liability a more effective regulatory tool.

e Disclosure allows regulators to enforce minimum standards.

e Disclosure satisfies the public’s “right-to-know” about possible release of, or
exposure to, hazardous materials, in the spirit of the Emergency Planning and
Community Right-to-Know Act (EPCRA) of 1986 (from which the shale gas

industry is currently exempt).

e Disclosure facilitates the monitoring of environmental health impacts over time.

2.4 Disclosure Rules

There are currently eighteen states with significant hydraulic fracturing activity and
chemical disclosure laws. There is general uniformity across these states in terms
of the required information that operators must disclose, including ingredient name,
chemical abstract service (CAS) number, concentration in the fracturing fluid (typ-
ically the maximum concentration used in any fracturing stage), the name of the
supplier, and the trade name if applicable.

There is less uniformity in terms of the location where the information must be
registered. Five of the eighteen states, including several of the states that passed the
earliest disclosure rules, require operators to report to a state regulatory agency or
commission. Six require that operators report to FracFocus, a web-based database
created by a multistate commission in partnership with a non-profit organization
(Council and Commission, 2015). When uploading information to FracFocus, op-
erators are also asked to provide information about well location and characteristics
including vertical depth, volume of water used, latitude and longitude, and well name.
The seven remaining states allow operators to choose their reporting location (i.e., to
FracFocus or the state) (Fetter, 2016).

States have adopted similar approaches to accommodating the need for trade se-
crets, partly due to the Uniform Trade Secrets Act.'? In particular, all states allow

11 Although Oklahoma notes that the state regulator will upload to FracFocus any information it
receives.

12The Uniform Trade Secrets Act, which seeks to harmonize standards for trade secret protection,
was promulgated by the Uniform Law Commission in 1979 and passed by 46 states.



exemptions for the disclosure of additives considered to be confidential business infor-
mation that firms believe gives them a competitive advantage. Operators must declare
an exemption for individual chemical ingredients for which they claim trade secret
status. This is accommodated by FracFocus, which allows for uploaded information
to include the concentration of the chemical used but not its name or chemical iden-
tification number. Some states also require operators to report the chemical family
to which the proprietary substance belongs.

3 Data

We obtained production data for oil and gas wells in Pennsylvania from DrillingInfo,
a national provider of data and information on the oil and gas industry. We limit
our analysis to wells in unconventional reservoirs, as identified by the Pennsylva-
nia Department of Environmental Protection (PADEP). This is consistent with our
focus on innovation within unconventional shale development: According to indus-
try engineers and geologists we consulted, the areas of current, active technological
innovation that is relevant to fracturing operations are largely distinct between un-
conventional and conventional production. In other words, learning about production
in conventional reservoirs does not transfer readily to provide insights into production
in unconventional reservoirs. These experts did advise us that learning about frac-
turing vertical wells is transferable to fracturing in horizontal wells (and vice versa).
Thus, we include vertical as well as horizontal wells.

We identified 7,028 unconventional wells in Pennsylvania that reported initial pro-
duction between January 2007 and December 2015. We collect data on inputs and
operating parameters from two sources: Well Completion Reports and Stimulation
Fluid Additive reports from PADEP, and the FracFocus database. Well completion
reports, which operators must submit within 30 calendar days following completion,
contain firm identifying information, well location, and information about the perfo-
ration and stimulation process. The requirement to submit Well Completion Reports
dates back to 1989.13 Effective in February 2011, operators were also required to
submit information on chemicals used in the stimulation process, including the name
and concentration of each chemical additive in the fracturing fluid. Operators were
instructed to submit information about chemicals either along with the Well Com-
pletion Report or on a separate DEP form, the Stimulation Fluid Additive report.

Some Pennsylvania operators elected to submit chemical additive information to
the national FracFocus registry. Operators from other states (not just Pennsylva-
nia) were uploading chemical additive information to FracFocus at the same time,
typically on a voluntary basis.'* FracFocus permitted operators to upload data in

