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ABSTRACT

Despite a dramatic increase in government regulation over the past century, relatively little is
known about how new regulatory institutions emerge and evolve over long periods of time. In this
paper, we examine the history and political economy of occupational licensing, a major category
of labor regulation in the United States. We first develop a theoretical framework in which
licensing arises as an endogenous policy choice shaped by potential social welfare considerations
and professional association influence. We then evaluate the model’s empirical implications using
a new historical database that records the adoption of state and federal licensing requirements for
hundreds of occupations from 1870 to 2020. We show, first, that occupations whose tasks plausibly
pose greater risks to consumers are more extensively licensed and were regulated earlier, on
average, within states. Second, market size is strongly associated with the timing of policy adoption
in the early 20th century, while political and institutional characteristics are more influential in
later decades. Using an occupation-specific shift-share instrument for immigration-driven supply
shocks, we find that an exogenous increase labor market competition raises the likelihood of
regulation, consistent with incumbent practitioners’ incentives to restrict entry. Finally, we show
that state professional associations substantially increase the probability of regulation immediately
after their founding, highlighting the importance of political organization. Together, these findings
demonstrate that a combination of public and private interests, as well as broader institutional
factors, jointly influenced the adoption and diffusion of occupational licensing and regulation
across states.
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1 Introduction

Policymakers may adopt regulatory legislation in response to market failures such as externalities or
asymmetric information, but they may also respond to influence from interest groups whose policy
preferences differ from those of the general public. Despite a significant increase in government
regulation over the past century, the extent to which these forces have shaped the development of
the modern regulatory state—and how they have interacted with broader economic and institutional
changes—remain fundamental questions in the economics and political economy of regulation.

In this paper, we study these questions in the context of occupational licensing requirements,
one of the most important types of labor market regulation in the United States.! Recent estimates
from the Bureau of Labor Statistics, for instance, show that about 20% of workers currently hold
an active occupational license, twice the share who belong to a labor union (Cunningham, 2019).
Licensing is typically justified as protecting the public’s health, safety, or welfare, but at the same
time, it restricts entry into regulated occupations, potentially benefiting incumbent workers by
reducing competition. While a growing body of research has shown that licensing requirements
have economically significant effects on workers and consumers, relatively little is known about why
lawmakers decide to regulate some occupations but not others, why licensing is their preferred policy
instrument, and why—like other categories of regulation—the number of occupational licensing laws
expanded so dramatically over the 20th century.?

We begin by developing a model that integrates a competitive market for professional services
with the problem of a representative politician who may choose to enact licensing requirements
in response to influence from professional associations. As in Grossman and Helpman (1994), the
policymaker’s utility depends on both political contributions and—reflecting either ideological or
electoral considerations—the welfare of unorganized voters. Regulation is costly to implement and
enforce, and it may either raise or lower social welfare depending on how it affects consumers and
the labor market. Following Kleiner and Soltas (2023) we assume that licensing increases entry
costs, reducing labor supply, but may also benefit consumers by improving average service quality,
increasing labor demand. Since both the quality and competition channels raise the equilibrium

wage, interest groups representing incumbent workers generally have an incentive to support licens-

LAn occupational license is a credential awarded by a government agency that constitutes legal authority to do
a specific job. Unlike business licenses, which attach to an establishment or firm, occupational licenses attach
to individual workers and usually require a formal demonstration of competency, such as passing a qualifying
examination. In the U.S., the vast majority of licensing requirements are implemented at the state level. Licensing
is the dominant form of occupational regulation, though state certification and registration are less restrictive policy
instruments that we also consider in this paper. In contrast to licensing, certification protects the use of specific job
titles but is not required to practice, and registration, though mandatory, requires no specific qualifications.

2See Johnson (2026) for a recent review of the literature. Studies analyzing the effects of occupational licensing on the
labor market and geographic mobility include Kleiner and Krueger (2010, 2013); Gittleman et al. (2018); Blair and
Chung (2019); Johnson and Kleiner (2020); Han and Kleiner (2021); Deyo and Plemmons (2022); Blair and Chung
(2025) and Kleiner and Xu (2025). Others, including Kleiner and Kudrle (2000); Kleiner et al. (2016); Anderson
et al. (2020); Larsen et al. (2020); Blair and Fisher (2022) and Farronato et al. (2024) examine the effect of licensing
on the product market, service quality, and prices. Kleiner and Soltas (2023) propose a sufficient statistic approach
to estimate the welfare effects of occupational licensing in a general equilibrium model, which we extend to study
endogenous regulation in this paper.



ing requirements even if they are socially costly.

This framework predicts the conditions under which licensing is more likely to emerge: when
unregulated practice is a risk to consumer welfare, when organized interests mobilize political sup-
port for regulation, and when markets are large enough to sustain the costs of administration and
enforcement. It also highlights a central tension for the economics of regulation: socially beneficial
policies are likely to receive broader political support than those with large social costs, yet political
incentives may lead to excessively stringent regulation when organized interests prefer a higher level
of regulation than is socially optimal. In this sense, our model demonstrates how public interest
considerations, political organization, and the institutional environment interact to shape regulatory
outcomes rather than operating as independent or competing explanations.

To test the model’s predictions on the determinants of occupational licensing policy, we draw
on novel data from Carollo (2025), which records the enactment of state and federal occupational
licensing requirements and related regulatory policies from 1870 to 2020. In this dataset, we observe
the timing of policy changes for over 250 detailed occupations, which covers the vast majority of
licensed jobs in the United States. Using this granular data, we first document historical trends
in the growth, composition, and timing of occupational licensing and regulation. Consistent with
previous estimates, our data show that the share of the workforce covered by licensing requirements
rose from about 5% in 1950 to over 20% today.®> Most of this growth reflects the enactment of new
laws, though the rising share of service-sector employment has become more important in recent
decades. Further, our data show that more than half of certification and registration policies—less
restrictive forms of occupational regulation—were eventually replaced by licensing requirements,
whereas licensing policies were seldom repealed.

We link our regulatory data to a broad range of state- and occupation-level characteristics. In
addition to drawing on familiar datasets such as the U.S. Census, we use information from the
Occupational Information Network (O*NET) and the Dictionary of Occupational Titles, together
with natural language processing methods, to construct a set of indices that capture potential public
health and safety concerns based on the tasks workers perform. We also assemble original data on
the establishment of state and national professional associations as measures of an occupation’s
political organization. Further, we compile and harmonize dozens of additional variables describing
the evolution of state demographic, economic, and political characteristics that we expect to be
related to the diffusion of occupational regulation over the past 150 years.

We find, first, that occupations are more likely to be regulated when public health, safety,
or welfare concerns related to their tasks are plausible, consistent with a core implication of the

model. Specifically, occupations with more serious consequence of error to consumers, greater

3We obtain these percentages by aggregating policy indicators for detailed state-by-occupation cells weighted by
their national employment shares. While our approach provides methodologically-consistent estimates of licensing
coverage over time, we emphasize that these cannot be interpreted as the share of workers who actually held an
occupational license. Survey data on licensing at the individual level have become available only in the past decade,
which means that it is not possible to construct historical credential attainment rates. Although our estimate of
policy coverage in 2020 is similar to the share of workers who reported having attained a license in the Current
Population Survey, these numbers are based on different economic concepts and are not directly comparable.



task complexity, and more interpersonal interaction are all significantly more likely to be licensed
than occupations that rank lower on these attributes. Higher-ranking occupations also tend to be
regulated earlier, on average, within states. Licensing requirements, however, have also diffused to
activities where the consumer protection rationale for regulation is weaker over time, potentially
reflecting the tendency toward over-regulation predicted by our theoretical framework.

Second, the model implies that regulatory choices will be correlated across occupations within
states, a prediction that is also supported by the data. Roughly a quarter of the occupations we
study, for example, were initially regulated in just three states: California, New York, and Texas.
Reflecting persistent demographic, ideological, and institutional differences, early policy adopters
tend to be larger, more urbanized, and have accumulated a larger volume of regulation across all
legal domains. Once enacted, we find that licensing requirements tend to diffuse geographically,
consistent with long-standing research on state policymaking and suggesting that adoption costs
may decline when similar policies have been enacted in nearby jurisdictions (Walker, 1969; Mooney,
2020). Occupational regulation is also moderately clustered along ideological lines. In contrast to
other policy diffusion studies, however, we find no evidence that the political polarization of these
laws has become more extreme in recent decades (DellaVigna and Kim, 2025; Mallinson, 2021).

Third, we estimate an event history model to examine how factors influencing the diffusion of oc-
cupational licensing across states have evolved over time. Among occupations regulated before 1940,
market size—as measured by occupational employment—is strongly associated with earlier policy
adoption. This finding is consistent with the model’s prediction that the fixed costs of establishing
new regulatory institutions constrain the supply of regulation when the market is small (Mulligan
and Shleifer, 2005; Law and McLaughlin, 2022). In later decades, occupational employment becomes
less predictive of the timing of initial regulation, while state-level political factors—such as partisan
control of government and legislative ideology—are more strongly associated with regulatory tim-
ing. This suggests that recent licensing initiatives may have become increasingly “top-down” rather
than originating with the profession itself, as noted by Brinegar (2006). Geographic diffusion, on
the other hand, remains a strong force throughout the history of occupational regulation.

Fourth, we show that an exogenous increase in labor market competition raises the likelihood
of regulation, consistent with incumbent practitioners’ incentives to restrict entry. Leveraging im-
migration flows during the Age of Mass Migration, we construct a novel shift-share instrument that
uses variation in both origin-destination settlement patterns for European migrants (Card, 2001)
and differences in their occupational composition (Locke, 2024). This labor supply instrument
strongly predicts actual growth in the number of immigrants per native worker in occupations be-
fore regulation is enacted—but less so afterward—implying that occupational regulation insulated
native workers from increased competition. Further, markets facing greater competitive pressure
were more likely to become regulated than those less exposed to immigration-driven supply shocks.
This pattern is consistent with theories—including our own—that emphasize incumbents’ incentives
to seek licensing and regulation for their occupation.

Finally, we assess the role of professional associations in the diffusion of occupational regula-



tion. Historically, organizations such as the American Medical Association and its local affiliates
supported licensing requirements and actively lobbied state legislatures to enact statutes for their
professions. Using an event study design that exploits the staggered timing of association organi-
zation across states, we show that these efforts were often successful. Averaging across nine major
occupations that employ around 20% of all licensed workers today, we find that the probability of an
occupation-state cell becoming regulated increases by over 20 percentage points within five years of
an association’s founding. We find no evidence, however, that the founding of national associations
directly increased state regulatory activity.

Taken together, our findings show that public and private interests, as well as broader economic
and institutional factors, jointly influenced the adoption and diffusion of occupational licensing
requirements in the United States. Indeed, for many of the occupations we study, both social wel-
fare and rent-seeking motivations for regulation are empirically plausible and need not be mutually
exclusive. At the same time, our theoretical framework demonstrates how political and economic
incentives can lead to over-regulation, even in cases where some level of regulation could be benefi-
cial. This result can help rationalize why licensing has become the default instrument for regulating
occupations even though less restrictive policies may be sufficient to address potential market fail-
ures, why licensing has diffused to less risky and complex work over time, and why previous research
on occupational licensing has noted that the specific qualifications needed to attain a license often

appear excessive or arbitrary (Maurizi, 1974).

Related literature. Our analysis is the first to systematically examine the emergence and
diffusion of occupational licensing and regulation using a dataset containing thousands of individual
policies and spanning more than a century. We are also the first to relate occupational task content,
competitive pressures, and the organization of professional associations to the implementation of
licensing statutes, which provides new empirical insights into the choices of state policymakers.

We contribute, first, to a literature on the economics and political economy of regulation. Early
public-interest theories emphasize regulation as a response to market failures (Pigou, 1938). In
contrast, public choice theories stress the private incentives of regulators, market participants, and
interest groups (Stigler, 1971; Peltzman, 1976). Subsequent work has expanded these frameworks by
examining political institutions, lobbying, and competition between groups (Becker, 1983; Gross-
man and Helpman, 2001), as well as market size and administrative capacity (Acemoglu et al.,
2016; Mulligan and Shleifer, 2005; Shleifer, 2005). Our framework builds on this research by simul-
taneously considering the role of social welfare, private incentives, and institutional factors in the
adoption of occupational licensing and regulation across U.S. states. Rather than examining these
factors in isolation, we show that all are important for interpreting the emergence and diffusion of
regulation in our setting.

Our findings complement research on the origins of other labor market policies and institutions.
The literature in economic history includes work on collective bargaining (Schmick, 2018; Medici,
2024), fair employment laws (Collins, 2003), minimum wages (Sobel, 1999; Neumark and Wascher,

2008), workers’ compensation (Fishback and Kantor, 1998), as well as the broader expansion of state



labor laws during the U.S. Progressive Era (Fishback et al., 2009; Fishback, 2020; Allen et al., 2025).
Whereas these studies focus mostly on policies managing relations between firms and workers, we
study a major class of regulation where the central tradeoff is between consumer protection and
reduced labor market competition. In doing so, we offer new empirical evidence on how lawmakers
respond to public and private interests and how these potentially competing forces have contributed
to the development of state labor regulation.

With respect to occupational licensing, most research has concentrated on understanding the
effects of licensing requirements on employment, wages, and service quality. Less has been written
about the political economy of these laws, with notable exceptions including Smith (1982); Graddy
(1991a,b); Law and Kim (2005); Pagliero (2011); Kanazawa (2023) and Fallon (2025). Relative to
these papers, ours leverages vast new data, allowing us to extend our empirical analysis beyond
specific occupations or time periods. We contribute theoretically by developing a framework that
connects the distributional effects of occupational licensing in the labor market to the incentives of
professional associations and politicians to support the enactment of licensing legislation.

Our paper is also related to research on long-run trends in the occupational structure of the U.S.
labor market. One branch of this literature examines the relationship between technological change,
skills, and occupational employment (Goldin and Katz, 2008; Autor et al., 2006; Autor and Dorn,
2013; Acemoglu and Autor, 2011; Acemoglu and Restrepo, 2018; Michaels et al., 2019). Others
consider the emergence and diffusion of “new work” (Lin, 2011; Autor et al., 2024; Kim et al., 2024)
or the evolution of tasks within occupations (Autor et al., 2003; Autor and Thompson, 2025; Atalay
et al., 2020; Nedelkoska et al., 2023). Relative to these studies, ours highlights endogenous regulatory
responses to major structural changes, including the growth of service-sector employment, increasing
task complexity, and occupational professionalization. Additionally, we propose a tractable method
for measuring changes in task content within occupations over time, which researchers could readily
extend to other occupational attributes or source data.

Beyond our focus on labor market regulation, our paper draws from rich bodies of literature
in political science and economics on policy innovation and diffusion across U.S. states (Karch,
2007; Mooney, 2020; Mallinson, 2020, 2021; DellaVigna and Kim, 2025). In keeping with long-
standing themes in this literature, our findings underscore the importance of geographic proximity
and interest groups, and also highlight the interaction between state-level characteristics and policy-
specific attributes—in our context, attributes of occupations (Nicholson-Crotty, 2009; Makse and
Volden, 2011). Further, while most studies have focused on policies enacted relatively recently, ours
spans several distinct political eras, which extend back to the emergence of the modern regulatory

state in late 19th and early 20th centuries.

Road map. Section 2 introduces a theoretical framework for analyzing the political economy
of occupational licensing. Section 3 describes our primary datasets. Section 4 documents trends in
the coverage, timing, and composition of U.S. occupational licensing statutes. Section 5 examines
the relationship between task content and the adoption and timing of occupational regulation.

Section 6 explores patterns of policy innovation and diffusion across states. Section 7 analyzes



the role of labor market competition and political organization in determining the likelihood of

occupational regulation. In Section 8, we conclude by discussing the implications of our findings.

2 Theoretical framework

Our study of the origins and evolution of occupational licensing begins by considering the incen-
tives of state policymakers and professional associations. In the spirit of classic theories of economic
regulation such as Stigler (1971) and Peltzman (1976), we develop a model in which licensing re-
quirements are chosen by a representative politician in response to influence from special interest
groups and potential social welfare considerations. This theoretical framework motivates our em-
pirical analysis by highlighting the key determinants of policy adoption and diffusion in our setting.
A central implication of the model is that although socially beneficial policies are likely to receive
broader political support than those with large social costs, political incentives typically lead to
regulatory standards that exceed the socially optimal level, even in settings where regulation is

welfare improving, on net.

2.1 Licensing as a political outcome

We model occupational licensing as a mandatory investment in occupation-specific training and a
fee that is required to enter the market.* Licensing requirements are chosen by the government,
and may affect wages, occupation choice, and consumer welfare in a way that we specify below.
Our setup closely follows that of Grossman and Helpman (1994), who assume that the government
consists of an incumbent politician with preferences over both political contributions from interest

groups and the general welfare of unorganized voters.

Government’s problem. Consider an economy populated by ¢ = 1, ..., N individuals working
in many occupations j = 1,..., J. Workers within an occupation are partitioned into skill groups g,
of which a subset G’ have organized a professional association. A representative politician chooses
a training requirement z; and a license fee 7; for each occupation. Let the vector p € P denote
the set of all feasible policies, which we assume is bounded. Professional associations, though their
lobbying arms, announce a contribution schedule b4(p) > 0, which maps each feasible policy choice
to a donation that is made to the politician conditional on its enactment. These contributions do not
necessarily reflect explicit vote-buying or persuasion; rather they reflect a mutual understanding that
associations will tend to support legislators whose actions align with their own private interests.’

The politician then chooses a policy vector to maximize a weighted sum of political contributions

4This means that licensing increases the cost of entry but, conditional on meeting the training requirements, does
not directly limit the number of entrants (unlike certain business licenses that are in fixed supply). While we think
that this is a realistic assumption for our exposition, we note that there is some historical evidence that licensing
boards may have achieved de facto quotas by controlling examination pass rates (Maurizi, 1974).

5Since contributions are made only after policies have been enacted, we interpret lobbying as a mechanism for
associations to reveal their preferences and reward friendly policymakers ex-post, rather than expenditures directed
at persuading undecided or hostile ones.



and social welfare subject to administration and enforcement costs,

max Q(p) = > by(p) +¥W(R) st r(z) < Ry(m) ¥ j€J (1)
geqG’
where 1 > 0 is the weight placed on social welfare. The presence of social welfare in the politician’s
objective function can be understood to reflect either ideological concerns (if there is some regard
for the public interest) or electoral concerns (if enacting policies that are socially costly eventually
reduces political support).% As 1) — oo, the politician acts as a social planner, and as ¢ — 0, they
set policy only to collect the maximum possible contributions from lobbyists.

