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Abstract

How do government regulatory policies shape economic output and consumer welfare?

What are the costs and benefits of government regulations? These two fundamental inquiries

are at the core of my research. In this dissertation, I assess the consequences of government

regulatory policies in the healthcare sector from the following three perspectives: (1) How

do product quality and safety regulations shape the development of new (medical) technolo-

gies? (2) Can regulations targeting administrative requirements influence the accessibility

and provision of medical services? (3) To what extent do historical occupational licensing

regulations for the healthcare workforce affect consumer welfare?

In my job market paper “Product Safety Standards and Technological Innovation: Evi-

dence from the 1968 Radiation Control,” I explore the effects of product safety standards on

the speed and direction of medical innovation. Product safety regulation has been a widely

adopted policy tool throughout history. Debates typically center around the trade-off be-

tween safeguarding consumers and stifling the development of new products. In this paper, I

study how stricter safety standards influence the nature and speed of medical innovation by

drawing evidence from the 1968 Radiation Control for Health and Safety Act. For the first

time at the federal level, this Act mandated enforceable performance standards to control the

radiation risk of electronic products. I find that in response to this act, firms developed new

technologies reducing the risks of diagnostic X-ray medical equipment (an increase of 64.2%

in patent count) as a key channel to lower compliance costs. I also document an increase of a

similar magnitude for innovations (by 72.1%) representing new radiation-generating medical

devices and show some suggestive evidence for the complementarity of risk mitigation and

new technologies using radiation. I rule out a number of alternative explanations for these

findings, including the introduction of the CT scan in 1972.
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In the second chapter, “Cutting Red Tape: Administrative Simplification and Treatment

Capacity,” I investigate the impact of regulating prior authorization on the provision of sub-

stance abuse treatment services. Excess administrative expenses impose a strain on the U.S.

healthcare system. Yet, little is known regarding how these administrative requirements

affect facilities’ provision of medical services. I empirically assess this question by drawing

on the staggered adoption of state laws restricting prior authorization (PA) requirements for

substance abuse treatments (SAT) in commercial health plans. Using multiple datasets, I

find specialty care facilities are more likely to provide low-intensity (i.e., outpatient) SAT ser-

vices while decreasing the provision of high-intensity ones (i.e., intensive outpatient, partial

hospital, inpatient). I further corroborate supporting evidence for one plausible mechanism:

lowering administrative hassles can expand both facilities’ and health providers’ treatment

capacity. To capture welfare implications, I document the fact that imposing PA restric-

tions can reduce the suicide rate due to SUD issues. This paper thus highlights a novel

source of costs associated with healthcare administrative processes: beyond imposing direct

paperwork costs, they substantially restrain organizational treatment capacity.

In the third chapter, “Veterinary Care Regulation and Livestock Production: Evidence

from the Progressive Era,” I explore how regulating veterinary practice shaped a key dimen-

sion of agricultural development: livestock production. Exploiting the staggered adoption

of state-level licensing laws for veterinary care in the late 19th century and the early 20th

century, I document the fact that stricter licensing requirements led to a significant surge in

heads of livestock (i.e., horses, mules, milch cows, and swine) per acre of farmland. I further

provide some suggestive evidence for one plausible mechanism: during the Progressive Era,

stricter veterinary care regulations mitigated informational asymmetries in specialized med-

ical service, thereby altering the input choices in agricultural production. My findings thus

highlight the broader effects of labor market regulation on consumer outcomes and provide

important implications for ongoing debates regarding the value of occupational licensing.
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Chapter 1

Product Safety Standards and Technological Innovation:

Evidence from the 1968 Radiation Control

1.1 Introduction

Both historically and today, consumer product safety regulation is a ubiquitous policy

tool addressing market failures due to asymmetric information. In the United States, for

example, approximately 15,000 types of products are under the regulation of the Consumer

Product Safety Commission (CPSC)1, and the Food and Drug Administration (FDA) is

in responsible for the oversight of more than $2.7 trillion in consumption of food, medical

products, and tobacco.2 Although aiming to safeguard consumers from potential hazards,

such regulations have become a source of controversy, especially in the context of innovation

(Maresova, 2023).3 On the one hand, by scaling up compliance costs and entry costs, stricter

safety standards has the potential to both impede the development of new technologies and

the commercialization of new products (Peltzman, 1973). On the other hand, by reducing

quality uncertainties, tighter regulatory scrutiny can increase consumers’ willingness to pay

for regulated products and thus spur innovation (Carpenter, Grimmer and Lomazoff, 2010).

Therefore, it is crucial to understand the nexus and strike a delicate balance between timely

access to new technologies and the imposition of rigorous safety standards.

To shed new light on this line of ongoing debates, I assess the causal effect of product

safety standards on firms’ patenting activities in the healthcare sector. Credibly capturing

1See https://www.cpsc.gov/Newsroom/FOIA/Guide-to-Public-Information, last accessed .
2https://www.fda.gov/about-fda/fda-basics/fact-sheet-fda-glance, last accessed .
3See for example, in the (de)regulation for artificial intelligence in medical technologies,

https://www.nytimes.com/2023/03/03/technolog/artificial-intelligence-regulation-congress.html, and
https://www.meddeviceonline.com/doc/the-fda-regulatory-landscape-for-ai-in-medical-devices-0001 last
accessed .

1
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this full causal effect is challenging today, especially in the healthcare sector. This is because

multiple regulatory pathways are simultaneously governing the safety and effectiveness of

medical products in the current regime, which would make extrapolations to zero inherently

speculative. To address this issue, I drew on a large-scale consumer product safety regulation

in U.S. history as an ideal natural experiment: the Radiation Control for Health and Safety

Act (RCHSA) in 1968. For the first time and at the federal level, this regulation safeguarded

consumers from excessive and unnecessary radiation emitted by electronic products. The

RCHSA mandated minimum safety performance standards and a series of compliance and

enforcement measures, conceptually increasing compliance costs and potentially influencing

firms’ strategic decisions to mitigate the negative effects of regulatory pressure. Focusing on

diagnostic X-ray devices, I show that certain innovations, which reduce products’ radiation

risks, could be a key channel through which firms adapt to regulation. Providing empirical

evidence for this channel, to my knowledge, is novel in the literature.

Economic theories suggest the effect of safety standards on innovation is ambiguous.

To illustrate the key mechanisms at play, I developed a model following Viscusi and Moore

(1993) who conceptualize how firms strike a balance between product safety and product

novelty. In this model, the extent to which safety standards affect firms’ incentives to

innovate hinges on two key factors: the innovation types (i.e., demand-enhancing, product

innovation vs. cost-saving, process innovation) and the nature of the regulatory costs (e.g.,

direct compliance costs, administrative hassles, product liability costs, etc.). Two testable

predictions are generated: First, firms can develop new technologies to improve products’

safety features (“safety innovation”) in order to lower certain regulatory costs. Second, firms

are also incentivized to develop new products (“product innovation”) as long as such new

products and safety innovation are complementary in production.

In the empirical section of my paper, I use a difference-in-differences (DID) framework

to estimate the induced innovation effects, exploiting variation across patent subclasses over
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time. To distinguish the treatment and control groups, I leverage the detailed patent classi-

fication system known as the Cooperative Patent Classification (CPC). The treatment group

consists of all patents filed under the broad patent class A61B6, representing apparatus for

radiation diagnosis. In my primary control group, I include all patents relating to diag-

nostic medical equipment based on non-radiation technology under the patent class A61B.

Accounting for potential spillovers across technology types and medical products (Grennan,

Gupta and Lederman, 2020), I further constructed two alternative control groups using drug

patents and medical implant patents.

My analysis begins with assessing the effect of safety standards on the quantity of

innovation, measured by the raw/citation-weighted patent counts under each patent subclass

per year. Using the universe of granted patents applied for at the United States Patent

and Trademark Office (USPTO) between 1960 and 1980, I find introducing stricter safety

standards led to a significant increase in patent counts relating to diagnostic X-ray devices.

Depending on the choice of control groups, this increase ranged from 52.8% to 92.6%. When

comparing point estimates derived from different control groups, my findings further suggest

some spillovers resulting from the RCHSA may extend to medical implant patents, which

are generally unrelated to X-ray technology.

Meanwhile, I document the surge in innovation is composed of both a new wave of

technologies protecting patients from unnecessary radiation exposure (risk-mitigating tech-

nologies) and an increase in new devices emitting radiation (radiation generating technolo-

gies/devices). I took two complementary approaches to identify these patents’ traits: (1)

relying on the detailed CPC code and selecting patent subclasses closely relevant to either

radiation protection or radiation emission and (2) developing an algorithm based on text

analysis to read patent files. Both methods produced similar results: Within a tightening

regulatory environment, the patent count for both risk-mitigating and radiation-generating

technologies significantly increased. Further, I show firms are the primary contributors to

this historical spike in patenting activities, whereas independent inventors responded little
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following the RCHSA. These findings are aligned with the premise of my theoretical frame-

work: the induced innovation reflects shifts in firms’ incentives to adapt to the regulation.

This paper also quantifies how stricter safety standards affected the quality of innovation

using two metrics: the number of age-adjusted forward citations received per patent and the

resultant increase in firms’ market value. Across the distribution of patent quality, I find

higher safety standards appear to favor high-quality patents. Patents receiving more age-

adjusted forward citations experienced an increase of 102.6%, relative to their low-quality

counterparts (increased by 60.5%). Regarding private market value, the RCHSA also led

to a rise of 2.3% in the stock price of U.S. publicly traded firms. To sum up, my results

highlight that stricter safety standards have the potential to enhance innovation quality and

improve welfare.

To explore whether these findings resulted from increased compliance costs, I look to

both qualitative and quantitative evidence. First, immediate enforcement and compliance

actions following the passage of the RCHSA indicate an upsurge in regulatory compliance

burdens. Second, institutional features suggest firms could leverage innovation and invention

as a channel to combat the regulation: the RCHSA explicitly required manufacturers to “take

new means” to correct existing defects and lower radiation emissions; the FDA also specified

medical recommendations for “the use of specific area gonad shielding on patients during

medical diagnostic x-ray procedures” as an approach to radiation protection. Quantitatively,

I focus on one specific risk-mitigating technology: apparatus or devices for preventing over-

radiation errors and enhancing dosage management. This technology is commonly integrated

into X-ray medical devices rather than being standalone products (e.g., protective shields),

suggesting it’s less likely to be categorized as product innovation. Restricting my treatment

group to this technology does not substantially change my main results.

In addition to regulatory compliance costs, I conducted a variety of empirical tests to

discuss alternative mechanisms at play. To begin, I argue the rise in patenting rates cannot

be exclusively driven by increased product liability risks. The primary concern is twofold:

4



First, the RCHSA was passed in response to a large-scale voluntary product recall from

General Electrics in 1967. It is thus plausible that the recall itself stimulated a contempo-

raneous increase in litigation risk among radiation-emitting electronic products. Second, if

the RCHSA served as a public informational shock, it could have bolstered public demand

for tort reforms targeting electronic products, further elevating product liability risk. Both

channels could have motivated firms to innovate in response to liability risk rather than the

regulation per se. However, by examining changes in the number of lawsuits against X-ray

medical devices, I didn’t document a significant, drastic increase in product liability risk.

Moreover, I found limited responses in innovation from GE, who should face higher litiga-

tion risk relative to its competitors. Finally, I show foreign firms, who typically face lower

product liability risk but similar regulatory compliance costs relative to the U.S. firms, also

engaged in patenting X-ray medical technologies.

My paper also delves into the question of whether a demand-driven force is responsible

for the increased patenting activities. On the one hand, if safety regulation effectively resolves

the asymmetric information between buyers and sellers, the resultant expansion of market

size could directly stimulate firms’ incentives for innovation (Acemoglu and Linn, 2004). On

the other hand, if the RCHSA provided informational shock and raised consumers’ aversion

against radiation-emitting electronic products, it might discourage firms from innovating.

Using digitized data from an early version of the National Hospital Discharge Survey (1968 -

1970), I found the RCHSA did not immediately increase the utilization of radiology services,

suggesting that the demand-side channel may not be the primary driver of increased patent-

ing activities, at least in the short run. Further, I provide qualitative evidence demonstrating

the RCHSA did not substantively shape the public perceptions towards medical radiation.

Along with the RCHSA, there was a notable breakthrough in radiation-based medical

technologies: the clinical application of computed tomography (CT) in 1972. To rule out

its confounding effects on follow-on innovation, I conducted several tests. First, I directly

excluded patents within the same subclass as CT in my sample and limited the reference
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period to 1960-1971. I found my primary estimates are still robust. Second, I re-estimated

the innovation effects among domestic firms: Using foreign patents of each subclass as a

benchmark, I controlled for common technology or demand trends taking place in the same

technological areas. This additional exercise also yielded similar results, suggesting the surge

in patenting could not be solely explained by the entry of CT in 1972.

Finally, I explore an indirect channel: All structural factors mentioned above (compli-

ance costs, liability risk, shifts in demand, and technological breakthrough) have the potential

to alter product market structure in the X-ray medical device industry. In turn, any result-

ing changes in competition pressure could distort firms’ innovation incentives (Aghion et al.,

2005). To test this channel, I compare the innovation effects across different types of firms.

Specifically, I first found there are no significant differences in patenting rates between U.S.

publicly traded firms and other domestic private firms. Further, I document little differ-

ences between firms with prior patenting history (“prior inventors”) and their counterparts

(“new inventors”). I view these results as suggestive evidence that potential changes in

product market competition (if any) are not the primary driver of the surge in innovation.

Such empirical findings are not consistent with the theoretical relationship between compe-

tition pressure and innovation: Competition encourages neck-to-neck firms to innovate but

discourages laggard firms from innovating (Aghion et al., 2005).

In light of these findings, my paper contributes to several strands of literature. First,

my work speaks to recent empirical research emphasizing the link between product quality

regulation and firms’ innovation activities, especially in the healthcare sector. For exam-

ple, Stern (2017) found regulatory uncertainty due to prolonged approval times can bring

disadvantages in the regulatory approval process for high-risk medical devices and hinder

product entry. Grennan and Town (2020) analyzed the impact of regulating product entry

and quality information requirements on an oligopoly equilibrium and consumer welfare.4

4Exploiting variation in pre-marketing testing requirements within EU and US medical device regula-
tions, Grennan and Town (2020) found evidence of valuable learning from more stringent requirements and
discussed the welfare implications with a structural model.
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Both studies utilized cross-group variation and focused on “mid-stage innovations” (Gren-

nan and Town, 2020). My paper instead exploits a quasi-experiment policy shock to shed

light on how quality regulations affect research and development at even earlier stages.5 In

this regard, the only paper close to mine is Rogers (2023), finding that by reducing approval

costs, deregulating medical devices from Class III (high regulation) to II (moderate regula-

tion) led to an increase in both patenting rates and FDA submission rates among affected

medical device types. Meanwhile, when shifting from Class II (moderate regulation) to Class

I (minimum regulation), manufacturers are incentivized to emphasize safety features in both

product development and patenting because of the exposure to higher-level litigation risk.

My paper is essentially distinct from Rogers (2023) in two aspects: First, in contrast

to Rogers (2023) who emphasizes the role of FDA’s general (de)regulation in the current

context, I exploit a historical setting to assess a key channel through which product safety

regulations distort firms’ innovation incentives: regulatory compliance costs. Back in the

1960s and early 1970s, the historical FDA regulatory scheme did not involve a pre-marketing

approval process and other administrative requirements for medical devices. This unique

setting enables me to directly rule out many other confounding factors within the regulatory

pathway.6 Second, when quantifying the innovation effect of product safety regulations,

my paper accounts for the interplay between different technologies. That said, I identify

two key attributes of medical X-ray machine patents: risk-mitigating technologies (cost-

saving innovation) and radiation-generating technologies (product innovation). Leveraging

this intriguing feature, I demonstrate in a context wherein innovations are complementaries

5It is interesting to note that Grennan and Town (2020) mentioned “While our exercise here, estimating
the welfare effects of the access/uncertainty trade-off for an exogenously given set of “mid-stage” innovations,
is an important step toward better understanding this phenomenon, a more complete understanding would
allow for the regulatory regime to effect research and development at even earlier stages. Analysis of this
type would require a significant extension to the theory and additional data on innovative activities of the
firms.”

6Not until 1976, the FDA began to provide systematic assurance of the safety and effectiveness of general
medical devices by creating a three-class, risk-based classification system and establishing both the regulatory
pathways for the entry of new medical devices and the postmarket requirements. The premarket regulations
include Premarket Approval (PMA) and premarket notification (501(k)). The postmarket requirements
include registration of establishments and listing of devices with the FDA, Good Manufacturing Practices
(GMPs), and reporting of adverse events involving medical devices.
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in production, quality regulations targeting safety performance can result in unexpected

positive spillovers on the development of new products.

More broadly, this paper contributes to the extensive and still emerging studies dis-

cussing the determinants of innovation. In particular, my work adds to a line of literature

exploring how changes in the regulatory environment shape innovation. Prior studies have

heavily emphasized the role of labor inputs regulation (Acharya, Baghai and Subramanian,

2013; Griffith and Macartney, 2014; Bena, Ortiz-Molina and Simintzi, 2022), environment

regulation, and product entry/commercializing regulation (Stern, 2017; Byrski, 2021). To

my knowledge, empirical work directly addressing the interaction between product safety

standards and innovation is quite limited.

Lastly, the literature studying the impact of the RCHSA per se is surprisingly scarce

to my knowledge, given the large scale of this legislation. A notable exception is Birnbaum

(1984), who argues the regulation increases consumer and competitor uncertainty, leading

firms to decrease their incentives to innovate. There are several key differences between

Birnbaum (1984) and mine in terms of methodology. First, the measure of innovation he

took only includes patents of radiant energy, whereas my focus is medical technology relying

on X-ray.7 Second, rather than checking the correlation as Birnbaum (1984), I exploit the

RCHSA as a quasi-experiment and characterize a number of control groups to capture the

causal effect on innovation. Eventually, I advance my discussion on mechanisms at play by

providing several empirical tests instead of purely relying on qualitative arguments.

The rest of this paper proceeds as follows: Section 1.2 provides the institutional back-

ground of the Radiation Control for Health and Safety Act of 1968. Section 1.3 sketches a

conceptual framework to motivate my empirical analysis. Section 1.4 describes a number of

datasets enabling me to implement the empirical analyses. Section 1.5 specified the baseline

7The definition of the class of interest in Birnbaum (1984) is “... subject matter which includes sensing
means responsive to electromagnetic radiation including a variable electrical member or variable radiation
control member having a pointer and an associated scale calibrated in frequency or wavelength units and
indicating means responsive to the sensing means to note the maximum energy detected by the sensing means
whereby the scale and pointer indicate the wavelength or frequency of the radiation detected”, last accessed .
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empirical strategy and some threats to identification. Section 1.6 presents the main results.

Section 1.7 discusses and tests some alternative mechanisms, and Section 1.8 presents the

heterogeneous effects based on firms’ financing constraints. Section 1.9 finally concludes.

1.2 Historical Background

This section summarizes the institutional background of the RCHSA in 1968. Section

1.2.1 describes the legislative history of the RCHSA. Section 1.2.2 outlines the formulation

of minimum safety standards. Section 1.2.3 presents the detailed features of compliance and

enforcement actions within the RCHSA, and in section 1.2.4, I briefly show the efforts to

educate consumers and operators of X-ray machines under the RCHSA (and why they failed

to some extent). Finally, I summarize prior regulations for medical devices and radioactive

materials.

1.2.1 Legislative History

In May 1967, GE initiated a large-scale, voluntary recall for approximately 90,000 color

television sets due to high doses of leakage radiation.89 A letter issued by the National

Center for Radiological Health (NCRH) on May 18, 1968, commended GE’s voluntary recall

and stated that “ there is no evidence in the hands of NCRH to suggest that any television

receivers ... have excessively exposed viewers of television sets.” Representative Paul Rogers

informed the House that he wrote to the Department of Health, Education, and Welfare

regarding his concern over potential radiation emissions and was told that any radiation

emission was negligible. On June 13, 1967, Rogers and John Jarmin introduced House Bill

10790, which eventually became the Radiation Control for Health and Safety Act of 1968.

The hearings on House Bill 10790 initially concerned radiation emissions from television but

8See https://www.nytimes.com/1967/05/19/archives/general-electric-will-modify-90000-large-color-
television-sets.html, last accessed April 30, 2024.

9There might be a concern that the documented increase in patenting was partially triggered by a surge in
litigation risk due to the GE recall. To address this issue, I further searched for some qualitative descriptions
of the consequences of this GE recall.
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quickly expanded to include other radiation concerns, especially medical and dental x-ray

use (Tran, 2006).

On October 15, 1968, the 90th Congress passed this bill and enacted the RCHSA, ap-

plying to any “electronic product” defined as “any manufactured or assembled product (or

component, part, or accessory of such product) which, when in operation, (i) contains or

acts as part of an electronic circuit and (ii) emits (or in the absence of effective shielding or

other controls would emit) electronic product radiation.”10 The primary goal of this Act is to

“establish and carry out an electronic product radiation control program designed to protect

public health and safety from electronic product radiation.” There are two main provisions

under the Act: correction of defects and safety performance standards.

1.2.2 Safety Performance Standards

As the crux of the RCHSA, safety performance standards generally prescribe maximum

radiation emission levels and require certification by the manufacturer that the regulated

product conforms to federal standards. On August 15, 1972, the FDA issued performance

regulation (21 C.F.R. 1020.30 ) targeting diagnostic X-ray products. The regulation pre-

scribes more than 60 performance standards for X-ray systems and their components manu-

factured after August 1, 1974, and requires that they be certified by the manufacturer after

that date as being in compliance with the standards. The FDA’s program to ensure compli-

ance with its regulations includes (1) reviewing reports that manufacturers must submit on

how each type of X-ray system and major component they market will meet the standards

and (2) inspecting manufacturers’ records and facilities. Yet, these efforts have been limited

because they lack the resources to implement these aspects of diagnostic X-ray equipment

fully.

10Admittedly, the bill was weakened by the lobbying efforts of the Electronic Industries Association (EIA),
which was designed to control the licensing of the large number of radio patents so that each member could
have access to all the relevant patents necessary to build radio transmitters, antennas and receivers.
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According to 21 C.F.R. 1020.30, the following components of diagnostic X-ray systems

which are manufactured after August 1, 1974 were covered: Tube housing assemblies, X-ray

controls, X-ray high-voltage generators, fluoroscopic imaging assemblies, tables, cradles, file

changers, cassette holders, and beam-limiting devices. The specific regulations include (1)

certification by the assembler, (2) identification of X-ray components, (3) limits of respon-

sibility, (4) warning label, (5) leakage radiation from the diagnostic source assembly, (6)

radiation from components other than the diagnostic source assembly, (7) beam quality, (8)

aluminum equivalent of material between patient and image receptor, and (9) battery charge

indicator.

It is noteworthy that in the context of X-ray devices, there is some room for manu-

facturers to leverage new technologies to reduce radiation emissions. First, according to

the 1972 performance standards, manufacturers shall provide “positive means” to “limit the

maximum x-ray tube potential to that of the diagnostic source assembly,” if “the maxi-

mum rated peak tube potential of the tube housing assembly is greater than the maximum

rated peak tube potential for the diagnostic source assembly. Second, based on the 1968

general provision, the FDA specified several recommendations for “the use of specific area

gonad shielding on patients during medical diagnostic x-ray procedures,” as an approach to

radiation protection.

1.2.3 Compliance and Enforcement Actions

Another major provision of the RCHSA is a variety of compliance and enforcement

actions targeting manufacturers. FDA enforced the performance standards quite strictly

and has developed a three-pronged approach: First, in factories, the FDA evaluates reports

on quality control and testing programs submitted by X-ray equipment manufacturers and

supplements this information with factory inspections to verify that adequate testing is being

conducted. Second, the FDA inspectors, as well as inspectors from States with which FDA

has contracted, survey X-ray units in hospitals, clinics, and other facilities to determine if the
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systems have been assembled and are performing in accordance with the standard. Finally,

the FDA tests X-ray components and some fully assembled systems in its laboratory to check

for compliance (FDA, 1975).

The RCHSA also authorized the Bureau of Radiological Health to require manufacturers

to repair or replace electronic products that have a defect relating to their safety use, or that

fail to meet an applicable performance standard at their own expense. The corresponding

manufacturers can also refund the cost of such products. Specifically, a product is consid-

ered to have a defect if it fails to conform to its design specifications regarding radiation

emission or emits hazardous radiation unnecessary to accomplish its intended purpose. If

a manufacturer discovers that any electronic product produced, assembled, or imported by

him on or after the effective date of the Act contains a defect related to its safety of use or

fails to comply with an applicable performance standard, he must immediately notify the

Secretary of Health, Education, and Welfare if the product has left its place of manufacture.

If a defect or failure to comply reported to or discovered by the Bureau is considered to

present a potential public health hazard, the manufacturer is required to notify all dealers or

distributors to which the product was delivered and all subsequent purchasers whose iden-

tity can be determined. At the same time, the manufacturer is required to submit to the

Secretary of Health, Education, and Welfare a statement of the measures to be taken to

repair or replace defective units of the product.

The enforcement authorities of the FDA include recalls, injunctions, seizures, civil penal-

ties, and regulation of imports. If the manufacturer determines the radiation risk is low with

the defective product, it can request an exemption from a mandatory duty to notify con-

sumers. The FDA also can notify a manufacturer if the FDA discovers any violation of

the standards. If no exemption from public notification is granted, the manufacturer must

correct the defects at its own expense or refund the purchase prices. The FDA may seize

non-compliance products if the manufacturer fails to institute a recall. Additionally, the

FDA can impose civil penalties on manufacturers: the RCHSA authorizes a civil penalty of

12



not more than $1, 000 for each defective product, with the maximum penalty for a single

party for any violations limited to $300, 000. Notably, the FDA can impose civil penalties

on both the corporation and individuals for the same set of violations.

Under the RCHSA, the FDA also can regulate the importation of electronic products by

denying the entry of products that do not comply with federal standards. If a product denied

entry cannot be brought into compliance, the corresponding manufacturer must export the

product at its own expense. Otherwise, the FDA may seize and destroy the non-compliant

products if the product failed

1.2.4 Effort to Educate the Public

According to some descriptive evidence (e.g. Tran, 2006), while public education is not

technically mandated by the RCHSA, the FDA’s radiation control program has included

an effort to educate consumers and healthcare providers to achieve the goals of the act.

Yet, these efforts are proven to have relatively limited effects on raising public awareness of

radiation protection.

Educational Tools for Medical Practitioners/Technologists: To improve physi-

cians’ radiological health practices, the FDA has also developed several educational pro-

grams. For example, the Radiological Health Sciences Learning Laboratory is an educational

system in diagnostic radiology for medical students, radiology residents, and postgraduate

physicians. However, only 30 of the nation’s medical institutions have purchased the Learn-

ing Laboratory by the end of 1973. Another set of training programs on radiation protection

has been developed since 1973. The series, “Radiation Protection During Medical X-Ray

Examinations,” is a self-contained training program intended to teach technologists how to

protect patients and themselves from unnecessary exposure during X-ray examinations.

According to Friedell (1971), introducing the RCHSA to directly correct defects and

lower radiation emissions on the manufacturers’ end should not be the whole story.
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“It is the physician who must weigh benefits against hazards; to introduce some

kind of regulatory mechanism into decisionmaking is dangerous. The benefits of

ionizing radiation have been conservatively estimated. There should be an effort

to educate, to provide more information, and to upgrade training and experience,

but not to determine exactly how value judgment is to be made.”

To formally address the role of medical practitioners in radiation protection, the Consumer-

Patient Radiation Health and Safety Act in 1981 provides for “the establishment of minimum

standards by the Federal Government for the accreditation of education programs for persons

who administer radiologic procedures and for the certification of such persons” and “insure

that medical and dental radiologic procedures are consistent with rigorous safety precautions

and standards.”

Changing Consumers’ Perception: Similarly, the FDA has initiated some public

education programs and moved ahead to reduce unnecessary exposure to X-rays in the late

1970s. A public information program targeting pregnant women was in effect to emphasize

the collective responsibilities of the referring physician, the patient, and the X-ray technolo-

gists. The program instructed physicians on the dangers of radiation to the human embryo,

encouraged physicians to ask female patients routinely if they were pregnant, and encouraged

patients to be proactive in protecting their fetuses from unnecessary radiation by taking such

simple measures as informing their doctors of possible pregnancies.

However, as pointed out by Pelc (2014) and Galasso and Luo (2021), “historically, the

main drivers for technological improvements have been the physicians’ demand for improved

image quality, speed, and new clinical applications” in radiology (especially for CT scanners)

(Pelc, 2014), whereas “dose control (risk mitigation) had been a secondary consideration”

(Galasso and Luo, 2021).
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1.2.5 Prior Landscape of Radiation Control

Before the RCHSA of 1968 was in effect, several states had taken action to address

radiation control. According to the technical reports from the Food and Drug Administration

(1972),

“Since 1951, a total of 46 States and the Commonwealth of Puerto Rico have

enacted specific laws for the regulation of ionizing radiation. Some of these laws

are restricted to certain occupations or are amendments to existing statutes...The

technical details of regulatory control are generally not included in these enabling

acts; rather this authority is delegated to State agencies.”

Overall, these state-level regulations can be categorized into three groups: the man-

agement of radioactive waste and environment protection (e.g., Alabama, Alaska, Arizona,

Arkansas, California, Louisiana, North Dakota, New Mexico, and Pennsylvania), credential-

ing operators of X-ray machines (e.g., Illinois, Kentucky, New Hampshire, New York, Texas,

Wyoming), and the registration of electronic products (e.g., Indiana, Kansas).

However, such prior regulations proved both “inconsistent and ineffective” (Tran, 2006).

For example, although the general radiation regulatory regime in New York City was one of

the most comprehensive in the 1970s, Hanson Blatz, the director of the Office of Radiation

for the NYC Department of Health, claimed that

“While the New York City Department of Health had adopted and enforced

standards to protect citizens from excessive or unnecessary radiation, citizen

inquires and complaints revealed that unnecessary radiation was being emitted

from various products...Shielding of X-ray equipment to protect passerby was

dependent on an honor system that many operators overlooked.”

At the federal level, the Atomic Energy Act of 1946 gave the Atomic Energy Commission

(AEC) authority to regulate artificial radioactive materials, but its jurisdiction did not cover
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consumer goods or medical devices. In sum, neither prior state-level actions nor federal-level

control have effectively addressed how diagnostic X-ray medical devices should be regulated

with respect to their technical performance.

1.3 Theoretical Framework

In this section, I set up a conceptual model to illustrate the theoretical effects of safety

regulations on innovation. This model builds on the framework in Viscusi and Moore (1993)

and conceptualizes how a regulatory regime distorts firms’ investments in product safety

and product novelty. The major distinction from Viscusi and Moore (1993) is that instead

of centering around costs from product liability, my model extends the discussion to more

general costs relating to safety and quality regulations.

Several key features are incorporated in my model: First, a typical firm faces higher

costs imposed by more stringent regulations. These regulation costs include and general-

ize several types: (1) direct costs from compliance and enforcement actions (“compliance

costs”), (2) administrative and financial burdens from approval delays (“approval costs”)

(Pietzsch, Zanchi and Linehan, 2013; Stern, 2017; Rogers, 2023), and (3) litigation risk be-

cause of defective products (“liability costs”) (Viscusi and Moore, 1993; Galasso and Luo,

2022). Second, to adapt to the regulation, a firm can develop new technologies emphasiz-

ing certain product safety features, termed as “safety innovation” in Viscusi and Moore

(1993). Third, the intensity of product safety investment (including both the regular safety

investment and safety innovation) could be correlated with marginal regulation costs. For

example, a higher level of ex-ante product safety investment can substantially reduce the

probability of facing a penalty and being seized or sued because of product defects, thereby

lowering the corresponding marginal cost. Finally, product innovation and safety innovation

can interact within this environment. As indicated in Athey and Schmutzler (1995), cost-

saving (process) innovation and demand-enhancing (product) innovation are complementary

16



in terms of increasing the firm’s net revenue. I extend the model of Viscusi and Moore (1993)

to account for this complementarity in production.

1.3.1 Set-up

In a perfectly competitive market, I construct the model in terms of the firm’s unit profit

function π and focus on two types of endogenous choices: safety investment (s) and product

innovation (z).11 In the context of radiation control, I consider a firm’s safety investment

encompassing two parts, regular safety investment (sr) and safety innovation (si), which

can lower the risks of radiation. The latter component, as mentioned in Galasso and Luo

(2021), has the feature of cost-saving process innovation. For simplicity, I consider the total

amount of safety investment to be the sum of regular safety investment and risk-mitigating

investment (i.e., s = sr + si, or alternatively as a linear combination of both). Following

the framework proposed in Rogers (2023), I also model the regular safety investment as a

mandated level of effort s̄r.

The unit price of the product is described by a nonlinear hedonic price function, con-

sisting of a base product price p (for simplicity, I normalize it to zero), a premium αz for

product novelty, and a damage cost function β(sr, si, R). Consumers value product novelty

and thus will pay the premium (i.e., α > 0). The unit damage cost function β(s, R) is a

decreasing function of safety investment (βsr ¡0, βsi < 0), and an increasing function with the

stringency of the product safety regulation (βR > 0). Without loss of generality, the damage

cost function is a nonlinear function of the level of safety under various regulatory regimes.

c(s, z) captures the input to produce safety and product novelty. The input requirements

increase at an increasing rate with respect to the value of each joint product (i.e., csr > 0,

csi > 0, cz > 0, csrsr > 0, csisi > 0, and czz > 0). The unit cost of the input is r and can be

normalized to 1.

11Alternatively, expanding the model to include a quantity choice would complicate the comparative
statistic results by adding another equation to the system. The simplification directly follows Viscusi and
Moore (1993).
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1.3.2 Characterizing Firms’ Decisions

A representative firm selects sr, si, and z to maximize one’s unit profits:

maxs,zπ = αz − β(s, R)− c(s, z) (1.1)

And the first-order condition would be

cs
cz

= −βs
α

(1.2)

Equation 1.2 here captures the optimal mix of safety investment and product innovation,

which hinges on both consumers’ value of novel products and the marginal damage cost of

safety investment.

1.3.3 Safety Regulation and Innovation

To better understand how safety regulations affect product innovation and safety in-

novation, it would be helpful to think about some comparative statistics exercises. In an

extremely stringent regulatory regime (i.e., a large value of R), there would be a corner so-

lution at which the firm undertakes no product innovation and directly maximizes its safety

investment by reallocating resources. For example, consider the current regulatory approval

process for high-risk medical devices in the U.S., the so-called “premarket approval” (PMA).

It is necessary when a medical device developer wants to market a new high-risk device.

Importantly, once the first model in a product code is approved through the PMA process,

all subsequent devices in that product code must all be approved through the PMA process.

The PMA is thus criticized as a complex and time-consuming process for manufacturers.12

As shown in Stern (2017), this approval process is associated with longer approval delays

12The average approval time for a new high-risk device is 18.1 months, although the average for a device
that is first within a product code is longer, at 22.5 months (Stern, 2017).
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among pioneer entrants. Small, financially constrained firms are less likely to enter new

device markets.

For the general interior solutions, the effects of product safety regulations on the choice

variables are characterized as:

ds

dR
=
czzβsR
D

(1.3)

and

dz

dR
= −cszβsR

D
(1.4)

where D = (csz)
2 − czz(βss + css) < 0 is the determinant of the Hessian matrix at the

maximum interior solution (s∗, z∗).

It is worthwhile to address some structural features of my model before deriving the

theoretical predictions. From equation 1.3, it is clear whether the regulation can distort safety

investment depends in part on the correlation between the intensity of safety investment and

the marginal costs of regulation (βsR). In essence, if investing more in product safety can

efficiently decrease the marginal cost of regulation (βsR < 0), firms will be more inclined to

exert effort toward quality control or developing new safety technologies. By contrast, in an

alternative regime where the marginal cost of regulation is merely unrelated to the ex-ante

safety investment (βsR = 0), there is a good chance firms would not comply at all. For

example, if the administrative hassles associated with pre-market approvals are sufficiently

large (e.g., the approval process requires an extremely long fixed period, or firms have to file

complex paperwork and documents, etc.), increasing ex-ante safety investment is less likely

to reduce the marginal cost of regulation in any case.

Hypothesis 1. More stringent safety regulations can spur safety innovation if product

safety investment directly reduces the marginal cost of regulation.

This testable hypothesis directly follows the assumption βsR < 0 and equation 1.3.

Recall the institutional features of the RCHSA as described in Section 1.2: this act specified

and mandated performance standards for relevant products, along with various compliance
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and enforcement actions (i.e., reporting, inspections, civil penalties, recalls, and seizures).

Thus, I argue this correlation βsR is plausibly negative in my context. Consequently, the effect

of the RCHSA on the development of risk-mitigating technologies is likely to be positive.

Hypothesis 2. More stringent safety regulations spur product innovation if and only

if product innovation and safety innovation are complementary in production.

As mentioned above, I model the regular safety investment sr as a mandated level of

effort (s̄r).
13 The total safety effort is thus s = s̄r+si and the profit-maximization in equation

1.1 can be simplified as follows:

maxsi,zπ = αz − β(si, R)− c(si, z) (1.5)

Based on equation 1.4, it is clear that whether the stricter safety regulation spurs or stifles

product innovation hinges on the sign of gsz, assuming βsR < 0. Here gsz captures the

complementarity/substitutability between product innovation z and safety innovation si.

For example, if the development of RMTs enables a firm to increase one’s investment in

product innovation at less cost (e.g., a reduction in the marginal expected damage cost),

then csiz < 0 and dz
dR

> 0, indicating an increased number of patents for non-RMTs would

be expected. By contrast, if the development of RMTs restrains the firm from allocating

resources to other R&D projects of new products, then csiz > 0 and dz
dR

< 0, suggesting a

decline in the number of non-RMT patents will follow the safety regulation.

My simple model thus emphasizes how product safety regulations shape innovation is

eventually an empirical question. It hinges on at least two gradients: the features of a

regulatory regime (βsR) and the interaction between different technology types (gsz). In the

next section, I turn to data and empirically estimate these innovation effects.

13This simplification would be reasonable if more general, less-risky methods to improve products’ safety
profiles are preferred. In the case of X-ray medical devices, it is quite likely to hold. After all, applying new
RMTs into production would require more time , relative to directly conducting pre-market quality controls.
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1.4 Data

In this section, I begin by describing the various data sources I used to implement my

analysis. I then discuss how to characterize key patent attributes of interest, including risk

mitigation and radiation generation. Eventually, I provide some stylized facts to motivate

the empirical analysis.

1.4.1 USPTO Patent Files

The first data set I used is the universe patent files from the United States Patent and

Trademark Office (USPTO). These records provide the year in which the patent was applied

and granted, the technology class and the corresponding subclass a patent belongs to, the

detailed description of each patent, the name of the inventors and the current assignees (if

any) associated with each patent, and the number of forward citations received by each

patent. In Figure A7, I present an example of the A61B6 patent file.