Bhttp: / /www.pacode.com/secure/data/025/chapter78/s78.122.html
4QOperators in Wyoming and Arkansas were required to disclose chemical additive information as
of September 2010 and January 2011, respectively; however, both states provided their own reporting
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a standardized format, and the template contained the same information that oper-
ators had to report under Pennsylvania’s 2011 disclosure law. Thus the operators
who uploaded chemical additive information to FracFocus were in compliance with
the reporting law.'® In April 2012, Pennsylvania amended its reporting regulation to
require operators to upload chemical additive information to FracFocus, in place of
the requirement to submit information to the DEP on Well Completion Reports.
Thus, we obtained chemical additive information from both Well Completion
Reports and associated Stimulation Fluid Additive reports, or from the FracFocus
database. Notably, information that operators submitted to FracFocus was more
readily observable by competitors and the public.! By contrast, Well Completion
Reports and Stimulation Fluid Additive reports submitted to the DEP were available
for review by a subscription service or by in-person review at regional DEP offices.
Subscribers could view Well Completion Reports through the Integrated Records and
Information System (IRIS), in which some chemical disclosure forms were available
as scanned PDF documents.'” However, there was a long wait time for reports to
be scanned and uploaded to this system, especially in the height of the fracturing
boom.!® Members of the public could also review reports in person, but would have
had to identify the permit number of a specific well, contact the appropriate regional
DEP office, file a request, schedule an appointment to visit in person (typically three
to four weeks in advance), and would then be allowed to review a limited number of
hard copy documents onsite (on the order of 25 per day). Therefore we do not be-
lieve operators would have expected others to observe their fluid contents, prior to the
April 2012 rule that required public disclosure of chemical information on FracFocus.
To capture productivity, we use the standard industry metric of initial gas output
per foot of wellbore. Total output is highly correlated with initial output, and dividing

websites for this purpose. Later in 2011 and 2012 several other states passed laws requiring chemical
disclosure. Some of those laws required operators to upload reports to FracFocus, and others offered
operators the option to use FracFocus or a state registry.

15There may have been confusion on this point at the time; some operators, evidently uncertain
how DEP would enforce the requirement, provided printouts of their FracFocus disclosure forms
along with their Well Completion Reports. Other operators submitted disclosures to FracFocus but
not in the Well Completion Reports.

16When FracFocus was launched, GWPC and IOGCC provided fracturing fluid chemical reports
as individual PDF files that were easy to download individually but challenging to compile en masse.
At the time, GWPC and IOGCC specifically stated their intent to provide a forum where the public
could view individual reports but not look at many reports at once. At least two entities had
successfully scraped the entire FracFocus database by late 2012. One was a for-profit consulting
firm motivated by commercial interest in the database; the other was an environmental NGO that
claimed, on right-to-know grounds, that the public should be able to review and compare information
across wells (Skytruth, 2013).

1"The IRIS system has recently been revised and rebranded as EDWIN, the Exploration and
Development Well Information Network.

180mne of the authors accessed IRIS several times in 2012-13 and found that the wait time for
stimulation fluid additive information to be available in the system was highly variable, and the
delay for its addition could be up to 18 months or more after well completion.
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by the length of the perforated interval normalizes output by well size to facilitate
comparison across wells. In the process of creating this metric, we find operators
failed to provide the length of the perforated interval for 2,076 wells, so we cannot
use these in the analysis.'* We drop an additional 97 wells because of other concerns
about data quality, primarily nonsensical completion dates (the recorded completion
date is after the date of initial production). Finally, we drop 20 wells with zero
recorded gas production and 8 wells with exceptionally high values of gas per foot so
as to ensure the analysis is not driven by outliers. This leaves us with a sample of
4,827 wells.

For each of these wells we observe identifying information (operator, location, and
completion date) and output (per 6 months). We collected data on inputs, including
volume of water, quantity of proppant, and chemical additives to the stimulation
fluid, from DEP reports and FracFocus. The DEP reports proved inaccessible to
scraping, due to a wide variety of formats (over ten different formats with different
page headers), the use of numbers that were sometimes handwritten or crossed out and
overwritten, overlaid date stamps, and raster images. Thus the relevant information
was digitized manually, by a team of data entry contractors. This effort took about
1,800 person-hours over 4 months, and involved the entry of about 200 data items
per report (including quality assurance by systematic error checking, spot checks, and
comparison of duplicate entry by different contractors).

Despite our careful collection and entry of input data, not all variables are available
for each well. Fluid volume is available for 3,676 wells; proppant volume available for
2,548 wells; and both fluid and proppant quantity are available for just 1,478 wells.
We have detailed chemical information for 3,334 wells, including 3,077 wells with
chemical information disclosed to FracFocus and 257 wells (from the period February
2011 - April 2012) with chemical information disclosed only to PADEP. Of the 1,493
wells with no information on chemicals, 1,292 were not subject to disclosure; 201
wells appear to be out of compliance, as they were fractured after February 2011 but
chemical additive information was not released to PADEP nor FracFocus.?’ We were
able to obtain other information on well parameters for a larger set of wells, including
the number of fracturing stages for each well; this information is available for 4,611
wells.

Table 1 provides a summary of information about the wells for which we observe
chemical input information. Although we have other information for wells beginning
in 2007, note that chemicals data are available only for wells starting in 2010.2! The

19This omission of perforated interval appears to be out of line with basic reporting requirements.

20 Another possibility is that operators provided chemical information for these wells but the
reports had not been digitized and uploaded to IRIS by December 2015 when we searched the
database for Well Completion Reports and Stimulation Fluid Additive reports. Assuming the reports
were provided to DEP within 30 days of well completion, this would imply a delay of 4 years from
when DEP received the reports to entry of the report into IRIS.