Our model departs from Grossman and Helpman (1994) in two respects. First, regulation is
not necessarily distortionary but may raise or lower aggregate welfare, depending on the underlying
characteristics of the market. Second, regulation is costly to implement and enforce, which is cap-
tured by the cost function x;(z;) > 0. As in Mulligan and Shleifer (2005), we assume that setting up
a new regulatory program entails a fixed cost, so that lim,, .o #(2;) = ko. For simplicity, we require
each policy to be self-financing and assume that excess revenue R;(7;) cannot be redistributed. This
assumption keeps the focus of our model on occupational licensing rather than expanding the set

of policy instruments to include general taxes and transfers, as in Becker (1983).7

Association’s problem. Before policy is made, associations announce their contribution sched-
ules by(p), taking as given the actions of other groups. After observing these schedules, the politician
chooses a policy vector, and lobbyists make their contributions, which we assume are binding. As-
sociations choose these functions to maximize the total welfare of their group net of lobbying costs,

or

Qy(p) = Wy(p) — by(p), (2)

where Wy (p) denotes group-specific welfare. An equilibrium of this lobbying subgame is a feasible
policy vector p* and a set of contribution schedules bg (p) that maximize the politician’s objective
function and that of each professional association.

Assuming that contribution schedules are differentiable, Grossman and Helpman (1994) prove
two key results. First, b;(p) reveals the association’s true policy preferences, as the slope of the
contribution schedule equals the association’s marginal benefit of a small change in licensing policy.
Second, given equilibrium contribution schedules, the politician’s problem is equivalent to the max-

imization of a weighted social welfare function where unorganized groups receive a weight ¢ and

5We choose to abstract from elections in our model for two reasons. First, occupational licensing is rarely, if ever, a
prominent campaign issue, so we view lobbying efforts as more relevant to our setting than electoral competition is.
Second, electoral models such as Grossman and Helpman (1996) yield similar predictions but introduce additional
complexity that we abstract from here.

"The Census Annual Survey of State Government Tax Collections shows that since 1951, only Delaware has consis-
tently received more than 5% of its total tax revenue from business and occupational licenses. The average across all
states is 1.5%. Further, if revenue generation alone were the primary motive for licensing occupations, it is not clear
why states would choose to bundle fees with human capital requirements rather than simply taxing proprietors, as
stringent entry requirements reduce the potential tax base.



organized groups receive a weight of 1 4 4. Thus, the extent to which the politically-optimal level
of regulation differs from the socially optimal level reflects only (i) which groups are organized as
professional associations, (ii) the weight politicians place on social welfare, and (iii) how much the

preferences of association members diverge from those of the public.

2.2 Consumer’s problem and the labor market

To say more about the implications of the lobbying game in the context of occupational licensing,
we must specify how these laws affect the welfare of different groups. Following Kleiner and Soltas

(2023), we consider an economy where individuals maximize a utility function of the form:

e—1
e nUi=In| | 3 (e — (i + 22) + i, (3)
17 SrYisJe .

ijcw < (1 —=75) A5 yi)w,

Here, c¢;; denotes individual i’s consumption of occupation j’s services, y; is years of schooling, 2,
is the training required to obtain a license, and J; is their occupation. Workers have idiosyncratic
preferences over occupations pi;; that are drawn from a multivariate Fréchet distribution with dis-
persion parameter o. Both education and licensing entail a cost pg to obtain, which varies across
worker types k = 1,..., K. We interpret these differences in training costs as reflecting workers’
heterogeneous ability.

Each worker inelastically supplies one unit of labor; A;(y;) is an occupation-specific function
mapping educational attainment to labor productivity; and w; is the common wage per efficiency
unit. The training required to obtain a license may or may not be valued by consumers, which is
captured in the consumption weights of the CES composite good v;(z;). These potential benefits can
vary by occupation, but we assume that training is subject to diminishing returns. This implies that
there always exists a point at which the marginal cost of additional training exceeds consumers’
marginal willingness to pay for quality. In addition, licensing fees 7; operate as a tax on labor
earnings that is paid by workers in the occupation.

In Appendix C, we solve for equilibrium in the labor market and show that aggregate demand

for occupation j’s services is given by

—e J K
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where P is the CES price index, ny is the measure of type-k workers, and s is the fraction of

type-k workers who choose occupation j. Aggregate labor supplied to the occupation is



K
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where w; and sj; in these two equations are determined in equilibrium and depend on the govern-

ment’s policy choices p = {(z;,75)}j=1,..,.J-

2.3 Equilibrium and welfare

Starting from an initial policy vector, workers solve equation (3) to maximize their utility. After their
choices have been made, a subset of workers in an occupation organize themselves as a professional
association and engage in the lobbying game described above.? If a policy change is enacted, workers

may reoptimize, and the labor market adjusts to the new equilibrium.

Definition 1. Given occupation characteristics {;(-), A;(-)}, requlatory costs {x;(-)}, and param-
eters {1, €,0,pr}, an equilibrium is defined by a policy choice p*, political contribution schedules

{bg(-)}geqr, prices {w;}, and quantities {{c;;}, J;} such that
i. Workers optimize: Consumption {c;;} and occupation choice J; solve the worker’s problem;
it. Markets clear: For each occupation, the wage w;j is such that C; = Hj;
iii. The politician and professional associations optimize: {{by(-)}, p*} is a subgame-perfect Nash

equilibrium of the lobbying game.

Let 2} denote the politically-optimal training standard for occupation j. A central question for our
analysis is how z7 might differ from the socially optimal level of regulation, denoted zj. Going
forward, we assume that each occupation represents a small share of total employment, meaning

that a change in licensing policy for occupation j has no effect on the aggregate price level.

Proposition 1: The social welfare effect of licensing an occupation j is

K
OlnW g |O0hhw; 7; OlnT; B
T _ _ ; 6
82]‘ % [ aZj 1-— Tj azj ; SjkPk | 5 ( )

where sf is the employment share of occupation j.

To build intuition, consider the case where licensing fees are small. Then, the effect of a change

in regulation on the equilibrium wage is

K
Olmw; 1 0lnvy;(z)) I
aZj N €+ o <6 sz to ; SgkPk ) - (7)

8We do not take a stand on why associations choose to organize, though our analysis does speak to the conditions
under which rent-seeking may be more profitable. For a model of endogenous lobby formation, see Mitra (1999).
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This expression is strictly positive, reflecting both consumers’ marginal willingness to pay for higher
licensing standards on the demand side and the labor-share weighted average of workers’ training

costs on the supply side. Substituting (7) into (6), we have

oW et (0lmvi(z) < g
~ N 8
0z; o+e ( 0z; ; SjkPk | - (8)

which shows that from the social planner’s perspective, the optimal level of regulation equates
consumers’ marginal WTP for licensing with the marginal social cost of training workers.? Further,
’y;-(zj) > 0 is a necessary, but not sufficient, condition for z7 > 0. It cannot be socially optimal to

impose regulations that consumers do not value.

Proposition 2: The effect of licensing on the welfare of a professional association g is

81nt_8lnwj_ 7; OlnT;
aZj - 8Zj 1—’7'j 823'

— Pg- (9)

This proposition states that the optimal level of regulation from the association’s perspective
equates the marginal effect of licensing on the post-tax wage with its members’ marginal cost of
training. Comparing equations (6) and (9) shows how lobbying can distort regulatory outcomes in
our setting. When marginal private costs differ from marginal social costs, there are opportunities
for rent-seeking, and the association’s preferred level of regulation differs from the social optimum.
For any v < oo (if politicians care about political contributions), there is scope for the association
to nudge policy decisions in the direction of its own preferred outcome by signaling these preferences

to policymakers and rewarding those who enact favorable legislation.

2.4 Discussion and empirical implications

We now summarize the key implications of our model for the political economy of occupational
licensing and discuss how these motivate our empirical analysis. Proofs of the propositions and

additional details are provided in Appendix C.

Proposition 3. If kg > 0, regulation is limited by the size of the market. Conversely, a decrease

in Kj(z;) weakly increases the politically-optimal level of regulation 5.

We predict that, as in the model of Mulligan and Shleifer (2005), smaller markets will be less
regulated if enacting new legislation entails a fixed cost. In our model, this is because higher per-
capita licensing fees are required to finance the regulatory program when the number of workers
in the occupation is small, offsetting any public or private benefits from regulation. As fixed and

variable costs fall, market size matters less, and the supply of regulation rises.

9Equation (8) holds with equality if 7; = 0 and labor shares are equal to employment shares, sfk = sfk. The second
condition is required because a change in the wage reflects the labor-share weighted average of training costs px, while
welfare costs are weighted by employment, not total labor supply. This discrepancy will be larger in occupations
where education has a larger effect on labor productivity.
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Figure 1: Labor Market Effects of Occupational Licensing
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Note: This figure shows two stylized examples of the labor market effects of occupational licensing in our model. For
simplicity, we assume 7; = 0 and py = 0 so that it is costless for association members to obtain a license but training
costs lead other workers to exit the occupation. Here, H, represents the professional association’s labor supply and
AW, the welfare effect of licensing for its members. Total labor supply to the occupation, which includes workers
who are not members of the association, is represented by Hj.

We abstract from dynamics and strategic interaction between states in our model. However,
to the extent that regulatory costs decrease if similar policies have already been enacted by other
jurisdictions, we would also expect regulation to diffuse from larger to smaller markets over time.
Once a policy has been enacted in one jurisdiction, policymakers in others can use this legislation
as a model, and may also observe additional information, such as ex-post outcomes and how key
constituencies responded to the law. For this reason, we expect regulatory costs to be a decreasing
function of prior enactments in other states. We also note that, although we have restricted our
attention to fiscal costs in our model, the same logic applies to the opportunity cost of legislators’
time and political capital. Lobbying by professional associations may also relax these constraints

on policymakers, as emphasized by Hall and Deardorff (2006).

Proposition 4: For all ¥ > 0, the politically-optimal level of regulation z; 1s higher if ’yé-(zj) >0

(licensing raises consumer willingness to pay) than if 7}-(27]-) =0.

We expect occupations with a plausible public interest case for licensing to be more extensively
regulated. This is because, if all other parameters are held fixed, both social and private welfare are
increasing functions of consumer WTP. While the professional association benefits from policies that
restrict competition, they also benefit from policies that increase demand, as Figure 1 highlights.
Importantly, this is true even if the politician places zero weight on social welfare, since public
and private interests are better aligned when ’y;(zj) > 0. Even if consumers are not organized,

professional associations have an incentive to support policies that consumers value, since these will
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also raise the equilibrium wage. As shown in the following proposition, however, quality effects
are not a sufficient condition for political outcomes to be socially optimal, and we expect that, in

practice, many occupations will become over-regulated.

Proposition 5: For all ¢ < co, the difference between the politically-optimal level of regulation z;
and the socially optimal level of regulation z7 depends on the marginal private cost of licensing for

the association relative to licensing’s marginal social cost. We have,

; * s s E
625 > 25 if pg < Dk SikPks
.. _ s _ E
u. zj =z if pg = ok SikPk>
o w5 B
iti. 2] < 25 if pg > Y ) SjkPk-

This proposition states that when licensing is less costly for association members than it is for
the average worker, opportunities for rent-seeking exist and the market will be over-regulated in
equilibrium, even if licensing is welfare-improving on net. Conversely, if marginal private costs are
higher than marginal social costs, regulation will fall short of the social optimum. We expect the
first case to be more common in practice, both because we expect professional association members
to be positively selected, and because most licensing statutes include at least some grandfathering
exemptions, lowering compliance costs for incumbents relative to entrants.'®

Proposition 5 also highlights a special case where political outcomes in our model are socially
optimal: when marginal private costs are equal to marginal social costs. In this case, there are no
opportunities for rent-seeking, so private incentives and the public interest are perfectly aligned.
This could either occur when there is no heterogeneity in workers’ ability to meet licensing require-
ments or when all workers in an occupation have equal political representation.'’ Holding potential
consumer benefits fixed, our model therefore predicts more extensive regulation for occupations
with greater dispersion in training costs or more selective association membership. This is because
the association’s net benefit from licensing—the change in the equilibrium wage net of their own
licensing costs—is larger when the latter is small but total labor supply to the occupation is highly

elastic with respect to entry costs.

3 Data

Our empirical analysis leverages a new dataset that tracks the history of occupational licensing
and regulation in the United States (Carollo, 2025). To test the implications of our model for
the political and economic determinants of licensing policy, we link this unique regulatory data to

measures of occupational task content, the establishment of professional associations, and a broad

0Grandfathering provisions exempt individuals with a sufficient work history from some or all of the requirements
needed to obtain an occupational license. In some statutes, incumbents are granted a license automatically. In
others, workers who do not meet the new training standards are allowed to substitute work experience or continue
practicing if they pass the qualifying examination. In any case, incumbents usually face lower costs than entrants.

"1n the context of trade policy, Grossman and Helpman (1994) also show that when all voters are represented by
special interests, political competition results in socially optimal policy (i.e., free trade).
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range of other state- and occupation-level characteristics. Here, we highlight the most important
features of our data. Additional details on the sources and construction of specific variables are

provided in Appendix B.

3.1 Occupational licensing and regulation

We use policy data from Carollo (2025) to construct a detailed event history panel tracking changes
to occupational regulation over time. The data records the enactment date of major policy changes
for over 250 unique occupations that are estimated to cover more than 90% of regulated jobs in
the United States. The dataset includes both state and federal laws and differentiates between
licensure and less restrictive policies, such as state certification and registration.'? Licensing is
legally mandatory to work in the occupation and requires a specific demonstration of competency;
certification protects the use of specific job titles but does not restrict practice; and registration
requires workers to notify the state of their practice but imposes no substantive entry barrier. These
distinctions are meaningful for our study, as regulatory stringency is a policy choice that frequently
varies within occupations across states and over time.

The legal variables in our policy dataset were hand-coded based on the text of legislation obtained
from a comprehensive library of state session laws, as well as current statutes and administrative
regulations.'® We observe changes to the type of policy in effect over time, beginning with the year
of initial regulation or licensure for each state-occupation pair. We can therefore study the origin of
policies adopted as early as the late 1800s, when modern occupational licensing legislation began to
emerge.'* We structure the dataset as a balanced annual panel, focusing on the period from 1870
to 2020. Each occupation is classified according to the 2010 Standard Occupational Classification
system, which facilitates linking policies to information on task content and employment. We restrict
our attention to the contiguous 48 states throughout our analysis because historical data on key

covariates is limited for Alaska, Hawaii, and the District of Columbia.

3.2 Occupational attributes and task content

To summarize differences in the tasks performed by regulated and unregulated occupations, we use

data from the Occupational Information Network (O*NET) and its predecessor, the Dictionary of

12WWe do not observe licensing requirements adopted by municipal ordinance, which cover a very small share of licensed
workers and appear mostly, but not exclusively, in the construction industry. Less than 5% of licensed workers are
regulated at the local level (Gittleman et al., 2018).

13GQession laws consist of the chronological collection of all individual acts passed by a legislature during a specific
session, representing the primary legal record of legislative action. Statutory laws (or statutes) have been organized
and codified by subject matter into a permanent body of law. Administrative laws encompass the specific rules and
regulations promulgated by executive branch agencies and boards to implement and enforce the broader mandates
established by statute.

14The HeinOnline database used to compile the data includes laws passed by territorial legislatures, so initial licensing
statutes are observable even when their enactment predates statehood. However, a small share of the policies we
consider were adopted through administrative regulations rather than legislative acts. Since historical documen-
tation of administrative law is less comprehensive than statutory law, enactment dates in these cases are often
determined using additional information obtained from secondary sources.
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Occupational Titles (U.S. Department of Labor, Employment and Training Administration, 1939,
1977). As the latter does not provide numerical rankings for the specific attributes we are interested
in, we use natural language processing to predict these features from textual descriptions of job tasks
(Gentzkow et al., 2019).

Occupational attributes. We begin by defining a set of occupational attributes using data
from O*NET, a workforce survey sponsored by the U.S. Department of Labor. O*NET compiles in-
formation on job tasks, skill requirements, and hundreds of other features for over 900 occupations.
From these descriptors, we select a subset that, in our view, plausibly reflect the public interest
rationale for occupational regulation. We then reduce these to three summary indices using prin-
cipal component analysis. Although we do not claim that our measures are the only occupational
attributes that might influence economic welfare, we do think that they capture several important
characteristics that policymakers and interest groups have in mind when they highlight the risks of
unlicensed practice.

Our first summary index is constructed using three elements from the O*NET work context
category “criticality of position™ (i) consequence of error, (ii) freedom to make decisions, (iii) and
frequency of decision-making. We see these features—in particular, “consequence of error’—as a
measure of the potential risk that an unqualified worker might pose to the public. Our second
indicator measures the degree to which a worker is likely to interact directly with consumers. Here,
we use the elements: (i) assisting and caring for others, (ii) performing for or working directly with
the public, (iii) contact with others, and (iv) physical proximity. Lastly, we measure the complexity
of an occupation’s task content using a set of 35 descriptors identified by Caines et al. (2017).
Complex tasks require higher-order skills, which are difficult for workers to learn, and thus may also
be challenging for non-experts to evaluate. We therefore think of task complexity as a proxy for

asymmetric information between workers and consumers.