To identify the treatment and control groups, I exploit the classification code provided

by Cooperative Patent Classification (CPC), a detailed and universe scheme of classes and

subclasses.14 Patent classes generally describe the broad technical field of an invention, and

patent subclasses typically include more detailed technical features under a class. Through-

out this paper, I define a “patent subclass” using the corresponding class-subclass pair. The

treated subclasses include all patents belonging to the subclasses under A61B6 (apparatus

for radiation diagnosis, e.g., combined with radiation therapy equipment) and including

the keyword “x-ray”. The primary control group includes all other subclasses relating to

non-radiation diagnostic medical devices under the broad category A61B (diagnosis; surgery;

14For detailed information about the CPC scheme, see https://www.cooperativepatentclassification.org/about,
last accessed April 30, 2024.
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identification).15 I construct two alternative control groups with patent subclasses related

to medical implants (A61F) and drugs (A61K), respectively.16

The final sample is a panel recording patent counts filed per year under each subclass

spanning 1960 to 1980, and the unit of analysis is thus subclass-year. I chose the sample

period to capture the symmetric window around the year 1970 (a one-year lag relative to

the enactment of the RCHSA). Meanwhile, this 21-year window covers other key, relevant

shocks to both my treatment and control groups: for example, the passage of the Social

Security Amendments of 1965 (also known as the Medicare and Medicaid Act), and the

Medical Device Amendments to the FD&C Act of 1976. To avoid some confounding factors

introduced by the Consumer-Patient Radiation Health and Safety Act of 1981, I terminated

the sample in 1980.17

Following extensive literature on innovation, I first use the patent count as the primary

measure of innovation quantity. To account for the heterogeneity in the quality of the

innovation, I also calculate the number of patents weighted by the number of their forward

citations under each subclass per year. Because of the delays in granting patents, I use a

patent’s application year rather than their grant year.

Admittedly, there are limitations to using patent counts to measure innovation. For

example, patent counts do not directly measure changes in meaningful innovation. Thus,

I follow standard practice in prior literature by using the number of forward citations as

15To be specific, these control classes include A61B1 (instruments for performing medical examinations
of the interior of cavities or tubes of the body by visual or photographical inspection, e.g. endoscopes),
A61B3 (apparatus for testing the eyes; Instruments for examining the eyes), A61B5 (measuring for diagnostic
purposes; identification of persons), A61B7 (Instruments for auscultation), A61B8 (diagnosis using ultrasonic,
sonic or infrasonic waves), A61B9 (instruments for examination by percussion; pleximeters), A61B10 (other
methods or instruments for diagnosis, e.g. instruments for taking a cell sample, for biopsy, for vaccination
diagnosis; sex determination; ovulation-period determination; throat striking implements), A61B13 (instru-
ments for depressing the tongue), and A61B16 (devices specially adapted for vivisection or autopsy).

16A61F includes filters implantable into blood vessels; prostheses; devices providing patency to, or prevent-
ing collapsing of, tubular structures of the body, e.g., stents; orthopedic, nursing or contraceptive devices;
fomentation; treatment or protection of eyes or ears; bandages, dressing or absorbent pads; first-aid kits.

17The Consumer-Patient Radiation Health and Safety Act of 1981, “directs the Secretary of Health and
Human Services to promulgate: (1) minimum standards for the accreditation of educational programs to
train individuals to perform radiologic procedures; (2) minimum standards for the certification of persons
who administer radiologic procedures; and (3) Federal radiation guidelines concerning radiologic procedures.”
See https://www.congress.gov/bill/97th-congress/house-bill/2457/all-info, last accessed April 30, 2024.
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a proxy for patent quality. Specifically, I exploit the information regarding the number of

(cumulative) forward citations received by each patent until 2020. I took several methods

to adjust the fact that patents typically would receive more citations in their early lifespan.

Section 1.5.3 presents details about how I construct the key outcomes.

1.4.2 Comprehensive Universe of U.S. Patents Data

The other question I aim to answer is who are the primary contributors to any in-

novation changes following the RCHSA. This exercise requires information on the original

assignee of each patent (if any). Only recently, the available patent data sets analyzed by

economists facilitated this analysis. For example, the NBER patent database (Hall, Jaffe and

Trajtenberg, 2001) begins to document information of individual inventors listed on patents

generally issued from January 1, 1975. In my context, this feature imposes a challenge in

distinguishing between individual inventors and firms.

Economists have recently developed novel databases extending to the earliest surviving

records of the U.S. Patent and Trademark Office (USPTO) and derived rich information

from these patent files. The Comprehensive Universe of U.S. Patents Data (CUSP) is one

such example developed by Berkes (2018).18 From the CUSP, I collect detailed information

on the type of assignee and the number of forward citations received by each patent within

the technology subclasses of my primary interest.

Following Babina, Bernstein and Mezzanotti (2020), I categorize all patents into two

groups: independent patents and firm patents. The former group includes either unassigned

patents, patents assigned to the inventor(s), or assigned to other individuals (e.g., angel

investors). The latter one, by contrast, includes patents that are assigned to firms and

are produced by inventors employed by firms with in-house R&D labs who would have

been contractually obliged to assign their inventions to their employers at the time of the

18Other historical patent datasets include Akcigit, Grigsby and Nicholas (2017), Sarada, Andrews and
Ziebarth (2019), Petralia, Balland and Rigby (2016), Marco et al. (2015), etc. For an excellent review, see
Andrews (2021).
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patent grant date (Babina, Bernstein and Mezzanotti, 2020; Lamoreaux and Sokoloff, 2001;

Lamoreaux, Sokoloff and Sutthiphisal, 2008; Nicholas, 2010).

Meanwhile, I supplement the primary USPTO data with the CUSP assignee data, merg-

ing on the unique patent number. The main goal of this analysis is to identify whether

domestic or foreign firms file a patent and examine whether, compared to foreign firms,

domestic ones are more/less likely to respond to the RCHSA.

There are several reasons to implement this additional analysis. For example, there

might be a variety of confounding factors differentially affecting my primary treatment and

control groups, such as some technological breakthroughs for diagnostic radiation technolo-

gies. Patenting by foreign firms helps control trends taking place in a given technology area

that is common to the US and foreign countries. Meanwhile, it is also reasonable to argue

that along with the safety standards, the product liability risk might increase, thereby driving

up patenting activities. In this regard, controlling for patenting by foreign firms may alle-

viate the concern because the US plaintiffs typically face more complexities and additional

legal costs (such as matters of personal jurisdiction, conflicts of laws, and more significant

difficulties in enforcing judgment) that make foreign producers less concerned about liability

risk (Klerman, 2011; Galasso and Luo, 2022).

1.4.3 Data from Kogan et al. (2017)

Another key dataset enabling me to implement some firm-level analyses is from Kogan

et al. (2017), which contains U.S. patents from 1926 to 2019 linked to the Center for Research

in Security Prices (CRSP)-Compustat merged data and provides estimates of each patent’s

private value constructed from the response of assigned firms’ stock market response to

news about the patent issuance.19 I also complement this dataset with firm-level financial

information from the Compustat data and the CRSP data. Figure X provides how I construct

the KPSS-Compustat sample.

19The dataset is available here: https://github.com/KPSS2017/Technological-Innovation-Resource-
Allocation-and-Growth-Extended-Data, last accessed April 30, 2024.
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Besides the patent count and the number of forward citations, I leverage information

from changes in stock prices for the firms in the CRSP-Compustat data following patent

issuance to estimate the private value of obtaining a patent. More precisely, the private value

of each patent is given by the change in the firm’s stock return attributable to the value of

the patent in the three days after the patent issues times the firm’s market capitalization on

the day before the announcement that the patent issued. To calculate how much of the firm’s

stock return is attributable to the value of the patent, they filter each firm’s stock returns to

remove movements in the stock price that are unrelated to news of patent issuance. Finally,

they adjust the filtered stock returns to account for the fact that the probability that the

patent will be issued is already priced into the firm’s market capitalization before the patent

issuance.

1.4.4 National Hospital Discharge Survey

The last dataset, the National Hospital Discharge Survey (NHDS), was a national sur-

vey “designed to meet the need for information on characteristics of inpatients discharged

from non-Federal short-stay hospitals in the United States” and was conducted annually from

1965-2010.20 Ideally, I expect to extract information about a variety of medical procedures

from the 1968, 1969, and 1970 waves. Yet such information was not published to the public

and was only available from Moien (1974). I thus turn to digitize key statistics for a col-

lection of non-surgery medical procedures: room and care service,21 laboratory services,22

pharmacy services,23 radiology,24 operating and/or recovery room,25 professional services,26

20This data set is available here: https://www.cdc.gov/nchs/nhds/index.htm, last accessed April 30, 2024.
21The room and care charge include charges for room, food, nursing service, nursery, baby formula, and

intensive care.
22The laboratory charge includes blood counts, serology, pathology, tissue examination, basal metabolism

rate, electrocardiogram, electroencephalogram, and the like.
23The pharmacy charge includes items charged to drugs or pharmacies.
24The radiology charge includes items charged to diagnostic and therapeutic radiation, e.g., X-ray, cobalt,

radium, and isotopes.
25The use of the operating and/or recovery room is covered by this item.
26Professional services include charges for such items as a staff physician, anesthetist, radiologist, and

pathologist.

25

https://www.cdc.gov/nchs/nhds/index.htm


and all other services.27 In the case of the RCHSA, the treatment group includes all radi-

ology services, and the control group is comprised of all other medical services except for

professional services, which include services provided by radiologists. The key outcome of

interest in this sample is the total number of discharges from short-stay hospitals per year

by various groups (e.g., sex, age, location, and types of hospitals). In Figure A13 and Figure

A14, I provide a snapshot of the publication where I obtained the NHDS data.

1.4.5 Characterizing Patent Attributes

Besides assessing the overall effect on innovation induced by the RCHSA, the second

primary goal of my paper is to understand whether the heterogeneity of innovations matters.

To this end, I conduct an in-depth analysis considering the interplay among various innova-

tions. Building upon prior research which suggests a complementary relationship between

product and process innovations (Athey and Schmutzler, 1995; Hullova, Trott and Simms,

2016), I carefully classify patents in the treatment group into two distinct categories: risk-

mitigating patents and radiation-generating patents. Admittedly, as argued in Galasso and

Luo (2021), risk-mitigating technologies can “take various forms, depending on the nature

of the hazards, the magnitudes of the demand changes, and the technological possibilities”

and therefore could be both process and product innovations.28 Radiation-generating tech-

nologies, in contrast, refer to those new devices or key components of x-ray medical devices

relying on radiation emission. In Figure A8 and Figure A9, two concrete examples are

provided to illustrate the idea of risk-mitigating and radiation-generating, respectively.

This categorization allows for a comprehensive examination of the interactions between

different types of innovation and enables me to test the theoretical predictions outlined in

Section 1.3. I adopt two distinct approaches to characterizing RMT and non-RMT patents,

27The other services are those items that are not assigned to previous categories, such as blood, oxygen,
medical and surgical supplies, physical therapy, emergency room, and personal charges.

28For example, an assembly-line redesign that is more effective at identifying defects or using checklists
during surgeries to reduce medical errors.
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including a method based on classification code and a text-analysis keyword-search algo-

rithm. In particular, the text-analysis algorithm provides two advantages: first, it allows

me to capture patents that might not be explicitly classified as risk-mitigating or radiation-

generating based on patent classification codes. Some patents might not be categorized

accurately in the official classification system, but their textual content can reveal their

nature. Second, technologies can evolve rapidly and might not be adequately captured by

existing classification codes. By reading the detailed content, text analysis helps identify

emerging innovations that might not yet have specific codes assigned to them. Overall, these

two complementary methods ensure the robustness and validity of my results.

Classification Code

Following Galasso and Luo (2021), I first rely on the Cooperative Patent Classification

(CPC) system to classify patent subclasses related to reducing radiation risk. Based on the

technical descriptions of each subclass, I identify three such RMT subclasses: A616/10 (“ap-

plication or adaptation of safety means”), A61B6/54 (“control of apparatus or devices for

radiation diagnosis”), or A61B6/58 (“testing, adjusting or calibrating apparatus or devices

for radiation diagnosis”).29 Another eight parent subclasses under A61B6 are categorized as

non-RMT patents: A61B6/14 (“Applications or adaptations for density”), A61B6/40 (“Ap-

plications or adaptations for density with arrangements for generating radiation specially

adapted for radiation diagnosis”), A61B6/44 (“Constructional features of apparatus for radi-

ation diagnosis”), A61B6/46 (“Applications or adaptations for density with special arrange-

ments for interfacing with the operator or the patient”), A61B6/48 (“Diagnostic techniques”),

A61B6/50 (“Clinical applications”), A61B6/52 (“Devices using data or image processing spe-

cially adapted for radiation diagnosis”), and A61B6/56 (“Details of data transmission or

29Note I coded these RMT patents at the one-dot level, parent subclasses, instead of the more specific
two/three-dot level, children subclasses. As described in Galasso and Luo (2021), this aggregation is reason-
able “because a parent subclass contains residual patents that cannot be easily categorized into a specific
children subclass and, therefore, may include broader patents that involve features of various lower-level
children subclasses.”
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power supply, e.g. use of slip rings”). Based on their CPC subclasses, I then assign patents

to RMT vs. non-RMT groups.

One limitation of this CPC-based approach, as highlighted by Berkes (2018), is that

the CPC system does not provide information on the principal technological category of

a patent. In other words, there may be an overlap between RMT patents and non-RMT

patents, leading to potential double-counting in analyzing the impacts on different innovation

types. For example, a patent that has both RMT and non-RMT characteristics might be

counted in both categories, potentially inflating the innovation effect in both areas.

One patent (US3304423A), for example, “pertains to an X-ray shield and film holder

for use in taking dental X-rays.” In this regard, its primary purpose is to protect patients

and operators from radiation risk. Yet the shield itself also “facilitates the aiming of the

cone of an X-ray machine” and thus could be classified as non-RMT (i.e., improves features

of radiation-generating equipment). In the Appendix Table 1.21, I re-estimate my primary

results using alternative samples at the class-year level and ensure my results are valid.

Text-Analysis Method

Besides the issue of double-counting, the CPC approach could introduce another error:

There may be some patents under other patent subclasses but emphasizing risk mitigation or

radiation reduction. For example, patent US389734 depicts a high strength low attenuation

couch top, providing “a relatively low cost structure having a greatly enhanced strength to

weight ratio and a lower transparency to X-rays.” According to the claims, this patent can

result in “lower radiation dose in the patient than previously possible,” consistent with the

idea of risk mitigation. However, it is categorized under A61B6/0442 (supports, e.g. tables or

beds, for the body or parts of the body made of non-metallic materials), which is irrelevant

to mitigating radiation risk according to the CPC.

To address this issue, I developed and implemented a text-analysis algorithm to distin-

guish risk-mitigating and radiation-generating technologies. The primary advantage of this
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text-analysis approach is by digging into raw patent files and reading the claims, one can

access contextual information about the technology’s purpose and intended use. Analyz-

ing this text can provide more accurate insights into the innovation type and technological

category of the patent. This approach is comprised of five key steps, described as follows:

Step 1. Data Preprocessing: I employed Optical Character Recognition (OCR)

software to convert all patent files under A61B6 into readable text files. I then applied

preprocessing steps to clean and normalize these text data (i.e., removing punctuations,

removing stop words, lower casing, tokenization, and stemming).

Step 2. Keyword Identification: I extracted a list of keywords closely related

to ”risk-mitigating” by following Galasso and Luo (2021), reading patent files, and self-

determining. The final list includes: “shielding”, “shield”, “mitigate”, “mitigating”, “safety”,

“safe”, “reduce”, “reducing”, “low-dose”, “protect”, “protecting”, “protection”, “reduction”,

“reduce”, “reducing”, “overexposure”, “block”, “blocking”, “control”, “controlling”, and

“hazard.”

Step 3. NLP Model Training: Using the preprocessed patent data under three

“risk-mitigating” subclasses (A61B6/10, A61B6/54, and A61B6/58), I trained my word2vec

model which captures semantic relationships between words. This word2vec model learned

to represent words in a continuous vector space based on their distributional patterns in the

patent text.

Step 4. Vectorization of Keywords and Patent Texts: The dataset used to test

my model includes all patent files under other subclasses of A61B6. I vectorized both the

keywords and each preprocessed patent document, using their word vectors from the trained

word2vec model. These word vectors represented the semantics of the keywords, as well as

my patent data.

Step 5. Relevance Scoring, Ranking, and Selection: Based on the cosine simi-

larity between the vectorized representations of patent documents and the vectorized repre-

sentations of keywords, I calculated relevance scores for each patent. These relevance scores
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indicated how closely each patent document was related to the specified keywords empha-

sizing safety features. I next ranked the patent documents based on their relevance scores,

with higher scores indicating higher relevance to the keywords. I selected the top 300 and

termed them as the additional risk-mitigating patents.

1.4.6 Motivating Evidence

Figure 1.1 displays some motivating evidence on diagnostic x-ray device patents and

other broad categories of patents during the historical episodes I study. The total number

of patents are all normalized to the 0-1 scale (1960-1990).30 The dashed vertical line en-

compasses the year associated with the regulatory shock in X-ray patenting. The solid line

denotes the evolution of patent counts under A61B6. The dashed line represents the case for

all non-radiation diagnostic device patents. It is clear that from 1968 to 1976/77, there were

substantial increases in the rate of A61B6 patenting, while changes in the rates of patenting

in non-A61B6 diagnostic devices were not that striking.

Interestingly, we can also observe a sharp decline in the patenting rate of diagnostic

X-ray medical device patents since 1976/1977. One potential explanation for this drop is the

passage of the Medical Devices Amendments (MDA) of 1976, consolidating and expanding

existing Federal authority over medical devices into a comprehensive system of regulating the

safety and effectiveness of medical devices in proportion to the degree of risk that they pose.

This classification regime based on medical devices’ risks may trigger increased approval costs

(or say, approval delay in commercialization), thereby deterring entry and chilling innovation.

The decline in patenting rates in diagnostic X-ray devices might also be attributed to the

temporary nature of this innovation wave. Firms initially responded to new safety standards,

focusing their innovation efforts on compliance and prioritizing the development emphasizing

safety features. However, as these standards became more established and integrated, the

necessity for ongoing innovation in risk mitigation faded out over time. This observation

30I also normalized all values to the mean and derived similar patterns.
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underscores the need to consider the dynamic and evolving nature of innovation in response

to regulatory changes, somewhat consistent with prior work from Finkelstein (2004).

1.5 Empirical Strategy

This section outlines the primary empirical specifications for analyzing the effects on

patent counts, attributes, and quality. I then acknowledge and address some challenges in

establishing causal evidence.

1.5.1 Specification for Patent Counts

To empirically identify the causal effects of the RCHSA on patent counts, I first employ

a baseline difference-in-differences (DID) specification. This identification strategy is in the

same spirit as the empirical innovation literature (see, for example, Finkelstein (2004) and

Galasso and Luo (2022)).

log(Countsct+1) = α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct (1.6)

where s denotes patent subclasses, c represents aggregate patent classes, and t indexes

years. log(Countsct+1) is the key outcome of interest, the (log of) patent counts filed under

each subclass-class pair sc in year t+1. Treatsc is an indicator of whether the patent subclass-

class pair is under A61B6, and Post1969t indicates whether the RCHSA was in effect (after

1969) in year t. ρsc and ηt are patent subclass and year fixed effects, respectively. Therefore,

β would identify the impact of the RCHSA on patenting activities associated with diagnostic

medical equipment based on x-rays. β > 0 implies that innovation activities increase post

the RCHSA, whereas β < 0 implies that the RCHSA has a negative effect on the treated

patents under A61B6.

Additionally, I use a Poisson regression, which is the preferred statistical model for count

data, to check the robustness.31

31As mentioned in Chen and Roth (2023), log-like transformations for dependent variables including zeros
might be technologically problematic. I alternatively estimate my results using raw patent counts as the
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E[Countsct+1|Xt] = exp(α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct) (1.7)

Of course, how to choose the appropriate control group, which serves as the counterfac-

tual development of patent counts for diagnostic radiation medical devices, is a critical and

delicate task that significantly influences the interpretation of my estimates. In other words,

the control group might be “contaminated” by the enactment of the RCHSA for several

reasons.

First, medical device firms that patent both diagnostic x-ray devices and other products

in the control group should be considered. Such firms may respond to the safety regulation

in patenting activities for the treatment and control groups. If diagnostic x-ray devices

and other medical products share technical similarities in production, a resulting surge in

A61B6 patenting can generate positive spillovers (i.e., the complementarity across different

technologies).32 Therefore, a positive coefficient (β) indicates a relative change in A61B6

patenting, rather than a full increase in innovation. By contrast, if medical device firm

reallocates their resources from non-radiation devices to diagnostic x-ray devices, such a

substitution effect would generate a decline in patenting in the control group, indicating a

change in the direction of innovation overall.

Second, whether treated and control patents in my setting are complementary or sub-

stitute also hinges on the demand-side environment characteristics. If this policy shock

induced healthcare facilities to increase the use of radiation-based diagnostic equipment due

to the quality-assurance effect, one may expect a decline in the demand for some substitutes

of x-ray medical devices (e.g., other non-radiation diagnostic devices). This demand-pull

spillover may incentivize manufacturers to shift resources towards radiation-based devices

dependent variable and my estimates are consistent in terms of magnitude and interpretation. Results from
these robustness checks are available upon requests.

32For instance, if a new component of diagnostic x-ray devices can also be applied to other non-radiation
devices, firms may be more incentivized to develop the technology for both types of products simultaneously.
As a result, they may increase patenting activities in both A61B6 and other technological classes in the
control group.
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and thereby dampen innovation in the control group. Yet, if there are certain medical prod-

ucts that complement the use of x-ray devices, the quality assurance effect can generate

positive spillovers. In either case, the interpretation of my results is biased.

1.5.2 Specification for Patent Attributes

Besides the patenting rates described above, I am also interested in whether and how

the RCHSA affected innovation activities associated with some key patent attributes. In

particular,

To conduct this analysis, I employ the difference-in-differences method outlined in equa-

tion 1.6 and equation 1.7.

log(Count with an Attributesct+1) = α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct (1.8)

E[Count with an Attributesct+1|Xt] = exp(α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct) (1.9)

The only distinction is that instead of calculating the number of all patents filed under

subclass in year t, I focus on the number of patents exhibiting the attributes of interest (e.g.,

risk mitigation) within a specific patent subclass sc in year t within a patent subclass sc in

year t.33

Ideally, one might expect constructing a reasonable control group to align precisely with

the outcome of interest described in equation 1.8. However, this task is not quite feasible

in my setting: the characteristic of risk mitigation (or non-risk mitigation) is a particularly

narrow and technology-specific attribute. To underscore this point, I conducted a random

selection of 25 patent filings per subclass within my primary control group (i.e., diagnos-

tic medical devices based on non-radiation technologies) and performed the text analysis

described above for these selected filings. The results indicated a notably low relevance

33This approach is in the similar spirit to Galasso and Luo (2021), who directly compared patent counts
of RMTs with patent counts of non-RMTs in response to a set of over-radiation accidents involving CT
scanners in late 2009.
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score associated with ”risk-mitigating” among those patents, further reinforcing the nature

of RMT as a subclass-specific attribute.

Given this constraint, I opt to maintain patent counts as the principal metric while

estimating the impact on patent attributes using the difference-in-differences (DID) specifi-

cation. I would like to acknowledge that interpreting the magnitude of these DID estimates

requires caution. The β coefficients in equation 1.8 and equation 1.9 encapsulate changes

in the number of patents with specific attributes in response to more stringent safety stan-

dards relative to patent counts of other non-diagnostic medical devices. Given that patents

within this control group lack relevance to radiation risk mitigation, any observed changes

associated with β represent absolute increases or decreases.

1.5.3 Specification for Patent Quality

It is crucial to keep in mind that a rise or drop in patent counts does not necessarily

represent changes in meaningful innovation. To address this concern, I begin by following

the standard practice in the literature and using forward citations as a proxy for patent

quality. As briefly mentioned in 1.4.1, I construct two sets of outcomes: the age-adjusted

forward citations received per patent and the private market value associated with patent

issuance.

When using age-adjusted forward citations as the metric of patent quality, I check

the heterogeneous effects on patent counts across the distribution of patent quality. To do

so, I first remove application year and patent-class effects and identify the (filtered) citation

distribution to which each patent belongs. Concretely, I collapse all raw forward citation data

to the class-year cell and then characterize the median of citation counts for each patent class

in year t. In other words, I compare the number of citations each patent receives relative to

its cohort (i.e., all patents applied under the same patent class and within the same calendar

year). I further determine if the number of citations received by each patent is below or above

this class-level median within the cohort (measured by the year of application) and separate
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the below-median observations and the above-median observations for each patent subclass

every year. Eventually, I re-collapse these data to the subclass-year cell. This method results

in two distinct samples for each patent subclass: a “high-quality sample” and a “low-quality

sample.” These samples enable a detailed examination of how the RCHSA affected patent

counts across different levels of patent quality. Once patents are allocated to these citation-

based categories, I estimate the effect of the RCHSA on patent counts separately for the

”below-median” sample and the ”above-median” sample, employing the same specifications

outlined in equation 1.6 and equation 1.7.

I also construct the share of high-quality patent counts for each subclass-year cell and

estimate the following regression specification:

Sharesct+1 = α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct (1.10)

1Sharesct+1>0 = α+ βTreatsc × Post1969t + ρsc + ηt + ϵsct (1.11)

where Sharesct+1 is the intensive margin — the share of high-quality patents, and 1Sharesct+1>0

is the extensive margin, indicating whether the propensity to innovate is positive within a

subclass-year cell. Using these alternative metrics ensures we capture the relative changes

in the number of high-quality patents filed under each subclass per year evolved following

the RCHSA.

When turning to the private market value as the dependent variable, I use the KPSS-

Compustata sample, where the unit of observation is firm-class-year. The corresponding

empirical specification is:

log(private market valueisct+1) = α+ βTreatsc × Post1969t + θi + ρsc + ηt + ϵisct (1.12)

where i denotes firm, sc represents patent subclass, and t indexes year. In addition to

controlling for subclass fixed effects (ρsc) and year fixed effects (ηt), I have the flexibility

to incorporate firm fixed effects (θi) due to the panel nature of the current sample. Conse-

quently, the key coefficient β captures the causal effect of the RCHSA on the one-year lagged

market value among publicly traded firms.
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1.5.4 Threat to Identification

Admittedly, there are several concerns and limitations related to my identification strat-

egy listed above. In this subsection, I discuss how to address some of them in turn.

Parallel Trends Assumption: The key assumption of a stylized DID framework

states that in the absence of the policy shock, there should be no differences in patenting

rates between the treatment and control group. To test this assumption, I employ an event

study specification shown in equation 1.13:

log(PatentCountsct+1 + 1) = α +
11∑

i=−8

βt+iTreatsc × yeart+i + ρsc + ηt + ϵsct (1.13)

where yeart+i is a set of indicators denoting whether a year is the i th year before or after the

enactment of the RCHSA. In this specification, the baseline year is 1969 and the coefficient

associated with one year prior to the treatment has been normalized to zero. This event-study

approach offers several advantages over a standard difference-in-differences (DID) model. It

provides a more flexible and transparent depiction of the data, ensuring that the assumption

of parallel trends is satisfied in the context of this study. Additionally, it accounts for any

dynamic effects that may arise due to the RCHSA.

Confounding Factors: It is possible that other concurrent shocks could affect the

patenting activity of my treatment and control groups differently. If the subclass and year-

fixed effects cannot fully capture such confounding factors, one would expect a correlation

between Post1969t and the error term ϵsct.

For example, there might have been technological breakthroughs or other large-scale

policy changes for some specific technologies that drove up the growth of patent counts in

either the treatment or the control group after 1969. One such example is the introduction

of computed tomography (CT) technology in the early 1970s, which revolutionized medical

imaging.34 To address this issue, I investigated the robustness of my findings by excluding the

34The first CT was invented in 1972 for head scanning. See
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8555965/, last access April 30, 2024.
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subclass associated with CT, specifically A61B6/03, from the treatment group. Moreover,

my event study analysis showed an increase in patenting activities under A61B6 one year

right after the RCHSA. The timing of these effects indicates even in the absence of CT,

we could observe the positive effect on innovation. I also re-scale my analysis to the class-

month-year analysis and directly restrict the sample period to 1965-1971.35 Eventually, I

used a triple difference-in-differences specification, where foreign firms serve as the additional

control group, to ensure any technology breakthrough could be controlled. Taken together,

all four pieces of evidence demonstrate the robustness of my results, thereby alleviating

concerns due to the introduction of CT.

1.6 Results

This section first presents my main estimates for the overall effect on patent counts

associated with diagnostic X-ray medical devices. In Section 1.6.2, I then discuss how two

key patent attributes, the mitigation of radiation risk and the generation of radiation, are

affected by more stringent safety standards. Finally, regarding patent quality, I present

estimates based on the empirical specifications listed in Section 1.5.3.

1.6.1 Effects on Patent Counts

In Table 1.1, I describe my main results regarding the effects on patent counts. The

estimates are derived from the specification listed in Section 1.5.1. Panel A reports the

coefficient estimates based on raw patent counts, and Panel B shows all results when using

the number of patents weighted by the number of their forward citations, an alternative

measure of patent quantity that considers the innovation’s quality.

In the first three columns, I use the baseline OLS model to quantify the effects on

patent counts, measured as the natural logarithm of raw/citation-weighted patent counts.

Shifting to the last three columns, a Poisson model is employed to account for the skewness

35I choose the starting point as 1965 to mitigate the concern that including observations prior to 1965
might introduce more confounding factors due to Medicare (in effect since 1965).
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of my count data. Throughout these columns, I incorporate three distinct control groups

to test the robustness of my findings: “NR-DME” denotes non-radiation diagnostic medical

equipment, “Implants” refers to medical implants (under patent class A61F), and “Drugs”

pertains to drugs (e.g., medicinal preparations containing organic active ingredients) under

class A61K.

As illustrated by the estimates in Panel A of Table 1.1, there is a remarkable, significant

upsurge in patenting rates across all specifications: the RCHSA resulted in a statistically

significant increase of 79.9% (= exp(0.587)-1) in the number of patents filed relating to

diagnostic x-ray medical devices, in comparison to other non-radiation diagnostic medical

equipment. Equivalently, the RCHSA led to 1.33 additional patents per subclass every year

(the pre-treatment average number of patents under A61B6 is 1.66 per subclass every year).

This indicates that the imposition of more stringent (enforceable) product safety standards

has positively affected overall patenting activities within my particular context. Panel B

of Table 1.1 provides the results for citation-weighted patent counts. The effect is slightly

larger: having the RCHSA in place indicates a statistically significant increase in the quality-

adjusted innovation measure by at least 123.89% (= exp(0.806)-1).

I implement two sets of exercises to address the concern of spillovers across patent

classes or technology types. Firstly, throughout the main analysis, I exclude two patent

classes (A61B5 and A61B8) in the control group composed of non-radiation diagnostic medical

device (NR-DME) patents. This is because, according to the USPTO, these two classes are

most likely to share technological similarities with A61B6, thereby more likely to be exposed

to spillovers under the RCHSA. When including them in the NR-DME control group, the

magnitude of my estimates shrank substantially: the RCHSA led to an increase in the

patenting rate of diagnostic medical devices by 52.81% (=exp(0.424)-1) or equivalently, 0.88

more patents per subclass every year. This change in the magnitude suggests some positive

spillovers imposed by the RCHSA on A61B5 and A61B8; the point estimate 0.424 reflects a

relative increase in radiation-based medical device patents.
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Further, I consider “drugs” as the least contaminated control group. The observed dif-

ference in magnitude may then encapsulate several spillover effects on other conceptually

unaffected patents.36 At first glance, comparing the estimates in column (3) and column (6)

reveals a smaller increase in patenting rates when using non-radiation diagnostic medical

equipment as the control group. This evidence suggests that the RCHSA can impose some

positive spillovers on the conceptually “clean” group. The channels at play are at least two-

fold. On the supply side, firms can pool resources in innovation activities and research and

development (R&D), such as labor, financial resources, equipment, technologies, etc. The

innovation triggered by the RCHSA among radiation-based medical devices may further

stimulate technological development for others. On the demand side, shifts in consumer risk

perception following the RCHSA may lead radiologists and physicians to be more cautious

about over-radiation, resulting in a greater hesitancy to prescribe relevant medical practices.

Patients might also overestimate the radiation risk of such devices and opt for their substi-

tutes (e.g., non-radiation diagnostic equipment). In either scenario, the expected expansion

in market size for these non-radiation substitutes has the potential to drive an upsurge in

innovation.

Meanwhile, the RCHSA appears to have a potentially negative spillover effect on inno-

vation in medical implants. This effect can be attributed to two primary mechanisms: the

substitution effect in production and the complementary effect on the demand side. The

substitution effect suggests that the RCHSA might chill innovation in specific medical im-

plants or redirect innovation efforts toward x-ray diagnostic products. This reallocation of

resources could occur if a substantial portion of resources is invested into one area, con-

sequently crowding out the resources available for developing other technologies. On the

demand side, if medical implants and X-ray diagnostic devices complement each other, a

decrease in demand for X-ray devices would lead to a drop in demand for medical implants.

36Here, regarding the least “contaminated” control group, it means drugs may share fewer technical
similarities with diagnostic radiation medical devices on the supply side. On the demand side, it’s also
reasonable to argue that drugs are less likely to be prescribed alongside diagnostic X-ray medical practices
as a substitute or complementarity.
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This, in turn, could significantly reduce the market size for implants and hinder innovation

activities.

Figure 1.2 plots results based on my event-study specification. Overall, the trend of

these point estimates closely corresponds with the evidence presented in Figure 1.1. Prior to

the passage of the RCHSA, there were no discernible differences in patenting rates between

the treatment and control groups.37 When safety standards were in effect, one can see an

immediate significant rise in the patenting rate of X-ray machines. It is worth noting that

in the 1960s, the average application-grant lag in patenting was approximately 2.14 years

for diagnostic X-ray machines. Therefore, this jump in patent counts cannot be attributed

to an anticipatory effect, whereby companies rushed to patent their existing technologies,

emphasizing safety features in anticipation of the regulation.

Another noteworthy feature of these event-study estimates is that starting from 1976,

the positive innovation effects began to fade out over time. As mentioned in section 1.4.6,

it might be attributed to either the enactment of the 1976 Medical Device Amendments or

the dynamic nature of medical innovation.

1.6.2 Effects on Patent Attributes

Apart from the direct effects on patent flows/counts, I argue earlier in Section 1.3 that

the RCHSA could distinctively change the development of new technologies emphasizing

different attributes. In particular, these key attributes have important implications for firms’

strategies in the presence of stricter safety regulations. Empirical evidence regarding this

theoretical prediction is presented in this subsection.

Risk-Mitigating Technologies

In Table 1.2, I summarize my estimates for the impact on risk-mitigating technologies

following the RCHSA. Panel A and B present results based on the CPC approach and the

37From onwards, I define my primary control group as including all patents related to non-radiation
diagnostic medical equipment.
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text-analysis approach, respectively. In the first three columns, the key outcome of interest

is the probability of having any patent applied under a subclass in year t ; the dependent

variable in the last three columns is the natural logarithm of raw patent counts. In line with

the main result for the overall patenting rate in Table 1.2, I choose three control groups:

non-radiation diagnostic medical devices, medical implants, and drugs.

As shown in column (1) - column (3), the number of patents with the risk-mitigating

feature significantly increased, both statistically and economically. Across all specifications,

this result is consistent and indicates in response to the stricter safety standards, the raw

count of patents emphasizing radiation risk mitigation and consumer protection increased

by 64.2% (= exp(0.496)-1) (column 1 in Panel A) relative to other non-radiation diagnostic

medical equipment. Comparing results in Panel B to those derived from the CPC approach

(Panel A), although the magnitude of my estimates slightly declines, both the direction and

the significance remain consistent and robust. This finding is aligned with my theoretical

prediction: risk-mitigating technologies serve to cope with the increased (expected) damage

costs induced by the RCHSA. Later in Section 1.7, I will elaborate on this channel in greater

detail and provide more supporting evidence.

When considering the interpretation of the magnitude, it’s interesting to note that the

magnitude of my estimates is similar when using NR-DME and drug patents as the control

group. Meanwhile, the estimate is larger when using medical implant patents as the control

group, again suggesting the potential negative spillovers on these medical technologies. This

pattern aligns well with my results shown in Table 1.1.

Radiation-Generating Technologies

As shown in Table 1.3, the enactment of the RCHSA also induced a statistically sig-

nificant increase in patent flows associated with radiation-generating technologies under the

broad patent class A61B6. This increase amounted to 72.1% (= exp(0.543)-1) relative to all

other non-radiation medical device patents. Once again, comparing these estimates across
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different control groups suggests that the RCHSA had spillover effects on other technologies,

including non-radiation diagnostic medical equipment and medical implants.

Upon examination of estimates related to radiation-generating devices and risk-mitigating

technologies, it is interesting to note a similarity in magnitude (0.496 vs. 0.543 when using

non-radiation diagnostic medical device patents as the primary control group). These find-

ings appear to imply that under the RCHSA, technologies reducing radiation exposure are

developed simultaneously with new X-ray devices.

Following the specification outlined in equation 1.13, again, I provide evidence against

the concern that pre-existing trends drove increases in X-ray medical device patenting since

the passage of the RCHSA. All the coefficient estimates associated with those pre-treatment

indicators are not statistically different from zero. Meanwhile, the dynamic effects presented

in Figure 1.4 also closely resemble those shown in the case of risk-mitigation technologies

(Figure 1.3): the patenting rate only temporarily and slightly rose one year after the en-

actment of the RCHSA and then dropped (although not statistically significant). It was

not until four years after the passage of the RCHSA (approximately 1973) that one could

observe another wave of new technologies. Such similarities in patent flow between innova-

tion emphasizing safety features and production innovation further indicate there’s a good

chance that these technologies are complementary in production.

Innovation Complementarity in Production

Why would one expect stricter safety standards can induce an increased rate of patent-

ing among technologies emphasizing radiation-generating? As highlighted in the theoretical

framework in Section 1.3, this pattern could be explained by the complementarity of in-

novations: When firms adopt RMT as a strategy to avoid defective products and reduce

compliance costs, the marginal benefit of producing new devices relying on radiation gener-

ating also rises, thereby spurring product innovation.
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To fix ideas, consider an example emphasizing both features: on December 28, 1968,

General Dynamics Corporation filed a patent, namely US3567941A (the patent file is pre-

sented in the Appendix Figure 1.5).38 According to the abstract, this is

“A readily conveniently table nonelectrical radiographic device for exposing X-ray

sensitive film by utilizing a radiation source which emits electromagnetic radiation

at or near the X-ray region (such as pure thulium 170 as the preferred source) as

a gamma ray emission source and which incorporates multiple safety features in-

tegrally interrelated in such a manner as to enable a relatively untrained operator

to utilize the machine or exchange power sources.”

The device described above apparently encompasses both the risk-mitigating feature

and the radiation-generating trait, thereby being assigned under two distinct subclasses

(A61B6/06 and A61B6/107). If the number of patents with both of these characteristics

increases following the RCHSA, it is possible that the two features are positively correlated

and complementary to each other in the production process. After examining patent files

under A61B6, I have identified 86 patents that possess these particular features and have

depicted their patenting trend in Figure 1.5. This suggests a strong connection between the

two features.

In Table 1.4, I provide more empirical evidence supporting this channel. The outcome

of interest is the number of patents filed under patent class c in year t. Instead of including

all A61B6 patents in the treatment group, I restrict my attention to this subset of patents

encompassing dual features and categorize them as the treated class. In the first three

columns, I report my point estimates with the OLS model and the results using a Poisson

model in the last three columns. Across all columns, it is quite evident that the RCHSA

indeed led to a rise in counts of patents with both risk-mitigating features and radiation-

generating traits by at least 56.6%. These results show that introducing stricter product

38The patent file is available here: https://patentimages.storage.googleapis.com/a3/36/9a/13a0f52673f1ad
/US3567941.pdf, last accessed April 30, 2024.
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safety standards can simultaneously inflate the patenting rate for both RMT and product

innovation, underscoring the complementary nature of these two types of innovations.