2IMandatory disclosure started in Pennsylvania in 2011, but prior to this date some operators
voluntarily released information for some of their wells.
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table shows that the median and mean number of chemicals per well has increased
slightly over time, fluid volume has increased somewhat more substantially, and initial
gas production per foot has generally increased.

Table 1: Summary Information for Wells in Sample with Chemicals Data

Fluid Volume # Chemicals / Well  First 6 Month Gas per foot

Year Median Mean Median Mean Mean Median
2010 3.9 4.2 14.5 13.5 162 141.2
2011 4.5 4.6 11 11.2 151.6 124.2
2012 4.2 4.4 12 13.9 187.9 132.9
2013 5.7 5.9 15 17.1 207 163.2
2014 7.3 7.8 17 17.3 222 188
2015 9 8.9 15 15.6 171.4 166.4

Table 2 provides additional information for wells in the sample for which we ob-
serve chemical use. This table demonstrates that operators continued to innovate by
introducing new chemicals each year, with the largest innovation (in terms of number
of new chemicals) occurring in 2011-2012—right around the time that the state was
issuing laws requiring mandatory disclosure. Companies also retired some chemicals
from use (at least within what we observe in our sample).

Table 2: Additional Information for Wells in Sample with Chemicals Data

Chemicals
Year # Wells  # Operators # New  # Retiring # Total
2010 36 8 58 4 58
2011 816 23 87 19 134
2012 969 27 91 22 200
2013 820 30 55 7 239
2014 600 20 34 124 198
2015 67 11 1 — 80

4 Analysis

In this section, we perform a series of empirical analyses designed to test whether
mandatory disclosure of chemicals, even with provisions allowing for some chemicals
to be declared proprietary, led to social learning. In future work, we plan to analyze
the extent to which this may have reduced operators’ incentives to innovate.
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Focusing on the first of these two questions, if disclosure has promoted social
learning by competitors, we would expect to see convergence in productivity across
operators, with less able firms using the information revealed by the disclosure laws
to catch-up with more successful firms. Of course, there could be other reasons for
this convergence. We therefore focus on the specific mechanism of interest, looking at
the role of similarity in the design of fracturing fluid. Validating that mechanism, we
find that convergence is indeed explained specifically by weaker firms adopting the
chemical mixtures used by more successful firms in previously drilled wells, after the
disclosure rules have gone into place.

4.1 Change in Well Productivity

As a starting point in our analysis, we consider the hypothesis that disclosure led to
convergence in well productivity. To investigate this, we run a simple regression at
the well-level:

GJuw = 50 + Blsw + Bwa + €w, (1)

where the w subscript marks a well, g denotes per-foot first-six-month gas production,
and s and f are fracturing proppant and fluid volumes. We then take the estimated
residuals €, and calculate a Gaussian kernel-weighted standard deviation over time.
The results are shown in Figure 1. The curves plot the estimated standard deviation,
for various bandwidth choices; the vertical black line marks April 2012, the date that
disclosure came into effect. All three bandwidths show a marked fall in the standard
deviation of the estimated residuals after disclosure. This fact motivates the rest of
our analysis that follows.

4.2 Well-to-Well Similarity Measures

It is possible that the drop in residual standard deviation described in Figure 1 is
simply the result of the shale gas industry maturing, with individual operators all con-
verging towards a production frontier. One way to test the learning hypothesis would
be to look for evidence that poor performers improve their productivity specifically
when they copy the chemical mixtures of more successful firms.

We first consider the effect of Pennsylvania’s disclosure rules on operators’ chemi-
cal choices. If chemical disclosure compelled the release of valuable (formerly private)
information, we might expect to find that operators’ chemical recipes exhibit more
similarity after convergence than beforehand. Our detailed chemical input data (dis-
cussed in Section 3) allows us to explore this hypothesis by constructing measures of
similarity for each well-to-well pair we observe.

We begin by introducing some notation, define our similarity metric of choice, and
provide a summary of the metric in our data.
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Figure 1: Kernel-Weighted Standard Deviation of Productivity Residuals Over Time
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The curves indicate the kernel-weighted estimated residual standard deviation over time, with dif-
ferent bandwidths. The vertical line indicates the date that public disclosure came into effect.
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Define s;; € [0, 1] as the pairwise similarity between wells i and j.** A value s;; = 1
implies that the hydraulic fracturing fluids used in wells ¢ and j are indistinguishable
according to the chosen metric; ¢ = j = s;; = 1. We can analogously define distances
dij =1 — s45.