Predicting attributes from task descriptions. Although it provides a rich set of variables
to draw from, O*NET has two key limitations in our context. First, it is measured near the end of
our sample, but occupations and tasks have changed materially over time (Atalay et al., 2020; Autor
and Thompson, 2025). Second, occupational regulation itself might induce workers to view their
job as risky or complex, which would bias our measures. To address these issues, we predict each
occupation’s attributes, using only the semantic meaning embedded in descriptions of its tasks, and
use these predicted scores throughout our analysis. This approach allows us to extract attributes
from historical editions of the DOT circa 1940 and 1980 that are directly comparable with those we
compute from O*NET. Moreover, because our approach looks for associations between tasks and

job attributes across the universe of O*NET occupations, it mitigates our concerns about potential

15\We are not the first to identify related factors as relevant for the adoption of licensing laws. For example, in a
study of six licensed healthcare occupations, Graddy (1991a) uses educational requirements to proxy for service
complexity and liability insurance rates to capture potential risks to consumers. Our approach extends this idea by
offering measures of complexity and risk that can be defined for any occupation with a detailed task description.
Further, unlike educational attainment and insurance rates—which may be endogenous outcomes of the regulatory
environment—tasks are an intrinsic feature of how occupations are defined.
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Figure 2: Overview of Task Content Data Sources and Attribute Construction
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Criticality ~ Proximity = Complexity Year  Criticality Proximity  Complexity
Barbers —0.30 1.62 —1.60 Barbers 1939 —0.78 1.89 —1.89
Economists —0.58 —1.53 1.26 Barbers 2017 —1.27 1.07 —1.73
Plumbers 0.11 —0.17 —0.49 Plumbers 1939 0.43 0.09 —0.52
Surgeons 2.35 2.31 2.12 Plumbers 2017 0.19 —0.24 —0.66

Note: This figure outlines the construction of our task content data, which is detailed in Appendix B.3. Occupations
are indexed by 7 and vectors are denoted in bold to distinguish them from scalars. The table on the left shows
examples of occupational attributes resulting from Step 1, that is, from a principal component analysis of O*NET
numerical descriptors. The table on the right shows examples of attributes predicted from textual descriptions of an
occupation’s tasks, which we apply to the DOT in addition to O*NET.

reporting bias.

Briefly, we first collect the text of all core tasks listed under each O*NET occupation. We
then follow the method described by Kogan et al. (2023) to convert each occupation’s tasks into
a numerical document embedding, a geometric representation of the text’s meaning as a high-
dimensional vector. Next, we estimate a regression model that predicts each numerical occupational
attribute as a weighted combination of the document embeddings.'® Finally, we take the weights
we estimate using O*NET data and apply them to document embeddings constructed from the
DOT to predict our criticality, personal interaction, and complexity indices using historical task
descriptions. Figure 2 summarizes the construction of our task content data and Appendix B.3

provides additional details and validation exercises related to this step.

Qur approach is similar to that of Nedelkoska et al. (2023), who use O*NET task descriptions to train a neural
network-based model, which they use to measure routine and non-routine task content in the DOT. It is also related
to Miihlbach (2022), who uses O*NET word embeddings predict target characteristics without the use of training
data, such as the “age friendliness” of an occupation (Acemoglu et al., 2022).
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3.3 Establishment of professional associations

We leverage the federated structure of professional associations to assess the influence of special
interest groups on occupational licensing and regulation. Professional associations are formed to
represent the interests of incumbent practitioners in an occupation and their activities include
lobbying legislatures for policies that benefit their members. Many associations have both a national
headquarters and state chapters. These chapters are usually organized at different times in different
states, a fact that we exploit to capture variation in an occupation’s local political organization.
We collect information on the founding dates of state-level professional associations for nine
major occupations: accountants, architects, civil engineers, dentists, lawyers, pharmacists, physi-
cians, professional nurses, and real estate brokers. Together, these nine occupations represent
approximately 20% of all licensed workers today. This data was obtained from a variety of sources,
including association websites and contacting the associations themselves. In addition, we identi-
fied the founding date of national organizations representing 61 occupations, including all those for
which we have state-level data. Our national association sample covers about two-thirds of licensed
workers. Healthcare and other professional services are over-represented, since these occupation cat-
egories are more likely to be represented by unified, well-established associations than are licensed

occupations in other sectors like personal services and construction trades.

4 Long-run trends in occupational regulation

We begin our empirical analysis by documenting long-run trends in the growth, composition, and
timing of occupational regulation in the United States. Using our rich policy dataset, we provide new
annual estimates of the share of U.S. employment covered by licensing, certification, and registration
laws over the past 150 years. These reveal a dramatic increase in the share of U.S. workers who are
subject to state and federal licensing requirements, driven by both the diffusion of regulation and

the rising importance of service-sector employment.

4.1 Descriptive statistics

Modern occupational licensing statutes in the United States—characterized by minimum entry
qualifications typically enforced by a state government agency or regulatory board—began to emerge
in the late 19th century as state governments took a more active role in regulating the medical and
legal professions.!” As shown in the left panel of Figure 3, licensing coverage rose significantly over

the twentieth century and has become a pervasive feature of the labor market. Our data show that

7Other forms of occupational licensing existed much earlier, but these were significantly weaker and less uniform
than the statutes we consider. Private medical societies, for instance, “licensed” physicians before the establishment
of state medical boards. Although practicing medicine without a license was not illegal—as it is now—unlicensed
physicians had no legal recourse to recover unpaid fees (Kett, 1968). Attorneys were admitted to practice law
by individual courts rather than a state bar, and similarly, responsibility for teacher certification was placed with
municipal or county authorities. We control for these policies in our main analysis below, but exclude them from
our preferred definition of occupational licensing.
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Figure 3: Coverage and Composition of Occupational Regulation Policies
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Notes: The estimates shown in this figure are constructed by aggregating policy indicators for state-by-occupation
cells weighted by cell-level employment shares. Appendix B.2 describes our procedure for estimating employment
in regulated occupation categories, which are typically more granular than Census classification codes. The left
panel shows policy coverage as a share of total U.S. employment. The right panel shows the sectoral composition of
regulated employment across major occupation groups. Both state and federal policies are included in this figure.

the share of workers employed in licensed occupations grew from about 6% in 1950 to more than 20%
today, broadly consistent with previous—but less granular—estimates of historical policy coverage
(Kleiner and Krueger, 2010).1® State certification and registration, by contrast, were never prevalent
(each covering under 1% of total employment at their peak) and have declined in both absolute
and relative importance since the mid-twentieth century. This finding suggests that policymakers
have increasingly opted to regulate occupations through licensure rather than less restrictive policy

alternatives.

Composition of regulated employment. The right panel of Figure 3 shows that the compo-
sition of employment covered by licensing, certification, and registration laws has changed markedly
over time, especially during the first half of our sample. Before 1900, occupational regulation applied
primarily to healthcare and legal professionals, as well as some transportation workers (reflecting
the federal licensing of ship captains, officers, and steam engineers). Over the first half of the twen-
tieth century, regulation spread to virtually all other major occupation groups, from professional
and personal services to sales occupations and construction trades. While compositional changes

are less pronounced after 1950, we do find a notable increase in the share of licensed employment

8 Appendix B.1 provides additional details on how we define licensing coverage and Appendix B.2 on how we estimate
occupational employment. While our policy data are the most comprehensive assembled to date, they are not
completely exhaustive, and therefore our estimates of licensing coverage are likely understated by a few percentage
points in recent decades. Further, while the data are broadly representative across occupation groups, licenses
for managerial occupations are underrepresented since most licenses in this group have a relatively narrow scope
that does not align well with statistical occupation categories. That said, we think that the data are sufficiently
comprehensive and representative to accurately characterize the broad trends that we discuss in this section.
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Figure 4: Timing of Policy Enactments and Composition of Occupations
by Year of Addition to the Census Classified Index
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Notes: The left panel of this figure shows the number of new licensing, certification, and registration policies enacted
in each two-year interval since 1870. We aggregate across years in this way to smooth though annual variation driven
by the timing of state legislative sessions. The right panel shows the unweighted composition of policy changes by the
year each occupation was first included in the Census Classified Index of Occupations and Industries, which reflects
the “age” or “vintage” of regulated occupations. Federal policies are excluded from this figure.

attributable to healthcare and social service occupations starting around 1970.

Another feature worth highlighting in Figure 3 is that throughout our sample period, the com-
position of regulated employment differs significantly from that of the economy as a whole. At the
end of our sample, for instance, healthcare and social services jobs employed just over 10% of U.S.
workers, but represented around a third of licensed employment. Other professional and personal
services are also overrepresented among licensed occupations, while manufacturing occupations are
almost entirely unlicensed. This fact suggests that licensed occupations differ systematically from
unlicensed occupations with respect to their task content, a key prediction of our theoretical frame-

work that we return to in the following section.

Timing of policy changes. Turning our attention from the stock of covered employment
to the flow of policy changes, the left panel of Figure 4 plots the number of new occupational
licensing, certification, and registration laws enacted in each two-year interval since 1870. We find
that licensing activity peaked in the early 1970s, but has declined sharply in recent years. While
certification and registration account for a larger share of unweighted laws than their employment-
weighted coverage suggests, licensing requirements still make up the vast majority of policy changes
in our data.

The right panel of Figure 4 decomposes enactments into bins based on the age of the occupation
being regulated. Following Lin (2011) and Autor et al. (2024), we identify when each occupation

first appeared in the Census Classified Index of Occupations and Industries, allowing us to differ-
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Figure 5: Decomposition of Changes in Licensing Coverage
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Notes: This figure decomposes decade-over-decade changes in licensing coverage (black line) into contributions from
new policies moving occupations from unregulated to licensed, from certified or registered to licensed, and from
employment growth in state-by-occupation cells that were previously regulated. Both state and federal policies are
included in this figure.

entiate between older occupations, like barbers (listed in the first edition), and newer ones, such as
polysomnographic technologists (added in 2020). We find that regulatory activity has tracked the
emergence of new work over time, though usually with a considerable lag. In the past 30 years, for
example, roughly 60% of policy changes applied to occupations that did not exist in 1950. While
the figure suggests that some regulation requirements began to diffuse very early in an occupation’s
history, the majority tend to be enacted after the occupation has become established enough to

warrant statistical classification.

4.2 Sources of growth in occupational licensing coverage

We now examine the extent to which the growth of occupational licensing coverage reflects the
diffusion of regulation to new states and occupations versus changes in the occupational composition
of the U.S. economy. If no new licensing policies were adopted after 1950 but employment evolved
as we observe in the data, we estimate that licensing coverage would have risen from about 6%
in 1950 to 12% today (rather than 23%). However, as noted above, many occupations that were
regulated in the second half of the 20th century did not exist or had trivial employment in 1950.
Alternatively, we decompose the decade-over-decade change in national licensing coverage shown
in Figure 3 into three components: the contribution of new state-occupation cells becoming licensed,
the replacement of existing certification or registration laws with licensing statutes, and changes
in employment within previously-licensed cells. Noting that licensing coverage is an employment-

weighted aggregation of policy indicators, we can write:
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where L;s; = 1 if occupation i is licensed in state s at time ¢, w;4 is the share of national employment
in state-occupation cell i,s, and Djs;—1 € {U,C,R} denotes whether cell i,s was unregulated,
certified, or registered in the previous decade.

Figure 5 shows that before 1950, the growth of licensing coverage was almost entirely driven by
the adoption and diffusion of new policies. Between 1950 and 1990, the period when coverage was
growing the fastest on average, policy changes and employment growth contributed about equally.
The contribution of new policy changes peaked in 1990, owing largely to federal legislation requiring
states that had not already done so to license commercial drivers and nursing assistants working in
long-term care facilities, both of which are relatively large occupation categories. Consistent with
the subsequent decline in policy enactments shown in Figure 4, most of the increase in licensing
coverage since 2000 reflects employment growth in previously-licensed occupations rather than the
adoption of new licensing requirements.

Lastly, we note that a non-trivial share of the contribution of policy changes comes from the
replacement of certification or registration policies by licensing requirements. In fact, over half the
certification and registration policies in our data were eventually strengthened in this way, whereas
it is extremely rare for licensing policies to be weakened or repealed. Less than 5% of the policies in
our data were permanently repealed, and only a fraction of these occurred through direct legislative
action rather than court decisions or sunset provisions.'® Moreover, many repeals, such as those
for statutes licensing horseshoers, ore assayers, and watchmakers, occurred after the occupation
itself had essentially disappeared. We view the persistence of established regulations, together
with the tendency for licensing to replace less restrictive policies, as consistent with our model’s
prediction that the private incentives of lawmakers and incumbent workers will often produce entry

requirements that are too stringent relative to the social optimum.

5 Occupational task content and regulation

In this section, we move beyond aggregate trends and examine why some occupations have become
widely regulated and others have not. Guided by the predictions of our theoretical framework,
we evaluate whether licensing, certification, and registration requirements are more common in oc-
cupations where public-interest considerations are plausible. Although this is not the only factor
we expect to influence regulators’ choices, our model predicts that policies consumers value will
generally receive broader political support than those that benefit incumbent workers alone. Con-

sistent with this proposition, we find that task content is highly predictive of the extent, form, and

19Sunset provisions are built-in expiration dates for legislation. They specify that a law (or specific parts of it) will
automatically expire after a certain period unless lawmakers actively renew, amend, or replace it.
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Figure 6: Occupational Attributes and Number of Regulating States
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Notes: This figure plots our predicted criticality and task complexity scores for all 6-digit occupations with O¥*NET
task descriptions. Each attribute is standardized to have mean zero and standard deviation one. Markers labeled
“All states regulate” indicate occupations that are regulated by all 48 states (or federally) in our sample as of 2020,
markers labeled “Some states regulate” indicate occupations regulated by some but not all states, and unlabeled
markers indicate unlicensed occupations. Marker sizes are proportional to estimated employment in 2019 based on
ACS and OEWS data.

timing of occupational regulation. Over time, however, regulation has diffused to occupations with
progressively lower risk, complexity, and interpersonal interaction, suggesting diminishing consumer

benefits and a weaker public interest rationale for the marginal policy.

5.1 Selection into occupational regulation

In Figure 6, we plot our predicted criticality and task complexity measures for all six-digit occupa-
tions with task descriptions in O*NET.2? Occupations regulated in all states as of 2020 are shaded
in blue, while occupations regulated in only some states are shaded in orange. Most licensed oc-
cupations appear in the top-right of the figure. That is, our text classification approach suggests
that they are riskier and more complex than average. Figure 6 also suggests that the licensing of
occupations whose tasks plausibly pose greater risks to consumers or the public tends to diffuse
more broadly across states. Conversely, occupations that are both less critical and complex than
average (bottom left) are rarely regulated, with the notable exception of barbers and cosmetologists,

occupations that all states currently license.

20Tn this section, we focus on policies with six-digit equivalents only. Although our data contain policy information for
more granular occupations, we cannot construct these occupations’ attributes because they lack task descriptions
in O*NET and the DOT.
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Table 1: Occupational Attributes and Probability of Regulation

Regulated in 2020 Regulated in 1980 Regulated in 1940
(1) (2) 3) (4) (5) (6)
Criticality of position 0.071%%*  0.055%* 0.058***  (.043** 0.041**  0.038*
(0.015)  (0.020) (0.018)  (0.019) (0.018)  (0.020)
Task complexity 0.070*%**  0.040* 0.049*%**  0.004 0.030**  -0.000
(0.013)  (0.022) (0.012)  (0.022) (0.012)  (0.022)
Interpersonal interaction 0.091%%*  (0.102%** 0.051%%%  0.052** 0.053%#%*%  0.045**
(0.016)  (0.024) (0.017)  (0.023) (0.018)  (0.020)
Total observations 36,960 36,960 35,472 35,472 28,128 28,128
Occupations 770 770 739 739 586 586
R-squared 0.219 0.351 0.123 0.283 0.116 0.304
State FE v v v v v v
Major group FE v v v
Task measures O*NET 2017 DOT 1977 DOT 1939

Notes: This table reports regressions of the form I(Regulated);s = a5+ 3'X; + 01(i) + €is where I(Regulated);s
is an indicator for whether occupation i is regulated in state s, a; is a state fixed effect, 0(;) is a fixed ef-
fect for two-digit occupation group, and X; contains our three predicted occupational attributes. We estimate
separate cross-sectional regressions for each of the three years shown in the table. Significance levels based on
standard errors clustered by state and occupation are indicated by *** 1%; ** 5%; and * 10%.

Table 1 presents a set of cross-sectional regressions summarizing the relationship between occu-
pational attributes and regulation. Here, an observation is a state-occupation cell, and the outcome
is an indicator for whether the cell is regulated. All specifications include state fixed effects, which
control for potential differences in states’ general propensity to regulate (see Section 6). Column
one shows that a one standard deviation increase in an occupation’s criticality or complexity score
(where attributes are standardized to mean zero and unit variance) raises the probability of regula-
tion by seven percentage points. An increase in interpersonal interaction has a similar effect. The
estimates are qualitatively similar in column two, which further compares occupations in the same
two-digit group such as healthcare practitioners or construction trades. This shows that differences
in task content remain predictive of regulation, even when comparing occupations that are other-
wise quite similar. Finally, columns three to six show that the positive correlation between these
attributes and regulation also holds historically when using concurrent measures of occupational
task content, though the effect of task complexity on regulation is present between but not within
occupation groups in these years.

In Appendix A.1, we present several robustness checks for these results. First, we show that using
survey-based measures of license attainment from the Current Population Survey yields estimates
extremely close to those reported in Table 1.21 Most notably, we find that our three task measures

explain nearly half the cross-sectional variation in license attainment across CPS occupations. This

2n contrast to licensing coverage, which refers to whether an occupation is legally subject to a licensing requirement
in a given state, license attainment reflects self-reported possession of a credential by individual workers. We present
attainment-based estimates as a check that our results are not affected by policies missing from our data or choices
we make when assigning regulatory definitions to statistical occupation codes.
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Table 2: Occupational Attributes and Choice of Regulatory Instrument

Regulated in 2020 Regulated in 1980 Regulated in 1940
Licensed Certified Registered Licensed Certified Registered Licensed Certified Registered

Criticality of position 0.63***  -0.19 0.30%** 0.56*** .09 0.46%** 0.35%F% 1 54HH* 2.38%H*

(0.02) (0.12) (0.06) (0.03) (0.14) (0.07) (0.03) (0.12) (0.26)
Task complexity 0.76*%%  (.80%** -0.04 0.50%** (. 71#H* -0.18%+* 0.42%F% (). 25%F* 0.15%**

(0.02) (0.10) (0.05) (0.02) (0.09) (0.04) (0.02) (0.04) (0.04)
Interpersonal interaction 0.62%**  (.93%** 0.58%** 0.30%**  0.90%** -0.34%** 0.51%%*%  0.07 -1.25%**

(0.02) (0.13) (0.06) (0.02) (0.16) (0.12) (0.03) (0.10) (0.20)
Occupations 180 27 20 159 21 17 109 30 7
Policies 6,173 92 185 5,004 54 103 3,061 255 96
Total observations 36,960 35,472 28,128
Task measures O*NET 2017 DOT 1977 DOT 1939

Notes: This table reports the results of a set of multinomial logistic regressions for states’ choice of regulatory method relative to choosing
not to regulate an occupation. All specifications include state fixed effects which control for differences in states’ general propensity to
regulate. We estimate three separate cross-sectional regressions for each of the three years shown in the table. Significance levels based on
bootstrapped standard errors indicated by *** 1%; ** 5%; and * 10%.

confirms that our findings are robust to an alternative measure of occupational regulation that is
entirely independent of our policy data. Second, we show that our estimates are robust to excluding
healthcare occupations, weighting policies by covered employment, and including potential risk to

co-workers as another possible rationale for licensing.