I also present some firm-level evidence to demonstrate the complementarity of risk-

mitigating technologies and new radiation-based devices. In Table 1.5, I focus on a subset of

publicly traded firms in the Compustat-KPSS sample, satisfying the following two conditions:

(1) the firm has a prior patenting history in medical devices emitting radiation, and (2) the

firm has data available throughout the sample period, 1960-1980. Overall, I find among

these firms that are most likely to have “defective products,” the patenting rate for risk-

mitigating technologies increased significantly. At the same time, the patenting rate for

radiation-generating technologies also experiences a rise with a similar magnitude. This

additional evidence further demonstrates the complementarity channel at the firm level.

1.6.3 Effects on the Quality of Innovation

Beyond the quantity of innovation activities, I also follow the extensive literature on

innovation and test if the safety regulation affects the quality of innovation. Essentially,

the efficacy of such regulations in promoting innovation hinges on whether they foster high-

quality patents that stimulate radical innovation or merely generate minor patents that yield

limited impacts, that is, incremental innovation.

The Distribution of Patent Quality

A standard measure of patent quality is the number of forward citations received by

each patent (Pakes and Griliches, 1980). Yet, this metric is not free of concern. One notable

limitation is namely the first-mover effect: the first papers/patents in a field will receive

citations at a rate enormously higher than papers/patents published later, regardless of

their actual content, quality, and value (Newman, 2009, 2014). To account for this bias, I
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follow the method proposed by Galasso and Luo (2022) and check the heterogeneous effects

on patenting rates across the entire distribution of citations.39

The basic idea is straightforward: we aim to “normalize” citation counts by the average

number of citations received by all patents in the focal patent’s application year. To this

end, I first allocate each patent to its respective citation distribution within its cohort (i.e.,

all patents applied under the same patent class in the same year) and classify whether it

falls into the category of low quality (below the median of citations) or high quality (above

the median of citations). I then aggregate all low-quality and high-quality patents at the

subclass-year level, respectively. This way, I constructed two primary samples whose unit

of observations is subclass-year. In the low-quality sample, each observation corresponds to

the count of low-quality patents filed under subclass sc in year t. The high-quality sample,

in contrast, includes the count of high-quality patents applied under a subclass per year.

Results based on this metric are shown in Table 1.6. Across all columns, the dependent

variable is the natural logarithm of patent counts. A Poisson model is applied to account for

the highly skewed distribution of my data. I present my estimates in the first two columns,

using all A61B6 patents within the treatment group. Interestingly, higher safety standards

appear to favor innovation among high-quality patents, with an increase of 88.6% in the

patenting rate. When moving to patents emphasizing the mitigation of radiation risk, the

magnitude of changes in patenting rates among low-quality patents is almost identical to that

of their high-quality counterparts. In the last two columns, we can again observe that the rise

in patent counts among the high-quality ones is slightly more prominent. Taken together,

this exercise reveals at least two patterns: First, the innovation effect is universal across

the industry (i.e., all diagnostic X-ray medical devices are affected). Second, stricter safety

standards favor high-quality patents, especially those emphasizing radiation generation (i.e.,

product innovation).

39Alternatively, I estimate the impacts of the RCHSA on the number of forward citations per patent and
the citation-weighted patent counts (now shown in this paper): Neither of these estimates is statistically
significant. These insignificant results might be partially due to the structure of my citation data and thus
reinforce the necessity to consider the “first-mover” effect in measuring innovation quality.
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Table 1.7 summarizes my results regarding the impact on the share of high-quality

patents. The dependent variable is the likelihood of having at least one high-quality patent

in a subclass-year cell in odd-numbered columns, while the even-numbered columns show

the log of the share of high-quality patents. Overall, these point estimates imply the propen-

sity to have high-quality patents rose significantly when the RCHSA was in effect (by 17.4

percentage points).

Private Market Values

When analyzing companies listed on American stock exchanges, I utilized the patent

market value from Kogan et al. (2017) as a measure of patent quality. This metric uses the

excess stock returns for patenting firms on the date of the patent’s issuance date recorded

in the USPTO official gazette.

In Table 1.8, I separately provide the coefficient estimate for all A61B6 technologies,

risk-mitigating technologies, and radiation-generating technologies. These results all point

to the fact that in response to the RCHSA, the quality of patents filed by publicly traded

firms improved. To be concrete, the market value increased by 2.3%, 1.1%, and 2.1%,

respectively. Taken together, my empirical findings based on both the forward citations and

private market value highlight imposing safety standards has the potential to bolster patent

quality.

1.6.4 Who Invented?

Recall the premise of my theoretical framework: firms respond to regulatory pressure

by innovating. In this subsection, I present supporting evidence to echo this theoretical

argument.

To start, I will check directly whether the main contributors to this surge in innovation

are firms or independent inventors. By reading the inventors’ and assignees’ names of each

patent of interest, I manually separated these patents into two groups: independent and firm.
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As briefly mentioned in Section 1.4.2, independent patents refer to those either without any

assignee, assigned to (original) inventors, or assigned to other individuals (i.e., investors).

By contrast, I define all patents initially assigned to firms as firm patents. This category

typically includes patents from inventors employed by firms with in-house R&D labs and

are obliged to assign the invention to their employers by contract.

Firmi,sc,t+1 = α+ βTreatsc ×After1969t + θsc + µt + ϵi,sc,t (1.14)

Equation 1.14 lists the main specification in this analysis. The dependent variable is an

indicator of whether the inventor is a firm. I control for both patent subclass fixed effects

and year fixed effects. Put differently, I aim to check the composition effect of the RCHSA

with this specification.

The main results are presented in Table 1.9. Column (1)-(3) report the point esti-

mates for β with the treatment group as all A61B6 patents, A61B6 patents emphasizing

safety features, and A61B6 patents capturing the trait of “radiation generation,” respec-

tively. Throughout all the columns, one can tell it is firms that primarily contribute to the

policy-induced innovation activities. The probability of being a firm patent increased by

17.8 percentage points if a patent is under any subclass of A61B6. This pattern is consistent

among A61B6 patents emphasizing safety features and addressing radiation generation.

I also re-run the regression specified in equation (6) but focus on firm patents and

individual patents separately. Table 1.10 then summarized these results. In column (1),

(2), (4), and (5), the regression specification is the baseline DID model; in column (3) and

column (6), a triple DID is applied:40

log(Countsf,sc,t+1 + 1) =α+ β1Treatsc ×After1969t × Firmf + β2Treatsc ×After1969t+

β3Treatsc × Firmf + β4Firmf ×After1969t + θsc + µt + Firmf + ϵf,sc,t

(1.15)

40To implement this triple DID analysis, I reconstruct my primary sample: I append the sample composed
of all individual patents to the one that including all firm patents. In other words, I have another balanced
panel whose unit is patent-subclass.
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Results for the baseline DID model indicate that we can observe an upward surge in

innovation activities among firms along both the extensive and intensive margins (column

1 and 4). Conversely, a decline in the outcome of interest is consistently observed (column

2 and 5) among individual patents. The point estimates from column 3 and column 6

reinforce these patterns: Compared to individual patents, the increase in patenting rate is

more evident among firm patents.

In summary, the distinction between the responses of firms and individual inventors in

innovation underscores two key points: First, firms are indeed actively involved in developing

and patenting more relevant technologies following the RCHSA, which is in line with the

theoretical argument I presented. Second, individual inventors’ lack of response or even

negative response suggests that the RCHSA might impose some adverse effects on (local)

angel investors. For example, a more stringent and rigid regulatory environment can reshape

local investors’ risk perception toward new projects for radiation-related products. If such

investors exhibit more concerns about radiation risk in general, a decline in the supply of

external funding might hinder innovation from independent inventors. This argument is

consistent with a prior agenda claiming that (local) angel investors are the key source of

financing/marketing for independent inventors (Babina, Bernstein and Mezzanotti, 2020;

Nicholas, 2010).

1.7 Mechanisms

1.7.1 Regulatory Compliance Costs

To start, I provide some qualitative evidence about the increasing compliance costs

imposed by the RCHSA. According to United States. Department of Health and Welfare

(1973), enforcement and compliance actions were taken right after the passage of the RCHSA.

“ ... Fifty-eight manufacturing plant inspections were made during 1972 involving

45 microwave oven manufacturers, 12 television receiver manufacturers, and one

cold-cathode demonstration tube manufacturer ... At the end of 1972, there

were 28 active compliance investigations involving defects, noncompliance with
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a performance standard, or test program disapproval ... 7 cases involve dental

X-ray equipment, 4 involve medical X-ray equipment investigation ...”

“ During the past year (1972), eight compliance actions were initiated involving

medical and dental X-ray equipment. In one compliance case, a pinhole radiation

leak was discovered in the tube housing of a diagnostic X-ray machine, creating

the possibility of unnecessary exposure to patient or operator. Six compliance

cases were initiated against the importers and distributors of a dental X-ray

machine. In another compliance case, a fluoroscopy table was found to have

an unacceptable failure rate, which could expose a patient to up to 2-1/2 times

the required radiation. The manufacturer is replacing the defective diode in all

machines in order to correct the problem.”

In light of these descriptions, the FDA acted to go against the radiation risk asso-

ciated with defective devices and components. To provide more quantitative evidence, I

revisited my primary results in Table 1.2: In the treatment group, I only include patents

under two subclasses A61B6/54 (“control of apparatus or devices for radiation diagnosis”)

and A61B6/58 (“testing, adjusting or calibrating apparatus or devices for radiation diagno-

sis”), which both directly emphasize controlling and lowering radiation emissions, instead of

protecting patients with external safety apparatus (e.g., shield under A61B6/10). In Figure

A11 and Figure A12, two examples of the A61B6/54 patent and the A61B6/58 patent are

presented.

As shown in Table 1.11, the patenting rate increased by 65.9% (= exp(50.8)-1) among

subclass A61B6/54 and A61B6/58 (column (3)), relative to that of other diagnostic medical

device patents. The magnitude of these estimates is quite similar to that of my main results

(shown in column (1)). This additional evidence demonstrates manufacturers are incorporat-

ing “new means”, which can directly reduce radiation emissions, to lower compliance costs

in response to the regulation.
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1.7.2 Litigation Risk of Defective Products

The first alternative channel through which the RCHSA increased firms’ innovation

incentives is by amplifying litigation risk associated with defective products. It is noteworthy

that when referring to litigation risk, I refer to cases arising from private litigation due to

product liability (Viscusi and Moore, 1993). The concern here is two-fold: first of all, the

initial GE recall in 1967 not only triggered the enactment of the RCHSA, but also scaled up

litigation risk associated with all electronic products emitting radiation. Second, the RHSA

per se can substantially change the legal environment, thereby inducing a spike in liability

risk.41

In terms of the relationship between litigation risk and innovation, several prior studies

provide some insights. For example, Viscusi and Moore (1993) argue that when the litigation

risk is sufficiently low, the correlation between innovation intensity and litigation risk is

positive. Galasso and Luo (2022) found that in the context of medical implants, liability

risk can percolate throughout a vertical chain and impose a significant chilling effect on

downstream innovation. Rogers (2023) documented the fact that when being exempted

from litigation risk, firms would respond positively in innovation.

Private Litigation Targeting X-ray Medical Devices

To empirically explore this mechanism, I collect information from Westlaw on the

number of federal/state cases involving GE as one of the defendants and general X-ray

medical devices.42. In particular, I searched the database using two keywords in the full

text: General Electric (and other variations of the company’s name) and X-ray medical

device(s). I primarily focus on lawsuits in the following categories: personal injury/health

care/pharmaceutical personal injury/product liability; personal injury/product liability, per-

sonal property/product liability, and contract/product liability.

41For example, the 1960s and 1970s were decades of “tumult in products liability law.” Courts were
transforming a negligence regime into a strict liability regime based on product “defect” rather than manu-
facturers’ or retailers’ “fault.” State jurists sought to extirpate from strict product liability several concepts
grounded in negligence or fault-based liability” (Bell, 2019).

42See https://legal.thomsonreuters.com/en/westlaw, last accessed April 30, 2024
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Figure 1.6 plots the number of litigations involving X-ray medical devices due to product

defects. There was no discernible change in case counts around the focal point of 1967,

suggesting that the surge in patenting activity observed in Section 6 may not be tremendously

driven by an increase in product liability litigation.43

Patenting Activities between Domestic and Foreign Firms

To demonstrate litigation risk (if any) did not have a tremendous impact on innovation,

I also compare changes in patenting activities between domestic and foreign firms. Concep-

tually, one might expect that if liability risk were the sole driving factor, the RCHSA would

impose little effect on innovation efforts that address safety enhancements among foreign

firms. This argument is built on some narrative evidence drawn from prior legal studies. For

example, Klerman (2011) argues that

“Product liability law in many foreign jurisdictions is less consumer-friendly than

in the United States, and contingent fees are seldom allowed. As a result, the

costs of suing abroad and the low probability of fully compensatory damages

mean that injured consumers are likely not to sue at all if the only available

forum is outside the United States. This, of course, reduces the incentive of

foreign manufacturers to design and produce safe products. In addition, it gives

foreign companies a competitive advantage over American firms and encourages

U.S. firms to relocate abroad.”

Overall, it suggests that “even though foreign producers selling products in the US

generally face the same product liability rules as domestic producers, US plaintiffs face

complexities and additional legal costs (e.g., matters of personal jurisdiction, conflicts of laws,

and greater difficulties in enforcing judgment) that make foreign producers less concerned

about liability risk (Galasso and Luo, 2022).”

In the meantime, recall in Section 1.2, I briefly described that “any relevant electronic

product offered for importation into the United States which fails to comply with applicable

performance standards or to which is not affixed a certification in the form of a label or tag

43Using the timing and number of lawsuits as a proxy for litigation risks is in the similar spirit of Galasso
and Luo (2022), who plot the evolution of lawsuits against DuPont in Appendix Figure A1.
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in conformity with section 358(h) shall be refused admission into the United States.” In this

regard, it suggests the innovation incentives for some foreign manufacturers may also get

inflated following the RCHSA.

Table 1.12 reports my primary empirical evidence. In Panel A and B, I summarize the

estimates for U.S. and foreign firms separately. The dependent variable is the number of

patents filed by U.S./foreign firms in a subclass-year cell. In column (1) and column (3), the

results are based on the baseline DID specification. Consistent with the above theoretical

argument, domestic firms are more inclined to patent both risk-mitigating and radiation-

generating technologies following the RCHSA. Examining the magnitudes associated with the

estimates (0.551 vs. 0.557), we can re-assure that risk-mitigating and radiation-generation

technologies are likely complementary in production. Meanwhile, it is interesting that even

accounting for uncertainties in the domestic legal environment, the innovation effect on

foreign firms is statistically significant and positive. It thus suggests a large part of the rise

in innovation activities could be attributed to the regulation per se.

Another advantage of comparing patenting activities between domestic and foreign firms

is that it enables me to better control for potential confounding factors affecting my treat-

ment and control groups differentially. For example, if there were technological progress

for radiation-based diagnostic medical devices during the reference period, one may raise

concerns about the validity of my identification strategy. To address this issue, I incorpo-

rate the country of patent assignees as the additional variation in a triple DID model. Put

differently, foreign firms serve as the control group and account for some common trends

in patenting X-ray diagnostic medical technologies. The results in Table 1.13 indicate that

relative to foreign firms, US firms are more likely to respond to the RCHSA in patenting

both risk-mitigating and radiation-generating technologies (by 57.3% and 34.3%).

Patenting Activities between GE and Non-GE Firms

Last but not least, I directly assess whether the patenting activities of GE significantly

differ from those of other firms. The basic assumption is that the initial GE recall in 1967

might have imposed more litigation risk on GE per se relative to its competitors in the

market.
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Table 1.14 presents the estimated effects on patent counts by technology for GE and

non-GE domestic firms. The treatment group in the first two columns includes all patents

under class A61B6. In column (3) and column (4), the treatment group is defined as a

subsample of A61B6 patents emphasizing safety features. The last two columns in Table

1.14 represent the case where the treatment group comprises all A61B6 patents addressing

radiation-generating technologies. Point estimates in the odd-numbered columns are based

on a sample consisting of patents filed by GE. Results from the even-numbered columns

represented the case for all non-GE firms.

Based on what we can observe in all odd-numbered columns in Table 1.15, little evidence

shows that GE responded positively in innovation following the RCHSA. By contrast, patent

counts increased significantly (by 65.9% for risk-mitigating technologies and by 57.1% for

radiation-generating technologies) within non-GE domestic firms. In an event study spec-

ification similar to equation (13), I separately estimate the dynamic effects of the RCHSA

on patent flows for GE and non-GE firms. As shown in Figure 1.3 - Figure 1.4, the upward

surge in patenting (for both risk-mitigating technologies and radiation-generating technolo-

gies) is exclusively contributed by non-GE firms. The point estimates from Figure A17 and

Figure A18 implies that first of all, there is no significant and sizable rise in patent counts

around the incidence of GE recall; second, higher performance standards did not induce GE

to develop either risk-mitigating technologies or new products.

The above empirical findings are clearly not aligned with the hypothesis that increased

litigation risk encouraged GE per se to prioritize investing in innovation. More interestingly,

one possible channel to rationalize the decline in GE’s patenting rate is that if most of

GE’s products have met the minimum performance standards under the RCHSA, GE could

stand to benefit from these standards and reduce investments in innovation. This is because

higher safety standards protected GE from competing or at least helped GE avoid higher

compliance costs.

1.7.3 (Expected) Market Size Expansion

According to Leland (1979), imposing minimum quality standards would mitigate asym-

metric information between buyers and suppliers. This quality assurance effect improves the
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average quality available to consumers ceteris paribus, thereby increasing their willingness

to pay for these regulated goods and services. In the presence of this positive demand shock

for medical procedures involving equipment based on X-rays, firms’ incentives to innovate

will increase in response to this (expected) expansion in market size (Schmookler, 1966).

To investigate whether changes in consumer demand may have contributed to the in-

creased patenting activity, I construct a novel data set by digitizing information from the

National Hospital Discharge Survey (NHDS), as described in Section 1.4. Specifically, I use

the number of short-term hospital discharges per year as a proxy for demand and define the

treatment group as the radiology service. To estimate the effect of changes in demand on

patenting activities, I employ the following regression model:

yimt = α + βTreatm × Post1969t + ψi + θm + µt + ϵimt (1.16)

where yimt is the natural logarithm of the total number of discharges related to service typem

under the demographic/hospital/regional group i in year t. Treatm is an indicator equaling

to one if the medical procedure is the radiology service, and After1969t denotes whether

the year includes and after 1969. ψi is a set of group-specific fixed effects (i.e., age group,

gender, region, or hospital size). θm and µt are the medical procedure fixed and year fixed

effects, respectively.

Table 1.15 delivers some tentative evidence. The dependent variable is the natural

logarithm of the number of discharges, and through column (1) to column (3), I separately

estimate equation 1.11 with three samples based on patients’ age and sex, the size of hospitals,

and the region where a hospital is located. Point estimates from Table 1.3 all indicate that

when imposing the RCHSA of 1968, the number of short-stay hospital discharges involving

radiology services did not change significantly, suggesting that relative to other types of

medical procedures, stricter safety regulations targeting diagnostic x-ray medical devices

imposed little effects on the utilization of radiation-based medical devices.
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1.7.4 Approval Uncertainties

Besides regulatory compliance costs, the passage of the RCHSA may also introduce

another type of fixed cost on firms’ end: approval costs, or, say, costs stemming from approval

uncertainties Stern (2017). For example, the presence of more stringent safety performance

standards can mechanically result in longer periods for the FDA to review and approve

products. Faced with a process for any new device with higher approval costs, firms may

strategically shift their innovation efforts and prioritize the development of technologies and

features that directly address safety features outlined in these standards. By doing so, firms

can streamline the approval process, minimize delays, and reduce fixed costs.

However, this theoretical hypothesis does not align with the historical institution during

the 1960s and 1970s. As highlighted in Section A.2. in the Appendix, the FDA had little

power of pre-marketing approval or subsequent disapproval in the case of medical devices

before 1976 Finck (1974). In particular, general medical device manufacturers did not go

through the pre-marketing approval process for any new device that was produced. The

manufacturer is not mandated to show that a new device is effective, safe, and reliable for

its purported use. Instead, the historical regime centers on ex-post regulations: the FDA

relied on complaints or its own discoveries before the regulatory authority could be invoked.

1.7.5 Changes in Product Market Competition

The last plausible explanation for the observed increase in patenting activities is asso-

ciated with changes in market structure following the RCHSA. In essence, stricter product

safety regulations can substantially change product market competition in equilibrium (Atal,

Cuesta and Sæthre, 2022), thereby distorting firms’ incentives to innovate.

As the first-order effect, setting higher (minimum) safety performance standards can

directly influence product market competition (PMC) through at least two key channels,

among many others: increasing fixed costs and driving up market size.44 Following the

44Admittedly, another complexity regarding product market structure is that manufacturers may collude
and endogenously set the minimum performance standards by forming trade organizations and lobbying the
government. For example, if a trade organization successfully lowers the stringency of safety standards (i.e.,
reducing the extent to which the minimum quality standard dampens the quality competition), it then leaves
room for firms to collude further and reduce competition.
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theoretical models outlined in Budish, Roin and Williams (2015) and Atal, Cuesta and

Sæthre (2022), I briefly summarize these two forces in turn.45

45From the theoretical perspective, Marette (2007) argues under perfect information about safety for
consumers, the standard is always compatible with competition: The absence of standard due to safety
overinvestment by firms only emerges under competition in quantities and a relatively low cost of safety
improvement. However, under imperfect information about safety among consumers, the standard often
leads to a monopoly situation, essentially covering the cost of safety improvement. However, for relatively
high values of this cost, a standard cannot impede the market failure arising from the lack of information.
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Increased Fixed Costs: On the supply side, one can conceptualize that a typical firm

would face a two-stage decision when innovating: invention and commercialization (Budish,

Roin and Williams, 2015; Rogers, 2023). In the first stage, firms develop ideas and invest in

R&D till the new technology is patentable. In the second stage, firms decide whether the

newly invented technology/product could enter the market. Higher safety performance stan-

dards can inflate fixed costs in both phases. To be concrete, during the invention phase, these

standards may drive up regulatory pressure and mandate firms to comply with (“regulatory

compliance costs”).46 At the point of entry or say, commercialization, higher performance

standards would potentially result in approval delays, thereby triggering approval costs.47 48

Together, if these two types of fixed costs are too high, safety performance standards can

lead to exit, deter entry, and stifle product market competition Atal, Cuesta and Sæthre

(2022).

Expanded Market Size: Consumers also demand new medical devices subject to

friction due to asymmetric information. Without the intervention of any product safety reg-

ulation, consumers cannot distinguish between high- and low-quality products. As a result,

safety performance standards serve to resolve market failure, thus increasing consumers’

willingness to pay for products under regulation.

In sum, the equilibrium effect of safety regulations on market structure hinges on several

factors. A thorough analysis of this first-order effect is beyond the scope of my paper and

essentially requires a structural model ((see for example, Atal, Cuesta and Sæthre, 2022)).

Building on these theories and taking into account changes in product market structure (if

any), I now turn to discuss the indirect impact of safety regulations on innovation activities

via competition.

46The theoretical framework outlined in Section 1.3 builds on this line of argument.
47For example, firms may face financing costs if approval costs exceed their assets Buera and Shin (2013).
48Of course, in the current regulatory regime, the approval requirement of the FDA plays a key role in

delaying product commercialization (Pietzsch, Zanchi and Linehan, 2012). However, it is noteworthy that
these approval costs might be negligible in my context, wherein the current risk-based regulatory regime has
not been introduced. This is because the FDA’s historical regulation for medical devices did not require
manufacturers to register with the Secretary of the Department of Health, Education, and Welfare. Put
differently, the Secretary had no power of approval and subsequent disapproval before a medical device was
marketed. The Appendix discussed detailed institutional features in Section A.2.
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Prior seminal work has emphasized an inverted-U relationship between competition and

innovation (see, for example, Aghion et al., 2005): product market competition discourages

laggard firms from innovating but encourages neck-and-neck firms to innovate.49 Drawing

on this line of theoretical predictions, if higher safety standards reduced product market

competition, one may expect the documented rise in patent counts to reflect a surge in

innovation incentives of non-incumbent firms exclusively. In contrast, if the increase in

market size is sufficiently large and intensifies competition pressure, incumbent firms could

primarily contribute to the induced innovation. That said, in either case, there should be

a significant difference in innovation activities between incumbents and new entrants with

stricter safety standards in place.

From the empirical perspective, it’s challenging to test this channel when product-firm-

level data are unavailable directly. As a result, I implement three complementary exercises

to provide suggestive evidence: drawing on the description from Birnbaum (1984), taking

publicly traded firms as a proxy for incumbents, and using a firm’s prior patenting history

to infer whether it’s incumbents.

Narrative Evidence from Birnbaum (1984)

As mentioned in Birnbaum (1984), in March 1980, eleven semistructured interviews

of up to two hours were conducted among congressional representatives and administra-

tors from the Bureau of Radiological Health, the Bureau of Medical Devices, the National

Electrical Manufacturers Association, the Health Industries Manufacturing Association, and

the American Association for Medical Instrumentation. In the meantime, complementary

questionnaire responses were collected from firms representing 62 percent of the medical di-

agnosis and medical therapy market segments. Based on such qualitative data, seven firms

were identified that accounted for 78% of the medical diagnostic market and 90% of the

medical therapy market in 1980.

49As Aghion et al. (2005) argued, firms’ innovation incentives hinge heavily on the difference between post-
innovation and pre-innovation rents of firms. As a result, more competition can facilitate innovation when
it reduces a firm’s pre-innovation rents by more than it reduces its post-innovation rents, thereby enabling
such firms to escape from competition. This escaping competition effect is more prominent in sectors where
incumbent (or, say, neck-to-neck) firms are operating at similar technological levels. In contrast, when
innovations are made by laggard firms with low initial profits in the first place, increased competition
pressure would primarily affect post-innovation rents and thus hinder innovation.
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Combined data on market share in 1974 (drawn from Hale and Hale (1978)), Birnbaum

(1984) argued “major changes in market leadership were identified.” In addition, based

on the average growth rate of 23.3% over the 16 years, the medical X-ray market grew in

excess of the U.S. economy, and one would “expect greater competition and volatility over

market share earlier in the growth phase before 1974.” Overall, this description suggests that

throughout the 1960s and 1970s, the medical X-ray industry did not experience a substantial

reduction in product market competition.

Innovation Activities from Publicly Traded Firms vs. Other Private Firms

To supplement the above qualitative evidence, I next use U.S. publicly traded firms

identified in the KPSS-Compustat sample as a proxy for incumbents. Table 1.16 reports my

estimated effects on patent counts filed by publicly traded firms (column (1) and column

(4)) and other private firms (column (2) and column (5)), respectively.

My first set of regressions is the baseline difference-in-differences analysis with patents

filed by US publicly traded firms in a class-year cell as the dependent variable.50 Results are

reported in the first and the fourth columns of Table 1.16: relative to non-radiation diagnos-

tic medical device technologies, both risk-mitigating and radiation-generating technologies

experienced a significant and sizable increase after 1969. I repeat this exercise and focus on

patents filed by other private firms in column (2) and column (5). Similarly, I documented

a significant rise in patenting rate within these non-publicly traded firms. I also report the

main results in the third and last column using a triple difference-in-differences specifica-

tion. That said, for each class-year cell, I crate two observations, one for patent counts

for publicly traded firms and the other for other private firms as the assignee. The total

number of observations is thus twice as many as that in column (1) (2) (4) and (5). The key

coefficient associated with the triple interaction term (Treatc×Post1969t×KPSS ) captures

the differential effect of the RCHSA on innovation between incumbents and entrants.

50When aggregating patent counts at the subclass-year level, data distribution for publicly traded firms is
highly skewed. Therefore, I choose to aggregate data at the class-year level.
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Innovation Activities from Firms with Prior Patenting History

In addition, I follow Gross (2023) and use a firm’s patenting history to infer if it’s an

incumbent. Concretely, a firm will be defined as an “incumbent” if it has filed at least

one patent application between 1950 and 1967. Of course, this approach is not free of

concerns. For example, since there is no way to track the history of a firm’s entry, exit, and

mergers/acquisitions, it is indeed quite hard to tease out potential selection bias.

Table 1.17 summarizes these results by technology types: in column (1) and column (3),

the point estimates represent the impact on innovation among all incumbent firms; coefficient

estimates for entrants are listed in the even-numbered columns. In sum, we can observe both

incumbents and entrants are more engaged in innovation following the RCHSA. Together

with results from Table 1.16, it implies that the RCHSA did not shape technology progress

for incumbent firms and new entrants in a substantially different way. These findings contrast

with the hypothesis that changes in competition are a primary driver of innovation in my

context.

1.7.6 Technological Breakthrough

In a 1963 article published in the Journal of Applied Physics, Allan Cormack proposed

a method to improve tomographic imaging: computed tomography (CT) technology. Rather

than use X-rays to make photographs, Cormack suggested that physicians measure X-rays

after they passed through a body to see how much radiation had been absorbed. In 1972,

EMI developed and started selling its first generation of head scanners using CT techniques,

targeting the U.S. market. EMI was also able to secure reimbursement for CT procedures

from Medicare after demonstrating the effectiveness of its head scanner.

It is reasonable to argue that the entry of CT head scanners shocked manufacturers,

leading to a wave of follow-on innovations in X-ray medical devices. As a result, the up-

ward surge in A61B6 patent counts could be partially attributed to this technology-specific

breakthrough. However, note that my event-study results in Figure 1.3 and Figure 1.4 show

that there was a significant rise in patenting rates for both the risk-mitigating technology

and radiation-generating technology in one year right after the RCHSA. In other words,
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the timing of effects helps alleviate concerns that the invention and entry of CT technology

primarily drives my results.

Furthermore, I implemented another exercise to prove the robustness of my results

besides drawing evidence from event-study results. Instead of using a subclass-year panel, I

reconstructed my sample, and the unit of observations is now at the class-month-year level.

Put differently, this new sample tracks information for the number of patents filed under each

broad patent class within each month of the year. I then estimate the following regression

model:

ycmy = α + βTreatc × Post1968my + θc + µm × ψy + ϵcmy (1.17)

where c denotes patent classes, m indexes months, and y indexes years. Treatc is an indicator

for whether a patent belongs to A61B6 and Postmy means whether a month-year pair is after

11/1968. I include a set of “month-year” fixed effects and patent class fixed effects in this

specification.

In the meantime, I also complement the above analysis with a two-part spline specifica-

tion with knots in June 1969 and January 1973, which summarizes the event-study estimates

and improves the precision of estimation relative to the event-study specification.

ycmy = α+ β1Treatc × Post1968my + β2Treatc × Post1973my + θc + µm × ψy + ϵcmy (1.18)

where β1 and β2 capture the impacts on innovation, following the RCHSA and the entry of

CT, respectively.

Finally, I directly drop all patents under subclass A61B6/03 to check the robustness of

my main results. I also exclude patents under the parent subclass A61B6/02 in this round of

robustness checks to account for the fact that a parent subclass may contain residual patents

that cannot be easily categorized into a specific children subclass.

Table 1.18 presents these results. Across columns, coefficient estimates in Panel A

suggest that, on average, the RCHSA was associated with an increase in patent counts of

A61B6 (excluding CT patents) by 25.5%, or 0.366 per month. Rescaling this number to the

annual level, it indicates having the RCHSA in place, there was an increase of 4.392 in patent

counts under A61B6 per year, similar to our main results (an increase of 4.184 per year at
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the patent class level). In Panel B, I repeat the exercise but extend the reference period

to 1975: Again, I find the positive effect associated with the passage of the RCHSA is not

absorbed by an indicator for the entry of CT technology, thereby ruling out the possibility

that my treatment group was substantially contaminated by this additional shock. In Panel

C, all the magnitude, direction, and significance of my estimates are quite similar to those

shown in Table 1.1.

1.7.7 The Medical Device Amendments of 1976

It is worth noting that the Medical Device Amendments to the FD&C Act in 1976 is

another important policy shock that may affect the causal interpretation of the estimates.51

The 1976 Act was enacted to ensure the safety and effectiveness of medical devices and in-

troduced a risk-based classification system for all medical devices. The Act also established

regulatory pathways for new medical devices prior to their marketing and introduced several

key post-market requirements. There is a potential concern that including the post-MDA

period may lead to differential effects on innovation incentives for treated and control sub-

classes due to institutional changes. To address this concern, I changed the reference period

and restricted my sample to 1960-1975, one year prior to the 1976 Amendments. At the

same time, I drop all patents under A61B6/03.

Based on the coefficient estimates presented in Table 1.19, it appears that, on average,

the RCHSA resulted in a 44.9% increase in patenting (or an increase of 0.64 patents per

year) in the A61B6 subclass. This represents a slight decrease in the estimated effect size

relative to the results in Table 1.1, which suggested an increase of 58.7% (or say, 0.85 more

patents per year). Thus, this exercise reassures me that the potential confounding effect of

the MDA is not a serious concern in my setting.

51See https://www.govinfo.gov/content/pkg/STATUTE-90/pdf/STATUTE−90−Pg539.pdf, last accessed
April 30, 2024.
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1.8 Heterogeneous Effects: Financing Constraint

So far, I have demonstrated that the safety regulation increased both the quantity and

quality of innovation related to diagnostic X-ray medical devices. In this section, I turn to

explore whether and how these effects depend on firms’ financing constraints.

A voluminous literature emphasized the relationship between financial frictions and in-

novation (see, for example, Caggese, 2019). In a context like mine, financial frictions may

arise in the product development phase. For example, in the presence of stricter prod-

uct safety standards, firms with better access to financial resources have more flexibility in

choosing cost-saving innovation as an option to combat higher compliance costs. As noted

in Miravete and Permoas (2006), whether product innovation and process innovation are

complements or substitutes in production is determined by the supply-side environment.

One such driver could be the availability of accessible resources: If a company has limited

resources, it may have to trade off its investment in new products against improvements in

process innovation. By contrast, if a large company has sufficiently relaxed resource con-

straints, it could pursue both types of innovation simultaneously, leading to a complementary

relationship between product innovation and RMTs. Drawing on firm-level data from Kogan

et al. (2017), I examine the sensitivity of firms’ patenting rates to firms’ financing constraints

as follows.

To start with, I first assess if the RCHSA per se directly distorted firms’ financing per-

formance, including capital intensity (capital-labor ratio), financial leverage (debt/assets),

cash balances (cash/assets), cash flow (cash flow/assets), dividend payout (current divi-

dends/assets), and sales. Along all the above dimensions, there is little evidence that the

imposition of safety regulations significantly altered relevant outcomes. It thus suggests that

the regulation did not significantly affect firms’ financial performance, as well as their input

mix.

In Table 1.20, I estimate a firm-level regression as follows to capture the heterogeneous

effects:

yict+1 = α + βTreatc × Post1969t + log(#of employees) + θi + ψc + ϕt + ϵict (1.19)
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where yict+1 denotes the number of patents filed by firm i under class c in year t+1. The

annual number of employees within a firm here is a proxy for firm size and has been included

as a control. Treatc indicates whether a patent belongs to diagnostic x-ray medical equip-

ment. Post1969t denotes whether the RCHSA is in place in year t. A number of fixed effects

are also included: firm fixed effects (θi), class fixed effects (ψc), and year fixed effects (ϕt).

Table 1.20 presents how the RCHSA affected the patenting rate across the distribution of

firms’ dividend payout, which is often seen as an inverse proxy for the severity of financing

constraints. In particular, I allocate assignees (firms) into four categories: whether the

dividend payout of a firm is below the 25th percentile, between the 25th percentile and

the 50th percentile, between the 50th percentile and the 75th percentile, or above the 75th

percentile. Overall, I find the increase in patent counts is significant among firms with higher

levels of dividend payouts.

1.9 Conclusion

Striking a balance between safeguarding consumers and advancing medical technology

poses a multifaceted challenge, especially within the medical device industry. In this pa-

per, I empirically assess how imposing stricter safety performance standards affected new

technologies’ development through a historical lens. Exploiting the passage of the Radiation

Control for Health and Safety Act (RCHSA) in 1968 as a quasi-experiment, I find patents

related to diagnostic X-ray medical devices experienced a drastic increase in quantity (by

at least 42.4%), as well as quality. These positive effects hold for both technologies em-

phasizing radiation protection and new devices relying on radiation, which are likely to be

complementarities in production.

To disentangle the mechanisms at play, I conducted various empirical tests. My findings,

together with narrative evidence, suggest that regulatory compliance costs drive up firms’

innovation incentives rather than increased liability risk, higher approval uncertainties, ex-

panded market size, or substantial changes in product market competition. To elaborate, a

rise in compliance costs under stricter safety standards induced firms to prioritize cost-saving

innovation, thereby resulting in a surge in new technologies mitigating radiating risk. This
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influx of risk-mitigating technologies, in turn, intensifies the marginal benefits of developing

new X-ray-based medical devices and further fosters product innovation.

My paper provides novel evidence to the sparse empirical work investigating the inter-

play between product quality regulation and innovation. In particular, it emphasizes that,

facing a highly stringent regulatory regime, firms can take innovation as a strategy to com-

bat increased costs and mitigate risk. It also highlights the delicate nature of designing

policy instruments to address product safety and quality: in a context wherein technologies

themselves can interact, even regulations targeting a single dimension can create unexpected

spillovers to other technology classes.