We now introduce some notation to assist with the discussion of the similarity
metrics. Let C denote the set of all possible chemicals, and let z;. € [0,1] be the
concentration of chemical ¢ € C in well i. So the sum of all such contributions
> ¢ %ic = 1. We also define the binary variable y,. = 1{x;. > 0}. Then we define the
following quantities for a given (i, j) pair:

e a(i,j) = > . Yic is the number of chemicals found in well 4
e b(i,j) = > yjc is the number of chemicals found in well j
o c(i,7) = > ¢ VicYjc is the number of chemicals found in both wells 7 and j

In principal we can calculate “abundance” or “correlation” similarity metrics that
take into account the more detailed information in z;.. Two features of our setting
prevent this in practice. First, chemical quantities are reported as maxima rather than
actual concentrations; second, FracFocus and the PADEP reports differ in terms of
recording concentrations in terms of mass and volume. Due to these limitations, we
focus on “binary” metrics that consider only the absence or presence y;. of chemical
¢ from well 7. We proceed with the Sorensen binary metric, but find similar results
with the alternative Jaccard binary metric.?%24

The Sorensen binary metric is defined as:

2c(i, )

A+ 0G0 )

4.3 Pre- vs. Post-Similarity Measures

We calculate the similarity metric for each ¢, j well-pair in our data. Our chemical
data on 3,334 wells gives us 5.6m such pairs. Figure 2 shows the distribution of these
measures for two sub-samples of pairs: those where both wells are in the pre-disclosure
period and those where both wells are in the post-disclosure period. The post-period
distribution is noticeably shifted to the right of the pre-period distribution, indicating
that well-pairs in the post-period tend to use more similar chemical mixes than well-
pairs in the pre-period; however it gives no indication as to whether the mixes are
better or worse. In the next sections we explore this fact in more detail, and provide

22Most metrics, including those we use, feature the property s;; € [0, 1], although other measures
like correlation, with support s;; € [—1, 1], are possible.

2See Krebs (2014).

24The Jaccard binary metric is defined as: s;; = c(i, j)/(a(i, j) + b(4, 5) — c(i, j))-
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evidence that disclosure has led to learning from better chemical mixtures. Specifi-
cally, the next two subsections consider the evolution of similarities based on whether
well-pairs are located in the same-county or belong to a big vs. small operator; both

restrict attention to inter-operator well-pairs.

Figure 2: Sorensen Similarity Measures

Sorensen Similarities
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4.3.1 By County
We first investigate the development of similarities between same-county and different-
county well-pairs. Figure 3 shows four distributions on two plots: the top plot has the
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pre- and post-disclosure distributions of same-county well-pairs; the bottom plot has
the pre- and post-disclosure distributions of different-county well-pairs. Both plots
also feature distribution medians as vertical lines. It can be seen from Figure 3 that
both the same-county and different-county well-pairs become more similar on average
in the post-disclosure period. The medians further suggest that the same-county well-
pairs similarity distribution is shifted further to the right in the post period - this is
consistent with operators using disclosure to imitate chemicals from those wells on
the same part of the formation.

Figure 3: Sorensen Similarity Measures - by County
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This idea is further tested in Table 3, where we adopt a difference-in-differences
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regression approach. We test a shift in the mean with OLS, and at three different
quantiles with quantile regression. In each case, the regression equation is:

sij = Bo + Bisame_county;; + Bapost;; + Bssame_county;; x post;; + €;; (3)

The parameter of interest is “same county x post”, which if positive would indicate
that inputs for same-county well-pairs become more similar than inputs of different-
county well-pairs moving from the pre- to the post-period. As can be seen in the
seventh and eighth rows of Table 3, this is the case at the mean, 25th percentile,
and median, where the treatment effect associated with being in the same county is
significant and positive, except for the 75th percentile.

Table 3: Sorensen Similarity Regressions - by County

OLS 25th Quantile Median 75th Quantile

Intercept 0.392*** 0.296™* 0.370** 0.462***
0.0003 0.0003 0.0003 0.0005
Same County 0.014** 0.011* 0.000 0.021**
0.001 0.001 0.001 0.002
Post 0.020** 0.024** 0.039** 0.038*
0.0003 0.0003 0.0003 0.0005
Same County x Post 0.007** 0.019** 0.015* —0.005***
0.001 0.001 0.001 0.002
N 3,196, 755 3,196, 755 3,196, 755 3,196, 755
(Pseudo) R2 0.004 0.004 0.005 0.004
Notes: “*Significant at the 1 percent level.

“*Significant at the 5 percent level.
*Significant at the 10 percent level.

4.3.2 By Operator Size

We next perform a similar analysis, but split the well-pairs by operator size rather
than whether or not the wells are in the same county. We define a variable “big
operator” that takes the value 1 if the operator drills more than 100 wells in our
data, and zero otherwise.?® Figure 4 shows the evolution of similarities between those
well-pairs where both operators are “big” and those well-pairs where both operators
are “small”. It is evident from the figure that “big” well-pairs exhibit much larger
increases in similarity in the post period. This is consistent with the expected impact
of disclosure laws, as larger firms are more likely to have the resources to analyze
disclosed chemical mixes and respond accordingly.