5.2 Choice of regulatory instrument

Occupational attributes may also affect the type of regulation states choose to enact. Table 2
presents a set of multinomial logit estimates that model the probability that states have enacted
a licensing, voluntary certification, or mandatory registration law for each occupation, relative to
a baseline of no regulation. As in our analysis examining occupational attributes and the overall
probability of regulation in the previous section, we organize our data into three state-by-occupation
cross-sections and include a set of state fixed effects to control for potential differences in each state’s
general propensity to regulate.

We find that as of 2020, criticality is associated with a higher probability of licensing and
registration but has no effect on the adoption of state certification. Task complexity increases the
probability of licensing and certification, but has no effect on registration. Interpersonal interaction
is positively associated with all forms of regulation. Put differently, licensing tends to be adopted
for occupations that are both risky and complex; voluntary certification for occupations that are
complex, but not risky; and mandatory registration for occupations that are risky but not complex.
We see these results as consistent with what one might expect given the signaling and screening
functions of these policy instruments (Shapiro, 1986).

For critical tasks—which have more severe consequence of error—public safety and negative
externalities may be of greater concern, and we find that governments are more likely to require ap-
proval to work in these occupations by licensing or registering them. Certification, in this case, may
not be perceived as stringent enough because uncertified practitioners are not legally excluded from

the occupation. For complex tasks, both licensing and certification may help remedy asymmetric in-
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formation between workers and consumers by requiring practitioners to complete occupation-specific
examinations and training. In contrast, practitioners do not have to fulfill these requirements for
registration, making registration less useful as a signal of expertise. Lastly, given that both pub-
lic safety and asymmetric information concerns may arise for occupations in which practitioners
interact directly with consumers (e.g., assisting and caring for others), all forms of regulation are
positively associated with interpersonal interaction.

While task attributes have a similar effect on the choice of licensing in all periods we study, the
patterns for certification and registration differ somewhat in the earlier part of our sample. Most
notably, criticality is more strongly associated with certification and registration than licensing in
1940, and registered occupations show below-average interpersonal interaction in 1940 and 1980.
One possibility is that widely-certified occupations in 1940—such as professional nurses—performed
risky and complex tasks but may have had less professional autonomy than is reflected in our data,
resulting in less independent decision-making authority than would potentially justify licensing.
Similarly, registration was primarily adopted for managerial and financial occupations—such as
general contractors or real estate and insurance brokers—who are responsible for their employees
but have less direct consumer interaction than healthcare or personal service workers. Another
possibility is that regulation may respond to changes in task content with a lag. Nurses, insurance
brokers, and real-estate brokers are now licensed in all states, and by 1940 a few states had already

started strengthen their regulation of these occupations.

5.3 Regulatory timing and diffusion

Thus far, we have focused on differences between regulated and unregulated occupations. We now
ask whether these same attributes are related to the timing of policy adoption, conditional on an
occupation eventually becoming licensed, certified, or registered in at least one state.

Figure 7 plots the mean of our three main occupational attributes over the flow of newly-enacted
policies in each year. To smooth through year-to-year volatility resulting from variation in the total
number of policies enacted, we focus on five-year moving averages. The figure implies that the first
occupations to be regulated (which included attorneys, pharmacists, and physicians) were among the
highest ranking on our task measures. From 1900 to 1950, however, regulation diffused to less risky,
complex, and interactive occupations. In fact, toward the end of this period, our measures show
that newly-regulated occupations were actually somewhat less complex than the typical occupation,
and no more risky (partially reflecting the licensing of hairdressers, manicurists, and other service
occupations in these years). After 1950, these declining trends reversed, and the indices’ averages
stabilized around their current values by the 1980s.

While informative about the characteristics of occupations states chose to regulate in different
periods, the emergence of new jobs has also influenced the composition of workforce (Autor et al.,
2024). The average occupational attributes we show in Figure 7 therefore reflect both compositional
effects and regulatory diffusion within a given cohort or vintage of occupations. To isolate the

latter, we estimate a series of conditional logistic regressions that model the relative probability
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Figure 7: Average Occupational Attributes for Newly-Enacted Policies
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Notes: This figure plots 5-year moving averages of our occupational attributes for newly-enacted policies. Here,
we measure attributes using the vintage of task data that is closest to the median year of first regulation for each
occupation. Each attribute is standardized to have mean zero and standard deviation one. Sample includes state
and federal policies with six-digit SOC equivalents.

of regulation within state, year, and occupational cohort groups. We define cohorts as the decade
when an occupation was first added to the Census Classified Index of Occupations and Industries, a
measure of an occupation’s age. In addition to absorbing all state-year differences in the propensity
to regulate, this specification only compares occupations of the same vintage, further netting out
compositional differences over time owing to the emergence of new occupations.??

The estimates in Table 3 confirm that occupational licensing has generally diffused from more to
less risky, complex, and interactive occupations, even within the set of occupations that some states
ultimately chose to regulate. For ease of interpretation, we report the marginal effects implied by the
conditional logistic regressions, computed for an occupation with average attributes. These marginal
effects capture changes in the conditional probability of regulation within a state—year—cohort cell.
The first column shows that a one standard deviation increase in each index (from zero) is associated
with a 5-8 percentage point increase in this conditional probability, implying that higher-ranked
occupations tended to be regulated earlier relative to other occupations of the same vintage. Column

two shows that within major occupation groups, criticality is the main attribute associated with

early adoption.

2ZFormally, the conditional logit model estimates the probability that occupation 4 is regulated in state s and year
t as a function of occupation-level attributes, conditional on at least one occupation being regulated within the
state—year—cohort cell. Occupations that are never regulated in any state are excluded from the sample we use
in this section. As in hazard models, all state-occupation cells start off as unregulated, but are removed from
the estimation sample once policy adoption occurs since they are no longer in the risk set for a policy change.
However, previously-regulated state-occupations cells may reenter the panel if the law is repealed or overturned,
since re-regulation is possible in this case.
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Table 3: Conditional Logistic Estimates of Occupational Attributes and Regulatory Diffusion

Full Sample Enacted 1870-1950 Enacted 1951-2020

Marginal effect of attribute (1) (2) (3) (4) (5) (6)
Criticality of position 0.051%**  0.086*** 0.055%**  0.049* 0.037***  0.059**

(0.008) (0.017) (0.012) (0.025) (0.010) (0.025)
Task complexity 0.080***  0.030 0.115%#F%  0.153*** 0.052%F%  _(.144%**

(0.006) (0.019) (0.009) (0.030) (0.008) (0.030)
Interpersonal interaction 0.057*** 0.009 0.084*** — 0.037** 0.034***  _0.011

(0.006) (0.015) (0.008) (0.018) (0.008) (0.029)
Total observations 83,648 11,056 54,993 6,382 28,655 4,674
Number of events 4,442 2,997 1,934 1,633 2,508 1,364
Occupations 146 112 78 65 118 80
State x cohort x year strata v v v v v v
Major group interactions v v v

Notes: This table shows the effect of occupational attributes on the probability of regulation in a conditional logis-
tic model. We report marginal effects evaluated at a vector of zeros (i.e., for an occupation with average attributes).
Major group fixed effects are defined at the level of 2-digit occupations. Federal policies are excluded from this anal-
ysis. Significance levels based on standard errors clustered by state-occupation cell are indicated by *** 1%; ** 5%;
and * 10%.

Columns three to six repeat this analysis, splitting the sample in 1950, the approximate inflection
point of the trends shown in Figure 7. In both the 1870-1950 and 1951-2020 periods, we see similar
patterns of policy diffusion after accounting for the emergence of new jobs, though these are slightly
less pronounced after 1950. Column six shows that within major occupational groups after 1950, less
complex and interactive occupations were licensed earlier, on average, although the marginal effect
is small and statistically insignificant for interpersonal interaction. The negative estimate for task
complexity is driven by healthcare occupations, which make up a relatively large share of policies
enacted after 1950. Within this occupation group, policies extended licensing requirements from
core professional roles to technicians and support personnel, where risk may have been a greater

concern than asymmetric information given that the latter rarely work independently.

5.4 Discussion and interpretation

Our findings in this section show that a parsimonious set of task content measures are highly pre-
dictive of the extent, form, and timing of occupational regulation. This lends empirical support to
a central implication of our theoretical framework: occupations are more likely to be regulated—
and are regulated more intensively—when public health, safety, and welfare concerns are plausible.
In our model, this channel operates through consumer willingness to pay for regulation, v;(2;).
Importantly, Proposition 4 shows that this prediction does not require social welfare to enter the
politician’s objective function. Nor does it assume political influence from consumers, which helps
reconcile our findings with the fact that occupational regulation has rarely obtained organized con-
sumer support when under consideration in state legislatures. Rather, interest groups representing

occupations have incentives to support policies that increase labor demand in addition to those that
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restrict labor supply.

Our results are consistent with external evidence from Kleiner and Soltas (2023), who find that
both consumer willingness-to-pay (WTP) for licensing and its net welfare effects are more favorable
in occupations that are currently licensed in many states. In Appendix Table A2, we connect
our findings by showing that the occupational attributes we study are strongly correlated with
their WTP estimates—analogous to 7;(z;) in our version of their model. We find that criticality,
complexity, and interpersonal interaction alone explain about 30% of the variation in WTP estimates
across occupations. In this sense, our results complement their revealed preference analysis by
linking heterogeneity in consumer valuations of licensing back to task content, an intrinsic feature
of occupations that allows us to study the historical evolution of occupational regulation.

Although occupations with plausible public interest justifications for regulation are more likely
to become widely regulated, this pattern does not imply that licensing is welfare improving on net.
Proposition 5 highlights how political incentives can push regulation beyond its socially optimal
level. This mechanism offers a natural explanation for why licensing has diffused over time to
occupations that rank progressively lower on our task measures, and why existing regulations tend
to persist even as task content and market conditions evolve. It also helps explain why licensing—
the most restrictive form of occupational regulation—is far more prevalent than certification and
registration, even when the latter may be sufficient to address concerns about risk and asymmetric

information.

6 Policy innovation and diffusion

We now turn to the state-level determinants of occupational regulation. We find, first, that certain
states are more likely than others to originate and adopt these policies. Occupational licensing,
certification, and registration requirements tend to appear earlier in large urbanized states with
more regulation overall, then gradually diffuse to others along geographic, demographic, and political
lines. Within occupations, we find that the number of practitioners, the share of neighboring states
that have already regulated the occupation, and prior regulatory activity within the same state also
shift the timing of policy adoption. These results are consistent with our theoretical framework
where policymaker preferences, fixed costs, and market size influence regulatory decisions in a way

that we expect to be correlated across occupations within states.

6.1 Characteristics of early adopters

We first identify early policy adopters by ranking states according to the order in which they first
licensed, certified, or registered the occupations in our data. We then compute the share of policies
that originated in each state as well as how often they were among the first five or ten initial
regulators. Figure 8 plots these rankings and shows that some states are consistently early adopters
of occupational regulation while others rarely produce or take up new policies. We find, for instance,

that roughly 25% of policies originated in three states: California, New York, and Texas. California
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Figure 8: Frequency of Early Policy Adoption by State, 1870—-2020
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Notes: This figure displays how often each state was within the first 1, 5, or 10 states to adopt a new licensing,
certification, or registration policy. Since our policy data is coded at the annual level, ties occur when multiple states
initially regulate an occupation in the same year. Rather than breaking these ties arbitrarily, a state enacting a policy
at time t is assigned a rank equal to 1 + the number of states that adopted the policy at ¢ — 1 or earlier. Further,
states that have not adopted a specific policy by the end of our sample cannot be ranked, so our results should be
interpreted conditional on the total number of regulating states exceeding the specified adoption threshold.

stands out, not only because it is the leading origin of this legislation but also because it was within
the first 10 states to regulate nearly half the occupations in our data. At the other end of the
distribution, South Dakota and Wyoming were early adopters of only one in 10 policies.

Figure 8 suggests that early adopters tend to be large states (or their neighbors), while late
adopters are often small and rural. The descriptive statistics in Table 4 confirm this observation.
Since the relationship between these characteristics may have changed over time, and because addi-
tional variables become available in later years, we report our results separately for policies enacted
in the first (1870-1950) and second (1951-2020) half of our sample. Across both time periods, early
adopters are larger, are more urbanized, and have higher foreign-born population shares. Second,
since 1950, unified Democratic and Republican state governments have tended to be early and late
adopters, respectively. Before 1950, the opposite was true. Third, the locus of early adoption has
shifted from non-Southern to Southern states. Finally, we find little difference in average legislative
session length between groups, but early adopters have higher expenditures per legislator, which

potentially reflect greater access to professional support staff (Bowen and Greene, 2014).

6.2 Policy diffusion

A vast political science literature has examined the determinants of policy diffusion across states,

often focusing on the roles of geographic proximity and ideological similarity (Mallinson, 2020).
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Table 4: State Descriptive Statistics by Frequency of Early Policy Adoption

1870-1950 1951-2020

Early Late Difference: Early Late Difference:
Adopters Adopters Early-Late Adopters Adopters Early-Late

(1) (2) (3) (4) () (6)

Log total resident population 14.76 13.21 1.55 15.55 14.24 1.31
(0.86) (1.34) [0.01] (0.77) (1.09) [0.01]

Urban population share (%) 53.72 25.91 27.81 74.03 62.90 11.13
(13.69) (9.50) [0.00] (14.15) (13.17) [0.09]

Share of population that is white (%) 92.42 84.01 8.41 80.47 90.33 -9.86
(12.66) (18.27) [0.25] (6.50) (5.25) [0.00]

Share of population that is foreign-born (%) 23.23 14.40 8.83 11.17 5.42 5.75
(9.70) (11.02) [0.07] (7.63) (1.69) [0.03]

Log income per capita 9.48 9.14 0.34 10.39 10.37 0.01
(0.25) (0.38) [0.03] (0.19) (0.09) [0.83]

Republican presidential vote share (%) 50.50 45.00 5.50 51.17 55.97 -4.80
(9.89) (17.40) [0.40] (3.80) (6.42) [0.06]

Unified Democratic government 0.20 0.42 —0.22 0.42 0.15 0.26
(0.29) (0.42) [0.18] (0.19) (0.16) [0.00]

Unified Republican government 0.48 0.39 0.09 0.15 0.40 -0.26
(0.27) (0.35) [0.53] (0.07) (0.23) [0.00]

Southern state 0.10 0.50 —0.40 0.50 0.10 0.40
(0.32) (0.53) [0.05] (0.53) (0.32) [0.05]

Unemployment rate (%) 6.26 5.02 1.24
(0.70) (0.96) [0.00]

Union representation (%) 16.01 14.30 1.70
(6.64) (3.82) [0.49]

Change in union representation (1970-2020) -13.74 -13.53 -0.21
(4.96) (5.20) [0.93]

Right-to-work state 0.50 0.50 0.00
(0.53) (0.53) [1.00]

Days in legislative session 129.07 132.81 -3.74
(61.11)  (43.62) [0.88]

Log expenditure per legislator 13.44 12.47 0.97
(0.92) (0.90) [0.03]

Log legislator salary 11.23 10.48 0.75
(0.58) (0.95) [0.05]

Notes: This table reports descriptive statistics for states ranked by their average order of policy adoption. We first com-
pute the fraction of occupations each state was among the first 10 to regulate. Early adopters are then defined as the top
10 states sorted by this measure, and late adopters as the bottom 10. Columns 1, 2, 4, and 5 report variable means and
standard deviations. Columns 3 and 6 report the difference in means between early and late adopters with the p-values
in brackets. We take averages over the full sub-period but note that not all variables are available in every year. Variable
definitions and sources are provided in Section B.5

While we abstract from strategic interaction between states in our theoretical framework, these
factors may be important in practice. For instance, policymakers might borrow regulatory models
from nearby jurisdictions because their neighbors are culturally, demographically, or economically
similar to their own. Geographic proximity could also generate economic competition or externalities
between states (Baybeck et al., 2011). Further, states governed by the same political party likely

have similar policy preferences and hence may be quicker to embrace laws that were adopted by
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other Democrat- or Republican-controlled states.?

Policy clustering. To assess whether occupational regulation diffuses across similar states, we
construct four measures of interstate similarity. Geographic similarity captures physical distance
between states. Demographic similarity reflects resemblance in population characteristics including
population size, urbanization, racial and immigrant composition, and income per capita. Political
similarity is based on differences in states’ policy liberalism. Industry similarity measures over-
lap in states’ employment composition across major sectors. Appendix B provides details on the
construction of these measures.

To quantify the extent to which policy adoption clusters among similar states, we follow DellaV-
igna and Kim (2025) and summarize the clustering of early adopters using a version of Geary’s
C-statistic. Let L;s be an indicator for whether occupation ¢ is licensed, certified, or registered in
state s when the total number of states regulating the occupation first reaches 10. Further, define
weights wg, € {0, 1} indicating whether state r is among the one-third of states closest to s based
on the distance metrics defined above. Then, the clustering statistic for occupation i is defined as

48
O, — 1 _ 16 Zom Dty Worllis = Lir)® (11)
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This measure compares the average of proximity-weighted policy differences across states with the
corresponding unweighted average. If policy enactments display no clustering, the weighted and
unweighted averages are equal, and C; = 0. If instead similar states tend to adopt (or not adopt)
the same laws, the weighted average will be small relative to the unweighted average, and C; > 0.
Conversely, C; < 0 implies that policies initially diffuse across dissimilar states.