This paper emphasizes at least two priorities for future research. Beyond quantifying

firms’ innovation strategies and activities, assessing how such safety regulations affect the

diffusion and adoption of relevant technologies is crucial. For example, besides altering

consumers’ perceived quality, stringent safety regulations could bolster healthcare facilities’

incentives to adopt X-ray medical machines if the profitability of adopting safer devices

outweighs its costs. Measuring effects along this margin is important because the overall

welfare effects of product quality regulation hinge on whether consumers can directly access

these induced new technologies. Further, reconciling various channels, which are outlined

in both prior work (Viscusi and Moore, 1993; Galasso and Luo, 2022; Rogers, 2023) and

mine, within a structural model offers another promising and challenging avenue for future

research.
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Table 1.1: Effects of the RCHSA on Patent Counts (1960-1980)

OLS Poisson
NR-DME Implants Drugs NR-DME Implants Drugs

Panel A. raw counts
Treatc×Post1969t 0.587∗∗∗ 0.674∗∗∗ 0.557∗∗∗ 0.607∗∗ 0.805∗∗∗ 0.728∗∗∗

(0.122) (0.120) (0.119) (0.200) (0.236) (0.203)
Panel B. citation-weighted
Treatc×Post1969t 0.806∗∗∗ 0.998∗∗∗ 0.845∗∗∗ 0.501∗∗ 0.471∗∗ 0.298∗

(0.221) (0.203) (0.185) (0.199) (0.238) (0.178)
# of obs. 1,407 1,974 2,667 1,407 1,974 2,667

subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period (1960-1980). The dependent variable of all
regressions in column (1) - (3) is the natural logarithm of the annual patent counts filed under a patent
(sub)class in year t. The dependent variable of all regressions in columns (4) - (6) is the annual patent counts
filed under a patent (sub)class in year t. “NR-DME” denotes non-radiation diagnostic medical equipment,
“Implants” represents medical implants under the broad patent category A61F, and “Drugs” means all drugs
and chemical substances under the category A61K. In Panel A, the outcome of interest is constructed based
on the raw patent counts and in Panel B, the outcome is constructed using the citation-weighted patent
counts. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.2: Effects of the RCHSA on Patent Attributes (Risk-Mitigating)

OLS Poisson
NR-DME Implants Drugs NR-DME Implants Drugs

Panel A. CPC approach
Treatc×After1969t 0.496∗∗∗ 0.583∗∗∗ 0.466∗∗∗ 0.602∗∗∗ 0.799∗∗∗ 0.722∗∗∗

(0.108) (0.105) (0.104) (0.221) (0.254) (0.223)
# of clusters 54 81 114 54 81 114
# of obs. 1,134 1,701 2,394 1,134 1,701 2,394
Panel B. text-analysis
Treatc×After1969t 0.425∗∗ 0.513∗∗∗ 0.395∗∗∗ 0.809∗∗∗ 1.006∗∗∗ 0.930∗∗∗

(0.114) (0.112) (0.111) (0.169) (0.211) (0.173)
# of clusters 67 94 127 67 94 127
# of obs. 1,407 1,974 2,667 1,407 1,974 2,667
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period. The treatment group in this set of regressions
includes all A61B6 patents emphasizing risk-mitigating. The dependent variable of all regressions in columns
(1) - (3) is the natural logarithm of the annual patent counts filed under a patent (sub)class in year t.
The dependent variable of all regressions in columns (4) - (6) is the annual patent counts filed under a
patent (sub)class in year t. “NR-DME” denotes non-radiation diagnostic medical equipment, “Implants”
represents medical implants under the broad patent category A61F, and “Drugs” means all drugs and chemical
substances under the category A61K. In Panel A, the treatment group is constructed based on the CPC code;
in Panel B, the treatment group is constructed using the text analysis algorithm. All standard errors are
clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.3: Effects of Radiation Control on Patent Attributes (Radiation Generating)

OLS Poisson
NR-DME Implants Drugs NR-DME Implants Drugs

Panel A. CPC approach
Treatc×After1969t 0.543∗∗∗ 0.630∗∗∗ 0.513∗∗∗ 0.754∗∗ 0.951∗∗∗ 0.874∗∗∗

(0.170) (0.168) (0.167) (0.295) (0.320) (0.296)
# of clusters 59 86 119 59 86 119
# of obs. 1,239 1,806 2,499 1,239 1,806 2,499
Panel B. text-analysis
Treatc×After1969t 0.492∗∗∗ 0.579∗∗∗ 0.462∗∗∗ 0.934∗∗∗ 1.132∗∗∗ 1.055∗∗∗

(0.136) (0.134) (0.133) (0.246) (0.276) (0.248)
# of clusters 67 94 127 67 94 127
# of obs. 1,407 1,974 2,667 1,407 1,974 2,667
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period (1960-1980). The treatment group includes
all A61B6 patents. The dependent variable of all regressions in column (1) - column (3) is the natural
logarithm of the annual patent counts filed under a patent (sub)class in year t. The dependent variable of
all regressions in column (4) - column (6) is the annual patent counts filed under a patent (sub)class in year
t. “NR-DME” denotes non-radiation diagnostic medical equipment, “Implants” represents medical implants
under the broad patent category A61F, )and “Drugs” means all drugs and chemical substances under the
category A61K. In Panel A, the treatment group is constructed using the CPC-code approach; in Panel B,
the treatment group is constructed using the text-analysis algorithm (i.e., I choose A61B6 patents with low
relevance score). All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.4: Effects of Radiation Control on Patent Attributes (Dual Features)

OLS Poisson

Treatc×Post1969t 0.730∗∗ 0.752∗∗∗ 0.566∗∗ 1.259∗∗∗ 1.433∗∗∗ 1.403∗∗∗

(0.288) (0.266) (0.267) (0.404) (0.389) (0.391)
# of obs. 126 147 273 126 147 273
control group NR-DME Implants Drugs NR-DME Implants Drugs
class FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period. The unit of observation is class-year. The
dependent variable of all regressions in column (1) - (3) is the natural logarithm of the annual patent counts
filed under a patent (sub)class in year t. The dependent variable of all regressions in column (4) - (6)
is the annual patent counts filed under a patent (sub)class in year t. “NR-DME” denotes non-radiation
diagnostic medical equipment, “Implants” represents medical implants under the broad patent category
A61F, and “Drugs” means all drugs and chemical substances under the category A61K. Standard errors are
in parenthesis.
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Table 1.5: Evidence of Innovation Complementarity

Dependent Variable: log(patent counts+1)
Risk-Mitigating Radiation-Generating

Treatc×Post1969t 0.134∗∗∗ 0.102∗

(0.048) (0.058)
firm FE Yes Yes
class FE Yes Yes
year FE Yes Yes
# of obs. 1,134 1,134

Note: Data are drawn from the KPSS-Compustat sample, including all patents granted and applied for
at the United States Patent and Trademark Office in the reference period. The unit of observation is at
the firm-class-year level. The dependent variable of both regressions is the natural logarithm of the annual
patent counts filed under a patent (sub)class in year t. Standard errors are in parenthesis.
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Table 1.6: Effects on Patent Counts across Patent Quality Distribution

Dependent Variable: log(patent counts+1)
All Risk Mitigating Radiation Generating

Treatsc×Post1969t 0.706∗∗∗ 0.473∗∗∗ 0.533∗∗∗ 0.334∗∗∗ 0.664∗∗∗ 0.346∗∗

(0.123) (0.134) (0.052) (0.087) (0.155) (0.170)
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
sample high-quality low-quality high-quality low-quality high-quality low-quality
# of clusters 68 68 54 54 59 59
# of obs. 1,428 1,134 1,134 1,239 1,239 1,239

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO and CUSP sample, including all patents granted and applied for at
the United States Patent and Trademark Office in the reference period. The unit of observation is patent
subclass-year. The dependent variable of all regressions is the annual patent counts filed under a patent
(sub)class in year t. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.7: Effects of the RCHSA on Share of High-Quality Patents

All Risk Mitigating Radiation Generating
1share>0 log(share+1) 1share>0 log(share+1) 1share¿0 log(share+1)

Treatsc×Post1969t 0.174∗∗∗ 0.047∗ 0.114∗∗∗ -0.016 0.174∗∗∗ 0.058
(0.049) (0.028) (0.038) (0.018) (0.062) (0.040)

# of clusters 68 68 54 54 59 59
# of obs. 1,428 1,428 1,134 1,134 1,239 1,239
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO and CUSP sample, including all patents granted and applied for
at the United States Patent and Trademark Office in the reference period. The dependent variable of all
regressions is the share of high-quality patents filed under a patent subclass in year t. All standard errors
are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.8: Effects on Innovation Quality among Publicly Traded Firms

Dependent Variable: log(average market value)
All A61B6 Tech Risk-Mitigating Radiation Generating

Treatc×Post1969t 0.023∗∗∗ 0.011∗∗∗ 0.021∗∗∗

(0.006) (0.004) (0.006)
class FE Yes Yes Yes
year FE Yes Yes Yes
firm FE Yes Yes Yes
# of obs. 22,965 22,965 22,965

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO and CUSP sample, including all patents granted and applied for
at the United States Patent and Trademark Office in the reference period. The unit of observation is firm-
subclass-year. The dependent variable of all regressions is the annual patent counts filed by firm i under
a patent (sub)class in year t. All standard errors are clustered by patent subclass. Standard errors are in
parenthesis.
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Table 1.9: Effects on the Composition of Inventors (Firms vs. Independent Inventors)

Dependent Variable: 1Firm Patent

All A61B6 Patents Risk-Mitigating Radiation Generating

Treatsc×After1969t 0.178∗∗∗ 0.278∗∗∗ 0.185∗∗∗

(0.028) (0.081) (0.032)
subclass fixed effects Yes Yes Yes
year fixed effects Yes Yes Yes
Observations 10,641 9,148 9,786

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period. The unit of observation is individual patents.
The dependent variable of all regressions indicates whether the patent was assigned to firms. All standard
errors are clustered by patent subclass.
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Table 1.10: Effects on Patent Counts (Firms vs. Individual Inventors)

Dependent Variable: log(patent counts+1)
Risk-Mitigating Radiation Generating

Treatsc×Post1969t 0.778∗∗∗ -0.165∗∗∗ -0.165∗∗∗ 0.709∗∗∗ -0.032 -0.032
(0.142) (0.056) (0.055) (0.190) (0.053) (0.052)

Treatsc×Post1969t×Firmf - - 0.942∗∗∗ - - 0.740∗∗∗

- - (0.160) - - (0.168)
Firmf - - 0.255∗∗∗ - - 0.255∗∗∗

- - (0.057) - - (0.057)
# of clusters 52 52 52 59 59 59
# of obs. 1,092 1,092 2,184 1,239 1,239 2,478
sample firm individual full firm individual full
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the CUSP sample, including all patents granted and
applied for at the United States Patent and Trademark Office in the reference period. The unit of analysis
is subclass-year. The dependent variable of all regressions is the log of patent counts filed under a patent
class in year t. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.11: Effects of RCHSA on Patent Counts (Risk-Mitigating)

Including A61B6/10 Excluding A61B6/10
OLS Poisson OLS Poisson

Treatsc×Post1969t 0.479∗∗∗ 0.596∗∗∗ 0.508∗∗∗ 0.874∗∗∗

(0.108) (0.221) (0.146) (0.254)
# of clusters 52 52 51 51
# of obs. 1,092 1,092 1,071 1,071
subclass FE Yes Yes Yes Yes
year FE Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the CUSP sample, including all patents granted and
applied for at the United States Patent and Trademark Office in the reference period. The unit of analysis
is subclass-year. The dependent variable of all regressions is the log of patent counts filed under a patent
class in year t. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.12: Effects on the Composition of Inventors (Domestic vs. Foreign Firms)

Dependent Variable: log(Patent Counts+1)
Risk-Mitigating Radiation Generating

Panel A. domestic firms
Treatsc ×After1969t 0.609∗∗∗ 0.551∗∗∗ 0.611∗∗∗ 0.557∗∗∗

(0.143) (0.139) (0.196) (0.197)
# of private litigation - 0.022∗∗ - 0.020∗∗∗

- (0.010) - (0.007)
Panel B. foreign firms
Treatsc ×After1969t 0.155∗∗ 0.138∗ 0.316∗∗ 0.280∗∗

(0.067) (0.073) (0.136) (0.120)
# of private litigation - 0.007 - 0.013

- (0.007) - (0.008)
# of clusters 52 52 59 59
# of obs. 1,092 1,092 1,239 1,239
subclass fixed effects Yes Yes Yes Yes
year fixed effects Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the CUSP sample, including all patents granted and
applied for at the USPTO in the reference period. The unit of analysis is subclass-year. The dependent
variable of all regressions is the log of the annual patent counts filed under a patent class in year t. The
sample in Panel A includes all patents filed by domestic firms; Panel B includes all patents filed by foreign
firms. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.13: Effects of the Radiation Control on Domestic vs. Foreign Firms

Dependent Variable: log(Patent Counts+1)
Risk Mitigating Radiation Generating

Treatsc×Post1969t 0.609∗∗∗ 0.155∗∗ 0.155∗∗ 0.611∗∗∗ 0.316∗∗ 0.316∗∗

(0.143) (0.067) (0.066) (0.196) (0.136) (0.134)
Treatsc×Post1969t× Domestic - - 0.453∗∗ - - 0.295∗∗

- - (0.182) - - (0.126)
sample domestic foreign full domestic foreign full
# of clusters 52 52 52 59 59 59
# of obs. 1,092 1,092 2,184 1,239 1,239 2,478
subclass FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the CUSP sample, including all patents granted and
applied for at the USPTO in the reference period. The unit of analysis is subclass-year. The dependent
variable of all regressions is the natural logarithm of the annual patent counts filed under a patent subclass
in year t. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.14: Effects of the RCHSA on Patent Counts (GE vs. Non-GE Firms)

Dependent Variable: log(patent counts+1)
All Tech Risk-Mitigating Radiation-Generating

Treatsc×Post1969t -0.021 0.410∗∗∗ 0.019 0.506∗∗∗ -0.024 0.452∗∗

(0.073) (0.124) (0.167) (0.117) (0.090) (0.183)
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
sample GE non-GE GE non-GE GE non-GE
# of clusters 66 66 52 52 59 59
# of obs. 1,386 1,386 1,092 1,092 1,239 1,239

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the KPSS-Compustat sample, including all patents
granted and applied for at the United States Patent and Trademark Office in the reference period. The unit
of analysis is subclass-year. The dependent variable of all regressions is the natural logarithm of the annual
patent counts filed under a patent subclass in year t. All standard errors are clustered by patent subclass.
Standard errors are in parenthesis.
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Table 1.15: Effects of RC on the Utilization of Medical Services (1968-1970)

(1) (2) (3)
Demographic Groups Hospital Sizes Regional Groups

Treatc×Post1969t 0.098 0.089 0.077∗

(0.077) (0.088) (0.044)
service type FE Yes Yes Yes
year FE Yes Yes Yes
age × gender FE Yes No No
hospital size FE No Yes No
region FE No No Yes
# of obs. 120 108 72

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from NHDS sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period. I digitized key statistics for a variety of medical
procedures. The unit of analysis is group-type (of medical procedures)-year. The dependent variable of all
regressions is the natural logarithm of the annual number of discharges within a group (age, gender, region,
or type of hospital). “Demographic Groups” denotes that the data are collected based on patients’ age and
gender, “Hospital Sizes” represents the sample is grouped by the size of hospitals, and “Regional Groups”
means the data are assembled based on where a hospital is located. Standard errors are in parenthesis.
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Table 1.16: Effects on Patent Counts (Publicly Traded vs. Other Private Firms)

OLS Poisson

Treatc×Post1969t 1.351∗∗∗ 0.818∗∗ 0.818∗∗∗ 1.476∗∗∗ 0.903∗∗∗ 0.903∗∗∗

(0.303) (0.314) (0.287) (0.210) (0.256) (0.270)
Treatsc×Post1969t× KPSS - - 0.533 - - 0.573

- - (0.410) - - (0.361)
# of obs. 126 126 252 126 126 252
sample incumbent entrants full incumbent entrants full
class FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Note: Data are drawn from the USPTO sample and the KPSS-Compustat sample, including all patents
granted and applied for at the United States Patent and Trademark Office in the reference period. The unit
of analysis is class-year. The dependent variable of all regressions in column (1)-(3) is the natural logarithm
of the annual patent counts filed under a patent class in year t. The dependent variable in column (4)-(6) is
the patent count filed under each patent class in year t. Standard errors are in parenthesis.
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Table 1.17: Effects of the RCHSA on Patent Counts (by Prior Patenting History)

propensity to patent log(patent counts+1)

Treatc×Post1969t 0.017∗∗ 0.018∗∗∗ 0.018∗∗∗ 0.023∗∗ 0.017∗∗∗ 0.017∗∗∗

(0.008) (0.004) (0.004) (0.010) (0.003) (0.003)
Treatsc×Post1969t× Incumbent - - -0.001 - - 0.006

- - (0.009) - - (0.010)
mean of DV (1960-1967)
# of obs. 7,550 15,415 22,965 7,550 15,415 22,965
sample incumbent entrants full incumbent entrants full
firm FE Yes Yes Yes Yes Yes Yes
class FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Note: Data are drawn from the KPSS-Compustat sample. The unit of analysis is firm-class-year. The
dependent variable of all regressions in column (1)-(3) is an indicator for whether a patent has been filed by
firm i under a patent class c in year t. The dependent variable in column (4)-(6) is the natural log of patent
count filed by firm i under each patent class c in year t. Standard errors are in parenthesis.
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Table 1.18: Did the Entry of CT Matter?

NR-DME Medical Implants Drugs

Panel A: 1/1965-12/1971
Treatc×Post1969my 0.227∗∗ 0.290∗∗ 0.252∗∗

(0.113) (0.118) (0.107)
class FE Yes Yes Yes
month×year FE Yes Yes Yes
# of obs. 504 756 1,092
Panel B: dropping A61B6/03

Treatc×Post1969my 0.561∗∗∗ 0.674∗∗∗ 0.557∗∗∗

(0.122) (0.120) (0.119)
subclass FE Yes Yes Yes
year FE Yes Yes Yes
Observations 1,344 1,974 2,667

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample. The dependent variable of all regressions is the natural
logarithm of the annual patent counts filed under a patent (sub)class in year t. “NR-DME” denotes non-
radiation diagnostic medical equipment, “Implants” represents medical implants under the broad patent
category A61F, and “Drugs” means all drugs and chemical substances under the category A61K. All standard
errors are clustered by patent subclass in Panel C. Standard errors are in parenthesis.
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Table 1.19: Did the Medical Device Amendments to the FD&C Act in 1976 Matter?

OLS Poisson
NR-DME Implants Drugs NR-DME Implants Drugs

Treatc×Post1969my 0.371∗∗∗ 0.462∗∗∗ 0.386∗∗∗ 0.447∗∗∗ 0.612∗∗∗ 0.533∗∗∗

(0.116) (0.116) (0.112) (0.164) (0.187) (0.170)
subclass FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
Observations 1,056 1,504 2,032 1,056 1,504 2,032

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample. The dependent variable of all regressions in column (1) - (3)
is the natural logarithm of the annual patent counts filed under a patent (sub)class in year t. The dependent
variable of all regressions in column (4) - (6) is the annual patent counts filed under a patent (sub)class
in year t. “NR-DME” denotes non-radiation diagnostic medical equipment, “Implants” represents medical
implants under the broad patent category A61F, and “Drugs” means all drugs and chemical substances under
the category A61K. All standard errors are clustered by patent subclass. Standard errors are in parenthesis.
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Table 1.20: Effects of the RCHSA on Innovation (by Dividend Payout)

Dependent Variable: log(patent counts+1)

below 25th 25th-50th 50th-75th above 75th

Treatc×Post1969t 0.005 0.023∗∗∗ 0.030∗∗∗ 0.020∗

(0.007) (0.008) (0.009) (0.011)
# of obs. 4,945 5,300 5,400 5,510
class FE Yes Yes Yes Yes
firm FE Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample and the KPSS-Compustat sample, including all patents
granted and applied for at the United States Patent and Trademark Office in the reference period. The unit
of analysis is firm-class-year. The dependent variable of all regressions is the natural logarithm of the annual
patent counts filed by a firm under a patent class in year t. Standard errors are in parenthesis.
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Figure 1.1: Patenting Patterns for A61B6 vs. Non-Radiation Diagnostic Medical Devices

Note: Data are drawn from the USPTO data (1950-1990). The variable of interest is patent
count in each class-year cell.
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Figure 1.2: Event-Study Estimates for All A61B6 Patents

Note: Data are drawn from the USPTO sample Results are derived from the event-study
specification in equation 13. The control group includes all non-radiation diagnostic medical device
patents. All standard errors are clustered by patent subclass.
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Figure 1.3: Event Study Estimates for A61B6 Patents Emphasizing Risk-Mitigating

Note: Data are drawn from the USPTO sample. Results are derived from the event-study
specification in equation 13. The control group includes all non-radiation diagnostic medical device
patents. All standard errors are clustered by patent subclass.
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Figure 1.4: Event Study Estimates for A61B6 Patents Emphasizing Radiation Generating

Note: Data are drawn from the USPTO sample. Results are derived from the event-study
specification in equation 13. The control group includes all non-radiation diagnostic medical device
patents. All standard errors are clustered by patent subclass.
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Figure 1.5: Patenting Trend of A61B6 with Dual Features

Note: Data are drawn from the USPTO sample, including all patents granted and applied
for at the United States Patent and Trademark Office in the reference period. Results are derived
from the event-study specification in equation 13. The control group includes all non-radiation
diagnostic medical device patents.
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Figure 1.6: Trends in the Number of Lawsuits towards X-ray Medical Devices

Note: Data are drawn from Westlaw. This figure plots the number of lawsuits involving X-ray
medical devices from 1960 to 1980.
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Appendices

A.1. Historical Legislation and Regulation for Medical Devices

Figure A1: Timeline of Key Legislation and Regulation for Medical Devices

Note: This figure is from Burns, Johnson and Honeyman (2016), summarizing a collation of
key legislation and regulatory actions governing medical devices in the U.S.

A.1.1. Legislative History of Device Regulation Prior to 1976

This section briefly summarized the regulatory regime of medical devices in the U.S.

prior to the Medical Device Amendments in 1976. Most institutional information is directly

drawn from Finck (1974) and Udall (1984).

Medical device regulation was first established under two milestone legislative actions,

the Pure Food and Drug Act of 1906 and the Federal Food, Drug, and Cosmetic Act (FFDCA)

of 1938.52 In the 1906 Act, the FDA was granted the power to regulate “all medicines and

preparations ... for internal or external use ... intended for cure, mitigation or prevention

of diseases ...” Yet, it was not until the 1938 Amendments that the word “device” appeared

52This Act is widely known for requiring pre-market notification for the safety of new drugs. The pre-
market approval of the efficacy was included in the Drug Amendments of 1962.
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in the statutes and the FDA “embarked upon the prosecution of defective medical devices

moving in interstate commerce.” Medical devices were defined as (21 U.S.C. § 321 (h)):

... instruments, apparatus, and contrivances, including their components, parts

and accessories, intended (1) for use in the diagnosis, care, mitigation, treatment,

or prevention of disease in man or other animals; or (2) to affect the structure or

any function of the body of man or other animals.

There are some similarities between the statutory sanctions governing drugs and those

governing medical devices. For example, both drugs and devices are subject to prohibitions

against adulteration and misbranding. Once the case of adulteration and/or misbranding

is confirmed, the FDA can proceed and seize the item. Drugs and devices are subject to

identical court proceedings with an injunction following the seizure.

However, the FDA does not have the same authority over device manufacturers as it

does over drug manufacturers. For instance, device manufacturers are not required to register

with the Secretary of the Department of Health, Education and Welfare. They are free to

produce and market new devices without maintaining records or proving that the new device

is either safe, reliable, or effective. In other words, the Secretary has no power of approval or

subsequent disapproval. Moreover, the device manufacturer can even refuse the Secretary to

inspect records, files, papers, processes, production control procedures, and facilities in case

of suspected adulteration or misbranding. In particular, as noted in Finck (1974), the FDA

typically has to rely on complaints to its own discoveries before regulatory authority can be

revoked. Therefore, the regulatory scheme did not ensure the discovery of deficient medical

devices at all.

In terms of ex-post regulation, the FDA can act against a medical device in various ways.

First, it can seize one single device. The single seizure is followed by an in rem proceeding

during which the FDA seeks to have the device declared adulterated or misbranded. However,

the FDA is prohibited by statute from seizing others until an injunction is obtained. Second,

the FDA can secure an injunction against shipments of the defective device in interstate

commerce if the device has been declared adulterated or misbranded and experienced a
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further hearing. Third, if the device is believed to create imminent danger to health, the

FDA is empowered to make unlimited seizures.

From the early 1960s to 1975, six Presidential messages were given and 28 bills were

introduced to address medical device legislation. In congressional hearings in 1973, more

examples of hazards associated with medical devices were provided: prosthetic and ortho-

pedic implants of improper materials, cardiac defibrillators with faulty electrical circuitry,

incubators in which temperatures tubes with obstructions, and faulty valves on emergency

oxygen respirators (Udall, 1984). Eventually, such advancements culminated in the passage

of the Medical Device Amendments of 1976.

A.1.2. The Medical Device Amendments of 1976

The Medical Device Amendments of 1976 established an elaborate and detailed scheme,

more than doubling the length of the FFDCA (1938). The primary goal of this 1976 Amend-

ment is to “provide reasonable assurance of the safety and effectiveness of medical devices”

(FDA).53

The FDA was granted the authority to (1) create a three-class, risk-based classifica-

tion system for all medical devices, (2) establish the regulatory pathways for new medical

devices (devices that were not on the market prior to May 28, 1976, or had been signifi-

cantly modified) to get to market, (3) create the regulatory pathway for new investigational

medical devices to be studied in patients, (4) establish several key postmarket requirements:

registration of establishments and listing of devices with the FDA, Good Manufacturing

Practices (GMPs), and reporting of adverse events involving medical devices, and (5) ban

devices. Most importantly, the 1976 Amendments provided regulation based on the degree

of potential risk posed by a device.

A.2. Details on State Radiation Control

As of March 1, 1969, although 47 of 53 “states” (including Puerto Rico, the Virgin

Islands, and the District of Columbia) have passed legislation to authorize the control of

53See https://www.fda.gov/medical-devices/overview-device-regulation/history-medical-device-
regulation-oversight-united-states, last accessed April 30, 2024.
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ionizing radiation (Udall, 1984). Only 50% of these have adopted most of the provisions of

the Council of State Governments’ model regulations. As mentioned in Udall (1984),

“Major inadequacies in a number of State programs include (1) lack of regulations

or failure to update regulations to implement radiation control authority, (2)

insufficient funds and personnel to conduct comprehensive control programs in

the areas of ionizing and non-ionizing radiation, (3) no provision to license, certify,

or set qualifications for operators of X-ray machines used in the healing arts, and

(4) lack of uniformity in the control of health hazards from the use of radium

and accelerator-produced radionuclides including safety standards, inspection-

requirements, regulations, and enforcement.”

A.3. Sample Selection and Construction

In the primary analysis, I used several historical patent datasets to construct my samples

of interest. I first collected patent data from Google Patents, which directly records informa-

tion on successful applications for patents granted by the USPTO between 1960-1980. These

data include the full text of the patent (title, abstract, claims, and description) as well as

patent identification numbers, names of inventors/assignees (if any), CPC classification, and

application and publication (issue) years. One example of these patent files is provided in

Figure A7.

There are two primary limitations of this original USPTO sample. First, the information

on patent assignee only reflects the current assignees of a patent. Second, data on patent

citations are missing. To fix these issues, I turn to the supplementary dataset, the Compre-

hensive Universe of U.S. Patents Berkes (2018), draw information on each patent’s original

assignee and the cumulative citations counts, and merge patent identification number to the

USPTO data.

A.3.1 Other Historical Patent Data

Besides the CUSP (Berkes, 2018), there are several other historical patent datasets

available. For example, HistPat (Petralia, Balland and Rigby, 2016) contains issued U.S.
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Figure A2: Enabling Acts for Radiation Protection Regulations by State

patents filed from 1790 to 1978, collected from USPTO-digitized patent images. I prefer to

use the raw USPTO data, supplemented with the CUSP as the baseline patent data in this

analysis, instead of the HistPat, for several reasons.
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Figure A3: State Actions for General Radiation Protection

First, the fact that the HistPat only contains the data on patent issue dates rather than

patent filing dates is a central limitation. Because what I am interested in is exploring how

firms’ patenting activities responded to the RCHSA, long lags between patent applications

and patent grants can make my results more difficult to interpret. I thus extract information

from the CUSP data, which includes both filing and issue dates for each patent.

Second, the HistPat data only covers patents filed by U.S. firms and independent inven-

tors. However, as mentioned in Section 7.1.2, I am interested in investigating responses from

both domestic and foreign firms following the RCHSA to control for unobserved technologi-

cal breakthroughs uniformly affecting all entities. Note, as pointed out in , Andrews (2021),

while both the CUSP and HistPat datasets are very accurate, the CUSP has a slightly higher

error rate for the sample patents for patents according to the spot-checking. For this reason,

I first merge the CUSP data to the primary USPTO sample on patent identification num-

bers, and then carefully and manually identify whether a patent was filed by foreign entities

based on the nationality of its assignees.

Third, another limitation of the HistPat data is its relatively short time span (being

terminated in 1978). Recall in Figure 1.1, I emphasized the innovation effect induced by the
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RCHSA appears to fade out over time. To directly and transparently examine this pattern,

an event-study specification with detailed data on patenting in the subsequent period is

necessary. To do so, I rely on the USPTO-CUSP sample to implement such exercises.

A.3.2 Constructing KPSS-Compustat Sample

The primary firm-level sample of interest is constructed in the following three steps.

First, I merge all patent data under the broad category A61B from the KPSS data to the

CRSP data using the unique stock ID (permno). This way, I identify 443 unique firms in

total. Put differently, all firms have filed at least one A61B patent application from 1950

to 1990. Second, I manually merge the CRSP data of these 443 firms to the Compustat

data using the 9-digit firm identifier (CUSIP) and construct the CRSP-Compustat sample,

which includes 365 unique firms and 13,009 firm-year observations. Specifically, for each

firm with a history of A61B patenting, I include its relevant data from the Compustat at the

annual frequency. Finally, I collapse all patent data under A61B in the KPSS sample at the

firm-class-year level and merge these collapsed data back to the CRSP-Compustat sample.

The value zero is assigned to observation (patentict = 0) if the given firm i did not apply for

any patent under the class c in year t.
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Figure A4: Construction of the KPSS-Compustat Sample

A.4 Robustness of the CPC Approach

In the primary analysis, I relied on the detailed CPC code to distinguish the treatment

and control groups and identify key patent attributes. Here, I discuss some limitations of

this approach and how I address some of them in robustness checks.

Recall the information on the principal technological category of a patent is unavailable

in the CPC system. Thus, when using the patent subclass as the basic unit of analysis, it is

possible we may double-count a patent. To mitigate the concern, I re-collapsed all patents to

the class-year level and re-estimated the innovation effects. Table A1 presents the results of

this robustness check: relative to other non-radiation diagnostic medical equipment patents,

patent count relating to diagnostic X-ray medical devices increased by 61.8%, or say 13.65

patents per year under the class A61B6. These estimates are consistent with the results in

Section 1.6: there is a 42.4% increase (or equivalently 0.83 patents per subclass-year) among

diagnostic X-ray medical device patents.54

54Under the patent class A61B6, there are 16 two-dot subclasses. Thus, the class-level increase is equivalent
to 13.28 patents per class-year.
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Table 1.21: Effects of Radiation Control on Patent Counts (Class-Level Analysis)

OLS Poisson
NR-DME Implants Drugs NR-DME Implants Drugs

Treatc×Post1969t 0.618∗∗∗ 0.788∗∗∗ 0.654∗∗∗ 0.569∗∗∗ 0.814∗∗∗ 0.801∗∗∗

(0.159) (0.157) (0.141) (0.116) (0.117) (0.118)
mean of DV (1960-1967) 22.09 25.33 39.52 22.09 25.33 39.52
# of obs. 168 189 273 168 189 273
class FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the USPTO sample, including all patents granted and applied for at the United
States Patent and Trademark Office in the reference period. The dependent variable of all regressions in
column (1) - (3) is the natural logarithm of the annual patent counts filed under a patent (sub)class in year
t. The dependent variable of all regressions in column (4) - (6) is the annual patent counts filed under a
patent (sub)class in year t. “NR-DME” denotes non-radiation diagnostic medical equipment, “Implants”
represents medical implants under the broad patent category A61F, and “Drugs” means all drugs and chemical
substances under the category A61K.

A.5. Details on Text Analysis

In this section, I discuss my text-analysis approach in detail. I begin by describing the

primary objective of my text-analysis algorithm and then provide an illustrative example. I

also address a few threats to my current algorithm and propose some future directions to

improve the performance.

A.5.1. Reading Data from Patent Files

The primary goal of employing text analysis, as mentioned in Section 4.5.2, is to more

precisely describe and identify the patent attribute. To do so, I analyze the texts of diagnostic

X-ray medical device patents and determine if a patent emphasizes risk mitigation. I finally

categorize patents in my treatment group (A61B6) into two subsets: risk-mitigating patents

and radiation-generating patents.

The approach applied in my paper is somewhat similar to the sentiment analysis in prior

literature (Shapiro and Wilson, 2019; Shapiro, Sudhof and Wilson, 2022), which ranks and

rates the sentiment of a publication, writer, or speaker. Recent papers in innovation also

employed similar methods to describe and identify patent attributes (Dechezleprêtre et al.,
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2019; Clemens and Rogers, 2022). In particular, my approach is in the same spirit as the

simple Lexical Methodology, which “assigns a document a sentiment score based on the sum

or mean of the values assigned to the words in its text by the lexion” (Clemens and Rogers,

2022). Similar to the algorithm that makes use of lexicons that assign positive and negative

values to the sentiment associated with extensive lists of words, my text analysis vectorizes

both the keyword list and the patent data and assigns a relevance score to each patent by

using word embeddings.

A.5.2. Examples of Patent Texts

As mentioned in Clemens and Rogers (2022), when using algorithms to “extract eco-

nomic information from (patent) text, researchers must overcome errors driven by the com-

plexity of language.” In other words, there could be errors stemming from variations in a

word’s meaning across contexts. In particular, two terminologies capture these issues: poly-

semy and synonymy (Magerman et al., 2011). The former refers to the case wherein words

may have multiple, context-specific meanings, while the latter arises when multiple words

have the same meaning. Both may generate errors in my context.

For example, one of these keywords, “protection,” is tricky to work with since it has

multiple meanings under different scenarios. In one patent US4289142A, the word “protec-

tion” has been captured multiple times, but in most cases, it does not indicate consumer

protection. Instead, it emphasizes protecting the X-ray system against damage in the subject

while respiration is being monitored.

“Electrodes E1, E2 and EC are all coupled to suitable over-voltage protection

circuitry 210. Over-voltage protection circuitry 210 is primarily to protect against

damage to the monitor in the event of defibrillation procedures on the subject.

The over-protection circuitry, in effect, couples electrodes E1 and E2 and the

common reference electrode EC to the respective input terminals of a high input

impedance differential amplifier 212. Suitable over-protection circuitry 210 and

high input impedance amplifier 212 are shown in schematic form in FIG. 2b.”
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Meanwhile, when describing the trait “risk-mitigation,” inventors might use a variety

of terms. For example, in patent US4062518, three keywords are employed to emphasize the

feature of risk mitigation: shield/shielding, minimize, and protect/protecting/protection.

In this case, the issue of false negatives may arise when a relevant term relating to risk-

mitigating is not detected.

Figure A5: Example of Polysemy
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Figure A6: Example of Synonymy
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A.5.3. Future Work to Improve Accuracy

Going forward, I will focus on improving the accuracy of my algorithm. Most impor-

tantly, I am following Clemens and Rogers (2022) to construct a model “directly targeting the

issues of synonymy and polysemy.” In particular, instead of creating a relatively arbitrary

list of keywords like Galasso and Luo (2021), I will first identify each keyword’s synonyms.

The basic idea is to map all the patent text corpora to a vector space and use Word2Vec

to calculate the cosine similarity between each keyword and relevant synonyms within these

patent data. This modified model can generate a more comprehensive and less arbitrary list

of keywords to capture key traits, including risk-mitigating and radiation-generating.
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A.6. Patent Classification

Table 1.22: Description of Subclasses under A61B (Diagnosis)

A61B1 Instruments for performing medical examinations of the interior of
cavities or tubes of the body by visual or photographical inspection,
e.g. endoscopes; Illuminating arrangements therefor

A61B3 Apparatus for testing the eyes; Instruments for examining the eyes

A61B5 Measuring for diagnostic purposes; Identification of persons

A61B6 Apparatus for radiation diagnosis, e.g. combined with radiation ther-
apy equipment

A61B7 Instruments for auscultation

A61B8 Diagnosis using ultrasonic, sonic or infrasonic waves (imaging of ob-
jects using sonar G01S 15/00)

A61B9 Instruments for examination by percussion; Pleximeters

A61B10 Instruments for examination by percussion; Pleximeters

A61B13 Instruments for depressing the tongue

A61B16 Devices specially adapted for vivisection or autopsy (similar devices
for medical purposes, see the relevant groups for such devices ; autopsy
tables A61G 13/0027)
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Table 1.23: Description of Subclasses under A61F

A61F2 Filters implantable into blood vessels; Prostheses, i.e. artificial substi-
tutes or replacements for parts of the body; Appliances for connecting
them with the body; Devices providing patency to, or preventing col-
lapsing of, tubular structures of the body, e.g. stents

A61F3 Lengthening pieces for natural legs

A61F4 Methods or devices enabling patients or disabled persons to operate
an apparatus or a device not forming part of the body

A61F5 Orthopaedic methods or devices for non-surgical treatment of bones
or joints

A61F6 Contraceptive devices; Pessaries; Applicators therefor

A61F7 Heating or cooling appliances for medical or therapeutic treatment of
the human body

A61F9 Methods or devices for treatment of the eyes; Devices for putting-in
contact lenses; Devices to correct squinting; Apparatus to guide the
blind; Protective devices for the eyes, carried on the body or in the
hand

A61F11 Methods or devices for treatment of the ears or hearing sense; Non-
electric hearing aids; Methods or devices for enabling ear patients to
achieve auditory perception through physiological senses other than
hearing sense; Protective devices for the ears, carried on the body or
in the hand

A61F13 Bandages or dressings; Absorbent pads

A61F15 Auxiliary appliances for wound dressings; Dispensing containers for
dressings or bandages

A61F17 First-aid kits
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Table 1.24: Description of Subclasses under A61K

A61K6 Preparations for dentistry

A61K8 Cosmetics or similar toiletry preparations

A61K9 Medicinal preparations characterised by special physical form

A61K31 Medicinal preparations containing organic active ingredients

A61K33 Medicinal preparations containing inorganic active ingredients

A61K35 Medicinal preparations containing materials or reaction products thereof
with undetermined constitution

A61K36 Medicinal preparations of undetermined constitution containing material
from algae, lichens, fungi or plants, or derivatives thereof, e.g. traditional
herbal medicines

A61K38 Medicinal preparations containing peptides

A61K39 Medicinal preparations containing antigens or antibodies

A61K41 Medicinal preparations obtained by treating materials with wave energy or
particle radiation

A61K45 Medicinal preparations containing active ingredients not provided for in
groups A61K 31/00 - A61K 41/00

A61K47 Medicinal preparations characterised by the non-active ingredients used,
e.g. carriers or inert additives; Targeting or modifying agents chemically
bound to the active ingredient

A61K48 Medicinal preparations containing genetic material which is inserted into
cells of the living body to treat genetic diseases; Gene therapy

A61K49 Preparations for testing in vivo

A61K51 Preparations containing radioactive substances for use in therapy or testing
in vivo

A61K2121 Preparations for use in therapy

A61K2123 Preparations for testing in vivo

A61K2236 Isolation or extraction methods of medicinal preparations of undetermined
constitution containing material from algae, lichens, fungi or plants, or
derivatives thereof, e.g. traditional herbal medicine

A61K2300 Medicinal preparations characterized by the non-active ingredients used,
e.g. carriers or inert additives; Targeting or modifying agents chemically
bound to the active ingredient

A61K2300 Mixtures or combinations of active ingredients, wherein at least one active
ingredient is fully defined in groups A61K 31/00 - A61K 41/00

A61K2800 Properties of cosmetic compositions or active ingredients thereof or formu-
lation aids used therein and process related aspects
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A.7. Additional Figures

Figure A7: Example of A61B6 Patent Files
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Figure A8: An Example of Risk-Mitigating Technology

Note: This is an example of technology reducing radiation exposure (“risk-mitigating tech-
nology”), which is an X-ray eye shield useful in protecting eye tissue from radiation during dental
radiography.
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Figure A9: An Example of Radiation-Generating Technologies

Note: This is an example of technology representing new devices functioning based on radi-
ation (“radiation-generating technology”), which is a multiple detector radiation scanning device.
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Figure A10: Example of Patents with Dual Features
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Figure A11: Example of Patents under Subclass A61B6/54
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Figure A12: Example of Patents under Subclass A61B6/58
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Figure A13: A Snapshot of the NHDS

Figure A14: A Snapshot of the NHDS
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A.8. Additional Event-Study Estimates

Figure A15: Event Study Estimates (with Medical Implants as the Control Group)
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Figure A16: Event Study Estimates (with Drugs as the Control Group)

118



Figure A17: Event-Study Estimates (GE, Risk-Mitigating Technologies)
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Figure A18: Event-Study Estimates (GE, Radiation-Generating Technologies)
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Figure A19: Event-Study Estimates (Non-GE Firms, Risk-Mitigating Technologies)
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Figure A20: Event-Study Estimates (Non-GE Firms, Radiation-Generating Technologies)
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Chapter 2

Cutting Red Tape:

Administrative Simplification and Treatment Capacity

2.1 Introduction

Central to the ongoing debates in the U.S. healthcare system is balancing cost con-

tainment with providing high-quality services. Among many other issues, excess adminis-

trative spending is a critical concern, with prior estimates indicating that it accounts for

approximately 20%to 34% of healthcare expenditures (Dunn et al., forthcoming).1 A note-

worthy feature of some administrative processes (e.g., cost control process) is that they

present a delicate trade-off between mitigating consumer moral hazard in service utilization

(Brot-Goldberg et al., 2023) and restraining facilities’ treatment capacity. On the one hand,

demonstrating and verifying medical necessity is essential to preventing over-utilization of

healthcare services (Cutler, 2020), reducing unnecessary medical spending, and enhancing

quality (GAO, 2018).2 On the other hand, the imposition of these administrative processes

can create sizable burdens on providers, hindering them from allocating resources efficiently.