25100 wells is just above the median of 93 in our data.
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Figure 4: Sorensen Similarity Measures - by Operator Size
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Table 4 tests the changes in the pre- and post-distributions in a difference-in-
differences framework, with the regression:

sij = Po + Pibigij + Baposti; + B3bigi; * posti; + €i; (4)

The “big operator x post” coefficient is estimated to be positive and statistically
significant at the mean, as well as the 25th, 50th, and 75th percentiles. This is in
contrast to the “post” estimate which is significantly negative at the lower percentile
and median, indicating that small operator well-pairs became less similar at those
parts of the distribution. Again, this suggests that the chemical mixes of big operators
respond to disclosure differently from those of small operators, and is consistent with
the use of disclosed chemicals as a source of information.

Table 4: Sorensen Similarity Regressions - by Operator Size

OLS 25th Quantile Median 75th Quantile

Intercept 0.402*** 0.333*** 0.400*** 0.462***
0.001 0.001 0.001 0.001
Big Operator —0.013** —0.048"** —0.036*** 0.000
0.002 0.001 0.001 0.001
Post 0.007** —0.000 0.007*** 0.027**
0.002 0.001 0.001 0.002
Big Operator x Post 0.022%** 0.041** 0.046*** 0.011**
0.002 0.001 0.001 0.002
N 2,235,523 2,235,523 2,235,523 2,235,523
(Pseudo) R2 0.004 0.014 0.006 0.004
Notes: ***Significant at the 1 percent level.

“*Significant at the 5 percent level.
*Significant at the 10 percent level.

4.4 Convergence in OQutput

4.4.1 First stage regressions

To evaluate the effect of changes in chemicals and other inputs on productivity, we
set up a two-stage regression framework. In the first stage, we regress initial (first-6-
months) gas production per foot on a set of observables and fixed effects, including
operator fixed effects that differ in each of two periods (before and after the mandatory
disclosure regulation). These operator fixed effects represent the relative productivity
of each operator in each period, conditional on observables. The difference between
the first-period and second-period fixed effects, in turn, represents an operator-level
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measure of improvement (or reduction) in average productivity from the first to the
second period. In the second stage, we calculate the difference between first- and
second-period fixed effects and regress this difference on the first-period fixed effect,
along with a “quality-similarity” measure that is explained in section 4.4.2 below.
The second-stage regression is similar in spirit to simple tests of convergence in the
economic growth literature (e.g., Bernard and Durlauf (1996)). As we shall see, our
results suggest there is convergence among operators from the first to the second
period, but this convergence is driven strongly by the fact that after disclosure, ex-
ante lower-performing operators use chemical formulas that are more similar to those
used by ex-ante higher-performing operators.

In our first stage regression, we regress per-foot initial gas production on a set of
observables and fixed effects, using the form

y =TI xg(X) (5)

where F' is an operator fixed effect and g(X) is a function of variables X that
affect the well in question. Suppose g(X) = eX'#. Taking logs on both sides, this
implies that

Iny =InF + X' (6)

In our preferred specification, the function ¢(X) includes a county fixed effect,
a year fixed effect, the density of unconventional wells previously completed in the
county (as a quadratic), and the current output price.?® The year fixed effect should
absorb secular technological change, and the county fixed effect helps to control for
spatial differences in resource quality.?” We explored several alternative specifications,
including specifications without price, without prior well density, with alternative
measures of prior well density, and with well density (or alternative measures) in
linear form rather than quadratic; all of these alternatives produced results similar
to those reported here.

We estimate the first stage regression using the log of first six month gas output
per foot for the dependent variable, and then exponentiate the fixed effects (to trans-
form them from [nF' back into F'). We interpret these exponentiated effects as the

26For output prices, we use prices for the Henry Hub exchange for the month in which well i was
completed. City gate prices for Marcellus production have often been lower than Henry Hub prices
(http://www.eia.gov/todayinenergy/detail.php?id=24712), but we have not been able to obtain a
continuous price series for Dominion South or other exchanges that may be more appropriate to the
Marcellus. In any case the Henry Hub price is likely highly correlated with these other exchanges;
thus, to the extent that the main point of our first stage analysis is to recover operator-period fixed
effects, our use of the Henry Hub prices likely does not introduce significant error.

27 Alternatively, we could perform a semiparametric regression that conditions flexibly over space.
However, Covert (2015) implemented such a procedure in a related setting—shale oil production in
North Dakota—and found the results were not substantially different from those using fixed effects
for administrative jurisdictions.
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contribution of the firm — a scale parameter, or multiplicative effect — that is positive
by construction.