Figure 9 plots the distribution of C; over time based on the four distance metrics. Panels A and
B show that early adopters of occupational regulation tend to be highly clustered geographically
and with respect to their demographic characteristics. For most of our sample, the average policy
displays levels of geographic and demographic clustering at or above the 75th percentile of what
we would expect if policies were enacted randomly. In Panel C, we find evidence that regulation
historically diffused along ideological lines as well, though all three relationships appear to have
weakened somewhat in the last 30 years. Finally, Panel D shows a weaker relationship, on average,
between policy diffusion and variation in state industry composition, indicating that policy clustering

does not simply reflect which states have more service-oriented economies.

Diffusion speed. The policy diffusion process itself may also have changed over time as com-
munication technologies improved and states became more interconnected. Figure 10 shows how
quickly occupational regulation diffused across states for policies originating in different time peri-

ods. The figure plots the average number of states regulating an occupation 7 years after the first

2The ideological position of previous adopters can also serve as an informational shortcut, enabling decision-makers
to “minimize the uncertainty about how issues fit in the liberal-conservative policy space” (Grossback et al., 2004).
That is, a policymaker might infer latent support from the observed decisions of other states.
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Figure 9: State Characteristics and Correlated Policy Diffusion
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Notes: This figure shows the distribution of Geary’s C-statistic for early policy enactments, using alternative distance
metrics. Each point represents a distinct occupation that was licensed, certified, or registered in at least 10 states.
Values of C greater than zero indicate that the first 10 states to enact a policy were clustered geographically or were
similar with respect to their demographic characteristics, legislative ideology, or industry composition. To measure
the ideology of state legislators, we use the state policy liberalism index constructed by Caughey and Warshaw
(2014), which captures the enactment of legislation generally associated with the political left. Solid lines depict a
local polynomial trend with a bandwidth of 10 years. The darker shaded area represents the 25th to 75th percentiles
of the C-statistic under the null of random policy adoption, and the lighter shaded region represents the 10th to 90th
percentiles of this distribution.

state adopted the policy, conditional on at least half (left panel) or all (right panel) states ultimately
regulating the occupation. We find that diffusion was substantially faster for occupations regulated
more recently. The left panel, for instance, shows that in the early 20th century, it took about 35
years for the average regulation to spread to 25 states, but only half as long to reach this thresh-
old after 1950. The next section examines the political and economic determinants of regulatory

adoption more formally using a hazard model with time-varying covariates.

6.3 Within-occupation evidence on the timing of regulation

We now present our main findings on the determinants of policy diffusion within individual occu-
pations. Leveraging the full panel structure of our data, we estimate a discrete-time logistic hazard

model of the form
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Figure 10: Average Policy Diffusion Speed by Time Period
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Notes: The figure plots the average number of states regulating an occupation 7 years after the first state adopts a
regulatory policy for occupations whose first adoption occurs during a given period. Regulation refers to any form
of occupational regulation (registration, certification, or licensure). Occupations are grouped into cohorts based on
the period in which the first state adopts a regulation. Diffusion is measured as the cumulative number of states
regulating an occupation relative to the year of first adoption.

In (%) = o5 + ﬁ/Xz‘st + 5T(i) + €ist, (12)
where p(t; X;4) is the conditional probability of policy adoption given a vector of time-varying state
and occupation covariates X;s. Whereas the conditional logistic regressions estimated in Section 5
captured occupation-specific factors that influence the relative probability of regulation across oc-
cupations within states, here we focus on factors that determine the absolute timing of regulation
within state-occupation cells. This specification nets out common occupational characteristics such
as task content, which are absorbed by the fixed effect ;. We parametrize duration dependence in
the baseline hazard of regulation using a second set of fixed effects d(;) which, for each occupation,
capture the elapsed time (in 10-year intervals) since the first policy adoption in any state. Obser-
vations are excluded from the sample once regulation occurs, as they are no longer “at risk” of a
policy change, but they may re-enter the sample if prior regulations are repealed or overturned.
Table 5 displays the marginal effects from the hazard model, which we report in percentage
points. The estimates are interpreted as the change in the annual probability that an occupation
becomes regulated in a state, given a one-unit increase in the independent variable and conditional
on not yet being regulated. We estimate the model separately for 1870-1940, 1941-1979, and
19802020 to allow the determinants of adoption to vary across historical periods characterized by
distinct waves of regulatory activity (see Figure 4). Within each period, odd-numbered columns
report results for the adoption of any regulation—including registration, certification, or licensure—

while even-numbered columns restrict the outcome to licensure only. We begin by discussing the
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Table 5: Event History Estimates of Factors Influencing the Timing of Occupational Regulation
(Licensing, Certification and Registration Laws Enacted 1870-2020)

Enacted 1870-1940 Enacted 1941-1979 Enacted 1980-2020
Regulation Licensure Regulation Licensure Regulation Licensure
100 x Marginal effect of variable (1) (2) (3) (4) (5) (6)
A. State demographic and political characteristics
Log total state population -0.400*** -0.264*** -0.141%* -0.246** -0.061 -0.053
(0.110) (0.094) (0.082) (0.098) (0.087) (0.071)
Urbanization rate (%) -0.018%** -0.013%** 0.002 0.006 0.002 0.002
(0.004) (0.003) (0.004) (0.004) (0.003) (0.003)
Share foreign-born (%) 0.013* 0.010 0.011 -0.009 -0.012%* -0.005
(0.008) (0.007) (0.013) (0.013) (0.006) (0.006)
Unionized (%) -0.028%** -0.023%**
(0.006) (0.005)
Unified Democratic government -0.060 -0.034 -0.010 -0.048 0.176%** 0.152%%*
(0.191) (0.188) (0.082) (0.087) (0.048) (0.041)
Unified Republican government 0.274** 0.200 0.100 0.015 -0.271%%% -0.290%**
(0.129) (0.124) (0.091) (0.098) (0.062) (0.060)
Women’s suffrage 0.103 0.117
(0.190) (0.161)
Progressive legislation index 0.142%* 0.029
(0.067) (0.061)
State policy liberalism 0.046 0.069 0.127%%* 0.080**
(0.072) (0.073) (0.040) (0.040)
B. Occupational characteristics
Log occupational employment 0.657*** 0.526*** 0.109 0.167** 0.130%* 0.068
(0.099) (0.080) (0.068) (0.078) (0.074) (0.055)
Neighboring states regulating (%) 2.760%*** 2.241%%* 2.252%%* 2.293*** 1.548%** 1.319%**
(0.240) (0.202) (0.244) (0.262) (0.235) (0.236)
Log average hourly earnings 0.076 0.096
(0.124) (0.126)
C. State dependence: Lagged regulation variables
Local registration/license -0.595 -0.673* 0.092 -0.033 0.273 0.355
(0.384) (0.352) (0.352) (0.334) (0.319) (0.290)
State registration 2.011%** 0.712%* 0.290
(0.358) (0.331) (0.217)
State certification 0.936** 0.049 -0.120
(0.445) (0.283) (0.215)
Total sample observations 74,601 77,294 127,333 126,968 189,174 190,550
Number of events 1,434 1,180 1,716 1,751 1,975 1,782
Number of occupations 78 74 152 144 180 175
Unconditional prob. of regulation (%) 1.92 1.53 1.35 1.38 1.04 0.94

Notes: This table reports the results of a discrete-time hazard model estimating the impact of various political and economic characteristics
on the probability of adopting an occupational regulation or licensing law. Covariate availability varies across historical periods; variables are
included only when data are available for the corresponding years. Each pair of columns is obtained from a separate logistic hazard regres-
sion that absorbs occupation and duration-bin fixed effects. The specifications include additional controls for territorial governments, southern
states, and whether a legislative session took place in each year. Sample excludes federally regulated occupations and state-occupation cells
with no workers. Standard errors are clustered at the occupation level, and significance levels are indicated by *** 1%, ** 5%, and * 10%.

1870-1940 estimates and then compare results across subsequent periods.

Event history estimates, 1870-1940. During the earliest wave of occupational licensing and
regulation, state demographic and political characteristics, market size, and the broader regulatory
environment are strongly associated with the timing of policy adoption (columns one and two in
Table 5). Figure 8 and Table 4 show that larger states tend to adopt regulation earlier in aggregate;
however, once we control for occupational employment (along with other state-level characteristics),

there is a negative and statistically significant relationship between state population size and the
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timing of policy adoption. Doubling total state population reduces the annual probability of reg-
ulation by approximately 0.40 percentage points, which is a roughly 21% decrease relative to the
1.92% percent unconditional annual adoption rate. This pattern indicates that large states were
early adopters primarily because they tended to have more practitioners in each occupation.

Urbanization is also negatively associated with adoption conditional on other factors in this
period, though the magnitude is economically modest. We also find some evidence that states with
a higher share of foreign-born residents are more likely to adopt some form of occupational regulation
in this period, though the relationship is not statistically significant for licensure alone. This finding
may reflect concerns among incumbent practitioners about increased labor market competition from
foreign-born workers during the Age of Mass Migration, a mechanism we examine more directly in
Section 7. Political characteristics are also important in this period. Unified Republican control
increases the annual probability of adopting any regulation by 0.27 percentage points (a 14% increase
relative to the baseline hazard). Likewise, a one unit the progressive legislation index (approximately
1/3 of a standard deviation) raises the probability of adoption by 0.14 percentage points (around 7%
relative to baseline).?* These political variables are statistically significant for the adoption of any
regulation but not for licensure alone, indicating that political conditions were more predictive of
whether states established some form of occupational oversight than whether they imposed licensure
specifically.

Both occupational employment and geographic diffusion are strongly positively associated with
policy adoption. The estimates imply that doubling occupational employment increases the annual
probability of regulation by 0.66 percentage points, or roughly 34 percent relative to the baseline
probability.?> When all neighboring states regulate an occupation, the annual probability of regula-
tory adoption increases by 2.76 percentage points, more than doubling the baseline hazard. Further,
we observe strong evidence of state dependence in regulatory adoption. Prior state registration in-
creases the annual probability of licensing by approximately 2.01 percentage points, and prior state
certification raises it by roughly 0.94 percentage points. These effects are economically large relative
to the baseline hazard and suggest that once a state establishes occupational oversight, the marginal
cost of adopting more stringent regulation declines. This result is also consistent with our finding

in Section 4 that many certification and registration policies are ultimately replaced by licensing.

Event history estimates, 1941-1979. Columns three and four in Table 5 report the marginal
effects from our hazard model for the 1941-1979 period. Several patterns from the early period
persist, though the magnitudes of the relationships are attenuated. As before, state population size
is negatively associated with the adoption of both any regulation and licensure alone. In contrast to

the earlier period, urbanization and foreign-born population share are no longer significantly related

2The progressive legislation index, from Fishback and Kantor (1998), counts the number of major Progressive Era
laws adopted by a state by year t. See Appendix B for more details.

ZFor this period, we construct detailed occupation-level employment measures using write-in job titles from full-count
Census microdata (Ruggles et al., 2024b). Unlike harmonized occupation codes, which aggregate workers into broad
categories (Ruggles et al., 2024a), these microdata allow us to recover employment counts directly from individuals’
reported job descriptions, allowing us to more precisely align regulation and occupation-level employment.
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to policy adoption. Likewise, political characteristics are no longer systematically associated with
the timing of adoption in this period.

Occupational employment remains positively associated with the timing of adoption, but the
magnitude is substantially smaller than before and is now statistically significant only for licensure.
These results should be interpreted with some caution because occupational employment is mea-
sured with less precision in the post-1940 data. After 1940, employment measures are constructed
from Census sample extracts rather than full population counts. Census occupational categories are
also generally broader than the regulated occupations in our sample, so we use a variety of datasets
to estimate employment in categories consistent with our policy data. As a result, these estimates
likely contain some measurement error.2® Geographic diffusion, on the other hand, continues to
play a central role. The share of neighboring states that regulate an occupation remains strongly
and positively associated with adoption for both dependent variables. Finally, there is more lim-
ited evidence of state dependence than in the earlier period. State registration remains positively
associated with licensing adoption, though the marginal effect is smaller than in 1870—1940, and

other lagged regulation measures are no longer statistically significant.

Event history estimates, 1980-2020. Columns five and six in Table 5 report the marginal
effects for the most recent period. In contrast to the earlier periods, the political environment be-
comes substantially more predictive. Unified Democratic government is positively and statistically
significantly associated with the adoption of both any regulation and licensure, while unified Re-
publican government is negatively associated with both outcomes. Further, on the intensive margin
of legislative ideology, the likelihood of regulation is higher for legislatures identified as more politi-
cally liberal, even after controlling for partisan balance (Caughey and Warshaw, 2014). At the same
time, the percent of workers who are unionized is negatively associated with the adoption of both
any regulation and licensure, and the share of foreign-born residents is negatively associated with
any regulation (though not licensure alone). The magnitudes of the unionization and foreign-born
effects are small relative to the partisan and diffusion effects.

Occupational characteristics play a weaker role in regulatory adoption during this more recent
period. Occupational employment remains positively associated with the adoption of any regulation
but is not statistically significant for licensure alone. Geographic diffusion remains an important
correlate of policy adoption. The share of neighboring states regulating an occupation remains
strongly and positively associated with both dependent variables, although the magnitude of this
relationship is attenuated relative to earlier periods. Finally, there is little evidence of state depen-
dence in this period, as lagged regulation measures are no longer statistically significant predictors

of adoption.

268ection B.2 describes how we construct our employment estimates. Our 1941-1979 employment data are derived
from 1% and 5% extracts of the decennial Census. Our 1980-2020 employment data are also derived from 5%
extracts of the decennial Census as well as the American Community Survey, which covers 1% of the population
after 2005. In addition, we use data on job postings with more granular occupation information and counts of job
titles from the Census Classified Index to allocate and harmonize employment across finer occupation categories.
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Table 6: Correlation Between Early Policy Adoption and Total Volume of State Law

Log kilobytes of statutory code Log words in administrative code
First In First In First First In First In First
Adopter 5 Adopters 10 Adopters Adopter 5 Adopters 10 Adopters
(1) (2) (3) (4) (5) (6)
Volume of state law 0.018%** 0.044%%* 0.060*** 0.011%** 0.033%*** 0.045%**
(0.003) (0.008) (0.012) (0.003) (0.007) (0.010)
Observations 35 35 35 45 45 45
R-squared 0.527 0.470 0.429 0.208 0.340 0.315
Dependent variable mean 0.028 0.124 0.236 0.028 0.124 0.236

Notes: This table displays the results of regressing the share of occupations that each state was the first, or among the first
five or 10 states, to regulate on measures of the state’s total volume of statutes and administrative code. Regulation refers to
any form of occupational regulation (registration, certification, or licensure). Kilobytes of statutory law come from Mulligan
and Shleifer (2005). This variable is measured in 2001-2003 and is missing for the following states: CO, GA, KS, KY, LA, MD,
NH, NM, ND, OH, OK, VA, and WI. Total words in state administrative code from 2017 to 2021 are obtained from QuantGov.
Data are missing for AR, NJ, and VT. Robust standard errors are in parentheses and significance levels are indicated by ***
1%, ** 5%, and * 10%.

6.4 Discussion and interpretation

The results in this section reveal several consistent patterns in the emergence and diffusion of
occupational regulation across states. During the late 19th and early 20th centuries, the timing of
regulation appears closely related to market size and the broader institutional changes associated
with Progressive Era reforms. Occupations with larger numbers of practitioners within a state were
regulated earlier, on average, suggesting that the supply of regulation may have been constrained by
fixed administrative costs, as emphasized by Mulligan and Shleifer (2005) and Law and McLaughlin
(2022). As a result, large urban states tended to adopt occupational regulation earlier because
they enabled the relevant market to reach a larger scale, rather than because population size itself
independently increased the likelihood of regulation.

Our results also highlight the role of geography and ideology in shaping the spread of occupa-
tional regulation. Consistent with the large literature on state policy diffusion (e.g., Walker, 1969;
Karch, 2007; Mooney, 2020), our clustering analysis shows that early adoption historically occurred
among geographically proximate and demographically similar states. These relationships, however,
have weakened in recent decades. Occupational licensing, certification, and registration require-
ments also tend to cluster along ideological lines, but unlike other policy domains, the political
polarization of these laws has not become more extreme over time (Caughey et al., 2017; Mallinson,
2021; DellaVigna and Kim, 2025). Geographic proximity remains an important predictor of adop-
tion throughout our sample, suggesting that policymakers frequently rely on policies adopted in
other jurisdictions as templates when adopting new occupational regulations.

The event-history estimates show that the key determinants of regulatory adoption have shifted
over time. Occupational employment plays an important role in explaining the timing of regulatory
adoption before 1940 but becomes much less important in later decades. Political characteristics, on
the other hand, have become more strongly associated with regulatory timing in recent years (even

though this has not led to greater ideological clustering of policies). Prior literature suggests that
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early licensing statutes were often promoted by practitioners and professional associations seeking to
regulate entry into their occupations, whereas in later periods licensing initiatives appear less clearly
driven by the professions themselves. Brinegar (2006), for instance, observes that “State legislatures
show signs of departing from their customary professional licensing approach as new professions
gain state licensure without initiation by a profession or the public” (pg. 457), consistent with
occupation-specific factors becoming less influential.?”

Finally, the results also demonstrate the importance of broader state-level institutional char-
acteristics in shaping the adoption of occupational regulation. States that are early adopters of
occupational regulation tend to regulate a larger number of occupations overall, as shown in Ap-
pendix A.2. Moreover, early adopters have accumulated substantially larger bodies of statutory and
administrative law across all domains. Table 6 shows a strong positive correlation between early
adoption of occupational regulation and the total volume of law in a state. For example, a one stan-
dard deviation increase in statutory law is associated with roughly a six percentage point increase in
a state’s share of “first 10” adoptions of occupational regulations. Further, this relationship is highly
predictive, with R? values ranging from 0.4 to 0.5, suggesting that variation in licensing, certifica-
tion, and registration requirements across states largely reflect persistent differences in regulatory

preferences and legal institutions.

7 Labor market competition and political organization

Lastly, we examine whether labor market competition and political organization influence the tim-
ing of occupational licensing and regulation. We construct an occupation-specific shift share instru-
ment and show that greater exposure to competition from recent immigrants increases the relative
probability of regulation. Using an event study design, we also document a sharp increase in the

probability of policy adoption shortly after the establishment of a state professional association.