For example, prior authorization, quality limits, and step therapy are common cost control

processes that can create barriers and lead to negative health outcomes among patients by

delaying or denying access to treatments and increasing administrative costs for providers,

who must navigate complex and often inconsistent rules and regulations across different

plans.3

In this paper, I aim to add some empirical evidence along this line of discussion and

investigate whether simplifying medical administrative requirements would affect the provi-

sion of behavioral healthcare services. To this end, I exploit the staggered roll-out of state

1Billing and coding costs, physician administrative activities, and insurance administrative costs are all
primary drivers of these expenses (Chernew and Mintz, 2021).

2See https://www.gao.gov/assets/gao-18-341.pdf, last accessed April 30, 2024.
3For a detailed discussion regarding how prior authorization restrains providers’ capacity of treatment,

see https://www.ama-assn.org/practice-management/prior-authorization, last accessed April 30, 2024.
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laws restricting the use of prior authorization in private health plans for substance abuse

treatment (SAT) and explore if the provision of various SAT services is affected. Health plans

routinely require physicians to obtain approval for a prescribed health service or medication

in order to control costs and oversee coverage decisions. This process, named “prior au-

thorization requirement,” can impose a unique barrier for individuals seeking substance use

disorder (SUD) treatment by delaying the initiation of care when an individual needs treat-

ment, which places the patient at risk of continued substance use, medical complications,

overdose, and death.(Weber, 2020). Starting in 2016, 18 states enacted laws to limit private

insurers from imposing prior authorization requirements on an SUD service or medication.

Because the provision of SAT services hinges on The extent to which restricting PA

affects the supply of SAT is theoretically ambiguous in the pairwise interactions between pa-

tients, private insurance companies, healthcare providers, and facilities. For example, among

many other competing channels, removing PA requirements can trigger adverse selection

and moral hazard in commercial insurance markets, thereby creating plausibly exogenous

demand shocks to healthcare facilities. In the meantime, as shown in Dunn et al. (forthcom-

ing), adding administrative ordeals in health plans may induce selective contracting between

providers and insurers: Administrative burdens created by prior authorization can increase

the marginal cost per treatment episode and deter providers. Further, prior authorization

could add more general administrative burdens to facilities by tightening the capacity con-

straint regarding providing treatment and allocating medical resources. Last but not least,

restricting the use of PA might also substantially influence individual providers’ financial

incentives if removing administrative costs can alter the medical price per treatment. Taken

together, it is essential to rely on data to investigate the consequences of restricting PA on

providers’ decisions and responses.

In the empirical portion of this paper, I employ a stylized staggered difference-in-

differences framework and assemble a variety of data sources to test relevant hypotheses.

I start by checking PA restrictions’ direct effects on the supply of SAT services of differ-

ent intensities. Using detailed facility-level data from the National Survey of Substance

Abuse Treatment Services (N-SSATS), I document two pieces of evidence: First, when re-

stricting the use of prior authorization in private plans, the likelihood of solely providing
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low-intensity services (i.e., regular outpatient service) significantly increases by 13.79%, rel-

ative to the probability of solely providing high-intensity services (i.e., intensive outpatient

service, partial hospital service, residential inpatient service, and hospital-based inpatient

service). Second, the likelihood of offering both types of service increased significantly by

5.95% relative to the likelihood of only offering high-intensity services. I further find that

given the aggregate number of these specialty care facilities does not change, these results

indicate a redirection in providing high-intensity care to low-intensity care.

I then turn to empirically test several potential channels to rationalize the shift from

high-intensity to low-intensity care. First, I argue simplifying the administrative process can

substantially expand facilities’ treatment capacity (i.e., time and labor available to patients).

I compile client-level data from the Treatment Episode Data Set (TEDS) and construct a

key proxy for facilities’ treatment capacity: the likelihood of experiencing any involuntary

medical delay among newly admitted patients. By construction, this involuntary medical

delay primarily reflects the issue of a facility’s treatment capacity.

Consistent with the conceptual premise, I find that among patients within a regular

outpatient setting, there is a significant decline in the likelihood of experiencing any normal

and severe facility-induced medical delay by 10 percentage points, 4.4 percentage points,

and 1.8 percentage points, respectively, following the law change. This evidence, along with

my main results, thus emphasizes that when simplifying the administrative process, the

treatment capacity of healthcare facilities has indeed been expanded. I further argue that

the decline in high-intensity care provision can be partially explained by a mechanical shift in

the demand for SAT (from high to low), the reallocation of medical resources, and facilities’

dynamics (entry and exit). I am still in the middle of compiling more administrative data

to probe the validity of these stories.

I also check an alternative mechanism if the shift of SAT services can be explained by

patient quantity and composition changes. In other words, I test whether simplifying the

administrative process can substantially change the composition of patients receiving this

behavioral healthcare service. To do so, I first collapse both the admission data and the

discharge data to the state-year cells and find there are no changes along these two margins,

indicating PA restrictions do not affect the aggregate number of patients within all SAT
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facilities. I then analyze if introducing PA restrictions induces any changes associated with

key characteristics of both the newly admitted and newly discharged. Again, no statistically

significant results are documented in this exercise. Overall, these two pieces of evidence rule

out the possibility that PA restrictions significantly change the composition of within-facility

patients and further suggest the observed shift in providing SAT services is not primarily

driven by either adverse selection or moral hazard in the private insurance market (i.e.,

patients w/ higher risks of developing SUDs are more likely to get covered by private plans),

or the moral hazard at the admission margin (i.e., conditional on being covered, marginal

patients are incentivized to utilize more low-cost SUD services).

As for the second alternative explanation, I ask if the observed shift in provision towards

low-intensity care is a result of ex-post moral hazard along the margin of treatment (i.e.,

conditionally on getting admitted, patients with higher background risk are more likely to

continue the treatment or say, less likely to drop out of the program voluntarily). Extracting

information for the TEDS (TEDS-D) discharge set, I construct a coarse measure of ex-post

moral hazard — whether the discharge is because of voluntary decisions/intentions. My

preliminary results show this proxy is not significantly affected by PA laws, thereby ruling

out the channel of demand shocks due to moral hazard along the treatment margin.

Moving on to explore some alternative supply-side driving forces, I begin by examining

whether changes in providers’ prescribing and diagnosing behaviors can partially explain the

redirection from high-intensity to low-intensity care. In these exercises, I restrict my atten-

tion to medication-assisted treatment (MAT) because it largely reflects individual providers’

decisions (instead of decisions from an entire team) and is also more vulnerable to the use of

PA. I first check the heterogeneous effects of PA by the type of outpatient services: whether

it is the regular service (i.e., counseling and behavioral therapy) or medication-assisted ser-

vice. My main results hold for both types, indicating the increased provision of outpatient

care indeed reflects a mix of channels. Secondly, I also showed that in response to the law

change, there is a decline in the equilibrium number of patients receiving outpatient MAT

(as a proxy for the equilibrium utilization) and an increase in the likelihood of dropping

out of an outpatient MAT program (as a measure of consumers’ demand). Both findings

are (again) in contrast to the conclusion that demand-pull forces drive up the provision of
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low-intensity care; meanwhile, the evidence here also highlights that changes in the provision

of MAT indeed stem from providers’ prescribing behaviors following the removal of PA.

I then searched for any evidence of selective contracting between facilities and private

insurers.4 I use information from the N-SSATS to create an indicator for whether the facility

accepts private/public plans/patients with no insurance respectively.5 Results indicate that

although simplifying PA processes does not affect the propensity to accept a private plan,

the law creates some positive spillovers to the public insurance market.

Eventually, I highlight that there is little evidence showing changes in the local market

structure can primarily explain the patterns in my data. In particular, I find the aggre-

gate numbers of SAT facilities providing any SAT services are insignificantly influenced by

the passage of PA laws. Interestingly, this aggregate-level analysis confirms the redirection

story holds: the number of specialty care facilities only offering low-intensity SAT services

increased, while the number of specialty care facilities solely offering high-intensity ones

decreased.

I examine the impacts on health outcomes to shed light on the welfare implications of

PA restrictions. I draw data from the state-level Vital Statistics and calculate each state’s

annual mortality rates due to SUDs. My empirical findings suggest imposing PA restrictions

can significantly reduce suicide rates related to SUDs and mortality rates related to alcohol

abuse.

This paper can contribute to a small yet growing strand of literature that emphasizes

the consequences of administrative processes in the healthcare sector. Two recent papers ad-

dress both the benefits and costs: Brot-Goldberg et al. (2023) study the key trade-off (moral

hazard vs. administrative burden) for prior authorization restriction policies in Medicare

Part D, and find the cost savings resulting from PA likely exceed beneficiaries’ willingness

to pay for foregone drugs. Dunn et al. (forthcoming) quantify one of many potential costs

4Following Dunn et al. (forthcoming) argue the medical administrative cost is an implicit tax. Therefore,
removing such administrative requirements will incentivize physicians to take more patients covered by health
plans.

5Admittedly, one caveat here is that I cannot explicitly examine whether other critical dimensions of a
private plan have changed due to the PA restriction, given the limited scope of my data. For example, the
reimbursement rate associated with a private plan can increase/decrease, or the patient has shifted from one
private plan to another within the same treatment episode in response to these PA restrictions.
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associated with healthcare billings: More aggressive use of claim denials reduces the will-

ingness of providers to contract with insurers. My work contributes by quantifying a novel

dimension of the costs induced by administrative processes: The (over)use of prior autho-

rization requirements may largely limit healthcare facilities’ treatment capacity and trigger

medical delays.

Broadly speaking, my paper can add value to another strand of literature in public

finance, addressing the role of administrative ordeals facing potential program beneficiaries.

These ordeals may improve program targeting (see e.g., Finkelstein and Notowidigdo, 2019;

Deshpande and Li, 2019). In other contexts, program complexity deters beneficiaries’ partic-

ipation (e.g., Currie et al., 2001). My paper contributes to this line of literature by showing

beyond the context of safety net programs, administrative processes, and costs can harm

consumers’ welfare by limiting access to healthcare services.

The rest of this paper proceeds as follows: section 2.2 provides the institutional back-

ground. Section 2.3 sketches a simple conceptual framework to illustrate why an exogenous

increase in facilities’ treatment capacity can influence the provision of medical services. Sec-

tion 2.4 sketches some alternative mechanisms that might rationalize why the provision of

medical services responds to PA restrictions. Section 2.5 specified the primary empirical

strategies. Section 2.6 describes a number of datasets enabling me to implement the em-

pirical analyses; section 2.7 presents the main results. Section 2.8 discusses how I test and

rule out some mechanisms. Section 2.9 investigates the welfare implications of this policy

intervention and section 2.10 concludes by proposing some future work.
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2.2 Instituaionl Background

In this section, I briefly discuss the institutional details regarding prior authorization

per se and how recent state legislation aims to restrict the use of such administrative re-

quirements.

2.2.1 Prior Authorization for Substance Use Disorder Services

Prior authorization (PA) is a process requiring health care providers to obtain pre-

treatment approval from health plans before a prescription medication or medical service

is delivered to the patient (American Medical Association).6 Health insurance companies

typically require PA for certain medical procedures, treatments, and drugs that are likely

to trigger high costs or high abuse potentials.7 Insurers claim that prior authorization

requirements are necessary to protect patients from unsafe prescribing decisions and limit

rapidly increasing prescription drug expenditures.8.

Originating from the 1960s and getting widely adopted since the 1990s, prior authoriza-

tion requirements have been utilized in both private and public health plans.9 10 Common

types of care requiring PA include prescription drugs, durable medical equipment, diagnostic

radiology, surgical procedures, inpatient stays, and behavioral health treatments. In the con-

text of substance use disorder services and medications, the presence of prior authorization

requirements is more frequent than many other medical procedures (Weber, 2020). Accord-

ing to Nguyen et al. (2022), commercial insurers impose PA requirements on buprenorphine:

with 23% of formularies having at least one buprenorphine product with prior authorization

requirements in 2017. In 2008, the Mental Health Parity and Addiction Equity Act barred

the discriminatory use of prior and continuing authorizations.

6See https://www.ama-assn.org/practice-management/sustainability/prior-authorization, last access
April 30, 2024.

7See https://fixpriorauth.org/resources, last accessed April 30, 2024.
8See https://www.statnews.com/2021/01/01/prior-authorization-whos-choosing-americans-medications-

doctors-or-insurers/, last accessed on April 30, 2024
9In the appendix, I describe how a PA request works in detail.

10https://www.priorauthtraining.org/the-evolution-of-prior-authorizations/, last accessed on April 30,
2024.
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Conceptually, the presence of prior authorization is akin to an administrative hassle

(Brot-Goldberg et al., 2023). Indeed, according to a national survey conducted by the

American Medical Association (AMA):

Among all patients with PA in one’s treatment, 94% experience delayed access

to necessary care due to PA, and 80% report that PA can at least sometimes

lead to treatment abandonment ... Physicians and their staff spend an average

of almost two business days each week completing PAs, nearly 35% of physicians

have staff who work exclusively on PA, and 88% of physicians describe the burden

associated with PA as high or extremely high ... 64% of physicians report that

PA has led to ineffective initial treatments, 62% of physicians report that PA

has led to additional office visits, and 46% of physicians report that PA led to

immediate care and/or ER visits (i.e., highly intensive treatment).

The adverse events due to PA might not be too surprising in the context of substance use

disorder (SUD): Addiction typically affects the parts of the brain responsible for motivation

and decision-making, creating narrow and shifting windows in which a patient is motivated

to engage in treatment. Consequentially, requesting and obtaining prior authorization can

impose delays in the initiation of care, which can lead to serious consequences for the patient,

including failing to return for subsequent appointments, resuming substance use, medical

complications, overdose, and even death (Weber, 2020).

2.2.2 State-Level Restrictions on Prior Authorization

In response to the opioid epidemic, several states have removed some prior authorization

requirements and aim to improve the efficacy of accessing and delivering substance abuse

treatment (SAT) (Weber, 2020). As of April 20, 2020, 18 states have enacted laws restricting

the use of prior authorization for SUD treatment in private health plans. Of course, the

legal languages vary substantially across different states: Some states have adopted a range

of standards in limiting prior authorization for at least one type of SUD medications, some

require any FDA-approved SUD medication on the plan’s formulary or preferred drug list

to be covered without prior authorization, and others limit prior authorization for specific
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time periods within a treatment episode, or limit prior authorization requests to one per

year (Weber, 2020). In terms of the general SUD services, a number of states restrict

the use of prior authorization for inpatient and/or outpatient services delivered by state-

licensed/certified providers/facilities, while others limit prior authorization only for services

involving medication-assisted treatment (MAT), such as behavioral therapy and counseling

(Weber, 2020).

2.3 Theoretical Framework

In this section, I provide a conceptual framework, which closely follows Harris, Liu

and McCarthy (2020) to illustrate how an exogenous shock on facilities’ capacity, which is

induced by the prior authorization (PA) restriction, can influence the provision of medical

treatment.

2.3.1 Set-up

Throughout the analysis, I assume a typical behavioral healthcare facility is the key

decision maker instead of the individual physician as Harris, Liu and McCarthy (2020).

The primary reason to do so is two-fold: First, in the setting of substance abuse treatment

(SAT) services, various types of healthcare professionals can jointly deliver such services,

including psychiatrists, psychologists, social workers, advanced practice psychiatric nurses,

certified prevention specialists, addiction counselors, etc.11 Second, the primary data source

I relied on in the empirical portion reflects facilities’ decisions instead of individual providers’

responses. When discussing the alternative channels, I also show there is little evidence that

imposing PA restrictions can influence individual providers’ prescribing behavior.

In the context of SAT service, I define “treatment capacity” as the aggregate, facility-

level time available to meet with patients, which is the product of time available per provider

to meet a patient’s needs of care and the number of providers available within a facility.12

Essentially, I assume imposing a restriction on the use of PA for SAT services is equivalent

11See here, for example, https://www.samhsa.gov/workforce, last accessed April 30, 2024.
12For simplicity, I ignore the teamwork of the medical workforce, the substitution/complementarity be-

tween different healthcare professionals, etc.
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to an exogenous expansion of facilities’ treatment capacity. It’s reasonable to conceptualize

PA as a treatment capacity constraint because, on the supply side, capacity and financial

constraints within the specialty SUD treatment delivery system limit the ability of providers

to increase access to newly insured individuals (Andrews et al., 2015). For instance, many

specialty SUD treatment facilities fail to provide open slots and allocate time to admit new

patients (Carr et al., 2008; Jones et al., 2015). Meanwhile, this assumption is also consistent

with my empirical findings: state-level PA restrictions reduce the likelihood of experiencing

involuntary medical delay among patients in an outpatient setting; such involuntary medical

delay is primarily driven by “programs’ capacity issue.”

As suggested in prior research (Harris, Liu and McCarthy, 2020), this conceptual frame-

work also accommodates a key stylized fact of medical services where labor is the primary

input and the quality of the service provided is a function of time with the customer: a re-

duction in the treatment capacity is equivalent to a proportional increase in the arrival rate

of patients to a typical facility. I also assume the likelihood of providing a specific type of

service is the extensive margin of healthcare provision. Put differently, if the optimal amount

of time a facility provides to meet patients’ demands is positive, facilities will provide the

service.13

2.3.2 Facilities’ Problem

As shown in Harris, Liu and McCarthy (2020), individuals are assumed to arrive follow-

ing a Poisson process, with the mean arrival rate denoted as λ over a unit of time normalized

to one. Service time per facility is assumed to be distributed exponentially, with a mean

service time µ. The primary goal in this setting for facilities is to ensure that a patient’s

needs for care are met by choosing both the intensive (i.e., the amount of time) and extensive

(i.e., whether to provide or not) margins of SAT service.14

Mathematically, a typical facility minimizes the loss function in each period with respect

to the average time spent with each patient. The function can be decomposed into two parts:

13Due to the data limitation, it’s not feasible to check the intensive margin (i.e., the number of hours spent
on service) empirically.

14For simplicity, I do not assume behavioral healthcare facilities can choose the price endogenously.
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the disutility of spending less time on average with existing patients, and the disutility of

leaving new patients unseen.

U(µ|γ, λ) = f(γ − µ)︸ ︷︷ ︸
loss from spending less time with admitted patients

+ g(λ− 1

µ
)︸ ︷︷ ︸

loss from not admitting new patients

(2.1)

where γ is the fixed amount of time one facility can spend, and the number of new,

unseen patients is (λ− 1
µ
). f(·) and g(·) are both decreasing and convex.

For simplicity, we can assume f(·) and g(·) are exponential functions, and the loss

function would be expressed as

U(µ|γ, λ) = −exp(α(γ − µ))− exp(β(λ− 1

µ
)) (2.2)

where α captures the disutility from spending less time than ideal with existing patients;

β captures the disutility from leaving new patients unseen. As mentioned above, the facility’s

decision is to choose the optimal amount of time µ to minimize the loss. As a result, if we

take the derivative with respect to µ, the first-order condition would be:

α× exp(α(γ − µ∗))− β

µ∗2 × exp(β(λ− 1

µ∗ )) = 0 (2.3)

Based on equation (3), when λ ≤ 1
γ
, the optimal amount of time allocated to medical

treatment would be µ∗ = γ. This is simply because the provider’s time constraint is not

binding. Intuitively, when the arrival rate of patients is sufficiently low (or, say, the treat-

ment capacity is sufficiently high), facilities can freely allocate time to each patient without

incurring any disutility from turning new patients away. When λ > 1
γ
, the facility would

choose the optimal µ∗ as shown above.

2.3.3 Comparative Statics

In this framework, I conceptualize a prior authorization restriction as an exogenous, pos-

itive shock on facilities’ treatment capacity (or, equivalently, a negative shock on the arrival
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rate of patients, λ). Put differently, imposing PA restrictions will increase the (aggregate)

time available at the facility level.

Based on the implicit function theorem, the comparative statistic is captured by the

following equation:

dµ∗

dλ
=

β2

µ2 × exp(βλ− β/µ)

β(2µ−β)
µ4 × exp(βλ− β/µ)− α2 × exp(αγ − αµ)

(2.4)

Overall, the direction and the magnitude of adjusting µ∗ with respect to λ hinge on

several gradients: the preference parameters α (which captures how facilities value the treat-

ment of existing patients) and β (which captures how facilities value the treatment of unseen,

new patients), the current capacity to start with (γ−µ), and the value of the arrival rate of

patients λ. As shown in Harris, Liu and McCarthy (2020), there are several key takeaways

from this equation:

Initial treatment capacity (γ − µ): the change in µ∗ with respect to the shock in

treatment capacity (i.e., changes in λ) hinges on the initial level of time available within a

facility (γ−µ). In particular, Harris, Liu and McCarthy (2020) found the numerical solution:

an increase in λ is associated with a decline in µ∗. The negative relationship suggests the

increasing marginal disutility of (γ − µ) dominates.15 This is a reasonable prediction: If the

facility is crowded in the first place, it’s more challenging to reallocate time and labor to

accommodate new patients and offer new medical services.

Preference parameters (α and β): when a facility values seeing new patients (β)

more than spending the ideal level of time with each patient (α), µ∗

λ
< 0. Intuitively, this

indicates if a facility cares about ensuring more patients can get proper medical services on

time, an expansion in treatment capacity would lead to an increase in the time allocated

to providing new SAT services. Mathematically, this means β and α satisfy the following

condition:

(βλ− β/µ)
β(2µ−β)

µ4 < (αγ − αµ)α
2

(2.5)

15Recall g() is a convex function.
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In Figure 2 of Harris, Liu and McCarthy (2020), they show that numerically, the mag-

nitude of the decline in µ∗ is larger when α is a smaller portion of β.

Initial arrival rate of patients (λ): according to Figure 2 shown in Harris, Liu and

McCarthy (2020), as the initial value of λ keeps increasing, dµ∗

dλ
approaches to zero. The

numerical solution should not be surprising: if the number of patients is extremely high and

the facility is overcrowded in the first place, the facility has neither incentives nor capacity

to reallocate time and labor to deal with new patients.

Taking together, the effects of an exogenous increase in treatment capacity (or, say,

an exogenous decline in the arrival rate of patients) on the time and effort allocated to the

provision of medical treatment is theoretically ambiguous:

First, when the arrival rate is sufficiently low (i.e., λ ≤ 1
γ
), the facility does not need to

adjust one’s allocation of time they spend with each patient because the time constraint is

not binding at all.

Second, when the initial λ is close to its capacity (i.e., λ > 1
γ
), a decreased arrival rate

would result in a surge in µ∗, representing the increased provision of healthcare services.

Third, if a facility has an extremely large amount of patients to begin with, changes

in the arrival rate barely have any effects on the optimal time µ∗ because providers are not

willing to spend extra time with any patient.

Note that there are two broad categories of settings, which provide high-intensity services

and low-intensity services, respectively. The exogenous shock induced by the PA removal

does not necessarily affect a facility’s decision along this margin similarly.

2.4 Alternative Mechanisms

This section briefly discusses several alternative channels through which a PA restriction

can affect the provision of healthcare services. The provision of SAT services hinges on

pairwise interactions among patients/consumers, private insurance companies, healthcare

professionals, and facilities.

Besides the treatment capacity story mentioned above (section 2.3), removing PA re-

quirements from commercial plans can (1) trigger substantial changes in the commercial

health insurance market per se with adverse selection and moral hazard, (2) ex-post moral
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hazard in utilizing healthcare services among existing, admitted patients, (3) strategic con-

tracting between healthcare facilities and commercial plans through network formation,

(4) changes in prescribing behaviors of healthcare professionals (i.e., physicians and other

providers) due to financial incentives, and (5) changes in local market structure. I briefly

discuss each in turn as follows.

2.4.1 Adverse Selection and Moral Hazard in Insurance Market

As a first-order effect, restricting the use of prior authorization in private health plans

would plausibly increase the intensity of asymmetric information regarding one’s health

conditions between consumers and insurers, thereby triggering both adverse selection (i.e.,

when individuals who have a choice among insurance plans select their plan, those who are

more likely to require SUD care tend to choose more generous plans) and moral hazard (i.e.,

when insured individuals bear a smaller share of their medical care costs, they are likely

to consume more care). Specifically, an insurance company is now strictly restrained from

requesting detailed information about the patient’s medical history and treatment progress.

In a new equilibrium (of the insurance market), removing PA requirements can thus

change one’s coverage status of SAT services in a health plan and the utilization of SUD

treatment services. This is because the plan covers more and/or such a plan attracts indi-

viduals with greater underlying health needs. In either case, we would expect these first-

important effects in the commercial insurance market will result in an increased demand for

SUD treatment along the admission margin,16 mechanically driving up the provision of such

services.

2.4.2 Ex-post Moral Hazard of Existing Patients

The second alternative explanation for changes in the provision of SAT services con-

cerns ex-post moral hazard among existing patients. Similar to the argument in section

2.4.1, patients who are admitted by a facility are less likely to terminate their treatment

voluntarily because of a more generous plan without checking medical necessity. Again,

16For example, being covered by more generous plans will induce patients to use more unnecessary SAT
services.
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this induced increase in medical demand can lead to a mechanical surge in providing SAT

services. Treatment facilities eventually provide care to patients who may not benefit signif-

icantly from continued treatment but remain enrolled due to improved insurance coverage

and reduced administrative barriers.

2.4.3 Facilities’ Selective Contracting with Insurers

PA restrictions can also change providers’ decisions through selective contracting with

private insurers: the more burdensome and restrictive the PA process, the more likely

providers are to limit their contracting with insurers that require PA for certain treatments

or services. The underlying mechanism is akin to the argument from Dunn et al. (2021) that

more aggressive use of claim denials reduces the willingness of providers to contract with

insurers. Theoretically, as an administrative ordeal, prior authorization would increase the

marginal cost per treatment. This increasing marginal cost may encompass providers’ efforts

in reviewing paperwork, back-and-forth confirmations with insurers, resubmitting, etc. In

turn, the selection in contracting with insurers can substantially alter the scope of services

provided on-site.

In this regard, with less-stringent PA requirements in place, one may expect that

providers are more inclined to accept private plans. One noteworthy caveat, however, is

that due to the limitations of my data and methodology, other margins related to the net-

work formation and bargaining over reimbursement rates between providers and insurers

(see, for example, Ho and Lee (2017)) are beyond the scope of this paper. Taking these

margins into account could largely complicate the analysis: For example, if the restriction

of PA substantially changes the reimbursement rates of private plans, then providers may

strategically admit and/or discharge consumers due to financial incentives. Future research

should address such issues with detailed claim/client-level data and/or structural models to

shed light on some welfare effects.

2.4.4 Physicians’ Diagnostic and Prescribing Behaviors

Another noteworthy channel through which PA restrictions influence the provision of

such behavioral healthcare services is relevant to physicians’ financial incentives. A large
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line of literature investigates how changes in reimbursement rates or other general changes

in medical prices influence providers’ diagnostic, prescribing, and treatment choices (see,

e.g., Gruber and Owings, 1996; Dafny, 2005; Clemens and Gottlieb, 2014; Alexander, 2020).

Prior work found that physicians/providers tend to prescribe more services in response to

either an increase or a decrease in the related reimbursement rates. The typical explanation

is that when the price of a service is lowered, physicians will prescribe more of the service

in order to make up for the lower unit price to maintain an income target; when the price

of a service is raised, physicians will have an incentive to prescribe more of that service to

increase his/her income.

In the context of prior authorization, this provider-induced demand theory can ratio-

nalize changes following the restriction: For example, if administrative hassle is valued as

an implicit tax per treatment, the removal of such a tax would largely increase the price of

medical services, thereby driving up/down physicians’ diagnostic incentives.17 Particularly,

one may expect more profound changes in SUD treatment based on medication, medication-

assisted treatment (MAT). This is simply because MAT requires doctors, nurse practitioners,

or physician’s assistants who meet certain qualifications to treat opioid patients with drugs

approved by the FDA for the treatment of opioid dependence: buprenorphine, methadone,

and naltrexone.

2.4.5 Changing Local Market Structure

The last but not the least influential factor is related to the local market structure

of behavioral healthcare facilities. All structural factors mentioned above (i.e., facilities’

treatment capacity constraint, the interplay between consumers and insurers, the increased

demand due to ex-post moral hazard among existing patients, facilities’ strategic contracting

with insurers, and physicians’ diagnostic/prescribing behaviors) can induce the aggregate-

level provision of SAT services, which in turn would alter the incentive of individual facilities

to offer relevant SAT services. From the empirical perspective, prior research found the

impact of competition (market structure) on the provision, quality, and cost of medical

17Of course, it is empirically challenging to clearly tell apart changes in providers’ incentives and changes
in demand for relevant services. I will elaborate on how I separate these two channels in data in section 8.
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services is quite mixed (see, for example, Kessler and Geppert, 2005; Karlsson, 2007; Gaynor,

Moreno-Serra and Propper, 2013).

2.5 Empirical Strategy

The main objective of this paper is to examine whether restricting the use of prior

authorization requirements affects the provision of substance abuse treatment. Throughout

the analysis, I focus on measuring the probability of providing different types of healthcare

services. I leverage the phase-in of state laws restricting the use of PA as a quasi-experiment

and employ the following staggered difference-in-difference (DID) model to identify the causal

effect:

yist = α + βPALimitst +X
′

istγ + ρst + ηt + ψs + ϵist (2.6)

where i denotes facilities, s represents states, and t indexes years. yist is the key outcome

of interest, the likelihood of offering various SUD services in facility i located in state s in

year t. PALimits is an indicator of whether there is a state law restricting the use of PA for

SAT services in state s in year t. Xist is a set of facility-specific controls, and ρsc represents

a collection of state-specific controls. I also include state fixed effects (ψs), and ηt are patent

subclass and year fixed effects, respectively. Therefore, β would identify the impact of PA

restrictions on providing services.

Of course, the key assumption of this difference-in-differences model is that controlling

for state and year-fixed effects, changes in key outcomes would have been comparable among

different states without prior authorization laws. To directly test this assumption, I estimate

a stylized event study model as follows in equation 2.7:

yist = α +
4∑

i=−5

βt+iTreatst × yeart+i + ρst + ηt + ϵist (2.7)

where yeart+i is a set of indicators denoting whether a year is the i th year before or after the

enactment of the PA law. In this specification, the estimate associated with one year prior
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to the treatment is normalized to zero. This way, βt+i also captures the dynamic effects of

restricting PA.

Another threat to identification is the reverse causality issue. For example, one might

imagine that states enacting restricting laws are also those with a higher level of demand for

SUD treatment and/or a smaller amount of specialty facilities providing behavioral health

services in the first place. If changes in PA restrictions are correlated with underlying legal,

economic, political, or social trends, it would be challenging to use such variation to iso-

late the effects of restrictions on healthcare provision. In subsequent analysis, I corroborate

the evidence that the provision of SAT services does not differentially change in years prior

to changes in PA restrictions. Meanwhile, I also provide supplementary analyses by test-

ing whether other changes in political, social, and economic features predict PA restriction

changes.

Eventually, a growing strand of work emphasizes the sensitivity of a staggered difference-

in-differences specification: the traditional staggered difference-in-differences estimation can-

not fully capture the dynamic treatment effects with staggered adoption and heterogeneous

treatment effects (Goodman-Bacon, 2021; Sun and Abraham, 2021). I am still in the middle

of checking the robustness of my results using such alternative specifications (e.g., Callaway

and Sant’Anna, 2021; Wooldridge, 2023).

2.6 Data

This section summarizes the data assembled from multiple resources and provides mo-

tivational evidence. To implement the empirical analysis, I collect data on (1) the timing of

adopting the state-level limits on substance abuse treatment (SAT) in private health insur-

ance and (2) measures of the facilities’ capacity to provide various types of treatments and

the probability of participating the private health insurance market. I then describe how to

construct each measure, enabling me to conduct the empirical analysis in turn.
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2.6.1 Adoption of PA Limits on Substance Abuse Treatment

To obtain information on the state laws restricting the use of prior authorization in

substance abuse treatment (SAT), I mainly rely on the report from the Legal Action Center

(LAC) and collect policy data on the Westlaw legal library.18 In particular, the LAC report

provides a helpful starting point but lacks the detailed information needed for the empirical

analysis. As a supplement, I investigated changes in PA limits for each state over time

via text mining to construct a panel policy database including the timing of change, the

type of service/medication covered, and the During the sample period (2012-2020), there

are 18 states enacting laws to restrict private insurers from imposing prior authorization

requirements on a SUD service of medication. Of course, there is substantial variation in the

state legal language regarding the content of PA limits. At a higher level of generalization,

I exploit the variation in timing for the baseline estimation. Table A1 in the appendix lists

the corresponding states, the effective dates of PA limits, and a summary of these laws.

2.6.2 National Survey of Substance Abuse Treatment Services

The primary data source enabling me to implement the empirical analysis is the National

Survey of Substance Abuse Treatment Services (N-SSATS), a national annual survey of

specialty SAT facilities.19 The N-SSATS is widely used to study SUD treatment outcomes

by economists (see for example, Carpenter, 2007; Popovici, Maclean and French, 2017;

Hamersma and Maclean, 2021, etc.). The sampling frame for the N-SSATS is the Inventory

of Behavioral Health Services (I-BHS), including a registry of the universe of SAT facilities

known to the Substance Abuse and Mental Health Services Administration (SAMHSA).

Data collection for the N-SSATS occurs between late March and early December each year

when surveys are sent to all facilities on the I-BHS. New facilities that are discovered by

SAMHSA during this period and also included in the N-SSATS and subsequently placed on

the I-BHS for the following year. Facilities fill out questionnaires about the services they

18See https://www.lac.org/assets/files/Prior-Authorization-Spotlight-FINAL-use-this-one.pdf and
https://legal.thomsonreuters.com/en/westlaw for the LAC report and Westlaw legal library, last accessed
on April 30, 2024.

19The dataset is available here https://www.datafiles.samhsa.gov/dataset/national-survey-substance-
abuse-treatment-services-2020-n-ssats-2020-ds0001, last accessed April 30, 2024.

141

https://www.lac.org/assets/files/Prior-Authorization-Spotlight-FINAL-use-this-one.pdf
https://legal.thomsonreuters.com/en/westlaw
https://www.datafiles.samhsa.gov/dataset/national-survey-substance-abuse-treatment-services-2020-n-ssats-2020-ds0001
https://www.datafiles.samhsa.gov/dataset/national-survey-substance-abuse-treatment-services-2020-n-ssats-2020-ds0001


provide, the counts of clients currently receiving treatment, and the counts of beds dedicated

to SAT clients (if applicable).20

To measure the treatment capacity of an SAT facility, this paper exploits two categories

of outcomes in the N-SSATS: the probability of providing inpatient/outpatient services, and

the propensity to participate in the private health insurance market. Specifically, a specialty

SAT facility included in N-SSATS can be a hospital or other facility with an SAT program

offering any of the following services: outpatient, inpatient, and residential/rehabilitation

treatment; detoxification; opioid treatment; and halfway-house services. N-SSATS does not

include SUD treatment providers that exclusively treat incarcerated patients. Providers

included in N-SSATS often provide other services (e.g., mental healthcare); a requirement

for inclusion is that the provider offers specialty SUD treatment, not that this treatment is

the provider’s primary focus (Hamersma and Maclean, 2021).

2.6.3 Annual Reports for N-SSATS

Besides the detailed, facility-level data derived from the N-SSATS, I also complement

my analysis by digitizing the annual reports of the N-SSATS and collecting state-level in-

formation. The primary reason for conducting this exercise is to measure the likelihood of

providing early-stage interventions for SUD among these specialty facilities. Due to confi-

dential concerns, such information is not publicly available in the annual N-SSATS.

Specifically, I construct the annual number of facilities offering a variety of assessment

and pre-treatment services as a proxy for the propensity to provide early interventions.

These services include brief intervention, screening for SUD, comprehensive assessment and

diagnosis, and outreach services for each state; thus, the unit of this analysis is state-year.

Figure A1 presents a snapshot of the annual survey for the N-SSATS.

2.6.4 Treatment Episode Data Set

Another primary data source I relied on in this paper is the Treatment Episode Data

Set (TEDS), which compiles client-level data for substance abuse treatment admissions from

20The reference date for residential and hospital inpatient beds and client counts was March 30/31.
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state agency data systems. State data systems collect data from facilities about their ad-

missions to treatment and discharges from treatment.21

The TEDS is one component of a broader data inventory maintained by SAMHSA to

track both the quantity and quality of specialty SUD treatment within the U.S. The TEDS

includes information on approximately two million admissions to specialty SUD treatment

each year and contains nearly the universe of specialty SUD treatment facilities that re-

ceive financing from the state or federal government, are certified by the state to provide

specialty SUD treatment, or are tracked for some other reason. Thus, TEDS reflects admis-

sions financed by multiple payers (e.g., self-payment, private insurance, Medicaid, Medicare).

TEDS is commonly employed within the policy literature to study SUD treatment (Ander-

son, 2010; Dave and Mukerjee, 2011; Pacula et al., 2015; Powell, Pacula and Jacobson, 2018)

and is used by the Federal government to estimate the costs of SUD treatment to the U.S.

economy (Office of National Drug Control Policy 2012).

The TEDS comprises two parts: the Admission set (TEDS-A) and the Discharges set

(TEDS-D). The former one contains records on admissions of people aged 12 and older

and includes information on admission demographics (for example, age, sex, race/ethnicity,

employment status) and substance use characteristics (for example, substances used, age at

first use, route of use, frequency of use, number of prior admissions). Another noteworthy

feature is that TEDS-A records represent admissions rather than individuals, as a person

may be admitted to treatment more than once. By contrast, the TEDS-D contains records on

discharges of people aged 12 and older and includes information on admission demographics

(for example, age, sex, race/ethnicity, employment status) and substance use characteristics

(for example, substances used, age at first use, route of use, frequency of use, number of

prior admissions).

21This data set is available here https://www.datafiles.samhsa.gov/dataset/teds-d-2020-ds0001-teds-
d-2020-ds0001 and https://www.datafiles.samhsa.gov/dataset/treatment-episode-data-set-admissions-2020-
teds-2020-ds0001, last accessed April 30, 2024.
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2.7 Main Results

In this section, I present my main results relating to various measures of the provision

of healthcare services based on equation 2.6 and discuss how to interpret the magnitude, as

well as the implications.

2.7.1 Effects of Any Restriction

In Table 2.2, I report the coefficient estimates for β, which captures the impacts on SAT

provision. The key outcome of interest in the first two columns is the probability of solely

providing low-intensity SAT services relative to only offering high-intensity SAT services.

In column (3) and column (4), I focus on the probability of offering both low-intensity and

high-intensity services, compared to only providing low-intensity ones. Eventually, in the

last two columns, the dependent variable is the likelihood of providing both, relative to

only offering services in a high-intensity setting. In all odd-numbered columns, the sample

includes all specialty care facilities, while in the even-numbered, the sample is composed of

facilities accepting commercial plans.22

Based on results from Table 2.2, we can see that following the PA restriction, the

probability of only offering low-intensity service significantly increases by 8.8 percentage

points (relative to only providing high-intensity ones). This is equivalent to an increase of

13.79% (=8.8/63.8). The point estimates in column (3) and column (4) indicate that the

imposition of PA restrictions leads to a decline in the probability of offering both low- and

high-intensity SAT services (relative to offering only low-intensity ones). However, these

negative effects are sensitive to the specification: Among facilities accepting private plans,

the negative effect is statistically insignificant. Finally, I focus on the likelihood of providing

both types of SAT services (relative to solely providing high-intensity SAT services) in the

last two columns: it increases significantly by at least 4.3 percentage points (or 5.95%).