Table 5 shows the results of the first stage regression, with initial gas per foot
as the dependent variable. Gas price appears to be positively correlated with initial
productivity, consistent with other research showing a positive elasticity of production
with respect to price (Newell et al., 2016). The analysis also shows productivity
increasing with prior well density, up to a point (about 0.13 wells per square km,
which is approximately the mean of the distribution). This is consistent with the
notion that as operators gain familiarity with an area they develop relatively more
promising sites, but eventually only less promising sites are available.

Table 5: Results of first stage regression

Variable Coeflicient
(Std. Err.)
Gas Price 0.069**
(0.021)
Prior Well Density 1.548*
(0.663)
Prior Well Density (squared) -5.842**
(1.513)
Constant 4.810**
(0.286)
County FE v
Year FE v
Operator FE v
N 4827
R? 0.134
F' (143,4683) 16.849

4.4.2 QS Metric

To investigate the relationship between changes in productivity and the convergence
in chemical mixes shown in Figure 2, we define a quality-similarity index, S for
each firm f. It is designed to capture the quality of an operator’s chemical matching,
where quality is defined by estimated pre-disclosure fixed effects. It is constructed as
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follows:

1

QS = — Z smOEE (7)
Myl

My ={i,j|iis f POST well, j is non-f POST well, j fractured before i} (8)

Sm = similarity index for well-pair m (9)

OPRE — estimated PRE period fixed effect for well j’s firm. (10)

()Sy is thus a quality-weighted measure of the similarity between f’s wells and
other firms’ wells. We require that well j was stimulated before well ¢ to ensure the
possibility that firm f would have had the opportunity to view the chemicals used in
well 7 and adjust its mix for well ¢ if it chose.

4.4.3 QS DD Test

With calculated values of QS, we proceed to the second stage regression:
Q}DOST — Q}DRE = ﬁo + ﬁﬁfRE -+ ,BQQS}" + 53@5}08}3RE + Ef. (11)

The results can be seen in Table 6. The first column shows the regression when only
9}3 RE is included; the coefficient is found to be significantly negative, which suggests
those with lower values of 6 in the first period experience greater growth in their
0 with the advent of disclosure — i.e., there is convergence in the values of 6; over
time. The second column shows estimates from Equation 11, with the addition of
QS and the interaction term. With these additions, the point estimate of [ has
flipped to be positive and is no longer statistically significant: if the point estimate
is taken seriously on its own however, it suggests divergence in 6; over time. The
point estimate of 3, is also positive and insignificant, suggesting that a higher Q.S
is associated with higher growth in 6;. Finally, the estimate of 35 is estimated to be
significantly negative. This suggests that when well similarities are accounted for, the
convergence of 0y over time is due not to Qf RE but rather to the interaction term.

4.4.4 Selection and Exiting Firms

The results reported above support the notion that convergence occurred over the
period we study, but that convergence is driven primarily by the interaction of 67"
with @Sy. However, a substantial number of operators exited Pennsylvania in the
POST period. We must therefore consider the extent to which selection affects the
results. Would we find a different relationship if these firms had continued to operate
in the Pennsylvania shale fields?

In an attempt to address this concern, we make several alternative assumptions
about how operators would have performed in the post period had they continued to
operate in the state. We make four alternative assumptions about firm performance:
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Table 6: Second Stage Results
(1) (2)

rrE -0.638*** 3.262%*
(0.18) (1.62)
QS; 3.328
(4.92)

OPREQS, 8,302+
(3.53)
Constant 0.649** -1.022
(0.26) (2.25)
R? 0.291 0.573

N 31 27

1. Assume exiting firms would have performed at the 25th percentile of the firms
that did continue to operate

2. Assume exiting firms would have performed at the median of the firms that did
continue to operate

3. Assume exiting firms in the bottom quartile of the distribution in the pre period
would have performed at the bottom of the distribution in the post period;
assume firms in the top three quartiles in the pre period would have performed
at the top of the distribution in the post period

4. Assume exiting firms in the bottom half of the distribution in the pre period
would have performed at the bottom of the distribution in the post period;
assume firms in the top half in the pre period would have performed at the
mean of the distribution in the post period

Note that in the context of testing for simple convergence (without considering the
role of quality-similarity), an assumption that all exiting firms would have performed
at the top of the distribution in the post period does not provide for a conservative
test of the convergence hypothesis. Such an assumption would imply that a number of
poor performers (in the pre period) all improved their performance in the post period,
which would lend support to the convergence hypothesis. This can also be seen in
Figure 5, which shows the relative magnitudes of the first-period and second-period
operator fixed effects. Firms that appear below and to the right of the 45-degree line
improved their average performance from period 1 to period 2 (“laggards caught up”),
whereas firms that appear above and to the left suffered decreases in performance
(“leaders fell behind”). If all exiting firms were assigned very high values of #7957
regardless of their §7%F value, this would place all exiting firms below and to the
right of the 45-degree line, which would stack the scales in favor of convergence.
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We must also assign values for QS for the firms that exited. In this case, we
make two alternative assumptions:

1. Assume exiting firms would have had a QS at the 25th percentile of the firms
that remained.

2. Assume exiting firms would have had a @Sy at the median of the firms that
remained.

3. Assume exiting firms would have had a Q)Sy at the 75th percentile of the firms
that remained.

This range of assumptions also provides for a conservative test of the hypothesis
that convergence is achieved primarily through ex-ante low-performing firms using
input vectors that are more similar to those of ex-ante higher-performing firms. It is
not clear a priori whether a relatively high or low assignment of Sy should make for
a conservative test of its role in achieving convergence, so using a range of alternative
assumptions allows us to test across various alternative states of the world. Table 7
provides a summary of results evaluating convergence (with and without inclusion of
the QS variable) under each combination of alternative assumptions. Note that the
table contains the results of 16 regressions; each column and set of rows (between the
horizontal lines) represents a distinct regression.

As can be seen from the table, the results of this analysis are consistent with
the results of the main analysis, supporting the finding that convergence is driven
primarily through the interaction of the QS; term and the 7%F term.

4.5 Placebo Tests

In addition to our attempt to combat potential sample selection in the prior sec-
tion, we recreate this analysis with three alternative definitions of QQSf to check the
robustness of our findings. In the first alternative, ()Sy is generated using all post
well-pairs with firm f’s wells. The second alternative goes further, and only includes
those well-pairs where firm f’s well was stimulated first. Finally, we create a version
that includes a geographic limitation in order to rule out spatial spillovers.

In the first two alternatives, the estimated coefficients are not significant which
supports the hypothesis that disclosure aided learning. The alternative with a geo-
graphic restriction has very similar results to the original, suggesting that the con-
vergence is not due to spatial proximity.
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Table 7: Results of QS-DD Tests with Alternative Assumptions for Exiting Firms

No QS 25th 75th
Assumption for (simple Percentile Median Percentile
grosT convergence) QS QS QS
25th gPrE —0.66"** 1.3 2.4% 3.4
Percentile (0.1) (1.2) (1.3) (1.2)
QS 2.2 1.9 2.2
(3.7) (4.2) (3.4)
QSy x PRE —4.5% —6.8" —8.8"**
(2.7) (3.0) (2.5)
Median gPRE —0.7 0.6 1.8 3.7
(0.1) (1.0) (1.2) (1.1)
QS —1.4 —0.0 5.1
(3.2) (3.7) (3.3)
QSy x FRE -3.0 —b5.6™ —9. 7
(2.4) (2.6) (2.4)
Bottom grRE —0.1 5.1 4.3 2.8
Or Top (0.6) (6.2) (8.0) (8.6)
QSy —11.2 0.4 21.6
(19.3) (25.0) (24.8)
QSy x PRE —11.7 -9.8 —6.1
(14.1) (17.9) (18.3)
Bottom gPRE 0.4** 3.2%% 3.7 2.6
Or Mean (0.1) (1.1) (1.3) (1.4)
QS 6.2* 5.0 0.4
(3.6) (4.2) (4.0)
QS; x OFRE —8.3" —9.3** —6.8"
(2.6) (3.0) (2.9)
N 57 57 57 o7
N (exit) 26 26 26 26

* p< 0.01, ™ p< 0.05, * p< 0.10.

All QS is standard Sorensen. All regressions include a constant term. Growth
rate is FOST — gPRE
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4.5.1 “Time-fluid QS”

For the first alternative, we define a new quality-similarity index QS?I:

1
QSH = —— Y s 00 (12)
|Mf ’meM“1
7
M}Ll ={i,j | iis f POST well, j is non-f POST well} (13)
Sm = similarity index for well-pair m (14)
OPRE — estimated PRE period fixed effect for well j’s firm. (15)

Note that the only change in this definition is the set of well-pairs used, M;%l. In the
original definition, we imposed the requirement that f’s well was completed after the
other operator’s well, to allow for the possibility that f was able to view the chemical
disclosures of the non-f well. In the first alternative, we do away with this limitation
and construct QS}L1 as though we had no information on the relative timing of the
wells. If the learning through disclosure mechanism is operative, we expect that the
analysis with the new measure QS}“ will result in less statistical significance of the
estimates of By and [s.

The results of the new second stage regression are shown in column 3 of Table 8.
Unlike the original QS results (shown in column 2), none of the estimated coefficients
are statistically significant. Furthermore, the signs have all flipped and are no longer
consistent with convergence being due to the quality-weighted similarity measured by

QS}”.
4.5.2 “Time-Inverse QS”

The second alternative goes further, and defines the new quality-similarity index

QS}Q:

1
QS?Q = Tr a2l Z Sme,r]:lRE (16)
|Mf |m€M‘l2
/
M}Q = {i,j | iis f POST well, j is non-f POST well, j fractured after i} (17)
Sm = similarity index for well-pair m (18)
O RE — estimated PRE period fixed effect for well j’s firm. (19)

This definition of MJ‘}Q now only includes wells for which f could not have seen chem-
ical disclosures. As in the prior case, statistical insignificance will support the hy-
pothesis that chemical learning is occurring through disclosures.