7.1 Immigration and labor market competition

We expect that an increase in labor market competition will increase the incentives for incumbent
workers to seek licensing and regulation for their occupation. We test this hypothesis by leverag-
ing historical immigration flows during the Age of Mass Migration to isolate plausibly exogenous
variation in native-born workers’ exposure to competition across states and occupations.

Assessing the relationship between immigration and regulation is natural over this time period
for three reasons. First, the late 19th and early 20th centuries were marked by large inflows of
foreign-born workers, and there is evidence that other labor market institutions such as unions
developed, at least in part, to shield native workers from increased competition (Medici, 2024).

Second, our model implies that regulation is most effective at raising the wages of incumbents

2"In addition, the licensing of several occupations after 1980—including commercial drivers, nursing assistants, real
estate appraisers, and mortgage loan originators—were essentially mandated by the federal government. Increas-
ing federal involvement in state-administered licensing might be another reason why the relationship between
occupation-specific factors and regulation has become less pronounced over time.
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when licensing costs are heterogeneous, and obtaining a license may be especially costly for immi-
grants due to language barriers or differences in educational credentials (Federman et al., 2006).
Finally, many licensing statutes enacted in the early twentieth century included U.S. citizenship
and English-language requirements for practitioners, suggesting that these laws may have targeted
immigrants explicitly. Cross (1998), for example, notes that “Requiring U.S. citizenship was impor-
tant in protecting the fledgling American profession from overwhelming competition from its British
counterpart. Citizenship and state residency played a part in the political process that preceded
passage of [Wisconsin’s| 1913 Certified Public Accountant Act.”

As shown in Figure A4, occupations that were eventually licensed differ significantly in their
overall exposure to immigration. Further, immigrants from different origin countries also sort into
different occupations, a fact that we exploit to construct an occupation specific shift-share instru-
ment. Let 5‘@,1575 be the share of all European migrants between the ages of 14 and 65 from origin
country j living in state s, lagged five years.?® This term captures the well-documented fact that
new immigrants tend to settle in locations where previous migrants from the same origin country
have already established themselves (Card, 2001). We modify the standard immigration shift-share
with an additional term that captures variation in ethnic-occupational composition, which reflects
factors such as differences in skill background (Locke, 2024). Let ‘y{ sit—5 e the share of all migrants
from country j who are employed in occupation i in all states except s, lagged five years. We use
a leave-out measure of occupational employment to purge the instrument of state-specific demand
shocks that might be correlated with both the timing of regulation and the share of immigrants
who choose to enter the occupation in a given state.

Using data on the number of arrivals from country j in the previous five years (Barde et al.,
2006), we construct the following measure of predicted labor market competition:

. 1

) ~J 2J ; J
ist g G yo5 X Y gy 5 X Immigrants;, ;. (13)

This shift-share apportions the total number of new immigrants from each country of origin across
states and occupations according to the geographic distribution and occupational employment of
previous migrants. We normalize these counts by the number of native-born workers in the occu-
pation in state s at time ¢ — 5 and winsorize Zist at the 99th percentile to reduce the influence of
a few extreme outliers. Rather than using a fixed base year to compute the shares, we allow these
to vary over time, as the occupational structure of the U.S. was changing rapidly in the late 19th
and early 20th century. However, we also construct a version of the shift-share using 10 year lags,
which captures labor supply shocks over a somewhat longer horizon.

Both the flows and shares used to construct Z;s are plausibly (conditionally) exogenous in our
setting. Aggregate inflows are likely driven by macroeconomic push and pull factors and changes

in U.S. immigration policy during this period rather than trends in state labor regulation. Second,

28 As with the rest of our event history analysis, we observe stock variables in census years only, which we linearly
interpolate to construct a balanced panel. We observe immigration flows annually.
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Table 7: Event History Estimates of Immigrant Competition and Regulation Timing
(Licensing, Certification and Registration Laws Enacted 1870-1940)

Flows since t-5 Flows since t-10
Regulated Licensed Regulated Licensed
100 x Marginal effect of variable (1) (2) (3) (4)
Predicted competition from new immigrants 10.90** 13.13%** 2.10%* 3.07HK
(4.57) (4.89) (1.26) (1.18)
Log total occupational employment TUTTHHH 8.07*** 8.06*** 8.3k
(1.17) (1.23) (1.18) (1.25)
Neighboring states regulating (%) 16.99%** 16.08%** 17.64%** 17.03%**
(3.63) (3.27) (3.60) (3.17)
Total sample observations 20,418 17,475 19,241 16,476
Number of events 1,367 1,097 1,308 1,042
Number of occupations 78 73 78 73
Demographic and political controls v v v v
Lagged regulation variables v v v v

Notes: This table reports the results of a conditional logistic model estimating the impact of occupational charac-
teristics on the probability of adopting an occupational regulation or licensing law. Marginal effects are computed at
observed values. Sample excludes federally regulated occupations and state-occupation cells with no workers. Standard
errors are clustered at the occupation level, and significance levels are indicated by *** 1%, ** 5%, and * 10%.

state licensing activity covered only a small share of total employment before 1940 and is unlikely
to have influenced the settlement patterns of recent immigrants 072,1&75 directly. However, state
demographic and political characteristics could influence both regulation and immigrants’ location
choices. We condition on these factors throughout our analysis and show that our findings are
robust to including state fixed effects, which uses only variation within rather than between states.
Finally, we require that immigrants’ occupational choices in other states &Z sit—5 do not respond in
anticipation of future policy changes in state s. Because we study the likelihood of a future event,
this assumption is arguably more plausible in our setting than if we were to focus on the relationship
between immigration and a contemporaneous outcome (e.g. wage growth).

In Table A5, we report linear first-stage estimates that regress actual changes in the number of
immigrants per native worker on Zist. Notably, the shift share is highly predictive before regulation
is enacted, but less so afterward, suggesting that licensing at least partially insulated native workers
from immigrant competition. Because our main analysis in this section focuses on the relative
likelihood of regulation rather than absolute timing (as in Section 6.3), we estimate a conditional
logistic model rather than a hazard specification. However, we continue to drop state-occupation
cells that are not at risk of a policy change from the sample. We condition on occupation-by-year
cells, which fully accounts for differences in the baseline hazard of regulation across occupations
and implies that our estimates are identified from differences in each occupation’s exposure to
immigration in different states and years. We include, but do not report, state demographic and
political variables, including log population and the aggregate foreign-born share of states.

Table 7 reports reduced-form estimates from our logistic hazard model, including predicted la-
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bor market competition as an additional explanatory variable. We find that an increase in labor
market competition raises the likelihood of regulation relative to other markets with less competitive
pressure and holding the overall size of the occupation fixed. The size of this effect is economically
significant: the marginal effect reported in column one implies that one additional predicted immi-
grant per native worker over a five-year window increases the conditional probability of regulation
by 11%. This effect is slightly larger when restricting the sample to licensing policies, which present
greater barriers to entry than certification or registration laws, suggesting that exposure to immigra-
tion also resulted in more stringent regulation. Results are qualitatively similar in columns (3)—(4)
when considering inflows over a slightly longer time horizon. Table A6 shows that our results are

little changed when including state fixed effects in this specification.

7.2 Professional associations and political influence

Another implication of our theoretical framework is that the policy preferences of organized interest
groups are effectively over-weighted relative to the preferences of the average voter. As noted above,
many professional associations historically supported licensing requirements and actively lobbied
state policymakers for their introduction. Three years after its founding in 1903, for instance, the

Maryland State Association of Graduate Nurses wrote that

State Registration has been the principal feature of the preliminary work at least of
all the Associations, and this has been successfully carried through by twelve of the
twenty-one Societies. Those Societies not as yet successful are nothing daunted and
declare their intention of continuing their efforts until bills meeting their requirements
are finally passed. — Carr (1906, pg. 22)

Here, we quantify the relationship between local political organization and the enactment of occu-
pational regulation, using data on the year professional associations representing nine occupations
were initially organized in each state. We have information on associations representing accoun-
tants, architects, civil engineers, dentists, lawyers, pharmacists, physicians, professional nurses, and
realtors. Because certification or registration statutes were often enacted before licensing for several
of these occupations, we treat any method of regulation administered by a state agency as the
outcome of interest in this section.

We first examine whether the timing of initial regulation “bunches” after the establishment of
professional associations. To do this, we simply count number of laws enacted 7 years before or
after the relevant state and national associations were founded. We then fit a locally-weighted
regression to this frequency distribution, allowing for a discontinuity at zero. The left panel of
Figure 11 shows a clear spike in the number of laws enacted immediately after state associations
were founded, while there is no trend in the decades before. In contrast, the right panel shows little
change in the probability of regulation around the formation of national associations. Instead, we
observe a gradual increase in the number of laws around the timing of these events. Although this
implies that state regulatory activity started to pick up as the occupations professionalized more

broadly, national associations had little direct effect on the timing of state statutes.
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Figure 11: Timing of Initial Regulation Relative to State and National Professional

Association Organization
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Notes: This figure plots the number of state licensing, certification, and registration laws passed relative to the year in
which state and national professional associations were established. Blue lines show fitted locally weighted regression
estimates with two year bandwidths, allowing for a discontinuity at zero. We observe data on state-level professional
associations for 9 occupations (a total of 411 associations) and data on national-level associations for 61 occupations.

Moving beyond the raw data, we estimate the effect of establishing an association on the cu-
mulative probability of state regulation using the following difference-in-differences event study

specification:

20
Regulated;ss = ;s + Z B X Prof Association
7=—10

{ t) + v Xist + it + €ist (14)

-
1S

Here, Regulated;s; is an indicator, equal to one if occupation ¢ is licensed, certified, or registered

()

in state s in calendar year ¢t. The indicators ProfAssociation,,, denote years in event time 7
relative to the establishment of a professional association in occupation ¢ and state s (with endpoints
binned and normalizing S_1 = 0). The event study coefficients 3, measure the cumulative effect
in percentage points on the probability of a regulation being in force 7 years before or after an
association is organized. We include occupation-by-state fixed effects ays, occupation-by-year fixed
effects d;¢, and a vector of controls X, in the specification. The latter includes other correlates of
regulation identified in Section 6.3. Although most of these variables evolve smoothly over time,
it is possible that factors such as the size of the occupation jointly influence the timing of initial
regulation and association organization, which is why we include them as controls.

Figure 12 plots our event study estimates. Like our “bunching” design these reveal a striking
increase in the probability regulation immediately following the organization of a state association.
We find that within five years, an occupation is approximately 20 percentage points more likely

to be regulated in states with an association than in those without one. Beyond this, the contour
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Figure 12: Event Study Estimates of the Relationship Between Professional
Association Organization and Enactment of Initial Regulation
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Notes: This figure plots event study estimates of the relationship between the organization of state professional
associations and the enactment of initial licensing, certification, or registration legislation. We observe data on state-
level professional associations for 9 occupations (a total of 411 associations, excluding those where we could not
determine the timing of organization). The regression controls for the log of occupational employment, log state
population, state urbanization rate, and a set of indicators for partisan control of the legislature and governorship.
All coefficients are normalized relative to the year prior to professional association organization. Dashed lines denote
95% confidence interval estimates based on standard errors clustered by state-occupation cell.

of the estimates flattens out, which suggests that the associations we study were most effective at
influencing legislation within the first few years after their establishment. Importantly, we find no
evidence that the probability of regulation was trending differently across states just before the
formation of professional associations—even after controlling for other determinants of regulation—
which supports a causal interpretation of our estimates.

Finally, we plot trends separately for each of the nine occupations in our data in Figure A5. For
at least six of the nine, we observe a clear increase in regulation just after a state association was
organized, consistent with our main estimates that average these effects. Professional associations
appear to have had the largest effect on the timing of initial regulation for accountants, registered
nurses, and pharmacists, with somewhat smaller positive effects for architects, dentists, and real
estate brokers. By contrast, we find no relationship between regulation and the formation of civil
engineering associations. Unlike most other associations we study, the American Society of Civil
Engineers initially opposed licensing and actively worked to defeat proposed legislation in several

states, which may explain this null effect (Spinden, 2015).
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7.3 Discussion and interpretation

The results in this section provide evidence that both labor market competition and political or-
ganization influenced the timing of occupational licensing and regulation, reflecting the private
incentives emphasized in our theoretical framework.

Our shift-share estimates show that occupations facing greater competitive pressure from immi-
gration were more likely to become regulated, holding market size fixed. This finding aligns with
Proposition 5 of our model, which predicts that incumbent practitioners have stronger incentives
to seek licensing when licensing costs are heterogeneous across workers. During the Age of Mass
Migration, foreign-born workers likely faced higher effective costs of obtaining a license owing to
language barriers, differences in educational credentials, and, in many cases, explicit citizenship and
residency requirements included in statutes. Our event study estimates complement this finding
by showing that professional associations substantially increased the probability of regulation in
the years immediately following their establishment. This finding supports the model’s prediction
that organized interest groups will have a disproportionate influence on regulatory outcomes, as
the formation of a professional association effectively lowers the cost of communicating incumbents’

preferences to policymakers (Hall and Deardorff, 2006).

8 Conclusion

The potential conflict between public and private interests is central to the political economy of
occupational licensing, as well as government regulation more broadly. In 1952, for example, a
widely cited study of occupational licensing by the Council of State Governments opened with the

following (possibly apocryphal) anecdote:

Not long ago the Governor of a midwestern state was approached by representatives
of a particular trade anxious to enlist the Governor’s support in securing passage of
legislation to license their trade.

“Governor,” the men said, “passage of this licensing act will ensure that only qualified
people will practice this occupation; it will eliminate charlatans, incompetents or frauds;
and it will thereby protect the safety and welfare of the people of this state.”

The Governor, from long experience, was somewhat skeptical. “Gentlemen,” he asked,
“are you concerned with advancing the health, safety and welfare of the people under
the police powers of this state, or are you primarily interested in creating a monopoly
situation to eliminate competition and raise prices?”

The spokesman for the occupational group smiled and said, “Governor, we’re interested
in a little of each.” — Council of State Governments (1952, pg. 1)

By modeling occupational licensing as an endogenous policy choice, the theoretical framework
we develop in this paper shows that the “little of each” characterization described in this story is
appropriate. On the one hand, incumbent workers have an incentive to support policies that increase

entry costs and limit their competition. On the other hand, incumbents also benefit from policies
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that raise consumer willingness-to-pay and demand for their services, whether or not policymakers
directly respond to health and safety concerns. This implies that socially beneficial policies will be
more extensively adopted than socially costly ones, but at the same time, regulation may be too
stringent on the margin if political influence matters and organized associations prefer a level of
regulation that exceeds the social optimum. This can help rationalize why licensing has become the
default policy instrument for regulating occupations when less restrictive alternatives are available
and why this form of regulation has spread to such a broad swath of the labor market.

Consistent with the predictions of the model, we show that potential risk to consumers, la-
bor market competition, political organization, and broader institutional factors all influenced the
adoption and diffusion of occupational licensing rather than operating as independent or competing

explanations. We summarize our main empirical results as follows:

1. Occupations whose tasks plausibly pose greater risks to consumers or the public are more
likely to be licensed in all states and were regulated earlier than occupations with less serious
consequence of error, less complex tasks, and less direct consumer interaction. However,
licensing requirements have also diffused to activities with a weaker consumer protection

rationale for regulation over time.

2. Regulatory choices are highly correlated within states. New regulations are more likely to
originate in—or were adopted earlier—in larger, urbanized states with larger volume of reg-
ulation across all legal domains. These patterns suggest that market size and institutional
capacity lower the fixed costs of establishing and enforcing new regulatory regimes and that

certain states are more favorable toward regulation in general.

3. The determinants of occupational licensing and regulation shift over time. Among occupations
regulated before 1940, market size—as measured by occupational employment—is strongly
associated with earlier regulatory adoption. In later decades, however, state-level political
factors, such as partisan control of government and legislative ideology, become more strongly

associated with adoption. Geographic diffusion remains a strong force throughout our sample.

4. Within occupations, greater exposure to labor market competition from immigrants increases
the likelihood of occupational licensing and regulation. Using an occupation-specific immigra-
tion shift-share instrument, we show that competitive pressure is associated with higher rates
of regulatory adoption, consistent with models in which incumbent workers demand regulation

in response to competition.

5. Occupation regulation becomes substantially more likely following the formation of state pro-
fessional associations, indicating that local political organizations play an important role in

the adoption of regulatory requirements.

By documenting these patterns across hundreds of occupations and more than a century of reg-

ulatory history, our findings offer new evidence on how lawmakers selected which occupations to
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regulate and when they chose to enact these requirements. More broadly, this paper provides a

framework for understanding how regulatory institutions emerge and expand over time.
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A Additional results and robustness checks

A.1 Occupational task content and regulation

This section presents additional results and robustness checks related to our analysis of task content

and the diffusion of occupational licensing and regulation.

Survey-based measures. We first show that our results are robust to an alternative definition
of occupational licensing—self-reported attainment of a government-issued credential. We measure
license attainment at the individual level using data from the 2015 to 2019 Current Population Sur-
vey (CPS). Following Kleiner and Soltas (2023), we define occupational licenses using the “profcert”
and “statecert” variables. The “profcert” variable indicates an affirmative response to the following
question: “Do you have a currently active professional certification or state or industry license?” The
“statecert” variable indicates an affirmative response to the follow-up question: “Were any of your
certifications or licenses issued by the federal, state, or local government?” Workers are considered

licensed if they answer yes to both of these questions.

Figure A1l: Criticality of Position and License Attainment (CPS 2015-2019)
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Notes: This figure plots the share of workers who report holding an occupational license in the CPS against our
criticality of position index. Marker sizes are proportional to total employment.