Overall, the coefficient estimates in this round of regressions suggest restricting the use of

PA in commercial plans would incentivize more specialty care facilities to offer low-intensity

22I also found the probability of accepting commercial plans does not change among these specialty care
facilities.
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SAT services. This surge reflects two patterns: First, facilities shift from only providing high-

intensity SAT services to low-intensity ones (or, say, the number of facilities only offering

low-intensity SAT increases compared to that of those only offering high-intensity ones).

Second, facilities also shift from only offering high-intensity services to providing both types.

Put differently, the number of facilities with both SAT services increases compared to that

of those only offering high-intensity ones.

2.7.2 Heterogeneous Effects by the Type of Restrictions

As shown in Table 2.1, there are two primary types of restrictions: PA restriction on

general SAT services and PA restriction on SAT medication. Meanwhile, there are various

PA restrictions on SAT services in Medicaid. In Table 2.3, I examine the heterogeneous

effects by the type of these restrictions. The specification is quite similar to equation (6):

yist = α+β1ServiceRestrictionst+β2MedRestrictionst+β3MedicaidRestrictionst+X
′
istγ+ρst+ηt+ψs+ϵist

(2.8)

where ServiceRestrictionst refers to the PA restriction on general SAT services in com-

mercial plans in state s and year t, MedRestrictionst represents the PA restriction on SAT

medication in commercial plans within state s and year t, andMedicaidRestrictionst denotes

an indicator for a PA restriction in Medicaid for SAT services.

My results are shown in Table 2.3. Based on estimates from the first and second rows,

the significant effects of PA restriction primarily come from the restriction on general SAT

services. For example, imposing general PA service restrictions is associated with a significant

increase in the probability of solely offering low-intensity services by 8.4 percentage points

(13.17%) and another increase by 3.5 percentage points (4.84%) in the probability of offering

both types (compared to only offering high-intensity SAT services). Interestingly, I also

find that PA restrictions within Medicaid for SAT services would increase the provision

of low-intensity services (by 14.8 percentage points, or 23.2%, related to solely providing

high-intensity SAT services).
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2.7.3 Threats to Identification

As I mentioned in Section 2.5, my identification strategy could raise various concerns.

This section addresses some of them.

Event-study specification: I first estimate the event-study specification shown in

equation 2.7 and plot the coefficient estimates in Figure A6 to Figure A8. Overall, there is

no obvious reason to believe that the assumption of parallel trends is violated. At the same

time, among all three exercises, I find the PA restriction is associated with positive effects on

providing low-intensity services for at least four years. The likelihood of offering both types

(compared to offering low-intensity) significantly declined, while the probability of providing

both types would increase relative to the probability of offering only high-intensity ones for

at least four years.

Alternative DID Specifications: one critic for the staggered difference-in-differences

model is that Goodman-Bacon (2021). To take care of this issue, I use Callaway and

Sant’Anna (2021) to demonstrate the robustness of my main estimates. In Table 2.4, we can

see the increased provision of low-intensity SAT services is still statistically significant (as

shown in column (1) and column (2)) by 6.9% (=4.4/63.8*100%).

Policy Endogeneity: Another concern relevant to my identification strategy is policy

endogeneity. For example, one may argue the high mortality rate due to SUDs and/or the

lack of SAT services provision partially contribute to the enactment of these PA restrictions.

To alleviate the concern, I took two exercises: First, I follow Johnson, Lavetti and Lipsitz

(2023) and test whether states’ social and economic characteristics predict PA law changes.

In particular, I collect information from the University of Kentucky Center for Poverty

Research’s National Welfare Data (University of Kentucky Center for Poverty Research,

2018) on state population, unemployment rates, state GDP, minimum wage, the number of

Medicaid beneficiaries, the level of SNAP benefits, and the level of TANF benefits.23 I also

collect data on mortality rate due to “mental and behavioral disorders due to psychoactive

substance use” from the CDC WONDER online databases .2425

23See https://cpr.uky.edu/resources/national-welfare-data, last accessed April 30, 2024.
24According to UCD-ICD-10 Codes, the causes of mortality due to SUDs are captured by F10-F19 (mental

and behavioral disorders due to psychoactive substance use) .
25See https://wonder.cdc.gov/, last accessed April 30, 2024.
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In Table 2.5, I present my point estimates regarding the enactment of any PA restriction

on SAT, PA restrictions on general services of SAT, and PA restrictions on medication of

SAT, respectively. The results suggest that the only two factors contributing to enacting PA

laws are state-level minimum wages and the level of state population (though sensitive to the

specification). Higher minimum wages lead to an increase in the probability of enacting such

PA restrictions, while states with more residents are less likely to impose these restrictions.

Intuitively, these findings are reasonable: higher minimum wage levels can potentially prevent

individuals from SUDs. Meanwhile, the correlation between the state-level death count due

to SUDs and the enactment of PA restrictions is not statistically significant, indicating the

reverse causality concern should be minimal. In the main analysis, I include both the level

of state population and the state minimum wage to attenuate this endogeneity issue.

As for the second exercise, recall in Figure A6, Figure A7, and Figure A8, I showed that

there is little evidence suggesting that the provision of SAT services does not differentially

change in years prior to a PA law change.

2.7.4 Suggestive Evidence on the Provision of Early Interventions

Of course, besides offering traditional SAT services, facilities also have the option to

provide some early interventions, including assessment and pre-treatment services, educa-

tion and counseling services, etc. Such services are crucial to prevent the development of

SUDs. For example, according to the SAMHSA, screening can quickly “assess the severity of

substance use and identify the appropriate treatment level” and brief intervention “focuses

on increasing insight and awareness regarding substance use and motivation toward behav-

ioral change.” By providing these early interventions, facilities can help individuals at risk

for developing SUDs avoid the need for more intensive and costly treatments in the future.

Turning to this margin, I rely on information hand-collected from the 2012/5-2020

annual reports for N-SSATS and construct four relevant measures: the provision of brief

intervention, the provision of screening services for SUDs, the provision of comprehensive

assessments, and the provision of outreach services.26 Results in Table 2.4 then display some

26For a detailed description of these early-stage interventions, see
https://www.ncbi.nlm.nih.gov/books/NBK571017/, last accessed April 30, 2024.
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suggestive evidence: From column (1), one can directly tell that with a PA restriction in

place, the propensity to offer brief intervention services increases by 63.3 percentage points at

the state level. Similarly, the propensity to provide other early-stage interventions increases,

although these estimates are relatively imprecise based on the coarse data.

2.8 Discussing Mechanisms

In this section, I empirically unravel several potential mechanisms at play (mentioned

in section 3 and section 4) to explain why there are changes in the provision of SAT services.

To be concrete, I test whether the observed shift in providing SAT services is a result of

(1) an expansion in treatment capacity at the facility level, (2) changes in the quantity and

composition of patients receiving SAT services, (3) increased demand for SAT services due

to moral hazard among on-site patients, (4) changes in providers’ prescribing behaviors, (5)

facilities’ willingness to accept private plans, and (6) changes in the local market structure

of behavioral healthcare facilities.

2.8.1 Facility-Level Treatment Capacity

As shown in section 2.3, I argue that the primary channel associated with the increased

provision of low-intensity SAT services stems from an expansion in treatment capacity (i.e.,

time and labor available within a facility).

To test this hypothesis, I extract client-level information from the TEDS-A and con-

struct three measures of facility-induced medical delays: an indicator for any delay (“whether

there are any days waiting before receiving treatments”), an indicator for normal delay

(“whether there is at least one week waiting before receiving treatments”), and another

indicator for severe delay (“whether there are at more than two weeks waiting before receiv-

ing treatments”) among the newly admitted.27 Particularly, such information regarding the

27Of course, there could be selection along the margin of admission — for example, some patients may be
directly deterred by the long waiting time and thus seek other outside options. With this selection bias, my
analysis would underestimate the true effect. For example, deterred patients may have more severe substance
use disorders subject to more stringent PA requirements or face greater barriers to treatment access, making
them more vulnerable to delays in care. If this is the case, then the effect of PA restrictions on waiting times
for treatment may be larger for patients who are not deterred by long waiting times than for those who are.
Failing to account for this selection bias could lead to underestimating the true effect.
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waiting time is designed to indicate the number of days from the first contact or request for a

substance use treatment service until the client was admitted and the first clinical substance

use treatment service was provided. This measure is intended to capture the number of days

the client must wait to begin treatment because of program capacity, treatment availability,

admissions requirements, or other program requirements and should not include time delays

caused by client unavailability or client failure to meet any requirement or obligation.

Table 2.6 presents the corresponding results. In columns (1) and (2), I focus on all

admissions to an inpatient setting (i.e., residential care, hospitalization, and intensive out-

patient care), while turning to new admissions to an outpatient setting in columns (3) and

column (4). In all odd-numbered columns, the outcome of interest is the indicator for nor-

mal delay, and the dependent variable is an indicator for severe delay in the even-numbered

columns. Across all specifications, one can see that when enacting a PA law, there is a sig-

nificant drop in the propensity to experiencing both normal delay (by 4.2 percentage points

or 25.6%) and severe delay (by 1.8 percentage points. Mapping these results to the docu-

mented changes in the provision of SAT services (section 2.7) implies that relaxed capacity

constraints mainly drive the shift from high-intensity care to low-intensity care: Without the

administrative burden associated with PA, facilities can better reallocate medical resources

from high-intensity to low-intensity services. Relaxed capacity constraints mainly drive the

shift from high-intensity care to low-intensity care: Without the administrative burden as-

sociated with PA, facilities can better reallocate medical resources from high-intensity to

low-intensity services.

Turning to the decreased provision of high-intensity treatment, I further argue there are

three channels: (1) mechanical shift of patients, (2) reallocation of medical resources (within

facilities), and (3) facilities’ dynamics (i.e., entry and exit).

Mechanical shift of patients: I should first highlight the observed decline in high-

intensity SAT provision could reflect a mechanical change in patients. Patients who expe-

rienced delays in the outpatient setting were initially placed in an inpatient setting (due to

worsening health outcomes); when the removal of PA can expand facilities’ treatment capac-

ity and admit patients on time, those who were “mistakenly” placed in an inpatient setting
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got the chance to receive less intensive one. In other words, this mechanical reduction in

demand for high-intensity services thus explains the pattern in my data.28

Ideally, one can implement empirical exercises to test this channel using individual-level

data in TEDS-A. If the mechanical shift story holds (or at least dominates), one would expect

(1) the aggregate number of patients getting admitted to high-intensity settings would decline

and/or (2) the likelihood of being transferred from low-intensity to high-intensity would

decrease among existing patients.29 Admittedly, I don’t have some administrative patient-

facility matching data, so it’s extremely hard to examine medical transfers across facilities

at this point. I thus run the following regression to investigate the admission margin:

#newly admitted patientsst
100, 000popst

= α + βPARestrictionst +X
′

stγ + ψs + ηt + ϵst (2.9)

The outcome of interest is the number of newly admitted patients to (high-intensity or

low-intensity or all) facilities per 100,000 state residents. Xst includes various state-level

controls. Others are identical to those in equation (6). Therefore, β captures the causal

effects of imposing PA restrictions. Regressions are all weighed by the state population per

year.

In Table 2.7, I present my main results regarding how the aggregate number of admis-

sions responds to the PA law change, by the type of policies and by the setting of SAT

services. In odd-numbered columns, the coefficient estimates capture the impact of impos-

ing any PA restriction; in even-numbered columns, I separately examine the effects of PA

services restrictions and PA medication restrictions. In the first two columns, I focus on all

types of admissions, and in the rest of the columns, I check admissions to the low-intensity

setting (column 3-column 4) and admissions to the high-intensity setting (column 5-column

5), respectively. Although the estimates here are less precise, the takeaway is that there is

little evidence suggesting the presence of a PA restriction will substantially reduce the size

28Of course, to provide more rigorous evidence for this argument, I will keep assembling more administra-
tive data, especially regarding individual-level information about medical transfers.

29Of course, it would be empirically challenging to disentangle the demand-side and supply-side factors.
However, as I argue and show in the subsequent analysis, the aggregate number of facilities providing high-
intensity services does not change following a PA restriction, suggesting patients’ access to such services is
unchanged. As a result, if there is any change along the admission margin, there’s a good chance that it
reflects a mechanical shift story.
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of new patients receiving such services, especially the high-intensity ones. The findings here

thus indicate the observed reduction in high-intensity SAT provision is probably not driven

by an immediate, mechanical surge in the corresponding demand.

Reallocation of medical resources: The second channel I argue is regarding re-

allocating available medical resources within a facility. With the amount of demand for

SAT services fixed, removing PA relaxes facilities’ treatment capacity constraints, thereby

enabling facilities to reallocate limited hours per provider and/or the number of healthcare

workers across departments and settings (i.e., from high-intensity ones to low-intensity ones).

Put differently, the presence of administrative hassles (e.g., prior authorization) distorts the

efficient allocation of medical resources in the first place.

Facilities’ dynamics: Besides any changes within facilities, it’s also possible to ar-

gue that the increased provision of low-intensity SAT service and the declined provision of

high-intensity services represent changes along the extensive margin: firms’ dynamics. This

alternative story is plausible due to several reasons. For example, if the removal of PA leads

to a significant expansion (reduction) in the network between insurers and facilities, new

specialty care facilities might be incentivized to enter. Meanwhile, if removing these admin-

istrative costs can largely decrease the general entry barrier, a surge in new entrants would

also be expected.

At this stage, I clearly don’t have precise measures of providers’ time allocation, the

number of healthcare providers, and detailed facility identifiers over time in the current

datasets. To tackle this issue, I am talking to staff from the Substance Abuse and Mental

Health Services Administration (SAMHSA) and plan to submit a FOIA request to access

facility identifiers if it’s feasible. This way, it would enable me to directly distinguish any

within-facility shift (from high- to low-intensity services) and changes in firms’ dynamics. In

the meantime, I am looking into a dataset, the National Sample Survey of Registered Nurses

(NSSRN, 2008, 2018, and 2022), which provides rich information regarding registered nurses’

location, industry, occupation, work time, earnings, and demographic characteristics.
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2.8.2 Quantity and Composition of Patients

To empirically and explicitly identify a variety of alternative demand/supply-side factors

mentioned in section 2.4 is an extremely challenging task: both the coverage status of SAT

services in a health plan and the admission/discharge decisions are equilibrium outcomes,

hinging on the interplay among consumers, healthcare facilities, and private insurers. Due to

the lack of detailed claim-level data and/or a structural model, I turn to conduct a two-stage

test and directly check if removing such administrative hassles induces any changes in the

composition of patients on site. This exercise enables me to identify/rule out some channels

beyond the margin of treatment within facilities. For example, if there is little evidence

showing that both the aggregate number and the key characteristics of on-site patients are

affected by a PA restriction, one can somewhat be assured that neither changes in insurance

coverage status nor ex-post moral hazard at the admission margin should be primary drivers

of results documented in section 2.7.30

I first explore whether the aggregate number of admissions and discharges among these

SAT facilities changes significantly following a prior authorization restriction. In the second

stage, I examine whether there are any changes in a number of key characteristics (demo-

graphic information, pre-existing health conditions, and the coverage status of various plans)

associated with the newly admitted and discharged. Drawing on evidence from these two

exercises allows me to infer whether restricting PA substantially alters the composition of

current patients getting treated within SAT facilities.

Changes in the aggregate number of admissions and discharges: To implement

the first-stage analysis, I rely on the TEDS-A/D and collapse these data to the state-year

cells. In other words, I construct a panel documenting the aggregate number of new ad-

missions/discharges of SAT facilities for each state per year. To avoid some institutional

complications related to the criminal justice system, I drop all observations referred by any

police official, judge, prosecutor, probation officer, or other person affiliated with a federal,

30Again, due to the lack of information regarding the reimbursement rates and/or premiums, my results
in this subsection cannot directly rule out the following possibility: the content of a private plan may change
among these on-site patients (i.e., a higher level of premiums, a decline in the reimbursement rate, etc.),
thereby affecting providers’ financial incentives to treat.
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state, or county judicial system.31 I then estimate a regression specification similar to equa-

tion 2.9. The outcomes of interest include both the aggregate numbers of new admissions

and discharges.

In Table 2.8, I repeat the exercise shown in section 2.8.1 and again find little evidence

that the enactment of PA laws could significantly affect the aggregate number of discharges

from SAT facilities. Taken together, I argue there is little strong evidence that the introduc-

tion of PA restrictions in the private insurance market influences the aggregate number of

patients in these behavioral healthcare facilities.

Changes in key characteristics of the newly admitted and discharged: In the

second stage, I turn to assess if introducing PA restrictions would alter a number of key

characteristics associated with newly admitted and discharged patients. Table 2.9 shows

relevant point estimates: None of these key features are affected significantly by the law,

indicating that there are little changes among the stock of patients within facilities regarding

one’s demographic characteristics, pre-existing conditions, and insurance coverage status.

These estimates further mitigate the concern that the redirection in providing SAT services

is partially a result of changes in the private insurance market. Instead, this shift towards

low-intensity care is likely to be driven by the interaction between providers and patients

who are already within one’s treatment program.

2.8.3 Ex-post Moral Hazard Among Existing Patients

Recall that in section 2.4, I mention that besides the margin of admission, moral hazards

can also occur among some marginal patients who are already being treated. To be concrete,

the PA law may increase information asymmetry about a patient’s condition because the

insurance company is now restrained from requesting detailed information about the patient’s

medical history and treatment progress. It can thus trigger another type of ex-post moral

hazard, resulting the increased incentives to keep utilizing available resources, although they

may not be medically necessary.

31Including this set of admissions in the primary sample may reflect not only patients’ will-
ingness to get treated but also responses from the criminal justice system. See, for example,
https://nida.nih.gov/sites/default/files/podat 1.pdf for a detailed description of how the criminal justice
system plays a role in SUD, last accessed April 30, 2024.
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A central question relevant to this channel is to what extent we should be concerned

about ex-post moral hazard in behavioral healthcare services in the first place. A prior,

I would argue medical services targeting SUDs are less likely to suffer from ex-post moral

hazard issues.

First, both policymakers and researchers worry about the underutilization of SAT ser-

vices rather than the overutilization.32 This unique pattern could be attributed mainly

to demand-side psychological factors, including public stigma, self-stigma, and structural

stigma (Allen, Nolan and Paone, 2019).

Second, based on some descriptive evidence, the concern about overutilizing SAT ser-

vices is also minimal. I collect data from the National Survey on Drug Use and Health

(NHDUH): According to the 2021 data, 94% of people aged 12 or older with a substance

use disorder did not receive any treatment. Among this population, nearly did not think

they needed treatment. In this regard, it reinforces the idea that instead of having incentives

to use unnecessary treatment, other factors (e.g., social, cultural, psychological, etc.) may

hinder people from taking up treatment targeting SUDs.

Using data from the TEDS-D, I construct a relatively “coarse” measure to capture the

existence of moral hazard along the treatment margin: whether one has been discharged due

to a voluntary dropout. Specifically, this type of dropout includes clients choosing not to

complete one’s treatment program, with or without specific advice to continue treatment.

In Table 2.11, I find that the propensity to drop out of a treatment program voluntarily has

slightly declined in the presence of PA restrictions among all patients discharged from these

facilities by 2.2 percentage points (column (1)). However, when turning to those actually

covered and discharged with commercial plans (as shown in the even-numbered columns),

the effects are positive and statistically insignificant. Therefore, it is less likely that my

results shown in section 2.7 are primarily attributed to a sizable change in moral hazard at

the treatment margin.

32For example, recent research has identified that less than half (41%) of all people treated for OUD in
the United States receive methadone or buprenorphine through substance use disorder (SUD) treatment
programs. When the referral source to a treatment program is the criminal justice system (i.e., coercive),
the proportion of people receiving MAT drops to just under 5% (Krawczyk et al., 2017).
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2.8.4 Providers’ Prescribing and Diagnostic Behaviors

According to the provider-induced demand theory (Arrow, 1978), any changes in the

medical price would alter providers’ financial incentives, thereby influencing one’s prescribing

and diagnostic behaviors. If removing PA requirements can largely change the price of each

SAT treatment, one would expect my main results to reflect a redirection in providers’ treat-

ment decisions. To empirically test this hypothesis, I restrict my attention to medication-

assisted treatment (MAT) for two primary reasons:

First, insurer requirements for prior authorization of MAT are historically widespread,

with prior authorization requirements being one of the most frequently cited buprenorphine

prescribing barriers in studies of clinicians (Barbara Andraka-Christou and Stein, 2023). For

SAT services, the presence of prior authorization requirements is more frequent than many

other medical procedures (Weber, 2020). 33

Second, prescribing MAT solely relies on licensed healthcare providers (i.e., physicians,

physician assistants (PAs), or nurse practitioners who have completed mandatory training

and obtained specific authorization from SAMHSA). In contrast, other SUD counseling and

individual/group therapy are jointly provided by various professionals.34 In this vein, focus-

ing on MAT enables me to better capture individual providers’ decisions instead of opinions

from a joint team.

Prior work typically argues empirical tests for models of physician-induced demand

are remarkably challenging because it is difficult to separate the demand and the supply

sides — overuse of medical procedures or drugs could also reflect consumer demand and/or

physicians’ belief about consumer demand (Currie, Lin and Meng, 2014). To tackle this

issue, I use information from the 2012-2020 TEDS-D to examine whether imposing a PA

restriction affects (1) the likelihood of providing low-intensity MAT services (as a proxy for

firms’ decisions), (2) the actual utilization of low-intensity MAT services (as a proxy for the

33According to Nguyen et al. (2022), commercial insurers impose PA requirements on buprenorphine, with
23% of formularies having at least one buprenorphine product with prior authorization requirements in 2017.

34To name a few, such professionals include clinical social workers, professional counselors, mental health
counselors, marriage and family therapists, clinical alcohol and drug counselors, peer specialists, and many
others.
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equilibrium outcome), and (3) the probability of voluntarily drop out from outpatient MAT

services as a proxy for consumers’ demand.

The corresponding results are presented in Table 2.11 and Table 2.12. Starting with

Table 2.11, I show the heterogeneous effects of PA restrictions by the type of low-intensity

services. The outcome of interest in the first two columns is the probability of offering

low-intensity regular SAT services (i.e., counseling and behavioral therapy); the dependent

variable is the likelihood of providing low-intensity medication-assisted treatment. In column

(1) and column (3), I include all discharges from the specialty care facilities regardless of

whether and how one is insured. In column (2) and column (4), I restrict my attention

to those discharges paid by private plans. The point estimates in Table 11 suggest that

imposing PA restrictions on commercial plans would significantly increase the provision of

low-intensity regular SAT services and the provision of low-intensity medication-based SAT.

Given MAT services are more likely to reflect individual providers’ incentives, I argue the

exercise demonstrates the surge in low-intensity service provision (shown in section 7) might

result from both an expansion in treatment capacity and a significant change in providers’

financial incentives.

To further corroborate some evidence, I continue with another exercise in Table 2.12.

The dependent variable in the first two columns is a dummy variable for being admitted

to an outpatient MAT program. The dependent variable in the last two columns is the

likelihood of dropping out of an outpatient MAT program. In column (1) and column (3), I

include all discharges from the specialty care facilities regardless of whether and how one is

insured. In column (2) and column (4), I restrict my attention to those discharges paid by

private plans. Interestingly, the coefficient in column (2) indicates having a PA restriction

leads to a decline in the admission margin, conditional on having private plans. This finding

suggests in equilibrium, the utilization of MAT services decreases. The coefficient estimate

in column (4) means having PA restrictions incentivizes consumers to drop out and reduce

the demand for such services. Taken together, I would argue these two patterns highlight

the increased provision of MAT services in an outpatient setting cannot be fully attributed

to substantial increases on the demand side.
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Putting these results together (Table 2.12 and Table 2.13), I provide suggestive evi-

dence that both an increase in the facility’s treatment capacity and a surge in individual

providers’ financial incentives can explain the patterns we document in section 2.7. Due to

the limitation of my current data, I cannot clearly disentangle these two mechanisms and

thus encourage future work to keep pursuing this interesting topic using much more detailed

claim data.

2.8.5 Facilities’ Contracting with Private Plans

To test if the willingness to accept private insurance is a key margin where providers

adjust decisions, I present the regression results in Table 2.14 regarding the propensity to

accept various types of payments among SAT facilities. This exercise sheds some light on

whether changes in the provision of SAT services are driven by firms’ selective contracting

(mentioned in section 2.4).

In column (1) and column (2), I start with a baseline OLS regression where the key

outcome of interest is the propensity to accept private health plans as the primary method

of payment. In columns (3) and (4), I turn to a specification with the dependent variable

as an indicator equaling to one if an SAT facility is inclined to accept any public insurance

plans (i.e., Medicare, Medicaid, and other state-funded plans). In the last two columns, I

focus on the case where the dependent variable is the likelihood of accepting cash or other

self-payment. Another noteworthy feature is that in all even-numbered columns, I check the

robustness of my results by directly excluding states with a Medicaid prior authorization law

in place.

Based on the estimated coefficients in column (1) and column (2), one can tell that the

enactment of prior authorization restrictions has imposed insignificant effects on the propen-

sity to accept private plans for a SAT facility. In contrast, when moving to the results in

columns (3) and (4), it suggests that restricting the use of PA in private plans has created

some positive spillovers on the participation in the public insurance market: the presence

of PA laws is associated with a significant increase in the propensity to participate in the

public insurance market by 2.6 - 4.6 percentage points. Conceptually, this spillover across

different insurance markets may result from changes in firms’ financial incentives following
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the PA restriction. For example, if PA requirements impose substantial administrative costs

on healthcare facilities, removing these administrative costs may relax firms’ capacity con-

straints and incentivize firms to accept low-margin consumers. This channel is quite relevant

in the context of SAT services, given that public insurance reimbursement rates are generally

lower than private plans.

2.8.6 Local Market Structure of Specialty Healthcare Facilities

Last but not least, I compile some aggregate-level data to test if changes in the local

market structure (i.e., competition) can partially explain specialty facilities’ decisions.35 A

long literature in healthcare has demonstrated that increased competition pressure can alter

the provision, quality, and costs of medical services (see, for example, Kessler and Geppert,

2005; Karlsson, 2007; Gaynor, Moreno-Serra and Propper, 2013). The key concern here

is that structural factors mentioned above in this section can all contribute to substantial

changes in the market structure of specialty behavioral health facilities, further altering

individual facility’s provision decisions.

The empirical exercise I took here tests if the number of facilities offering any SAT per

100,000 population within a state change following the PA restriction.36 To do so, I aggregate

all facilities reporting to the N-SSATS per year to the state-year level and re-scale it by the

state population. All regressions are weighted by state population. I present my results in

Table 2.15. The dependent variable of interest is the number of facilities offering relevant

SAT services per 100,000 state population per year across all columns. Column (1) focuses

on all such specialty care facilities offering any SAT service. In column (2), the variable of

interest is the number of facilities solely offering low-intensity ones; the estimates in column

(3) capture the impacts on the number of facilities providing only high-intensity service.

Eventually, in the last column, I restrict my attention to the number of facilities offering

both high- and low-intensity SAT services. Panel A presents my estimates for imposing any

PA restrictions, and Panel B shows the estimates for both the PA restriction on general SAT

services and the PA restriction on medication-assisted treatment.

35Admittedly, without a structural model to explicitly disentangle various mechanisms, I cannot rule out
this competition story for sure.

36This idea is consistent with Knowles (2022).
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Overall, I observe some interesting patterns from the data. First, there is no significant

effect on the aggregate number of facilities available within a state (column (1)), suggesting

the null impact on the local market structure of such specialty care associated with a PA

restriction. Second, consistent with the facility-level analysis shown in section 7, the number

of facilities offering only low-intensity SAT services significantly went up in response to the

PA law change by 0.277 units per 100,000 population (column (2)), while the number of

facilities offering high-intensity SAT services dropped by 0.159 units per 100,000 population

(column (3)). These two findings thus reinforce that removing PA can induce a shift in the

provision of facilities (from high-intensity to low-intensity).

From Figure (17) to Figure (20), I plot my estimates from an event-study specification for

four types of facilities respectively: facilities offering any SAT service (Figure (17)), facilities

offering only low-intensity SAT service (Figure (18)), facilities offering only high-intensity

SAT service (Figure (19)), and facilities offering both low- and high-intensity services (Figure

(20)). Among these estimates, I only find some significant results in Figure (18) and Figure

(19): removing PA requirements largely scaled up the provision of share of facilities solely

providing low-intensity SAT, and the impact here is persistent.

2.9 Welfare Implications

To close the discussion, I finally investigate some welfare implications related to the PA

law change. Motivated by the descriptive evidence from the American Medical Association

(AMA),37 I compile state-level mortality rates due to SUDs to estimate the impacts of

restricting PA requirements on health outcomes.

To identify deaths related to substance use disorders, I check the CDC Wide-ranging

ONline Data for Epidemiologic Research (WONDER) system and exploit the ICD-10 code.

In particular, I first define suicides due to all substance use disorders as follows: deaths caused

by mental and behavioral disorders due to psychoactive substance use (ICD-10 F10-F19) and

suicide (U03, terrorism intentional suicide; X60-X84, intentional self-harm; Y87, sequelae of

37See https://www.ama-assn.org/practice-management/prior-authorization/1-3-doctors-has-seen-prior-
auth-lead-serious-adverse-event, last accessed April 30, 2024.
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intentional self-harm, assault, and events of undetermined intent).38 I also construct the

state-level mortality rate caused by drug and alcohol reasons.39

The estimates are presented in Table 2.16. In the first two columns, the dependent

variable is the suicide rate due to SUDs per state year. In the last four columns, I focus

on alcohol-induced deaths. The outcome of interest is the number of all deaths linked to

alcohol-related issues per 100,000 population in column (3) and column (4); the dependent

variable of interest is the number of deaths due to alcohol issues within medical facilities per

100,000 population in column (5) and column (6). Based on the results shown in Table 2.16,

we can see that restricting the use of PA in commercial plans on the general SAT service leads

to a significant decline in suicides due to SUDs (by 0.122 cases per 100,000 population), all

alcohol-induced deaths (by 0.911 cases per 100,000 population), and alcohol-induced deaths

within medical facilities (by 0.437 cases per 100,000 population).

An event-study specification as follows is estimated:

yst = α +
4∑

i=−5

βt+iServiceRestrictions × yeart+i +X
′

stγ + ρs + ηt + ϵist (2.10)

where ServiceRestrictionst indicates whether a state has ever had a PA restriction on gen-

eral SAT services. The corresponding point estimates from the event-study specification

are plotted in Figure A21, Figure A22, and Figure A23. Interestingly, the post-treatment

estimates are statistically significant three years after the law change, suggesting the health

improvement might take a while to be in effect.

2.10 Concluding Remarks and Future Work

This paper finds that restricting the use of prior authorization (PA), a widely used

administrative practice in health plans, can significantly influence the provision of behav-

ioral healthcare services. In response to a restriction on PA in commercial plans targeting

substance abuse treatment (SAT) can increase the provision of low-intensity services (i.e.,

38Due to privacy protection, statistics from some states are suppressed. I show the availability of the
suicide data in Figure 4.

39See for example, https://wonder.cdc.gov/mcd.html, last accessed April 30, 2024.
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regular outpatient services) while decreasing the provision of high-intensity services (i.e., in-

tensive outpatient service, partial hospital service, hospital inpatient service, and residential

inpatient service).

I further corroborate evidence for two potential channels: First, the removal of PA

largely expanded facilities’ treatment capacity (i.e., time and labor available to patients),

thereby increasing the provision of low-intensity medical services on time. Second, restricting

the use of this administrative hassle also alters providers’ (financial) incentives in prescribing,

diagnosis, and treatment. In the meantime, my empirical results suggest the shift from high-

intensity service to low-intensity one cannot be primarily attributed to noticeable changes in

the private insurance market per se, ex-post moral hazard problems among existing patients,

facilities’ contracting with private insurers, and the changing market structure.

Going forward, I aim to compile more restricted data and empirically test other potential

channels. Among many others, I am investigating potential explanations for the decline in

providing high-intensity SAT service.

Mechanical Shift of Patients: Besides the tentative evidence shown above, I also

expect to assemble individual-level medical transfer records from SAMHSA (i.e., whether

a patient is transferred from low-intensity (high-intensity) settings to high-intensity (low-

intensity) settings). To my knowledge, the restricted N-SSATS includes such information,

and I plan to submit a FOIA request to obtain the data.

Medical Resource Reallocation within Facilities: There are two potential ways

to test this channel. First, I will look into the NSSRN data (2008, 2018, and 2022) to exam-

ine whether PA restrictions influence the work hours of registered nurses within behavioral

healthcare facilities. Second, I will check with the SAMHSA for any information on the

behavioral healthcare workforce within such facilities.

Facilities’ Dynamics: As mentioned in section 8.1, I am discussing with staff from the

SAMHSA regarding the availability of facility identifiers from 2015 and onwards. With the

additional ID, I can construct a facility-level panel and track a facility’s history in providing

medical service over time. This way, I can tell apart the medical resource realocation channel

and the facilities’ dynamics channel.
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Table 2.2: Effects of PA Limits on the Provision of SAT Services

low vs. high both vs. low both vs. high

PA restrictionst 0.088∗∗∗ 0.079∗∗∗ -0.042∗∗∗ -0.023 0.043∗∗ 0.054∗∗

(0.029) (0.024) (0.015) (0.014) (0.019) (0.023)
state FE ✓ ✓ ✓ ✓ ✓ ✓
other state SUD policies ✓ ✓ ✓
accepting private plans ✓ ✓ ✓
mean (pre-treatment) 0.638 0.670 0.597 0.650 0.723 0.790
# of obs. 59,720 37,508 107,070 77,156 86,070 62,345

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of only offering any low-intensity (i.e., outpatient)
services relative to only offering any high-intensity (i.e., intensive outpatient, partial hospital, residential
inpatient, and hospital-based inpatient) in columns (1) and (2), and the probability of offering both low- and
high-intensity services relative to only providing low-intensity ones in column (3) and column (4). In column
(5) and column (6), the dependent variable is the probability of offering both types of services relative to
offering only high-intensity ones. Data are obtained from the 2012-2020 N-SSATS. State controls include
SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural log of the
population, natural log of the state GDP, and the effective state-level minimum wage. All standard errors
are clustered at the state level. Standard errors are in parenthesis.
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Table 2.3: Effects of PA Limits on the Provision of Inpatient Service

low vs. high both vs. low both vs. high

PA service restrictionst 0.084∗∗∗ 0.067∗∗∗ -0.040∗∗ -0.022 0.035∗∗ 0.045∗∗

(0.028) (0.024) (0.019) (0.018) (0.017) (0.020)
PA medication restrictionst 0.029 0.044∗ -0.007 0.003 0.025 0.038∗∗

(0.030) (0.024) (0.022) (0.019) (0.017) (0.019)
Medicaid PA restrictionst 0.148∗∗∗ 0.249∗∗∗ -0.050 -0.234∗∗∗ 0.066∗ 0.035

(0.054) (0.054) (0.053) (0.071) (0.038) (0.054)
state FE ✓ ✓ ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓ ✓ ✓
other state SUD policies ✓ ✓ ✓
accepting private plans ✓ ✓ ✓
mean (pre-treatment) 0.638 0.670 0.597 0.650 0.723 0.790
# of obs. 59,720 37,508 107,070 77,156 86,070 62,345

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of only offering any low-intensity (i.e., outpatient)
services relative to only offering any high-intensity (i.e., intensive outpatient, partial hospital, residential
inpatient, and hospital-based inpatient) in columns (1) and (2), and the probability of offering both low- and
high-intensity services relative to only providing low-intensity ones in column (3) and column (4). In column
(5) and column (6), the dependent variable is the probability of offering both types of services relative to
offering only high-intensity ones. Data are obtained from the 2012-2020 N-SSATS. State controls include
SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural log of the
population, natural log of the state GDP, and the effective state-level minimum wage. All standard errors
are clustered at the state level. Standard errors are in parenthesis.
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Table 2.4: Effects of PA Limits on SAT Provision (Callaway and Sant’Anna (2021))

low vs. high both vs. low both vs. high

PA restrictionst 0.044∗∗∗ 0.043∗∗∗ -0.023∗∗ -0.012 0.015 0.021∗

(0.012) (0.015) (0.010) (0.011) (0.010) (0.011)
state FE ✓ ✓ ✓ ✓ ✓ ✓
accepting private plans ✓ ✓ ✓
mean (pre-treatment) 0.638 0.670 0.597 0.650 0.723 0.790
# of obs. 59,720 37,508 107,070 77,156 86,070 62,345

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of only offering any low-intensity (i.e., outpatient)
services relative to only offering any high-intensity (i.e., intensive outpatient, partial hospital, residential
inpatient, and hospital-based inpatient) in columns (1) and (2), and the probability of offering both low- and
high-intensity services relative to only providing low-intensity ones in column (3) and column (4). In column
(5) and column (6), the dependent variable is the probability of offering both types of services relative to
offering only high-intensity ones. Data are obtained from the 2012-2020 N-SSATS. State controls include
SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, the natural log of the
population, the natural log of the state GDP, and the effective state-level minimum wage. All standard
errors are clustered at the state level. Standard errors are in parenthesis.
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Table 2.5: Effects of PA Limits on the Provision of Early Interventions

Brief Intervention Screening Comp Assessment Outreach

PA limitst 0.633∗∗ 0.653∗ 0.698∗ 0.528∗

(0.274) (0.370) (0.351) (0.291)
state FE ✓ ✓ ✓ ✓
year×division FE ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓
Mean (pre-treatment) 4.871 5.718 5.598 3.644
N 441 294 294 294

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the number of facilities offering brief intervention, screening for SUD,
comprehensive assessment and diagnosis, and outreach services through column (1) to column (4). Data are
obtained from the 2012-2020 Annual Reports for N-SSATS in column (1) and assembled from the 2015-2020
Annual Reports for N-SSATS in column (2)-column (4). State controls include ACA Medicaid Expansion,
SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural log of the
population, natural log of the state GDP, and the effective state-level minimum wage. All standard errors
are clustered at the state level. Standard errors are in parenthesis.
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Table 2.6: Do Social and Economic Factors Predict the Enactment of PA Restrictions?