The second stages results using QS;Q are shown in column 4 of Table 8. The
signs of the point estimates remain the same as in the original version, but all shrink
toward zero and none are statistically significant.

29



Table 8: Second Stage Results with Alternative QS Definitions

(1) 2) 3) @ (5)
oPRE -0.638%F*F  3.262*  -1.232 0.821  3.247*
(0.18) (1.62)  (1.26) (2.00)  (1.68)
OPREQS, -8.392%*
(3.53)
QS; 3.328
(4.92)
orrEQSY! 1.210
(2.85)
QS -6.593
(4.86)
OrREQS? -3.087
(4.28)
QS¢ -1.234
(5.45)
orREQSE -8.447**
(3.69)
QS 3.209
(4.98)
Constant 0.649%*  -1.022  3.707 1.223  -0.945
(0.26) (2.25)  (2.24) (2.59)  (2.27)
R? 0.291 0.573  0.375 0.395  0.577
N 31 27 27 27 27
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4.5.3 Distance Buffer

The final alternative is designed to rule out an alternative hypothesis: that well-pairs
are becoming more similar due to learning spillovers that are limited to, or primarily
driven by, spatial proximity (Conley and Udry, 2010). To test this possibility, we
construct a final quality-similarity index QS?:S:

1

QS?S = Z S0 R (20)

‘Mf |m€M“3

7
M?g = {i,j | iis f POST well, j is non-f POST well, ¢ and j at least 25km apart}
(21)
Sm = similarity index for well-pair m (22)
OPRE — estimated PRE period fixed effect for well j's firm. (23)

In this alternative, MJ‘}?’ is defined to include only more distant well-pairs. The second
stage results are in the final column of Table 8. The point estimates are almost
identical to those with the original )S; measure, and the interaction term is still
significantly negative. The similarity of the estimates using QS??’ and @Sy argues
against the learning being spatial, and thereby for learning from disclosures.

4.6 Mechanism

One possible channel for the transfer of information about chemical mixtures is the
contractors who are hired to hydraulically fracture the wells. Contractors perform
a variety of roles; operators hire them to assist with jobs that may include drilling,
cementing, well logging operations, and other tasks, as well as designing and conduct-
ing the fracturing job. The PADEP requires operators to provide information about
contractors on Well Completion Reports. According to these reports, operators hired
8 contractors on the median well in our sample to assist in various roles; for some
wells, operators hired up to 40 contractors. However, the roles these contractors play
is not always specified. We were able to identify the fracturing contractor for 3,153
wells. This includes 2,558 wells for which the contractor job was specified as involving
stimulation or fracturing (distinct from related tasks such as perforation), and 595
wells in which an operator hired a contractor that exclusively performs such services.

To test whether contractors facilitate the transfer of information about chemical
mixtures, and whether that role was changed by the institution of disclosure rules, we
perform a series of regressions of well-pair similarity indices on dummies for: (i) if the
two wells share the same contractor and (ii) if one of the wells is in the post-disclosure
period.

sij = Po + Bicontractor;; + Bapost;; + Pscontractor;; * post;; + €;; (24)
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For all of these regressions, we restrict ourselves to the sample of well-pairs with data
on the fracturing contractor for both wells(see above). The results of these regressions
are shown in Table 9.

When it is the only non-constant regressor, the dummy for sharing a contractor
is associated with an increase in the similarity index of 0.217. In the second column,
the dummy for post is included: it leaves the contractor coefficient unchanged, and
post enters negatively and significantly, but is quite small in magnitude. 28 The
third column adds an interaction between these two dummies. The coefficient for
same contractor increases, the coefficient on post becomes even smaller, and the
interaction term is estimated to be negative and significant. The role of the contractor
in facilitating a similar chemical mix is reduced by about a third in the post-disclosure
period, suggesting that operators are not as reliant on contractors as a source of
information when that information is being published. These results suggest that the
contractor channel is associated with more similar wells, but that this channel is less
effective in the post period.

Table 9: Determinants of Well-pair Similarities

Sorensen Similarity Index

Same Contractor 0.217*** 0.217*** 0.332%**
(0.000) (0.000) (0.002)
Post —0.025*** —0.006***
(0.001) (0.001)
Contractor x Post —0.118***
(0.002)
Observations 3,499,335 3,499,335 3,499,335
R? 0.155 0.156 0.157
Notes: “*Significant at the 1 percent level.

**Significant at the 5 percent level.
*Significant at the 10 percent level.

5 Discussions and Conclusions

28(discuss how this relates to earlier findings)
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