Pooling across all years of data, we first compute the share of licensed workers nationally in each
of the 483 occupation categories used by the CPS. Our sample is limited to employed civilian adults,
excluding unpaid family workers and individuals whose occupation or licensing status is imputed.
Because the CPS uses a less detailed occupational classification than O*NET, we aggregate our

predicted occupational attributes to CPS codes using national employment estimates for six-digit
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Table A1l: Occupational Attributes and License Attainment

Dependent Variable: Share of Licensed Workers

(1) (2) 3) (4) ©)

Criticality of position 13.010%** 6.000%**  3.138**
(0.989) (1.035)  (1.239)
Task complexity T.T20%** 4.656%**  6.647FFF
(1.012) (0.696)  (1.314)
Interpersonal interaction 12.641%*%*  8.933%¥* 5 5Q¥k*
(1.023)  (1.069)  (1.423)
Observations 483 483 483 483 483
R-squared 0.346 0.131 0.329 0.471 0.646
Major group FE v

Notes: This table reports the results of regressing self-reported licensing rates on mea-
sures summarizing occupational task content. Each observation is a CPS occupation cat-
egory. Here, we use predicted attributes based on O*NET task descriptions, which we
aggregate to CPS occupation codes using national employment share weights from the
2015 OEWS survey. Occupation group fixed effects are defined at the 2-digit level of ag-
gregation. Significance levels based on robust standard errors are indicated by *** 1%;
** 5%; and * 10%.

occupations from the Occupational Employment and Wage Statistics (OEWS) survey. That is,
attributes for CPS occupations are employment-weighted averages over their SOC components.

Figure Al plots the relationship between our “criticality of position” index and licensing rates
across CPS occupations. As was the case with our policy-based measures, we find that licensing
is more prevalent among occupations that rank highly on this attribute. Importantly, this is true
even after accounting for the fact that—unlike our policy measures—actual licensing rates in the
CPS generally fall somewhere between zero and one. Column one of Table A1 reports the regression
corresponding to the solid blue line in the figure. We find that each standard deviation increase
in criticality is associated with a 13% increase in the share of licensed workers in an occupation.
Columns two and three show that licensing also becomes more common with increases in interper-
sonal interaction and task complexity.

In column four, we include all three attributes in the same regression and find that they remain
individually and jointly statistically significant. As with our main results, this suggests that each
index captures a separate margin of variation that predicts the prevalence of licensing. Notably,
the R? of this regression is 0.47, which implies that these three measures alone explain nearly half
of the cross-sectional variation in license attainment across occupations in the CPS. Moreover, the
magnitude of the estimates in columns four and five are generally similar to those reported in Table
1, confirming that our main results are largely unaffected by the choices we make when assigning
policies to statistical occupation codes, or by measurement error resulting from policies that we
do not observe in our data, most of which apply to extremely narrow job categories (e.g. eyelash
technician; landfill operator; well pump installer) that employ very few workers are not directly
identifiable in U.S. labor market data.
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Table A2: Occupational Attributes and Consumer WTP for Licensing

Dependent Variable: Estimated WTP Effect of Licensing

(1) (2) (3) (4) (5)
Criticality of position 8.639%** 4.651%%* 2.228%
(0.762) (1.016) (1.342)
Task complexity 3.122%** 0.777 4.398%**
(0.869) (0.781) (1.380)
Interpersonal interaction 9.163***  6.518*** 3.232%*
(0.778)  (0.969) (1.473)
Observations 483 483 483 483 483
R-squared 0.206 0.029 0.234 0.284 0.446
Major group FE v

Notes: This table reports the results of regressing occupation-specific willingness-to-pay for
licensing from Kleiner and Soltas (2023) on occupational task attributes. Each observation
is a CPS occupation category. Here, we use predicted attributes based on O*NET task de-
scriptions, which we aggregate to CPS occupations using national employment share weights
from the 2015 OEWS survey. Occupation group fixed effects are defined at the 2-digit level
of aggregation. Significance levels based on robust standard errors are indicated by *** 1%;
** 5%; and * 10%.

Consumer willingness-to-pay. Throughout our analysis, we use numerical attributes derived
from occupational task descriptions to proxy for the potential benefits of occupational regulation.
In our model, this channel operates through consumer willingness-to-pay for regulation, 7;(2;).
Therefore, it is reassuring that our criticality, complexity, and interpersonal interaction indices are
highly correlated with external estimates of consumer WTP for licensing taken from Kleiner and
Soltas (2023). In Table A2 we present the results of regressing WTP estimates—expressed as a
percent of occupational surplus—on our task attributes. Following Kleiner and Soltas (2023), oc-
cupational surplus denotes the total equilibrium welfare generated in an occupation’s labor market,
including both worker and consumer welfare. The first column shows that a one standard deviation
increase in an occupation’s criticality score increases consumer WTP for licensing by about 9%.
While criticality and interpersonal interaction matter more than complexity when comparing across

all occupations, within major occupation groups all three attributes raise WTP.

Robustness. Table A3 presents three additional robustness checks on our cross-sectional re-
sults. Columns one and two exclude healthcare occupations from the regression sample (SOC groups
29 and 31). Estimates are generally similar to those reported in Table 1, confirming that our re-
sults are not driven by the over-representation of healthcare practitioners and support personnel
among licensed occupations, but hold more generally. Second, our main results do not weight
state-occupation cells by their size, as policies that cover more workers are not necessarily more
informative for understanding regulators’ choices in our setting. It is reassuring, however, that our
conclusions are not especially sensitive to this choice. Columns three and four weight cells by their
total employment as of 2019. The most significant difference compared with our preferred estimates

is that within major occupation groups, criticality matters more, and interpersonal interaction less,
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Table A3: Robustness: Occupational Attributes and Probability of Regulation

Regulated in 2020 with O*NET 2017 Task Measures

(1) (2) (3) (4) (5) (6)
Criticality of position 0.056%** 0.057%** 0.091** 0.107** 0.043** 0.059**
(0.016)  (0.020)  (0.044)  (0.043)  (0.020)  (0.023)
Task complexity 0.059*%**  0.029 0.063* -0.001 0.089***  0.038*
(0.013)  (0.023)  (0.036)  (0.037)  (0.017)  (0.022)
Interpersonal interaction 0.052%** 0.074%** 0.117%%* 0.012 0.097%** 0.102%**
(0.017)  (0.026)  (0.041)  (0.048)  (0.016)  (0.024)
Co-workers health /safety 0.038** -0.007
(0.016)  (0.020)
Total observations 33,312 33,312 34,582 34,582 36,960 36,960
Occupations 694 694 770 770 770 770
R-squared 0.100 0.248 0.225 0.442 0.225 0.351
State FE v v v v v v
Major group FE v v v
Specification Exc. Healthcare Coverage-weighted Main

Notes: This table reports the results of regressing an indicator for whether a state-occupation cell is subject
to any occupational regulation on our predicted occupational attributes. Major group fixed effects are de-
fined at the level of 2-digit occupations. Significance levels based on standard errors clustered by state and
occupation are indicated by *** 1%:; ** 5%: and * 10%.

when placing more weight on larger occupations and states.

Finally, another potential rationale for licensing could be the welfare of workers themselves. In
the early 1900s, for instance, several states adopted licensing requirements for bituminous coal mine
foremen and examiners, with worker safety as the stated justification (Fishback, 1992). Columns
five and six include an additional attribute constructed from an O*NET question that measures
workers’ responsibility for the health and safety of their coworkers. While highly correlated with our
criticality index, column five shows that both are associated with a higher likelihood of licensing.
However, column six suggests that this primarily reflects differences across major occupation groups.
Within similar groups of occupations, criticality has a point estimate close to our main results, while
the coefficient on co-worker’s health and safety falls to zero. Thus, while we do not rule out worker
safety as another factor that may be related to licensing, it appears secondary to consumer welfare,

the standard justification provided for the licensing of most occupations.

A.2 Innovation and diffusion

In the main text, we focus on the average timing of policy adoption across states, identifying
jurisdictions that are consistently early adopters of occupational regulation. Figure A2 shows that
early adopters also accumulate a larger stock of regulation, as measured by the total number of
occupations in our data that they regulate as of 2020.

Consistent with our analysis of task content, Figure A3 shows that as the number of regulated
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Figure A2: Early Policy Adopters Accumulate More Regulation
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Notes: This figure displays the relationship between the total number of occupations in our sample that each state
licenses, certifies, or registers in 2020 against the fraction of policies enacted since 1870 for which they were one of
the first 10 early adopters.

Figure A3: Average of Occupational Attributes by Number of Regulated Occupations
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Notes: This figure plots an unweighted average of occupational attributes by state (y-axis) against the total number
of six-digit occupations regulated by each state as of 2020 (x-axis).

six-digit occupations in a state increases, the average criticality, complexity, and interpersonal inter-

action scores of those occupations declines. That is, the marginal occupation regulated by states like

Connecticut, which regulates many occupations, appears to have a weaker public interest rationale

than the marginal occupation regulated by states like Colorado, which regulates few. Together with

the finding we report in the main text that occupational regulation is correlated with a state’s total

volume of legal text, this suggests that some states have institutional environments that are more
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Table A4: Robustness of Clustering Statistics to Alternative Definitions

Initial Regulation Initial Licensure

In First In First In First In First In First In First
A. Geographic proximity 5 Adopters 10 Adopters 16 Adopters 5 Adopter 10 Adopters 16 Adopters
1870-1949 0.05 0.05 0.07 0.05 0.04 0.05
1950-1989 0.07 0.05 0.05 0.06 0.05 0.05
1990-2020 0.04 0.03 0.04 0.04 0.04 0.03
B. Demographic similarity
1870-1949 0.11 0.08 0.07 0.13 0.09 0.06
1950-1989 0.08 0.05 0.06 0.08 0.06 0.05
1990-2020 0.03 0.03 0.03 0.04 0.03 0.02
C. Industry composition
1870-1949 0.05 0.03 0.02 0.06 0.04 0.03
1950-1989 0.00 0.01 0.03 0.02 0.02 0.03
1990-2020 -0.01 0.02 0.01 -0.00 0.04 0.02
D. State policy liberalism
1870-1949 0.07 0.08 0.08 0.09 0.10 0.07
1950-1989 0.06 0.03 0.04 0.05 0.04 0.04
1990-2020 0.02 0.03 0.02 0.01 0.05 0.02
E. Republican presidential vote share
1870-1949 0.02 0.01 0.00 0.01 0.00 0.01
1950-1989 0.02 -0.01 0.02 0.02 -0.01 0.01
1990-2020 -0.00 -0.01 -0.01 0.00 -0.01 -0.01
Null 25th/75th percentile [-0.03, 0.03] [-0.02, 0.02] [-0.02, 0.02] [-0.03, 0.03] [-0.02,0.02] [-0.02,0.02|

Notes: This table shows the average of Geary’s C-statistic for early policy enactments using alternative distance metrics
and adoption thresholds. Values of C' greater than zero indicate that the first n states to enact a policy were clustered
geographically, or were similar with respect to their demographic characteristics, legislative ideology, or industry com-
position. To measure the ideology of state legislators, we use the state policy liberalism index constructed by Caughey
and Warshaw (2014), which captures the enactment of legislation generally associated with the political left. The 25th
to 75th percentiles of the C-statistic under the null of random policy adoption are reported at the bottom of the table.

favorable to regulation in general. It also suggests that the marginal regulations adopted by these

states may be less socially beneficial than inframarginal policies that are common to all states.

Robustness. In our main analysis, we rank states according to the order in which they initially
regulated each occupation. Results on the characteristics of early adopters are qualitatively similar
if we restrict our attention to licensing policies or if we limit the sample to a consistent set of
occupations that were eventually regulated by 10 or more states. For brevity, we omit these versions
of our exhibits. Table A4 reports robustness exercises for our policy clustering analysis using
different regulatory definitions and adoption thresholds. Like our main results, the results for these
exercises show that early adopters of licensing or regulation are highly clustered geographically,
demographically, and politically, though by most measures, policy clustering has declined over time.
In Panel E, we report an alternative measure of state ideology — the vote share for the Republican
candidate in the most recent presidential election (DellaVigna and Kim, 2025). We find less evidence

of policy clustering along this dimension than our measure of state policy liberalism, which we think
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Figure A4: Foreign-Born Employment Share by Country of Origin in Selected
Licensed Occupations (Complete Count Census, 1900)
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Notes: This figure uses data from the 1900 complete-count Census. It plots the share of foreign-born workers by
county of origin for a subset occupations that were licensed or regulated in at least one state by 1940.

better captures the revealed preferences of state policymakers.

A.3 Immigration and competition

In the main text, we construct an occupation-specific shift-share instrument to identify exogenous
changes in labor market competition between native workers and recent immigrants.

Figure A4 illustrates the intuition for our approach using data from the 1900 complete-count
Census. It shows, first, that exposure to immigration varies considerably across the occupations
we consider. While only midwives were a majority foreign-born occupation in 1900, immigrants
made up a non-trivial share of employment in many occupations that were ultimately licensed or
regulated during the early 20th century. Second, immigrants from different origin countries selected
into different occupations. For example, the vast majority of foreign-born barbers in 1900 were
Italian or German, while nearly half of foreign-born massage practitioners were from Scandinavia
and most foreign-born accountants were British.

We leverage variation in the share of foreign-born workers by occupation, their countries of
origin, and the settlement patterns of these groups to construct a measure of predicted labor market
competition. Table A5 confirms the relevance of our instrument. Here, we estimate a series of linear

regressions of observed changes in the number of immigrants per native worker in a state-occupation
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Table A5: First Stage Estimates for Immigrant Labor Market Competition (1870-1940)

Immigration flows since t-5 Immigration flows since t-10

Panel A: Estimates prior to regulation (1) (2) (3) (4) (5) (6)
Predicted competition from new immigrants 0.374%#%  (0.249%**F (. 253%** 0.484%F*  (0.361%FF  (0.364%**

(0.072) (0.064) (0.065) (0.082) (0.070) (0.072)
Total sample observations 173,133 173,133 173,133 158,625 158,625 158,625
F-statistic 26.75 28.63 29.17 35.04 37.01 31.38
Panel B: Estimates after regulation
Predicted competition from new immigrants 0.133***  0.095%**  (.089*** 0.263%F*  (.212%FF  (.208***

(0.036) (0.034) (0.032) (0.061) (0.047) (0.046)
Total sample observations 35,601 35,601 35,601 35,075 35,075 35,075
F-statistic 14.08 9.35 9.20 18.74 16.66 15.24
Occupation x year FE v v v v v v
Demographic and political controls v v v v
State FE v v

Notes: This table reports first-stage estimates for our measure of immigrant labor market competition. The dependent variable
is the change in the number of immigrants in a state-occupation cell since ¢ — 5 or ¢ — 10, normalized by the lagged number of
native workers in the state-occupation cell. The independent variable is our shift-share instrument, which is the predicted change
in immigrants per native worker. Sample excludes federally regulated occupations and state occupations with no worker. Addi-
tionally, we exclude state-occupation cells after they have become regulated, and licensing may affect the entry of immigrants.
Standard errors are clustered at the occupation level, and significance levels are indicated by *** 1%, ** 5%, and * 10%.

cell on predicted immigration flows.

Observed changes in the number of immigrants per native worker in a state-occupation cell
are constructed by linearly interpolating data between census years, as we observe policy changes
annually. Since licensing might affect both total employment and the share of immigrants who
enter an occupation, in Panel A of the table we restrict the sample for our first-stage estimates
to years before regulation was adopted (the same data structure we use in our main analysis).
However, both the linear interpolation and policy changes occurring between time ¢ and ¢ + 10
could weaken the correlation between predicted and actual migration flows. Indeed, Panel B shows
a significantly weaker relationship between predicted and actual flows in years after a regulatory
policy has been enacted, suggesting that licensing was effective at deterring the entry of immigrants.
This measurement issue is less concerning for our predicted competition measure than actual flows,
since we observe flows annually and the share component of the instrument is defined excluding
state s.

Table A6 reports alternative specifications for our analysis of the effect of labor market com-
petition on occupational licensing and regulation. Here, we show untransformed logistic estimates
rather than marginal effects. Columns one and three replicate our preferred specification. In even-
numbered columns, we add state fixed effects to the regression, which control for time-invariant
state characteristics. States like New York, for instance, are consistently more attractive to immi-
grants, while the magnitude, timing, and composition of migration flows varies within state over
time. Columns five to eight use predicted migration flows over the previous decade rather than over

the previous five years. Across specifications, we generally find stronger results for licensing than
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Table A6: Robustness Checks for Event History Estimates of Immigration Competition
(Licensing, Certification, and Registration Laws Enacted 1870-1940)

Immigration flows since t-5 Immigration flows since t-10
Regulated Licensed Regulated Licensed
Occupation characteristics (1) (2) (3) (4) (5) (6) (7) (8)

Predicted competition from new immigrants ~ 0.511** 0.413*  0.655*** 0.652***  0.099  0.059  0.153** 0.154**
(0.223) (0.251) (0.246) (0.253)  (0.063) (0.083) (0.061) (0.062)

Log total occupational employment 0.364*** 0.372%** (0.403%** (0.444***  0.379%** (0.379%** (0.418*** (.457***
(0.073) (0.081) (0.078) (0.088)  (0.078) (0.085) (0.082) (0.090)

Neighboring states regulating (%) 0.797¥% (.834%%% (.803*** 0.810%**  (.830%** 0.885%** (.850%** (.871*+*
(0.157)  (0.186) (0.163) (0.195)  (0.153) (0.186) (0.157) (0.195)

Total sample observations 20,418 20,418 17,475 17475 19,241 19,241 16,476 16,476
Number of events 1,367 1,367 1,097 1,097 1,308 1,308 1,042 1,042
Number of occupations 78 78 73 73 78 78 73 73
Demographic and political controls v v v v v v v v
Lagged regulation variables v v v v v v v v
State fixed effects v v v v

Notes: This table reports the results of a conditional logistic model estimating the impact of occupational characteristics on
the probability of adopting an occupational regulation or licensing law. Here, we show untransformed logistic estimates. Sam-
ple excludes federally regulated occupations and state-occupation cells with no workers. Standard errors are clustered at the
occupation level, and significance levels are indicated by *** 1%, ** 5%, and * 10%.

our broader definition of regulation, which we might expect if certification and registration are less

effective at shielding native workers from labor market competition.

A.4 Professional associations

Figure A5 plots the total number of regulating states relative to the timing of state professional
association organization, separately by occupation. This is analogous to our main event study
specification, which captures the average change in the slope of these lines around zero. For at least
six occupations (architects, accountants, dentists, pharmacists, real estate brokers, and registered
nurses) we see a clear increase in the total number of laws in effect just after zero — implying that
many states passed laws just after professional organizations were organized. This effect is especially
pronounced for nurses and pharmacists, while we see no clear pattern for civil engineers. We also
see less of an effect for physicians and lawyers, though in these cases most associations are quite

old, and in many cases long pre-dated the diffusion of modern occupational licensing legislation.
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Figure A5: Number of Regulating States Relative to Time of State Professional
Association Organization
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Notes: This figure plots the number of regulatory statutes in effect for each year relative to state professional
association organization. State-occupation cells where the timing of professional association organization is unknown
are excluded from the sample.