Any PA Restriction Service Restriction Medication Restriction

log(population) -2.993∗ -2.914∗ -0.168
(1.730) (1.627) (1.644)

parity laws -0.011 -0.017 -0.000
(0.010) (0.010) (0.009)

log(# of SNAP recipients) -0.060 -0.088 -0.215
(0.275) (0.245) (0.202)

log(# of TANF recipients) 0.095 0.063 0.001
(0.082) (0.079) (0.075)

log(state GDP) 0.921 0.458 0.162
(0.667) (0.537) (0.583)

state unemployment rate 0.013 0.002 0.001
(0.031) (0.023) (0.025)

state minimum wage 0.129∗∗∗ 0.073∗ 0.118∗∗∗

(0.039) (0.037) (0.039)
annual SUD deaths 0.000 0.000 -0.000

(0.000) (0.000) (0.000)
Observations 459 459 459

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variable is the probability of enacting any PA restriction in state s and year t
in column (1), the probability of enacting PA restrictions on general SAT services in column (2), and the
probability of enacting PA restrictions on medication-assisted treatment (MAT) in column (3). State controls
include SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, the natural
log of the population, the natural log of the state GDP, and the effective state-level minimum wage. All
standard errors are clustered at the state level. Regressions are weighted by state population. Standard
errors are in parenthesis.
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Table 2.7: Effects of PA Limits on Medical Delay (Due to Facilities’ Capacity Issues)

low-intensity high-intensity
any delay normal delay severe delay any delay normal delay severe delay

PA restrictionst -0.100∗∗ -0.044∗∗∗ -0.018∗ -0.021 -0.000 0.004
(0.044) (0.014) (0.009) (0.039) (0.013) (0.009)

state FE ✓ ✓ ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓ ✓ ✓
# of observations 2,487,244 2,487,244 2,487,244 3,227,149 3,227,149 3,227,149

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: In column (1), column (2), and column (3), the sample includes all patients admitted to a low-
intensity (i.e., regular outpatient) setting. In column (4), column (5), and column (6), the sample includes
all patients admitted to a high-intensity (i.e., intensive outpatient, partial hospital, residential inpatient,
and hospital-based inpatient) setting. The dependent variables are the probability of experiencing any
medical delay (any days prior to the treatment), normal medical delay (at least seven days prior to the
treatment), and severe medical delay (at least two weeks prior to the treatment). Data are obtained from
the 2012-2020 TEDS-A. State controls include SAT parity laws, pain clinic regulation, PDMP mandates,
state unemployment rates, natural log of the population, natural log of the state GDP, and the effective
state-level minimum wage. All standard errors are clustered at the state level. Standard errors are in
parenthesis.
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Table 2.8: Effects of PA Limits on the Number of Admissions to SAT Facilities

any SAT services low-intensity SAT high-intensity SAT

PA restrictionst 140.00 - 139.11 - 0.89 -
(149.08) - (130.85) - (33.14) -

PA service restrictionst - 171.47 - 131.97 - 39.51
- (164.97) - (147.92) - (35.03)

PA medication restrictionst - 244.24 - 251.41 - -7.17
- (213.21) - (182.76) (55.41)

state FE ✓ ✓ ✓ ✓ ✓ ✓
year ✓ ✓ ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓ ✓ ✓
# of observations 459 459 459 459 459 459

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the number of initial admissions to any SAT setting per 100,000
population in columns (1) and (2) and the number of initial admissions to a low-intensity setting per 100,000
population in column (3) and column (4). In column (5) and column (6), the dependent variable is the
number of new admissions to a high-intensity setting. Data are obtained from the 2012-2020 TEDS-A.
State controls include SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates,
natural log of the population, natural log of the state GDP, and the effective state-level minimum wage. All
standard errors are clustered at the state level. Regressions are weighted by the state population. Standard
errors are in parenthesis.
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Table 2.9: Effects of PA Limits on the Number of Discharges to SAT Facilities

any SAT services low-intensity SAT high-intensity SAT
(1) (2) (3) (4) (5) (6)

PA restrictionst 79.12 - 82.03 - -2.86 -
(129.26) - (121.55) - (21.13) -

PA service restrictionst - 199.78 - 143.18 - 56.71∗∗

- (173.03) - (157.03) - (25.71)
PA medication restrictionst - 140.06 - 171.32 - -31.38

- (187.03) - (173.74) (29.57)
state FE ✓ ✓ ✓ ✓ ✓ ✓
year ✓ ✓ ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓ ✓ ✓
# of observations 459 459 459 459 459 459

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the number of initial discharges to any SAT setting per 100,000 popu-
lation in columns (1) and (2) and the number of discharges to a low-intensity setting per 100,000 population
in column (3) and column (4). In column (5) and column (6), the dependent variable is the number of
discharges a high-intensity setting. Data are obtained from the 2012-2020 TEDS-A. State controls include
SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural log of the
population, natural log of the state GDP, and the effective state-level minimum wage. All standard errors
are clustered at the state level. Regressions are weighted by the state population. Standard errors are in
parenthesis.
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Table 2.11: Effects of PA Limits on Voluntary Dropout

dependent variable: prob(voluntarily dropout)

All Discharges Low-Intensity High-Intensity

Panel A. Any Restriction
PA restrictionst -0.022∗∗ 0.012 -0.014 0.031 -0.024∗∗ 0.014

(0.010) (0.016) (0.016) (0.024) (0.011) (0.012)
Panel B. Policy Heterogeneity
PA service restrictionst -0.035∗ 0.012 -0.031 0.017 -0.028 0.017

(0.020) (0.025) (0.025) (0.028) (0.021) (0.020)
PA medication restrictionst 0.006 -0.015 0.014 -0.003 -0.003 -0.009

(0.023) (0.023) (0.029) (0.022) (0.024) (0.017)
state FE ✓ ✓ ✓ ✓ ✓ ✓
year ✓ ✓ ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓ ✓ ✓
sample all private all private all private
# of observations 8,088,908 364,827 3,156,893 117,905 4,931,275 246,889

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of voluntarily dropping out of a program (vs. completing
a program). In column (1) and column (2), the sample includes all discharges of a specialty care facility.
In column (3) and column (4), the sample includes all patients who initially receive low-intensity SAT
services. In column (5) and column (6), the sample includes all patients who initially receive high-intensity
SAT services. In odd-numbered columns, the sample includes all patients regardless of their method of
payment. In even-numbered columns, the sample includes patients with private plans as the primary method
of payment. Data are obtained from the 2012-2020 TEDS-D. State controls include SAT parity laws, pain
clinic regulation, PDMP mandates, state unemployment rates, natural log of the population, natural log of
the state GDP, and the effective state-level minimum wage. All standard errors are clustered at the state
level. Standard errors are in parenthesis.
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Table 2.12: Effects of PA Restrictions on Low-Intensity Regular SAT vs. MAT

Regular SAT Medication SAT

PA restrictionst 0.035∗∗∗ 0.036∗∗∗ 0.056∗ 0.070∗∗

(0.012) (0.012) (0.032) (0.035)
state FE ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓
facilities accepting commercial plans ✓ ✓
# of observations 106,513 73,825 53,930 39,121

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of offering regular low-intensity SAT service in column
(1) and column (2) and are the probability of offering medication-assisted, low-intensity SAT services in
column (3) and column (4). In odd-numbered columns, the sample includes all specialty care facilities.
In even-numbered columns, the sample includes specialty care facilities accepting private plans. Data are
obtained from the 2012-2020 N-SSATS. State controls include SAT parity laws, pain clinic regulation, PDMP
mandates, state unemployment rates, natural log of the population, natural log of the state GDP, and the
effective state-level minimum wage. All standard errors are clustered at the state level. Standard errors are
in parenthesis.
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Table 2.13: Effects of PA Limits on Outpatient Medication-Assisted Treatment (MAT)

initial admission voluntary dropout
(1) (2) (3) (4)

PA restrictionst 0.005 -0.025∗∗ 0.005 0.088∗∗∗

(0.013) (0.011) (0.017) (0.032)
state FE ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓
paid by commercial plans ✓ ✓
# of observations 7,839,817 323,450 630,002 12,629

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of getting admitted to an outpatient MAT program
instead of other settings in column (1) and column (2) and the probability of voluntarily dropping out of a
MAT program (vs. completing a MAT program) in column (3) and column (4). In odd-numbered columns,
the sample includes all discharges regardless of the method of payment. In even-numbered columns, the
sample includes discharges paid by commercial plans. Data are obtained from the 2012-2020 TEDS-D. State
controls include SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural
log of the population, natural log of the state GDP, and the effective state-level minimum wage. All standard
errors are clustered at the state level. Standard errors are in parenthesis.
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Table 2.14: Effects of PA Restrictions on the Participation in Insurance Market

private plans Medicaid Medicare self-payment

PA restrictionsst -0.010 0.004 0.021∗ 0.003
(0.014) (0.014) (0.011) (0.006)

state FE ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓
# of observations 114,382 114,212 113,561 115,029

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variables are the probability of accepting commercial plans, Medicaid payments,
Medicare payments, and any cash or self-payments. Data are obtained from the 2012-2020 N-SSATS. State
controls include SAT parity laws, pain clinic regulation, PDMP mandates, state unemployment rates, natural
log of the population, natural log of the state GDP, and the effective state-level minimum wage. All standard
errors are clustered at the state level. Standard errors are in parenthesis.
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Table 2.15: Effects of PA Restrictions on Local Market Structure

DP: # of facilities per 100,000 pop
all facilities only low only high both types

Panel A. any restrictions
PA restrictionsst 0.184 0.277∗∗∗ -0.159∗ 0.066

(0.166) (0.095) (0.087) (0.107)
Panel B. policy heterogeneity
PA service restrictionsst 0.193 0.281∗∗ -0.140∗ 0.052

(0.211) (0.130) (0.078) (0.111)
PA medication restrictionsst -0.010 0.069 -0.096 0.016

(0.259) (0.154) (0.098) (0.179)
state FE ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓
# of observations 459 459 459 459

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variable is the number of all specialty care facilities per 100,000 population in column
(1), the number of specialty care facilities only offering low-intensity SAT services per 100,000 population
in column (2), the number of specialty care facilities only offering high-intensity SAT services per 100,000
population in column (3), and the number of specialty care facilities offering both high- and low-intensity
SAT services per 100,000 population in column (4). In column (3) to column (6), all dependent variables
are conditional on accepting private health insurance. In Panel A, the key independent variable is a dummy
variable for whether there is a PA restriction in state s and year t. In Panel B, I take into account the
policy heterogeneity. Data are obtained from the 2012-2020 N-SSATS. State controls include SAT Parity,
Pain Clinic Regulation, PDMP mandates, state unemployment rates, natural log of the population, natural
log of the state GDP, and effective state minimum wage. All standard errors are clustered at the state level.
Regressions are weighted by the state population. Standard errors are in parenthesis.
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Table 2.16: Effects of PA Restrictions on Mortality Rate Related to SUDs

SUD suicide all alcohol-induced alcohol-induced (medical facilities)

PA Restrictionst 0.019 - -0.112 - -0.098 -
(0.069) - (0.407) - (0.167) -

Service Restrictionst - -0.122∗ - -0.911∗∗ - -0.437∗∗

- (0.061) - (0.422) - (0.181)
Medication Restrictionst - 0.144 - 0.641 - 0.218

- (0.095) - (0.549) - (0.237)
state FE ✓ ✓ ✓ ✓ ✓ ✓
year FE ✓ ✓ ✓ ✓ ✓ ✓
state controls ✓ ✓ ✓ ✓ ✓ ✓
# of observations 459 459 459 459 459 459

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: The dependent variable is the number of deaths due to SUD-induced suicide per 100,000 population
in column (1) and column (2), the number of deaths induced by alcohol use issues per 100,000 population in
column (3) and column (4), and the number of deaths induced by alcohol use issues within medical facilities
per 100,000 population in column (5) and column (6). In odd-numbered columns, the key independent
variable is a dummy variable for whether there is a PA restriction in state s and year t. In even-numbered
columns, I take into account the policy heterogeneity. Data are obtained from the 2012-2020 CDCWONDER
system. State controls include SAT Parity, Pain Clinic Regulation, PDMP mandates, state unemployment
rates, natural log of the population, natural log of the state GDP, and effective state minimum wage. All
standard errors are clustered at the state level. Regressions are weighted by the state population. Standard
errors are in parenthesis.
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Figure A1: Distribution of State PA Restrictions on SAT in Commercial Plans
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Figure A2: Distribution of State PA Restrictions on General SAT Service in Commercial
Plans
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Figure A3: Distribution of State PA Restrictions on SAT Medication in Commercial Plans
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Figure A4: Availability of CDC WONDER States (SUD Suicide)
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Figure A5: Evolution of State Laws Restricting PA on SAT in Commercial Plans

Figure A6: Screenshot of the Annual Report of the N-SSATS
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Figure A7: event-study estimates for providing only low-intensity (vs. only high-intensity)
SAT
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Figure A8: event-study estimates for providing both (vs. only low-intensity) SAT

Figure A9: event-study estimates for providing both (vs. only high-intensity) SAT
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Figure A10: event-study estimates for accepting Medicare

Figure A11: event-study estimates for accepting commercial plans
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Figure A12: event-study estimates for accepting Medicaid

Figure A13: event-study estimates for accepting uninsured
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Figure A14: event-study estimates for experiencing any medical delay

Figure A15: event-study estimates for experiencing normal medical delay
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Figure A16: event-study estimates for experiencing severe medical delay

Figure A17: event-study estimates for # of facilities providing any SAT services (per 100,000
pop)
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Figure A18: event-study estimates for # of facilities only providing low-intensity SAT ser-
vices (per 100,000 pop)

Figure A19: event-study estimates for # of facilities only providing high-intensity SAT
services (per 100,000 pop)
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Figure A20: event-study estimates for # of facilities providing both low- and high-intensity
SAT services (per 100,000 pop)

Figure A21: event-study estimates for # of death due to SUD suicide per 100,000 pop
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Figure A22: event-study estimates for # of death due to alcohol use reasons per 100,000 pop

Figure A23: event-study estimates for # of death due to alcohol use reasons per 100,000
pop (within medical facilities)
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Appendices

A.1. Prior Authorization

Prior authorization refers to a requirement by health plans for patients to obtain ap-

proval of a healthcare service or medication before the care is provided (KFF).40 Typically,

PA aims to help plans evaluate whether care or treatment is medically necessary and other-

wise covered. Such standards (usually calledmedical necessity criteria) for this pre-treatment

review are often developed by the plans themselves, based on medical guidelines, costs, uti-

lization, and other information (KFF).

A standard process to obtain prior authorization can vary across insurers but typically

involves the following steps: containing the payer’s PA form, completing all required clinical

and administrative information, submitting the form to the health plan, and, if necessary,

contacting service representatives or other personnel at the plan for follow up (Turner, Miller

and Clark, 2019). Common methods for submitting PA requests include electronic medical

records (EMR), fax, secure email, phone, and the payer’s digital portal. The submitted PA

request, along with any supporting materials, will be reviewed by the clinical staff (e.g.,

pharmacists, registered nurses, etc.). The length of time before requests are processed varies

by type of care, payer type, use of automation, and many other factors, ranging from the

same day to several days.

In terms of the results of a PA request, it can be approved or denied. In the case that

a PA request is denied, providers and patients have the option to appeal. Physicians have

reported that, overall, 72% of PA requests are approved on initial request and an additional

7% are approved on appeal. In addition, PAs are typically only valid for a specified length

of time, after which additional requests must be submitted for continued prescription refills

or therapies (Turner, Miller and Clark, 2019).

40See for example, https://www.kff.org/policy-watch/examining-prior-authorization-in-health-insurance/,
last accessed April 30, 2024.
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A.2. Substance Abuse Treatment Services

In terms of substance abuse treatment (SAT) services, according to the American Society

of Addition Medicine (ASAM), there are 5 levels of treatment:41

Level 0.5 treatment is usually called Early Intervention. Early intervention can

consist of assessment and education for people at risk of developing a substance use disorder

or programs like DUI classes for people arrested for driving under the influence. The primary

goal here is to intervene before a person develops a substance use disorder.

Level 1 treatment includes outpatient treatment consisting of treatment for substance

use that is less than 9 hours a week. Level 1 is appropriate for people with less severe disorders

as a starting point or as a step-down from more intensive services.

Level 2 treatment includes intensive outpatient services and partial hospitalization.

The former consists of at least 9 and no more than 20 hours per week of treatment. These

programs typically offer medical care 24 hours a day by phone or within 72 hours in person.

Partial hospitalization is at least 20 hours a week but is less than 24-hour care. This level

of care provides structural and daily oversight for people who need daily monitoring but not

24/7 care.

Level 3 treatment is the inpatient services, which can include clinically managed

low-intensity residential treatment, managed high-intensity and population-specific services,

clinically managed residential services, and hospital-based high-intensity inpatient treatment

services. Clinically managed low-intensity residential treatment provides a group home and

only requires 5 hours per week, which helps people with such topics as relapse manage-

ment. Clinically managed high-intensity and population-specific services provide treatment

designed to move at a slower pace, for people with cognitive functioning issues, including

people with traumatic brain injuries, the elderly, or people with developmental disabilities.

Clinically managed residential services are designed for people with serious psychological or

social issues who need 24-hour oversight and are at risk of imminent harm. Eventually, med-

ically managed high-intensity inpatient treatment is for people who need intensive medical

or psychological monitoring in a 24-hour setting but do not need daily physician interaction.

41See https://americanaddictioncenters.org/rehab-guide/asam-criteria-levels-of-care, last accessed April
30, 2024.
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Level 4 treatment provides 24-hour nursing care and daily physician visits. People

in this level of care need daily physician monitoring, along with 24-hour oversight. It is

designed for people with severe biomedical, emotional, behavioral and/or cognitive conditions

that require primary medical and 24-hour nursing care. Services are provided in hospital

settings, such as acute care units, and involve medically directed evaluation and treatment.

Primarily designed to provide stabilization, this level then helps people transition to another

level of care.42

42See for example, https://americanaddictioncenters.org/rehab-guide/levels-of-care, last accessed April 30,
2024.
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A.3. Tables and Figures

Figure A24: snapshot of prior authorization requests
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Chapter 3

Veterinary Care Regulation and Livestock Production:

Evidence from the Progressive Era

3.1 Introduction

Over the last 60 years, the number of jobs requiring an occupational license or govern-

ment approval to practice a profession has grown from approximately 5% to 25% (National

Center for Interstate Compacts).1 Occupational licensing laws typically require professional

workers to submit verification of training, testing, and education before legally entering a

chosen field and practicing. When appropriately implemented, occupational licensing re-

quirement aims to help protect the health and safety of consumers. However, relatively

little empirical work has been done regarding whether occupational licensing requirements

influence consumers’ outcomes (i.e., choices, health outcomes, etc.). Instead, most studies

emphasized its labor market effects (see for example, Kleiner and Kudrle, 2000; Kleiner

et al., 2016).

Economic theory provides relatively limited guidance about how stricter occupational

licensing requirements would influence consumer outcomes a priori : On one hand, increasing

the regulatory stringency can raise the average quality of those who actually practice and

provide service and simultaneously deter unqualified providers (Shapiro, 1986; Kleiner, 2000;

Goldin and Katz, 2016; Anderson et al., 2020). On the other hand, such occupational

licensure may also adversely impact the quality of service and other consumer outcomes if

stricter licensure could lead to higher prices and reduced consumers’ access to the service,

resulting in an increase in demand for other low-quality, inferior substitutes (Shepard, 1978;

Adams, Ekelund and Jackson, 2003; Kleiner and Kudrle, 2000; Anderson et al., 2020).

1See https://compacts.csg.org/our-work/licensing/, last accessed April 30, 2024.
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Empirical work centering on this question is also sparse, partly due to the enormous

complexity of contemporary regulations safeguarding consumers’ safety and health. To pro-

vide some of the first evidence, I assess how the occupational licensure targeting veterinary

care shaped one dimension of agricultural development: livestock production, measured by

the head of draft animals per acre (Koch et al., 2019) and the amount of agricultural prod-

ucts. To do so, I draw historical evidence from the initial adoption of state-level licensing

laws for veterinarians in the US during the late nineteenth century and the early twentieth

century. There are two primary advantages of focusing on this historical episode: First of all,

during the sample period, there was little prior regulation for veterinary practice and live-

stock welfare in the U.S.2 Most importantly, in the modern agricultural sector, where many

veterinarians are already licensed, tightening licensing requirements represents only an in-

cremental change in the overall licensing regime. Thus, there is a higher chance that my

research can capture an immediate and profound effect associated with the initial adoption

of occupational licensing laws.

Another advantage of leveraging this unique historical episode to document causal effects

is that before the late 1910s, U.S. agricultural production completely relied on animal power

(Dimitri, Effland and Conklin, 2005): early 20th-century agriculture was labor intensive, and

it took place on a large number of small, diversified farms in rural areas where more than half

of the U.S. population lived. These farms employed close to half of the U.S. workforce, along

with 22 million work animals. Within this context, my analysis centers on a crucial aspect

of agricultural production and development, thereby shedding new light on the incidence of

occupational licensing regulations.

My empirical analysis uses data from 1870-1930, during which 47 states adopted the

licensing requirements for veterinarians. Exploiting geographical and temporal variation in

adopting such requirements, I explore their effects on livestock production, proxied by the

heads of horses/mules/swine/dairy cows per acre of farmland. To do so, I assemble data

from the Census of Agriculture (Haines and Rhode, 2018) and construct a balanced panel

2By contrast, the contemporary regulatory regime for both veterinarians and livestock is far more compli-
cates. For example, see https://libguides.libraries.wsu.edu/veterinarymedicine/vetlaws, last accessed April
30, 2024.
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including 2,332 counties in total throughout the sample period. Using a staggered difference-

in-differences specification, I document the adoption of licensing requirements is associated

with a statistically significant increase in the head of livestock per acre of farmland. These

results are robust to alternative specifications that better control for state-specific time

trends. My results from the event-study specification also highlight some of these effects are

persistent. I eventually implemented various robustness checks to address the issue of policy

endogeneity (or, say, reverse causality).

I also examine the heterogeneous effects of these licensing requirements for veterinary

care along three dimensions: (1) whether the county is rural or urban, (2) whether the licens-

ing agency is independent (versus being governed by the state’s Department of Agriculture),

and (3) whether the licensing board is solely selected by the state government (versus being

selected by both the state government and the local occupational association). These results

suggest the positive effects are more prominent among states with independent licensing

agencies and licensing boards with professionals involved. The positive effects here indi-

cate requiring professional veterinarians to get occupational license can improve the direct

outcomes associated with consumers. Meanwhile, I extend my baseline analyses to the het-

erogeneous effects based on regions. My results suggest that the positive effects associated

with state occupational licensing laws for veterinarians are more prominent in the Great

Plains, which has historically been an agricultural factory of immense proportions.

In terms of the mechanisms at play, there are two theoretical arguments that can ra-

tionalize my findings. First, the increased stringency of occupational licensing regulations

can substantially improve service quality available in the market by deterring the entry of

(low-quality, unqualified) workers (Kleiner, 2000). As a result, the number of veterinarians

declined, and the average quality of service went up. Second, the increased stringency

Another plausible mechanism is adopting licensing requirements can largely resolve the

issue of asymmetric information in specialized medical services. Either the regulation per

se or the observable labor market dynamics of veterinarians might be valued as a signal

of service quality (i.e., livestock productivity), thereby encouraging consumers to change

the input choice of agricultural production. In this regard, I found even controlling for

consumers’ access to veterinarian services (i.e., # of veterinarians per county year), we can
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still observe a significant increase in the density of livestock, especially draft animals that

are more likely to be an input in agriculture production.

This paper can contribute to several strands of literature. First, it directly relates to a

large and still emerging line of work emphasizing the consequences of imposing occupational

licensure. Instead of focusing on the first important labor market effects, my paper provides

novel evidence regarding the incidence of such labor market regulations on consumer out-

comes. Previous studies in this line have found that the incremental tightening of licensing

requirements has little effect on the health outcomes among consumers (Carroll and Gaston,

1981; Kleiner and Kudrle, 2000; Kleiner et al., 2016; Markowitz et al., 2017).

In this vein, the closest work to mine is from Anderson et al. (2020), finding that

requiring midwives to be licensed reduced maternal mortality and led to modest reductions in

infant mortality. Their results demonstrate that licensing restrictions can improve the health

of consumers. There are two key distinctions between my work and Anderson et al. (2020).

First, my paper captures the positive effects on consumer outcomes in a different setting,

agricultural production, and development, thereby suggesting broader impacts associated

with such labor market regulations. Second, my work highlights a novel margin of consumer

outcomes, consumers’ choices per se. Results along this dimension can be quite informative:

after all, the health outcome is determined in equilibrium by both the provision of professional

service and the choices/decisions of consumers.

My work also speaks to another large literature in economic history, discussing the

determinants of agricultural development in the US. Prior work has highlighted the role

of technological diffusion (Olmstead and Rhode, 2004), environmental catastrophe (Lange,

Olmstead and Rhode, 2009; Hornbeck, 2012; Hornbeck and Keskin, 2014), property rights

(Hornbeck, 2010), rural electrification (Kitchens and Fishback, 2015), immigration restric-

tions (Clemens, Lewis and Postel, 2018), and many others. To my knowledge, little work has

been done to investigate the interplay between labor market regulations, especially occupa-

tional licensing regulations, and agricultural development. In this vein, my work provides a

fresh perspective on this topic and demonstrates the plausible improvement in agricultural

productivity linked to the increased stringency of occupational licensure.
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The rest of this paper proceeds as follows: section 3.2 provides the institutional back-

ground. Section 3.3 specified the baseline empirical strategy and some threats to identifica-

tion. Section 3.4 describes the datasets enabling me to implement the empirical analyses;

section 3.5 presents the main results. Section 3.6 discusses the mechanisms, and eventually,

section 3.7 concludes.

3.2 Historical Background

In this section, I first briefly summarized the evolution of veterinary medicine in the US

and then described the education for veterinarians in the early nineteenth century and the

late twentieth century.

3.2.1 Veterinary Workforce

The veterinary medical profession in the US has a long history of ensuring that “the needs

of a society could be met by the sufficient numbers of veterinarians with sufficient amounts

of training (Dicks, 2013).” As mentioned in a 1964 statement from the Joint Committee

on Veterinary Education of the AVMA, the Association of American Veterinary Medical

Colleges, and the Association of the State Universities and Land-Grant Colleges,

Livestock losses in the developing United States caused President Abraham Lin-

coln in 1862 to sign a bill establishing the U.S. Department of Agriculture. The

accumulated data on the death of animals from disease clearly indicated the need

for well-trained veterinarians to cope with this problem. The Morrill Act signed

by President Lincoln in 1862 enabled each state and territory to support the

instruction of veterinary medicine.

By 1900, there were an estimated 9,000 veterinarians in the U.S., most of whom were

involved in “the control, prevention, and eradication of livestock and poultry diseases to en-

sure [sic] the milk, eggs, meat and their products are disease-free (Dicks, 2013).” Throughout

history, the veterinary profession has faced both dramatic increases in the demand for its

general services and changes in the types of specific tasks needed, given the interaction be-

tween humans and animals has changed. As a result, the total number of veterinarians
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has increased to approximately 90,705 today. Meanwhile, the number of veterinarians per

100,000 people also increased from 11.6 in 1962 to 28.1.

Throughout the nineteenth century, most individuals who doctored animals profession-

ally obtained their training through experience or apprenticeship, as did physicians and

lawyers. Defining oneself as a “veterinarian” thus required no legal sanction, “merely an abil-

ity to persuade potential consumers that one’s service was worth the price Jones (2003).”

Only some veterinarians were trained in formal schools or programs, and the quality of

such education often varied greatly. Most of those doctoring animals came to their vocation

through experience in relevant occupations like driving, farriery, animal breeding, or assisting

a practicing veterinarian.

Before the 1890s, the culture of doctoring animals primarily borrowed from that of the

“stable and barnyard,” and the usual denizens of both occupied lowly positions on the social

ladder. For example, R.J. Dinsmore, who worked in his father’s livery stable as a boy and

later graduated from Harvard Veterinary School, described the early 1890s’ image of the

horse doctor as (Jones, 2003):

Nobody was laughed at more than the horse doctor. Horse doctors were supposed

to be a coarse, ignorant group who had made a failure of blacksmithing or farming

and had turned to doctoring. That they actually knew anything about medicine

was an absurd notion ... Most were not real veterinarians, but farriers.”

Another statement of the situation in 1870 came from D.E. Salmon, the first Chief of

the Bureau of Animal Industry:

The opinions of veterinarians have not only been treated as valueless but, in many

cases, have been ridiculed. There seems to be no limit to the numbers who, with

the assurance that ignorance and self-conceit all the observations of the veterinary

profession on this point, as well as against the established facts of anatomy,

physiology and pathology. I admit the profession has so far established few

claims to recognition in this country, but our stock owners can thank themselves

for it, for it has been their indifference and want of sympathy that has kept it in

an undeveloped state. As a member of that profession, however, I wish to record
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my objections to this ‘relic of barbarism’ — this tradition from the superstitious

quacks and horse-jockeys of the past.

Traditionally, most early-stage veterinarian patients were animals being valued for their

productive abilities as workers or food. Veterinarians could “easily make an uncomplicated

economic argument for the worth of their services to individual owners or the livestock in-

dustry (Jones, 2003).” The entire profession supported the “unfettered use” of horses as

workers in agricultural production and cattle, hogs, sheep, and poultry as food producers.

Consequently, the procedures of veterinarians in the nineteenth century are somewhat sim-

ilar to the “heroic treatments” of physicians and surgeons (Jones, 2003): burning, firing,

blistering, surgery without anesthesia, bleeding, and strong purgatives. These treatments

are argued as “serving tradition, clients’ expectations, and self-image (Jones, 2003).”

In the meantime, there is a consensus that Americans’ interdependence with burgeoning

populations of domestic animals ensured an increasing demand for veterinarians’ professional

services (Jones, 2003). For example, 25.6 people occupied every square mile by 1900, and so

did 72.8 large domestic animals (excluding cats, dogs, and poultry).

3.2.2 Veterinary Education

The transformation of doctoring animals with heroic treatments to more professional

care proceeded at the turn of the twentieth century. The loss of many valuable horses during

the Civil War and the outbreaks of epizootics among cattle dramatically contributed to the

arguments that “aspiring veterinary educators used to justify the establishment of veterinary

schools (Jones, 2003),” as well as the professional development of veterinarians. Overall, the

perception is that veterinary education should better serve the profession’s interest in taking

care of the most economically valuable animals. For example, as emphasized by veterinarian

A. S. Copeman in a lecture at the opening ceremony for the New York College of Veterinary

Surgeons,

... the great problem of veterinary medicine is how to preserve the health of

domestic animals and thereby increase the wealth of the nation.
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Historically, those who officially made their living as animal doctors represented only

a fraction of animals’ medical caretakers (Jones, 1997). Animal health care was provided

by both graduate and non-graduate veterinarians, a few physicians, stable owners, grooms,

animal owners and their family members, well-meaning relatives and friends, and commu-

nity members. Until the 1880s, very few Americans could claim college training in veteri-

nary medicine simply because few veterinary courses existed (Jones, 1997). By the end of

the 1890s, Americans can attend veterinary schools in Toronto, Montreal, New York City,

Chicago, Detroit, Kansas City, Indianapolis, and Grand Rapids. Such veterinarians received

training in these formal programs but the quality of education varied.

I present the geographic distribution of such veterinary schools in Figure A2 and Figure

A3. Both figures are derived from Smith (2013): In the late half of the nineteenth century,

veterinary practices emerged in American cities surrounded by people, horses, physicians, and

medical schools. The development of these veterinary schools and colleges can be described

in three clusters.

The first group includes proprietary schools, which offered practical instruction and

short programs of study targeting young men who would serve the health needs of horses

in urban areas Smith (2013). By the end of 1913, 30 such colleges had emerged in cities

in the East, Midwest, and West, including the Chicago Veterinary College (1883-1920),

Kansas City Veterinary College (1891-1918), and the McKillip Veterinary College (1894-

1920). The second group was typically associated with medical schools: Harvard University

(1882-1901), New York University (1913-1922), George Washington University (1908-1918),

and the University of Pennsylvania. The third group of veterinary schools and colleges was

established under the Land Grant Act and most were established in rural areas: Pullman

(Washington), Fort Collins (Colorado), Manhattan (Kansas), Ames (Iowa), College Station

(Texas), Auburn (Alabama), East Lansing (Michigan), Columbus (Ohio), and Ithaca (New

York). The primary focus of these veterinary colleges was related to the health of livestock

and horses Smith (2013).
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3.2.3 State Licensing Regulation for Veterinary Practice

Meanwhile, educational distinctions became more important to the marketability of a

practitioner in the 1890s: state veterinary practice acts mandated registration of those mak-

ing their living as “animal doctors.” As pointed out by Jones (1997), “veterinary practice

acts sought to raise the standard of veterinary practice, but such regulation also benefited

graduate veterinarians, who worked tirelessly to reserve membership in the fledgling profes-

sion for themselves.”

In particular, states with veterinary schools or large populations of graduates led the way

in securing professional regulation (Jones, 1997). For example, 83% of the states that passed

veterinary practice regulations before 1900 had an active veterinary school at the time. By

1916, 44 states had enacted such occupational licensing regulations. Taking Pennsylvania as

an example, W. Horace Hoskins, head of the legislative committee of the Pennsylvania Vet-

erinary Medical Association, lobbied state legislators to get the first Pennsylvania Practice

Act passed in 1895. As a result, the examination requirements within the regulation have

reduced the number of registered Pennsylvania veterinarians from approximately 2,000 in

1891 to 825 in 1906. With the imposition of these practice acts, Jones (1997) mentioned,

“graduate veterinarians expected not only the level of marketplace competition to fall but

also the level of practitioner expertise to rise.”

By the end of 1952, 48 states licensed veterinarians, and many states exempted emer-

gency treatment and some minor treatments. Applicants are often required to meet qualifi-

cations of a minimum age of 21 and good moral character. There are few general educational

requirements. Two years of pre-veterinary work are required for admission to approved vet-

erinary schools, and most states require applicants to graduate from these schools.

The primary goal of these laws regulating the practice of veterinary medicine is to

“ensure the reasonable competence of those attempting to practice (Hemenway, 1916).”

Anyone who had refused to register when a state adopted such an act could no longer

legally practice what was now called “veterinary medicine.” States containing veterinary

schools or large numbers of graduate veterinarians passed the first restrictive legislation. By

the beginning of the twentieth century, these legal restrictions ensured that most licensed
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veterinary practitioners would be graduates of one of the several veterinary schools. Once

protected by state practice acts, veterinarians felt that they could make a legitimate claim

to proprietary knowledge and competence that justified their role as guardians of the health

of animals.

As a consequence, registered practitioners of veterinary medicine began to debate and

revisit the ideological goals of their professional role at the end of the nineteenth century:

most of the rank and file focused on treating the medical problems of horses and the daily

grind of attracting and retaining clients remained paramount (Jones, 2003). By the end

of the 1890s, veterinary school leaders characterized the profession as providing “economic

stability for practitioners and improve American society at large (Jones, 2003).”

To collect relevant policy data, I looked into of State Governments (1952a), which

documents the detailed information of such state laws regulating veterinarians. I summarized

the timing and features of these state laws in Table 3.1. Figure A4 presents the evolution

of such requirements; Figure A6 - Figure A9 then map the geographic distribution of state

licensing laws by 1900, 1910, 1920, and 1930.

Regarding the specific legal languages, the first requirement typically has been “the

possession of a diploma from a legally incorporated medical college, or an examination before

a board of examiners composed of experts (Hemenway, 1916).” The second requirement was

to “specify certain standards for the school whose diplomas will be accepted, and then to

require both diploma and examination (Hemenway, 1916).”

Veterinary licensing boards regulate this occupation, and in some cases, they are at-

tached to departments of agriculture. The boards have three to seven members. All mem-

bers are veterinarians except for ex-officio members in Arkansas, Indiana, Kentucky, Ohio,

and Pennsylvania. Terms vary from two to six years.

For example, the 1893 law for California states that

Section 1. An act entitled “An act to ensure the better education of practitioners

of veterinary medicine, and to regulate the practice of veterinary medicine in the

State of California” to provide for the creation of a board of five members who

shall act under and in accordance with the provisions of this act; to provide

for their appointment, and define their powers, duties, and compensation; to
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define offenses committed by acts done contrary to the provisions of this act,

and providing penalties for the violation thereof; providing for the revocation or

suspension, in certain cases, of licenses issued hereunder...

Under Pub. Acts 1907. p. 315. No. 244 of Michigan, it states that

... The State Veterinary Board shall register no person as a veterinarian or

veterinary surgeon without satisfactory proof that he is the lawful possessor of

a diploma from a regular veterinary college or veterinary department of a state

institution of learning or college of medicine having a curriculum of at least three

sessions of six months each, etc. An applicant must have personally attended

such an institution and completed a course of three sessions of six months each

and the mere fact that at the time he received his diploma from a veterinary

college it had adopted a course of three sessions of six months each would not

quality him, where he had taken only the former two years’ course...
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3.3 Theoretical Arguments

In this section, I briefly discuss two strands of literature regarding the effects of service

quality regulation on firms’ and consumers’ behaviors.

On the one hand, the regulation of occupational entry is primarily motivated by a pro-

fession’s self-interest in “creating a monopoly situation to limit competition and raise prices

(Law and Kim, 2005).” Starting with Friedman and Kuznets (1945), economists have long

argued that the regulatory regime has been captured by industry to erect entry restrictions

for its own benefits (Stigler, 1971). If licensing regulation results from industry capture, then

the quantity of professional workers would decline, but the quality of professional services

would not change at all.

On the other hand, Leland (1979), Shapiro (1986), and Klein and Leffler (1981) argue

that assuming a competitive environment, the imposition of a binding occupational licensing

regulation (or say, a binding minimum quality standard) can mitigate the informational

asymmetries between sellers and buyers, thereby increasing the average service quality and

consumers’ willingness to pay for relevant goods and services. In other words, an occupational

license per se can be valued as a signal in the product market, altering consumers’ choices

(Farronato et al., 2020).3

Of course, we should also note that market structure can affect the distribution of service

quality in a market, the provision of services, and consumers’ choices. For example, Ronnen

(1991) and Crampes and Hollander (1995) found that more stringent minimum quality stan-

dards can induce quality and price competition among sellers in less perfectly competitive

markets. Garella and Petrakis (2008) also found such strategic (quality-increasing) responses

to minimum quality standards are quite sensitive to the degree of substitutability of prod-

ucts, the share of consumers with limited information, and the presence of variable costs of

producing high-quality goods and services.

3Farronato et al. (2020) found in the contemporary context, platform-verified licensing status of a profes-
sional is unimportant for consumer decisions relative to review ratings and price. This might not be the case
in the early 20th century because there were fewer market-level signals for a professional’s service quality.
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Taken together, whether and how occupational licensing requirements influence con-

sumers’ behaviors and the quality of service is an empirical question. In the following sec-

tion, I analyzed the impacts of occupational licensing requirements on consumers’ choices

and the quality of service in agriculture production.

3.4 Empirical Strategy

In this section, I discuss the primary empirical strategy of identification and address

some threats when estimating the effects on livestock production.

3.4.1 Baseline Specification

To empirically identify the effects of occupational licensing laws on the key outcomes of

interest, I employ a baseline difference-in-differences (DID) model specified as follows:

ycst = α + βLicensings × Postt +X ′
cstγ + ρc + ηt + ϵcst (3.1)

where c denotes county, state s refers to state, and t indexes years. ycst is the key outcome

of interest, the density of draft animals in county c, state s, and year t. Licensings is an

indicator of whether a state s has an occupational licensing law for veterinaries, and Postt

indicates whether there was a licensing law in year t. Xcst includes the county-level urban-

ization rate and the county-level population. Urbanization rate is defined as the share of

the population within cities having more than 2,500 people. ρc and ηt are county and year

fixed effects, respectively. The county-fixed effects control for county-level determinants of

livestock productivity that are constant over time; the year-fixed effects control for nation-

wide shocks to livestock productivity due to, for example, innovations in veterinary medical

technologies. In some specifications, I also add the state-specific linear time trends to control

for time trends within a state. Therefore, β would capture the causal effects of adopting

occupational licensing laws.
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3.4.2 Threats to Identification

Admittedly, there are various concerns related to my identification strategy listed above.

I characterize and discuss some of them in this subsection.

Parallel Trends Assumption: The assumption of a stylized DID framework states

that in the absence of the policy shock, there is no difference in patenting between the treat-

ment class and the control. To test this assumption, I employ an event study specification

shown in equation 3.2:

ycst = α +
35∑

i=−25

βt+iLicensings × yeart+i + ρc + ηt + ϵcst (3.2)

where yeart+i is a set of indicators denoting whether a year is the i th year (the tenth,

twentieth, thirtieth, or fortieth year) before or after the adoption of licensing requirements.

In this specification, the baseline year is when the law has been adopted, and its coefficient

has been normalized to zero.

Confounding Factors: There could be other concurrent confounding factors that

affect the density of livestock within a county. To name a few, the boll weevil (Lange,

Olmstead and Rhode, 2009), the adoption of tractors (Olmstead and Rhode, 2001), and

the USDA’s effort in eradicating bovine tuberculosis (Olmstead and Rhode, 2004) may all

substantively affected livestock production. More robustness checks are left for some future

work.

Endogeneity of Policy Change: A key concern related to the causal interpretation

of my results is the reverse causality issue. One might imagine that states enacting licensing

laws for veterinarians were also those with a higher level of demand for veterinary care

and/or more veterinary graduates before the policy change. Indeed, there are good reasons

to believe this concern is valid. According to Jones (1997), states with veterinary schools

or large populations of graduate veterinarians led the way in imposing such professional

regulations.

I took three approaches to address this endogeneity issue in the empirical analysis. I first

restrict my attention to the region without concentrated veterinarian schools and colleges.
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The basic idea is even if one believes the story of lobbying (i.e., graduate veterinarians lobbied

state governments to pass the law), this concern should be minimized in areas with few

graduate veterinarians and veterinary schools to begin with. Based on Figure A2 and Figure

A3, there were relatively few veterinary colleges available in the western states. By checking

the heterogeneous effects across regions, I could sweep out the concern that graduates from

such colleges lobbied state governments to pass the law.

The second approach is to examine the heterogeneous effects by livestock species sep-

arately. This exercise builds on the fact that high-quality veterinarians were dramatically

demanded in the Progressive Era due to the shortage of horses post-Civil War. This could

be a valid concern and source of endogeneity: areas with a larger number of horses (or say,

higher demand for veterinary care) are more likely to come up with the licensing require-

ment. In other words, the density of other species (e.g., milch cows and swine) might be

unrelated primarily to enacting such laws, especially in urban areas.

Eventually, Law and Kim (2005) found for the Progressive Era, both the initial size of

the occupational group and urbanization were key determinants positively influencing the

adoption of regulation for veterinarians. In a set of regressions, I explicitly controlled for

such factors and found little differences between my baseline and robustness estimates.

Staggered Difference-in-Differences Design: A growing strand of work emphasizes

the sensitivity of a staggered difference-in-differences specification: the traditional staggered

difference-in-differences estimation cannot fully capture the dynamic treatment effects with

staggered adoption and heterogeneous treatment effects (Goodman-Bacon, 2021; Sun and

Abraham, 2021). To check the robustness of my results, I exploit the alternative DID

specification proposed by Callaway and Sant’Anna (2021) and present these results in the

appendix.
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3.5 Data

In this section, I describe the datasets I used to implement my empirical analyses: the

Census of Agriculture (1870-1930) and the full-count Census of Population (1870-1930). I

also describe how relevant outcomes of interest are constructed.

3.5.1 Census of Agriculture

The key outcome variables in my sample are the density of livestock used in production

(as a proxy for consumers’ choices) and the actual productivity per dairy cow (as a measure

of livestock productivity). Both are constructed using the Census of Agriculture from 1870

to 1930 (Haines and Rhode, 2018).

These data first provide a relatively consistent measure of livestock counts at the county

level over time: the density of draft various livestock, including mules, horses, cattle, milch

cows, swine, and sheep. I slightly prefer to focus on the density of draft animals because

such species are more likely to be the input of agricultural production in farming instead of

the final products. The density is defined as

density =
# of draft animals

# of acres of land

Here # of draft animals refers to the head counts of mules/horses/cattle/milch cows/sheep/swine

within a county, and # of acres of land means the number of acres of all lands in the farm

within the county. This specific measure of animal power in production is consistent with

prior paper (Koch et al., 2019).

3.5.2 Census of Population

To explore the mechanism(s) at play, I also collect data from the full-count U.S. De-

cennial Census data from 1870 to 1930. In this dataset, I can observe the number of people

who worked within the agriculture sector and reported veterinarian as their occupation. I

aggregate the individual self-reports to the county-year level. I then create a variable, Vet-

erinaries, which measures the number of people in county c and year t whose occupation
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was reported as “veterinaries” per 100,000 people. This variable can be valued as a proxy

for the supply of trained, professional veterinaries in the agricultural sector. Of course, due

to data limitations, this way, I cannot capture those who were not trained professionals but

described themselves as “veterinarians.”

By 1900, an estimated 9,000 veterinarians in the United States were involved in “the

control, prevention, and eradication of livestock and poultry diseases to ensure [sic] the milk,

eggs, meat and their products are disease free.” By 1962, there were 21,565 veterinarians in

the United States, with less than half involved in food animal health and approximately 21%

involved in the small animal practice, 12% involved in government service, 14% involved in

teaching, and 4% involved in other areas.

3.5.3 Summary Statistics

In Table 3.2, I summarize some key statistics for the outcomes of interest. On average,

the heads of mules, horses, and cattle per acre of farmland are 0.006, 0.022, and 0.104, re-

spectively; the number of agricultural veterinarians with full literacy is 48.434. Interestingly,

within the Great Plains, the densities of cattle and horses are both a bit higher (0.198 per

acre and 0.027 per acre), suggesting these areas relied more on animal power in agricultural

production.4 Meanwhile, the number of educated agricultural veterinarians per 100,000 peo-

ple is also higher in the Great Plains. These patterns motivate me to check the heterogeneous

effects by region further in the following analyses.

4The “Great Plains” refers to the areas located west of the Mississippi River and east of the Rocky
Mountains. In this paper, the Plain states include CO, IA, KS, MN, MO, MT, ND, NE, NM, OK, SD, TX,
and WY.
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3.6 Main Results

In this section, I present my main estimates of the effect on livestock productivity based

on equation (1). Additionally, I check the heterogeneous effects by rural status, the type

of licensing agencies, the composition of board members, and location. I eventually discuss

several identification concerns and how I address them in turn.

3.6.1 Effects on Livestock Production

Table 3.3 first reports my results. The outcome of interest is the density of mules, horses,

cattle, milch cows, swine, and sheep, defined as the head of animals per acre. In Panel A, I

present my estimates from the baseline specification, including county fixed effects and year

fixed effects. In Panel B, I also include the state-specific linear time trends to account for

the fact that the density trends might vary across states.

Based on the point estimates from Table 3.3, one can tell that the imposition of stricter

occupational licensing laws for veterinarians can significantly increase the head of mules per

acre by 0.001 heads, the head of horses per acre by 0.006, the heads of milch cows per acre by

0.011, and the heads of swine per acre by 0.038. These results are robust to the alternative

specification including state-specific linear time trends.

It’s worthwhile to interpret the implications of these estimates carefully. Particularly,

among all species of livestock mentioned here, the density of draft animals (i.e., mules and

horses) is more likely to represent owners’ input choices of livestock production. This is

simply because other species like swine, cattle, dairy cows, and sheep can be valued as both

inputs and final outputs of agricultural production. Put differently, an increased density

of draft animals can better capture owners’ (e.g., farmers’) decisions instead of a mixture

of production strategies and market demand for relevant animal products (e.g., beef, dairy,

eggs, etc.). The estimated increases in the density of draft animals imply two potential

interpretations: (1) higher-quality veterinary care, resulting from stricter licensing laws,

may contribute to improved health and productivity among draft animals, and (2) stricter

licensing laws per se might enhance consumers’ perceptions of the quality of veterinary care

available, thereby scaling up the demand for draft animals.
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To further supplement the analysis for livestock productivity, I am assembling some

other historical data. For example, historical annual reports of the state veterinarian are

available for various states in the early 20th century. I plan to digitize relevant information

within such documents and construct other measures of livestock productivity. In Figure

10, I present such an example page from the 1918 annual report of the state veterinarian in

Alabama.

3.6.2 Heterogeneous Effects

Heterogeneity by Rural Status: I start by investigating the heterogeneous effects

of stricter occupational licensing requirements by the rural status of a county. The main

results are presented in Table 3.4. To determine whether a county is rural or urban, I merge

Haines and Rhode (2005) to Haines and Rhode (2018). I categorize a county as an urban

one if the share of the urban population within this county is above 90% in 1880.5

In Table 3.4, I present the estimates for rural counties and urban counties in Panel A and

Panel B, respectively. Comparing these estimates, we can see that there is little difference

between rural and urban counties for draft animals (0.001 for mules and 0.006 for horses).

Among other livestock (milch cows and swine), the significant effects associated with stricter

licensing are primarily driven by rural counties (i.e., 0.009 more milch cows and 0.032 more

swine per acre of farmland within a rural county).

Heterogeneity by Types of Laws: There are some heterogeneities in the state laws

requiring licensing for veterinarians. As shown in Table 3.1, 21 states had independent

licensing agencies, while in 18, they are attached to departments of agriculture under state

governments. Regarding the method of selecting board members, state governors usually

appoint board members, but at least six state appointments must be from lists submitted

by state veterinary associations (of State Governments, 1952b). The boards have from three

to seven members. All members are veterinarians except for ex-officio members in Arkansas,

Indiana, Kentucky, Ohio, and Pennsylvania. Terms typically vary from two to six years.

In Table 3.5 and Table 3.6, I explore whether these types of laws affected livestock

productivity differentially. Starting with Table 3.5, I check the heterogeneous effects by the

5My estimates are robust when I use other reference years (e.g., 1870 or 1890).
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type of licensing agencies. In Panel A, all the data comes from 21 states with independent

licensing boards; in Panel B, all the observations are drawn from states whose licensing

agencies were attached to state governments. Based on these estimated results, we can

tell for mules, the positive effect is more prominent among states with affiliated licensing

agencies. For cattle, it’s more pronounced among states with independent licensing agencies.

In Table 3.6, I distinguish my estimates by the method of selecting board members. In

Panel A, the outcome of interest is the density of livestock within states having governors

to appoint board members. In the second panel, the outcome is the density of livestock

among states, with both governors and occupational associations assigned board members.

Requiring occupational licensure is associated with a significant increase in both the density

of mules and the density of horses, but it is only prominent among states whose licensing

boards have professionals involved. Such evidence might suggest when taking into account

professional opinions and expertise, there’s a higher chance stricter licensing regulations can

yield improvements in consumer outcomes.

Heterogeneous Effects by Region: I also check the effects of regulating occupation

licensure by region. In Table 3.7, I investigate the heterogeneity along this margin. In the

first three columns, the sample is restricted to counties within the Great Plains states (Col-

orado, Iowa, Kansas, Minnesota, Missouri, Montana, North Dakota, Nevada, New Mexico,

Oklahoma, Texas, and Wyoming). I focus on all other states out of this score in the last

three columns. Based on the estimates shown in Table 3.7, we can see the positive effects

associated with state licensing laws are more profound in the Great Plains relative to other

states. Such results should not be so surprising given the Plains states were known for

historically high agricultural production levels.
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3.6.3 Discussing Threats to Identification

As mentioned in section 3.2, several concerns related to my identification strategy

threaten the causal interpretation of the results. In this subsection, I addressed each concern

in turn and presented these robustness checks.

To start, I implemented the event-study specification in equation 3.2. My main results

are shown in Figure A9 - Figure A20 by species and rural status. Overall, except for swine,

the event-study estimates coincide with my baseline DID results: the impact of stricter

licensing regulations stems from changes in rural counties for non-draft livestock; the patterns

look almost identical between rural and urban counties among horses and mules. Meanwhile,

my point estimates before the treatment suggest there is no violation of the assumption of

parallel trends. Interestingly, compared to dairy cows and horses, the surge in the density is

temporary among mules.

I further took several empirical exercises to address the concern of policy endogeneity

as follows:

First, a priori, the concern of policy endogeneity should be minimal. According to the

qualitative evidence, states with concentrated veterinary schools and large populations of

veterinarian graduates were more likely to adopt such regulations, reflecting their perceptions

that “the level of marketplace competition would fall and the level of practitioner expertise can

rise (Jones, 1997)” as a result of such regulations. Graduate students and faculty members

also lobbied the state government’s legislation agency. Both suggest the adoption of such

regulations was less likely to link to demand-side factors that directly determine livestock

production.

In the meantime, prior work in economic history (Law and Kim, 2005) documented

supporting evidence that among many other factors, urbanization and the size of the current

profession are key drivers of adopting state-level licensing requirements for veterinarians.6

Conceptually, they argue that at least for veterinarians in the Progressive Era, stricter li-

censing regulation is partially a result of industry capture theory.

6According to Law and Kim (2005), the increased size of veterinarians and a higher rate of urbanization
are associated with a higher likelihood of adopting occupational licensing laws at the state level.
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Second, because the shortage of horses due to the civil war was linked to a dramat-

ically increasing demand for professional veterinarians, I argue if there’s any endogeneity

concern, it should be more prominent among horses. In other words, concerns regarding

policy endogeneity could be mitigated if one documented an increased density of other live-

stock following the regulation. Recall my main results shown in Table 3.3: the positive,

statistically significant point estimates for mules, milch cows, and swine are consistent with

the argument.

Third, since a concentration in graduate veterinarians and veterinary schools led the

way for stricter licensing regulation, policy endogeneity is less concerned in areas with fewer

graduates and schools. I thus checked the heterogeneous effects of these occupational li-

censing laws by region. In particular, the western states did not have too many veterinary

schools concentrated by the end of 1900. In Table 3.9, I present the estimates for 11 western

states (Arizona, California, Colorado, Idaho, Montana, Nevada, New Mexico, Oregon, Utah,

Washington, and Wyoming): among all livestock, the density of mules, cattle, and sheep all

increased significantly while the density of swine declines by 0.01 heads per acre of farmland.

Eventually, I present results using alternative staggered DID specifications from Call-

away and Sant’Anna (2021) by the type of law and region (whether a county is within the

Great Plains). Overall, I found at least within the Great Plains states, we can observe the

positive effects on livestock production are robust. In future work, I will keep addressing

this issue and applying other DID specifications to show the robustness of my results.
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3.7 Mechanisms

In this section, I briefly discussed two primary mechanisms that can rationalize the

findings above and presented some suggestive evidence.

3.7.1 Provision of High-Quality Veterinary Medicine

The first mechanism is that stricter licensing requirements can mechanically improve the

provision of high-quality, professional veterinary care and deter the low-quality counterparts.

From the empirical perspective, one would expect (1) a decline in the aggregate number of

veterinarians available in the market and (2) an improvement in the quality of veterinarian

practice (i.e., the health outcomes of livestock, or the productivity of livestock).

To test this hypothesis, I first borrow some empirical evidence from prior work (Law

and Kim, 2005). In their paper, Law and Kim (2005) found the initial licensing regulation is

associated with a decline in the number of veterinarians per 1,000 population within a state

per year using both an OLS analysis and an IV regression model.

In Table 4 of Law and Kim (2005), the key coefficient associated with occupation li-

censing regulations is 0.02 (statistically significant at the 5% level) with the OLS model and

0.06 (statistically insignificant) with the IV model (i.e., using an index variable that equals

the number of other occupations licensed by a given state in a given year as the instrument).

Such results suggest that imposing licensing regulations led to a modest significant effect or

no effects on the entry of new veterinarians. In Table 5 of Law and Kim (2005), they also

found the imposition of stricter regulations is associated with a decline in the growth rate of

veterinarians by 0.16 (OLS estimate) and 0.68 (IV estimate). Overall, these results suggest

that strict occupational licensing regulations can deter the entry of new veterinarians as a

mechanical effect.

To capture the effects on the quality of medical services, I constructed a measure of

milch cows’ productivity, the amount of butter produced per cow, as follows:

# of butter per cowct =
# of butter producedct

# of milch cowsct
(3.3)
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where c refers to county and t represents year. This is a reasonable measure of service

quality, as veterinary service has played a key role in controlling the quality of milk and

dairy products.7 For example, Hardenbergh (1936) found veterinarians applied to control

and eradication measures of bovine plagues, implemented administrative and inspectional

duties, conducted product quality control, and perhaps most importantly, helped herd owners

maintain herds on a healthy and economic basis.

Table 3.11 shows the corresponding results. Across all columns, we did not observe

any statistically significant effects following the occupational licensing laws, suggesting the

quality of veterinarian practice was not essentially improved. In the meantime, I also hand-

collected historical statistics on the number of cattle slaughtered due to Tuberculosis from

Arizona, Florida, Idaho, Nevada, New Mexico, and South Carolina from 1918 to 1931. Over-

all, I did not document any significant impacts of licensing laws on this mortality rate. Both

empirical findings suggest that the quality of medical service is not directly influenced by

the law per se.

I also provided a snapshot of the historical records for licensed veterinarians in New

York in 1909 in Figure A31. “Diploma” indicates the registered veterinarian holds a license,

and “Affidavit” can include people who passed the oral exams but did not hold a diploma

from veterinary schools and colleges.

3.7.2 Consumers’ Perceptions for Veterinary Practice

The other plausible channel is relevant to the demand side: stricter occupational licens-

ing requirements can largely mitigate the issue of asymmetric information in this specialized

medical profession. As a result, such laws positively influence consumers’ perceptions of

service quality (for example, the expected productivity of livestock), thereby altering one’s

input choices for agricultural production (e.g., increasing the usage of more (expected) pro-

ductive livestock). Put differently, the regulation per se or/and the observed decline in entry

can serve as a signal to farmers and owners of livestock.

7Of course, there is a slight difference between the health outcomes of animals and the productivity of
animals. Yet, in the Progressive Era I focus on, most veterinarians (as well as the livestock owners) still
support the unfettered use of livestock, instead of caring about the welfare of such animals. In this vein, I
would argue that compared to the direct health outcomes of dairy cows, real productivity is a better measure
of service quality that veterinarians contribute.
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This argument is consistent with Law and Kim (2005): occupational licensing during

the Progressive Era substantially improved the quality of services that consumers expect to

receive. In particular, veterinary care services tended to be purchased directly by consumers,

for which the costs associated with low-quality service were potentially greatest. At the

same time, dramatic technological advances gave rise to greater heterogeneity in professional

quality, making it increasingly challenging for consumers to judge the quality of professional

services (Law and Kim, 2005).

To provide supporting evidence, I implemented one additional exercise. In this alter-

native specification, I control the number of veterinarians per 100,000 population within

the county per year, which is a proxy for local access to professional veterinary care. By

controlling for veterinarian access, I argue the key coefficient β captures the impact of oc-

cupational licensing regulations on livestock density through channels other than physical

access to medical services.8 In Table 3.10, I compare the magnitude of my estimates from

the baseline analysis to those from the specification with the number of veterinarians on the

right-hand side. In Figures A24 - A29, I also plot and compare the estimates from these two

specification groups.

Interestingly, for draft animals (horses and mules), the direction, significance, and mag-

nitude all look identical. The finding here thus suggests beyond the provisioning channel,

there should be other primary driving forces of the increased density. Given my prior claim

that draft animals are a better proxy for the input of agricultural production (see section

5.1), I further argue one plausible channel is the improved consumers’ perception: livestock

owners expected an increase in livestock productivity due to the law, thereby altering the

production decision.

In terms of the impact on other livestock (dairy cows and swine), we also observe a

quite similar estimate: requiring occupational licensing would increase dairy cows’ density

by 0.016 units, as well as a surge in the density of swine by 0.052 units. Combining the results

from section 6.1 (licensing laws did not necessarily improve the productivity of dairy cows,

8Admittedly, I am only controlling for the quantity of veterinary care provision. It is still reasonable to
argue with me that the quality can be improved even if the quantity does not necessarily change.
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measured as the amount of butter per head), it reinforces the idea that stricter licensing

laws indeed reshaped farmers’ choice of production inputs.

3.8 Concluding Remarks

In this paper, I use the spatial and inter-temporal variation in state occupational li-

censing laws for veterinarians to explore their effects on livestock production. Exploiting a

staggered difference-in-differences regression model, I show that increasing the stringency of

entry regulation for veterinarians improved livestock density, including mules, horses, dairy

cows, and swine. In the meantime, the effect was not symmetric: I found such positive signif-

icant effects are more profound among states with independent licensing agencies, licensing

boards with professional guidance, and agriculture-intensive regions (the Great Plains). To

disentangle the mechanisms at play, I provide suggestive evidence for one plausible channel:

during the Progressive Era, the initial adoption of stricter occupational licensing require-

ments largely mitigated the issue of asymmetric information regarding the service quality of

veterinarians. It reshaped consumers’ (e.g., herd owners, farmers, etc.) perceptions of the

productivity of livestock, thereby altering consumers’ input choices in agricultural produc-

tion.

Quantifying the effect of professional licensing regulations can provide critical, novel

insights for ongoing policy debates. A wave of legislation has been spreading nationwide,

relaxing state occupational licensing rules. Policymakers contend that there is a trade-

off between safeguarding consumers and imposing barriers in the labor markets.9 but the

evidence in support of this contention is largely absent. Results in this chapter highlight

the potential economic benefits of occupational licensure in shaping the development of

agriculture.

My top priority in future work is to continue disentangling the provision channel and

the demand channel discussed above. To do so, I will compile new data to test relevant

hypotheses.

9For example, see https://wisconsinexaminer.com/2020/01/09/occupational-licenses-consumer-
safeguard-or-job-barrier/, last accessed April 30, 2024.
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Linked Veterinarian Sample: For example, I aim to construct a panel tracking

veterinarians over time, using the linked full-count Census data (1870, 1880, 1900, 1910, 1920,

and 1930). So far, I have documented 6,252 linkable agricultural veterinarians throughout

this sample period. Specifically, being “linkable” means an individual who claimed oneself

as an agricultural veterinarian before 1920 presents at least twice in the 1870-1930 Census

sample. Looking forward, I will use these linkable observations to check if professional

licensing requirements influenced their location decisions, as well as their earnings which

could be a coarse measure of veterinarian quality.

Livestock Productivity and Health: Another relevant task is to construct more

measures of livestock productivity and wellbeing. I plan to look into historical reports

from the Bureau of Animal Industry (BAI) and state-level agencies/institutions (e.g., state

Department of Agriculture, various agricultural experiment stations, etc.) and check infor-

mation on contagious diseases among livestock.
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Table 3.1: State Occupational Licensing Laws for Veterinarians

State Year Licensing Agency Method of Selecting Board Members

Alabama 1915 Independent governor + occupational association
Arizona 1923 Independent governor
Arkansas 1915 Independent governor
California 1892 state government governor
Colorado 1909 independent governor
Connecticut 1905 independent governor
Delaware 1915 independent governor
Florida 1925 independent governor
Georgia 1908 state government governor
Idaho 1921 state government governor
Illinois 1899 state government governor
Indiana 1905 state government governor
Iowa 1900 state government governor
Kansas 1907 independent governor
Kentucky 1916 state government governor
Louisiana 1908 independent governor + occupational association
Maine 1905 unknown unknown
Maryland 1895 independent unknown
Massachusetts 1904 state government unknown
Michigan 1907 state government unknown
Minnesota 1896 state government governor
Mississippi 1914 unknown unknown
Missouri 1905 state government governor
Montana 1913 independent governor + occupational association
Nebraska 1905 state government governor + occupational association
Nevada 1919 independent governor
New Hampshire 1901 unknown unknown
New Jersey 1902 unknown unknown
New Mexico 1931 independent governor
New York 1893 state government governor + occupational association
North Carolina 1903 independent governor
North Dakota 1895 independent governor
Ohio 1894 state government governor
Oklahoma 1913 independent governor
Oregon 1903 independent governor
Pennsylvania 1889 state government governor
Rhode Island 1909 unknown unknown
South Carolina 1923 independent governor + occupational association
South Dakota 1904 unknown unknown
Tennessee 1905 unknown governor
Texas 1911 independent governor + occupational association
Utah 1907 state government governor + occupational association
Vermont 1912 independent governor
Virginia 1896 state government governor
Washington 1907 state government governor
Wisconsin 1907 department no board
Wyoming 1915 independent governor
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Table 3.2: Summary Statistics (1870-1930)

mean std minimum maximum

Panel A. Full Sample

density of mules 0.006 0.013 0 0.371

density of cattle 0.743 19.110 0 875

density of horses 0.036 0.087 0 2.500

density of milch cows 0.054 0.169 0 4.575

density of swine 0.153 0.391 0 15.938

density of sheep 0.136 0.381 0 8.705

# of educated agricultural veterinarian 48.434 73.997 0 423

# of state residents 3,621,705 7,304,535 0 9.26e+07

Panel B. Rural Counties

density of mules 0.007 0.013 0 0.371

density of cattle 0.745 19.827 0 875

density of horses 0.036 0.092 0 2.500

density of milch cows 0.054 0.169 0 4.575

density of swine 0.159 0.408 0 15.938

density of sheep 0.134 0.353 0 8.705

# of educated agricultural veterinarian 54.117 65.824 0 266

# of state residents 2,395,983 2,448,794 9,118 1.16e+07

Panel C. Urban Counties

density of mules 0.004 0.006 0 0.032

density of cattle 0.827 11.562 0 180.272

density of horses 0.036 0.029 0 0.321

density of milch cows 0.152 0.565 0 7.852

density of swine 0.098 0.179 0 2.520

density of sheep 0.152 0.565 0 7.852

# of educated agricultural veterinarian 46.732 76.31 0 423

# of state residents 3,988,944 8,187,629 0 9.26e+07

Note: Data are drawn from the Census of Agriculture and the Census of Population (1870-1930).
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Table 3.3: Effects of Licensing on Livestock Density (1870-1930)

dependent variable: density
mules horses cattle milch cows swine sheep

Panel A: baseline analysis
Licensings×Postt 0.001∗∗∗ 0.006∗∗∗ 0.149 0.011∗∗∗ 0.038∗∗∗ 0.086

(0.001) (0.002) (0.108) (0.004) (0.011) (0.080)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
Panel B: time trends
Licensings×Postt 0.001∗∗∗ 0.007∗∗∗ 0.099 0.010∗∗∗ 0.039∗∗∗ 0.011

(0.000) (0.002) (0.088) (0.003) (0.010) (0.017)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
state-specific time trends Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.033 0.191 0.049 0.130 0.142
# of observations 18,104 18,104 18,104 18,104 18,104 18,104

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the number of each species, mule, cattle, and horse, per acre of farmland. All standard errors are clustered
by state. Standard errors are in parenthesis.
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Table 3.4: Effects of Licensing on Livestock Density (1870-1930, by Rural Status)

dependent variable: density
mules horses cattle milch cows swine sheep

Panel A: Rural Counties
Licensings×Postt 0.001∗∗∗ 0.006∗∗ 0.101 0.009∗∗∗ 0.032∗∗∗ 0.089

(0.001) (0.002) (0.113) (0.003) (0.010) (0.087)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.007 0.032 0.240 0.051 0.158 0.126
# of observations 16,160 16,160 16,160 16,160 16,160 16,160
Panel B: Urban Counties
Licensings×Postt 0.001∗∗ 0.006∗∗ 0.635 0.018∗ 0.062 0.062∗

(0.001) (0.003) (0.591) (0.009) (0.037) (0.034)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
state-specific time trends Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.004 0.034 0.064 0.046 0.101 0.141
# of observations 1,944 1,944 1,944 1,944 1,944 1,944

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species, mule, horse, cattle, milch cows, swine, and sheep. All standard errors are
clustered by state. I define a county as “rural” if it has a share of the rural population above 90% in 1880.
Meanwhile, the rural status of a county does not change following the imposition of veterinary regulation.
Standard errors are in parenthesis.

228



Table 3.5: Effects of Licensing on Livestock Density (by Licensing Agency, 1870-1930)

dependent variable: density
mules horses cattle cows swine sheep

Panel A: independent agencies
Licensings×Postt 0.002∗∗∗ 0.007∗∗∗ 0.239 0.019∗∗∗ 0.019∗∗∗ 0.268∗∗

(0.000) (0.001) (0.276) (0.004) (0.006) (0.113)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.009 0.035 0.500 0.069 0.175 0.146
# of observations 5,392 5,392 5,392 5,392 5,392 5,392

Panel B: government agencies
Licensings×Postt 0.001∗∗∗ 0.003∗∗∗ 0.004 0.006∗∗∗ 0.027∗∗∗ 0.005

(0.000) (0.000) (0.003) (0.001) (0.002) (0.006)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.004 0.032 0.056 0.040 0.118 0.126
# of observations 11,008 11,008 11,008 11,008 11,008 11,008

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species. “Indepedent agencies” refers to states with independent licensing agencies.
“Government agencies” refers to those states whose licensing agencies are affiliated with the Department
of Agriculture within state governments. There are 20 states and 709 counties with independent licensing
agencies and 20 states and 1403 counties with affiliated agencies with governments. Standard errors are
not clustered when using the Independent Agencies sample and are clustered by state when focusing on the
Government Agencies sample. Standard errors are in parenthesis.
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Table 3.6: Effects of Licensing on Livestock Density (by Board Composition, 1870-1930)

dependent variable: density
mules horses cattle cows swine sheep

Panel A: governors+prof
Licensings×Postt -0.001∗∗ 0.012∗∗∗ 0.370 0.014∗∗∗ 0.037∗∗∗ 0.062∗∗∗

(0.000) (0.002) (0.392) (0.004) (0.008) (0.022)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.008 0.042 0.628 0.071 0.135 0.129
# of observations 3,384 3,384 3,384 3,384 3,384 3,384

Panel B: governors
Licensings×Postt 0.002∗∗ 0.005∗∗ 0.116 0.009∗∗ 0.034∗∗ 0.110

(0.001) (0.002) (0.103) (0.004) (0.013) (0.121)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.031 0.093 0.044 0.151 0.135
# of observations 12,384 12,384 12,384 12,384 12,384 12,384

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species. “Governors + professional association” refers to those states in which board
members are appointed by the governor (or department head in some instances), but an appointment must
be made from a list submitted by an occupational association. “Government agencies” refers to those states
whose board members are appointed by the governor without a statutory provision requiring appointment
from a list submitted by the occupational association. Standard errors are not clustered when using the
Independent Agencies sample and are clustered by state when focusing on the Government Agencies sample.
Standard errors are in parenthesis.
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Table 3.7: Effects of Licensing on Livestock Density (Great Plains, 1870-1930)

dependent variable: density
mules horses cattle cows swine sheep

Panel A: Great Plains
Licensings×Postt 0.003∗∗∗ 0.020∗∗∗ 0.846 0.021∗∗∗ 0.058∗∗∗ 0.401∗∗∗

(0.001) (0.003) (0.621) (0.006) (0.012) (0.144)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.040 0.470 0.055 0.126 0.148
# of observations 4,712 4,712 4,712 4,712 4,712 4,712

Panel B: Non Great Plains
Licensings×Postt 0.001∗∗ 0.003∗ 0.085 0.008∗∗ 0.033∗∗∗ -0.005

(0.000) (0.001) (0.079) (0.004) (0.010) (0.012)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.030 0.091 0.047 0.147 0.124
# of observations 13,392 13,392 13,392 13,392 13,392 13,392

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species. The Great Plains states include Colorado, Iowa, Kansas, Minnesota, Missouri,
Montana, North Dakota, Nevada, New Mexico, Oklahoma, Texas, and Wyoming. Standard errors are not
clustered when using the Great Plains Sample and are clustered by state when focusing on the non-Great
Plains sample. Standard errors are in parenthesis.
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Table 3.8: Effects of Licensing on the Supply of Veterinary Care (1870-1930)

dependent variable: ratio
raw ratio quartic root inverse hyper sine

Panel A: all ages
Licensings×Postt 0.766∗∗∗ 0.062∗∗ 0.216∗∗∗

(0.228) (0.027) (0.076)
pre-treatment mean (1870) 1.341 1.341 1.341
Panel B: 18-35
Licensings×Postt 0.189∗ 0.009 0.124∗

(0.105) (0.030) (0.071)
pre-treatment mean (1870) 0.310 0.310 0.310
Panel C: over 36
Licensings×Postt 0.576∗∗∗ 0.065∗∗∗ 0.238∗∗∗

(0.151) (0.023) (0.060)
pre-treatment mean (1870) 1.032 1.032 1.032
state FE Yes Yes Yes
year FE Yes Yes Yes
# of observations 329 329 329

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the full-count U.S. Decennial Census of Population (1870-1930). The sample
includes all individuals with full literacy self-reported as veterinarians in the agricultural sector. The outcome
is the number of such veterinarians per 100,000 residents in a state per year. Regressions are weighted by
the number of people within a state and all standard errors are clustered at the state level. Standard errors
are in parenthesis.
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Table 3.9: Effects of Licensing on Livestock Density (western states, 1870-1930)

dependent variable: density
mules horses cattle milch cows swine sheep

Licensings×Postt 0.006∗∗∗ 0.003 0.103∗∗ 0.008 -0.010∗∗ 0.841∗∗

(0.001) (0.004) (0.040) (0.009) (0.004) (0.383)
log(population) 0.000 -0.001 -0.015 -0.003 -0.006∗ 0.120∗∗

(0.001) (0.002) (0.010) (0.006) (0.003) (0.048)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
state-specific time trends Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.011 0.046 0.157 0.084 0.370 0.054
# of observations 1,480 1,480 1,480 1,480 1,480 1,480

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species. All standard errors are clustered by state. Standard errors are in parenthesis.
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Table 3.10: Effects of Licensing on Livestock Density (1870-1930)

dependent variable: density
mules horses cattle milch cows swine sheep

Panel A: w/ # of vet
Licensings×Postt 0.001∗∗ 0.007∗∗ 0.383 0.016∗∗∗ 0.052∗∗∗ 0.087

(0.001) (0.003) (0.244) (0.005) (0.013) (0.080)
# of vets per 100,000 pop -0.000 0.000∗∗∗ 0.002 0.000∗ 0.000 0.001∗∗∗

(0.000) (0.000) (0.002) (0.000) (0.000) (0.000)
Panel B: baseline estimates
Licensings×Postt 0.001∗∗ 0.007∗∗∗ 0.264 0.014∗∗∗ 0.050∗∗∗ 0.086

(0.001) (0.002) (0.161) (0.004) (0.012) (0.080)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
state-specific time trends Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.033 0.191 0.049 0.130 0.142
# of observations 13,578 13,578 13,578 13,578 13,578 13,578

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the density of each species. All standard errors are clustered by state. Standard errors are in parenthesis.
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Table 3.11: Effects of Licensing on the Productivity of Milch Cows (1870-1930)

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

Licensings×Postt -0.095 0.053 0.054 -0.012
(0.099) (0.081) (0.082) (0.104)

county FE Yes Yes Yes Yes
year FE Yes Yes Yes Yes
state-specific time trends No Yes Yes Yes
sample all counties all counties rural counties urban counties
pre-treatment mean (value, 1870) 0.006 0.033 0.191 0.049
# of observations 18,044 18,044 16,106 1,938

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the natural logarithm of the amount of butter produced per milch cow. All standard errors are clustered
by state. Standard errors are in parenthesis.
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Figure A1: A Snapshot of Veterinarians in the History
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Figure A2: Prominent urban veterinary colleges in the late nineteenth and early twentieth
centuries. The dark triangles represent the location of the colleges and the gray circles
represent the location of the largest cities in the year 1900. This figure is directly from
Smith (2013).

Figure A3: Location of the first wave of land-grant veterinary colleges. The dark triangles
represent the location of the colleges and the gray circles represent the location of the largest
cities in the year 1900. This figure is directly from Smith (2013).
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Figure A4: Evolution of State Licensing Laws (1890-1930)
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Figure A5: Great Plains
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Figure A6: state licensing laws by 1900

Figure A7: state licensing laws by 1910
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Figure A8: state licensing laws by 1920

Figure A9: state licensing laws by 1930
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Figure A10: event-study estimates for the density of mules, rural counties

Figure A11: event-study estimates for the density of mules, urban counties
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Figure A12: event-study estimates for the density of horses, rural counties

Figure A13: event-study estimates for the density of horses, urban counties
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Figure A14: event-study estimates for the density of cattle, rural counties

Figure A15: event-study estimates for the density of cattle, urban counties
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Figure A16: event-study estimates for the density of cows, rural counties

Figure A17: event-study estimates for the density of cows, urban counties
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Figure A18: event-study estimates for the density of swine, rural counties

Figure A19: event-study estimates for the density of swine, urban counties
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Figure A20: event-study estimates for the density of sheep, rural counties

Figure A21: event-study estimates for the density of sheep, urban counties
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Figure A22: estimates for mules (with vs. without controlling for # of veterinarians)

Figure A23: estimates for horses (with vs. without controlling for # of veterinarians)
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Figure A24: estimates for cattle (with vs. without controlling for # of veterinarians)

Figure A25: estimates for cows (with vs. without controlling for # of veterinarians)
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Figure A26: estimates for swine (with vs. without controlling for # of veterinarians)

Figure A27: estimates for sheep (with vs. without controlling for # of veterinarians)
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Figure A28: example of the annual report of veterinarians
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Figure A29: example of historical records for licensed veterinarians in California
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Figure A30: example of historical records for licensed veterinarians in New York State
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Figure A31: example of historical records for licensed veterinarians in California
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Appendices

A1. Alternative Staggered DID Specification
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Table 3.12: Effects of Licensing on Livestock Density (by Licensing Agency, 1870-1930)

dependent variable: density
mules horses cattle cows swine sheep

Panel A: independent agencies
Licensings×Postt 0.008∗∗∗ 0.020∗∗∗ 0.064∗∗∗ 0.087∗∗ -0.019∗∗∗ 0.679∗∗

(0.001) (0.005) (0.023) (0.042) (0.002) (0.316)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.009 0.035 0.500 0.069 0.175 0.146
# of observations 5,392 5,392 5,392 5,392 5,392 5,392

Panel B: government agencies
Licensings×Postt 0.000 -0.006∗∗∗ -0.007∗∗∗ -0.007∗∗∗ -0.016∗∗∗ -0.001

(0.000) (0.000) (0.002) (0.001) (0.002) (0.006)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.004 0.032 0.056 0.040 0.118 0.126
# of observations 11,008 11,008 11,008 11,008 11,008 11,008

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the natural logarithm of the density of each species, mule, cattle, and horse. “Indepedent agencies” refers
to those states whose licensing agencies are independent. “Government agencies” refers to those states whose
licensing agencies are affiliated with the Department of Agriculture within state governments. There are 20
states and 709 counties with independent licensing agencies and 20 states and 1403 counties with affiliated
agencies with governments. Standard errors are not clustered when using the Independent Agencies sample
and are clustered by state when focusing on the Government Agencies sample.
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Table 3.13: Effects of Licensing on Livestock Density (Great Plains, 1870-1930)

dependent variable: density
mules horses cattle cows swine sheep

Panel A: Great Plains
Licensings×Postt 0.009∗∗∗ 0.027∗∗∗ 0.329∗∗∗ 0.067∗ -0.040∗∗∗ 0.703∗∗∗

(0.002) (0.006) (0.121) (0.035) (0.003) (0.212)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.040 0.470 0.055 0.126 0.148
# of observations 4,712 4,712 4,712 4,712 4,712 4,712

Panel B: Non Great Plains
Licensings×Postt 0.001∗∗∗ -0.005∗∗∗ -0.008∗∗∗ -0.004∗∗∗ -0.001 -0.009∗

(0.000) (0.000) (0.002) (0.001) (0.004) (0.006)
county FE Yes Yes Yes Yes Yes Yes
year FE Yes Yes Yes Yes Yes Yes
pre-treatment mean (density, 1870) 0.006 0.030 0.091 0.047 0.147 0.124
# of observations 13,392 13,392 13,392 13,392 13,392 13,392

Standard errors in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: Data are drawn from the Census of Agriculture (1870-1930). The dependent variable of all regressions
is the natural logarithm of the density of each species, mule, cattle, and horse. The Great Plains states include
Colorado, Iowa, Kansas, Minnesota, Missouri, Montana, North Dakota, Nevada, New Mexico, Oklahoma,
Texas, and Wyoming. Standard errors are not clustered when using the Great Plains Sample and are
clustered by state when focusing on the non-Great Plains sample.
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