B Data appendix

In this appendix, we provide additional details of our data sources, variable construction, and

validation exercises.

B.1 Occupational licensing and regulation

Our data on the timing of occupational regulation policies comes from Carollo (2025). This paper
provides a detailed description of the data, but for convenience of the reader, we summarize the

occupational classification and policy definitions used in this dataset below.

Occupational classification and coverage. Licensed occupations are classified following the
Standard Occupational Classification system and harmonized so that policies regulating the same
occupation under different job titles are comparable (e.g., licensed practical and vocational nurses).
The data contain many policies with exact six-digit equivalents, but also some that are more or
less granular. For example, the SOC system lists several physician sub-specialties, while we observe
policy data for the five-digit code “physicians” only. Conversely, art therapists are a subset of the

SOC code “therapists, all other” and are assigned a custom eight-digit classification.
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We use these codes to link our policy data to other datasets with information on occupations.
Importantly, these links are based on an assessment of policy coverage for statistical occupation
categories. We emphasize that not all workers in a covered occupation must necessarily be licensed
themselves. Less than half of accountants and civil engineers, for example, actually attain a li-
cense, as only a subset of these occupations’ tasks must legally be performed by a licensed worker.
Nonetheless, we think that the detailed occupational categories we observe are the relevant market
definition for our analysis. Even if some workers are, in practice, exempt from licensing require-
ments, they are still likely to be close substitutes for, and thus competing with, other workers in

the same occupation who would become licensed if the option were available.

Regulatory taxonomy. Regulatory terminology is often used inconsistently or interchangeably
in state legislation. To maximize comparability across states and occupations, Carollo (2025) adopts

the following regulatory taxonomy, which we also use throughout our analysis:

1. We classify laws as licensing requirements if they (i) make it unlawful to perform certain
tasks without a state credential and (ii) require workers to demonstrate their competency
through any combination of experience, training, or examination requirements. We include in
this definition laws that protect the use of specific, unmodified, occupational titles, such as
“architect”" or “physical therapist." These laws, which we term “effective licensing," account

for about 5% of the policies we classify as licensing requirements.

2. We classify laws as state certification requirements if they (i) make it unlawful to use ti-
tle modifiers such as “licensed," “certified," or “registered" without a credential, (ii) require
workers to demonstrate their competency through any combination of experience, training, or
examination requirements, and (iii) do not prevent uncertified workers from performing spe-
cific tasks. In contrast to private certification, state certification explicitly codifies protected

titles and enables a state agency to administer and enforce the certification program.

3. We classify laws as registration requirements if they (i) make it unlawful to perform certain
tasks without first registering with the state government but (i) do not require any specific
qualifications to register. This lack of competency standards distinguishes registration from
licensing, though both may impose other requirements, such as criminal background checks,

posting a surety bond, or providing proof of insurance.

We observe only state and federal laws. Data limitations prevent us from extending our analysis
to requirements adopted by municipal ordinance, which cover a relatively small share of licensed
workers and appear mostly, but not exclusively, in the construction industry (Gittleman et al., 2018).
That said, there are instances recorded in our data—which we term local regulation—where the state
legislature enacted (i) a local act establishing a licensing requirement in a specific jurisdiction or (ii)
a statewide licensing requirement with enforcement delegated to local authorities. Similarly, some
state laws recognize non-governmental credentials for title protection or as minimum competency
standards without direct state oversight. Unless otherwise noted, we control for these policies in

our analysis but do not include them in our definition of licensure.
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B.2 Occupational employment estimates

One of the main challenges we face in our empirical analysis is estimating the number of workers in
licensed occupations. First, the Census Bureau classifies jobs using statistical definitions that are too
coarse to identify many of the categories we are interested in. Second, occupational classifications are
periodically revised, making longitudinal comparisons difficult without further aggregation and loss
of detail (Autor and Dorn, 2013). We therefore supplement the Census microdata with additional
information on occupations and job titles to construct our preferred employment estimates. Our

specific approach varies with data availability across three time periods.

Employment estimates, 1870-1940. To measure occupational employment from 1870 to
1940, we use the original write-in job titles from the restricted full-count Census microdata main-
tained by IPUMS (Ruggles et al., 2024b). The “occstr” variable records each Census respondent’s
unedited occupation, exactly as it appeared on their enumeration form. Although IPUMS classi-
fies this free-form text into categories based on the 1950 Census classification, by leveraging the
source data directly, we are able to compute employment for occupations that are significantly more
granular than those available in the public-use datasets. For instance, the 1950 Census code “ther-
apists and healers” contains several distinct licensed occupations including massage practitioners,
naturopaths, occupational therapists, physical therapists, and podiatrists.

We first clean the raw “occstr” text by removing non-alphabetical characters, correcting spelling
errors, replacing common abbreviations, and consolidating word order and spacing duplicates. While
the processed text still contains millions of unique strings, the top 0.5% of titles (those reported
by approximately 100 individuals or more across all census years) account for over 95% of total
employment. We therefore sort titles by their 1950 Census classification and manually review the
most frequently occurring within each category to build a crosswalk from Census-enumerated job
titles to licensed occupations. Finally, we aggregate the microdata across workers to produce a

balanced panel of employment counts by state and occupation.

Employment estimates, 1950-1990. As we do not have access to complete Census data after
1940, we must rely on public-use sample extracts from IPUMS (Ruggles et al., 2024a).! The most
granular information on workers’ occupational affiliation in these datasets is the Census Bureau’s
original classification, which is revised every decade. To produce estimates of employment in licensed
occupations, we disaggregate Census codes into six-digit components, using allocation weights that
we derive from the distribution of occupations in a database of help-wanted advertisements.

We begin by creating a mapping from each vintage of Census codes to six-digit Standard Occupa-
tional Classification (SOC) codes using the Census Classified Index of Occupations and Industries.
The Census Index is a set of classification manuals that document how bureau staff were instructed
to assign write-in occupation and industry responses to statistical codes. Importantly, the 2010 in-

dex classifies over 30,000 job titles using both the Census’s four-digit classification and the six-digit

! Although the 1950 Census was recently declassified, IPUMS has not yet processed string variables, meaning that we
cannot extend our text classification approach beyond 1940 at this time.
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Figure B1: Example of Estimating Six-Digit Employment from the 1980 Census

14% (104) Speech therapists

(29-1181) Audiologists (29-1129) Therapists,
Title share = 100% % All Other

e Audiologist Title share = 8%

e Hearing therapist e Peripatologist

(29 1127) Speech-Language Pathologists (11-9111) Medical and Health
Title share = 100% Services Managers
e Oral therapist Title share = 2%
e Speech clinician e Director of speech and hearing
e Speech pathologist therapy
e Speech therapist
L Speech-correction consultant

J

Note: This figure illustrates our approach to estimating employment for six-digit occupations between 1950 and
1990. For all titles classified under the three-digit occupation “speech therapists,” the boxes show the six-digit codes
corresponding to these titles. Percentages reported in the boxes are the share of each six-digit code’s titles that map
to speech therapists. Percentages above the arrows shows the share of employment we allocate to each six-digit
code based on the count of job postings for these categories.

SOC system it is derived from. Using a combination of automated matching, replication material
provided by Autor et al. (2024), and manual review, we trace individual titles back across previous
additions of the Census Index (manually classifying a small share of “dead” titles that do not appear
in the 2010 index). For each job title and year, we therefore observe both the Census code it was
assigned to and its corresponding six-digit SOC code.

Next, for each Census code, we need to estimate the share of employment that should be allocated
to each of its six-digit components. To do this, we use a database of job advertisements from Atalay
et al. (2020), who report annual counts of postings for SOC-coded occupations from 1940 to 2000,
which they extract from the text of major newspapers.? Using this data as a proxy for the relative
size of occupations, we compute allocation weights from three-digit Census codes to 6-digit SOC

codes as follows:

1. Since advertisements are a flow rather than a stock, we count the total number of postings
for six-digit occupation j between year ¢ and ¢ — 9, assuming that the stock of employment in

j is roughly proportional to total postings over the previous decade.

2. Some SOC codes include titles mapped to different Census codes, so we distribute postings
across three-digit codes 7 in proportion to the share of titles that are classified in i. We

note, however, that in practice, most titles in an SOC code typically map to a single Census

2To the best of our knowledge, this is the only large dataset with information on the relative frequency of six-
digit occupations spanning the second half of the 20th century. One concern with using job postings to proxy for
employment is that the type of occupations employers recruit through help-wanted ads may be unrepresentative
(for example, overrepresenting professional services). However, because our approach uses only relative frequencies
for occupations that map to the same Census classification, we require only the weaker assumption that vacancy
behavior is similar within narrowly defined sets of occupations. For the same reason, we are not concerned about
aggregate trends in the level vacancies, provided that these do not differ across very similar jobs.
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occupation, as the latter are generally less detailed.

3. For each three-digit code i, we calculate the share of employment to attribute to each of its
six-digit components j as the number of postings in the intersection of ¢ and j divided by the

total number of postings for 7.

Finally, we multiply state-level Census employment by these national allocation factors to produce
our estimates of six-digit employment. For licensed occupations with exact six-digit equivalents, we
make no further adjustments. For licensed occupations more detailed than SOC codes, we assign
employment in proportion to the number of job titles in their parent classification.

Figure B1 provides a graphical illustration of our approach for the 1980 Census code “speech
therapists.” The Census Index lists nine titles for this occupation, which map to four distinct SOC
codes. Two of these, “audiologists” and “speech-language pathologists,” are entirely contained within
this Census code, while most titles for “medical and health services managers” and “therapists, all
other” are classified elsewhere. Using the number of job postings for these SOC codes observed
between 1971 and 1980, we assign 77% workers coded as speech therapists by the Census to speech-
language pathologists and 14% to audiologists, both of which are licensed occupations. Our method
therefore produces employment estimates for these narrow occupation categories that are fully

consistent with published Census data when re-aggregated.

Employment estimates, 2000—2020. In 1999 the BLS began releasing employment estimates
for six-digit occupations from the Occupational Employment and Wage Statistics (OEWS) survey.
However, state-level data are often suppressed for small occupations, and because they are derived
from an establishment survey, they cover a different employment universe than household surveys
like the Census. Most importantly, unincorporated self-employed workers are not covered by the
survey. Rather than using the OEWS data directly, we therefore estimate employment following
the disaggregation approach described above, using OEWS employment in place of job postings and
annual ACS data in place of the decennial Census from 2005 onward. Further, after 2000, Census
occupations are direct aggregations of six-digit SOC codes, so we do not have to make any further

adjustments using job titles from the Census Index in this step.?

B.3 Occupational attributes and tasks

To summarize current occupational attributes and train our text classification model, we use O*NET
version 22.1, which was released in October 2017. This vintage of the database classifies occupations
according to the 2010 Standard Occupational Classification (SOC) system, the same as we use for
our main regulation measures. Task descriptions and most numerical variables are available for 963
8-digit occupation categories. Data are not provided for most residual SOC codes, which we exclude

from our task analysis.

3The 2000 and 2010 SOC systems are mostly comparable, though we make some minor adjustments for codes that
split, as well as codes specific to the OEWS in 2009-2010 and after 2016. We also impute employment for residual
categories, which the OEWS does not report before 2004, based on major group totals.
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We use the Dictionary of Occupational Titles (DOT) to summarize the historical task content
of occupations. The first edition of the DOT was published in 1939, and until 1998, when it was
replaced by O*NET, periodic updates were published. In our analysis, we use digitized versions
of the first edition from Althobaiti et al. (2022) and the fourth edition from CISER (2002). The
DOT defines over 10,000 job titles in each edition we use. To map these to O*NET occupation
codes, we start with a crosswalk provided by O*NET that assigns every DOT occupation in the
revised fourth edition to 2017-vintage O*NET codes. Next, we use the DOT’s Conversion Table of
Code and Title Changes to extend this crosswalk back to the fourth edition. We use a combination
of hand-matching and additional conversion tables to classify first edition job titles. Although we
are able to assign O*NET codes to only half of the job titles appearing in the first edition, the
vast majority of unmatched titles appear in manufacturing industries. We match nearly all service

occupations, which are those most critical to our analysis of occupational licensing.

Using NLP to summarize task content

We use natural language processing (NLP) to predict occupational attributes from textual descrip-
tions of job tasks. Our approach proceeds in three steps: (i) define a set of job attributes, (ii) use
word embeddings to represent task descriptions numerically, and (iii) estimate a text classification

model to predict numerical attributes from these embeddings.

Defining occupation attributes. Starting with the set of numerical variables in O*NET,
we group indicators into three summary measures that we believe reflect the public interest view
of occupational licensing. For the first measure, we take three descriptors from the O*NET work
context category “criticality of position,” which captures potential damages from worker error and
the extent to which their job requires unsupervised decision-making (all measured on a continuous
1-5 scale):

1. Consequence of error: How serious would the result be if the worker made a mistake that
was not readily correctable?

2. Freedom to make decisions: How much decision-making freedom, without supervision,
does the job offer?

3. Frequency of decision-making: How frequently is the worker required to make decisions
that affect other people, the financial resources, and/or the image and reputation of the

organization?
For the second, we focus on interpersonal interaction (with all elements measured on a 0-7 scale):

1. Assisting and caring for others: Providing personal assistance, medical attention, emo-

tional support, or other personal care to others such as coworkers, customers, or patients.

2. Performing for or working directly with the public: Performing for people or dealing
directly with the public. This includes serving customers in restaurants and stores, and

receiving clients or guests.
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Table B1: Summary of Task Descriptions

Words per Occupation

Occupations Mean Std. Dev. Min  Max

O*NET (2017) 963 106 47 4 303
DOT (1977) 876 634 2,044 10 36,221
DOT (1939) 623 282 791 2 13,696

Notes: This table shows the distribution of words across occupations
after pre-processing the three sources we use to construct our docu-
ment embeddings. The first column reports the number of O*NET
occupations with any task description.

3. Contact with others: How much does this job require the worker to be in contact with

others (face-to-face, by telephone, or otherwise) in order to perform it?

4. Physical proximity: To what extent does this job require the worker to perform job tasks

in close physical proximity to other people?

Lastly, we measure task complexity using the features selected by Caines et al. (2017). We think of
this index as capturing occupations whose tasks are difficult for humans to learn (and presumably
those which are difficult for non-experts to evaluate).

After selecting and grouping the O*NET variables above, we follow Yamaguchi (2012) and Caines
et al. (2017) in collapsing each attribute to a single composite index using principal component
analysis. Given a set of descriptors, D we compute a principal component score for each O*NET

occupation 1,

Vi = Z le‘id, (Bl)

deD
where x;4 is the value of descriptor d for occupation i and 6y is the principal component factor
loading associated with this variable. We standardize v; to have mean zero and standard deviation
one across O*NET occupations.

In addition to our three primary indices, which focus on risk to the public, we also use responses
to the O*NET question “How much responsibility is there for the health and safety of other [workers|
in this job?” to capture risk to coworkers as another possible rationale for licensing. Finally, we
reproduce existing measures capturing routine, cognitive, manual, and social tasks from Acemoglu
and Autor (2011) and Deming (2017).

Representing task descriptions numerically. In the second step of our procedure, we rep-
resent textual descriptions of tasks from O*NET numerically. For each occupation, we concatenate
its “core” task list into a document that describes, in words, what workers do precisely. Follow-
ing Kogan et al. (2023), we then map each document to a weighted average of word embeddings:

mathematical representations that encode the text’s meaning in a high-dimensional vector.
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First, we convert the task descriptions to lower-case; remove all numbers and punctuation;
retain only nouns and verbs; convert these to their singular form and present tense; then drop

any remaining words with little semantic content (such as “is,” «

works,” or “does”). Next, we map
each word to a 300-dimensional vector using pre-trained word embeddings from the Global Vector
for Word Representation (GloVe) model of Pennington et al. (2014).% In addition to reducing the
dimensionality of the data for our text classification step, word embeddings also help account for
synonyms, which is especially important given that we aim to compare tasks across sources that
may use different vocabulary to refer to similar concepts. Finally, we compute the weighted average
of word embeddings within a document to construct a vector representation of each occupation.

The weights are defined as:

Wik, =

count of words k in document ¢ # of documents in corpus (B2)
total words in document i )

# of documents that include word &

Term frequency Inverse document frequency

This weighting choice is common in natural language processing, as it places less weight on terms
that occur frequently across many documents and hence are less informative about differences in
work across occupations.’

Predicting attributes using task descriptions. In the final step, we use the O*NET data
to train a text classification model and derive a mapping from document vectors to the numerical
attributes defined in step one. Let v; denote one of our principal component indices for occupation
1 and ¢; its document embedding. We estimate a ridge regression to minimize an objective function

of the form:

300 2 300
. 2

n}uln(w; a) = Z v; — Zwkcik + aZwk , (B3)

i k=1 k=1
where the first term is the sum of squared residuals and the second is a penalization term that
is included to account for the high dimensionality of c¢; (Gentzkow et al., 2019). To reduce the
risk of overfitting, we use repeated five-fold cross-validation to select the penalization parameter
a separately for each attribute we predict. Finally, we re-estimate the model on the full O*NET
data with the optimal « to obtain @, which we then apply to the DOT document embeddings to

construct our predicted attributes from those sources,

4Word embeddings represent text geometrically, so that words or segments of text with a similar meaning are mapped
to locations close to each other in vector space. The GloVe embeddings we use are based on the co-occurance of
millions words in a large corpus of online text containing billions of individual tokens.

5Table Bl reports summary statistics on the number of words we retain per occupation after implementing our text
pre-processing for each dictionary. Figure B2 plots the cosine similarity of our document vectors within and across
dictionaries. It shows that occupation descriptions are generally far more similar in meaning to each other when
measured at different points in time than two different occupation descriptions are to each other in O*NET. Further,
occupations are more similar, on average, when comparing definitions closer in time. We see this as strong evidence
that the document vectors we construct are encoding reliable information about occupations.
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Figure B2: Cosine Similarity of Occupational Task Descriptions
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Notes: This figure plots three cumulative distribution functions for the cosine similarities between the document
vectors we compute. The first line compares O*NET occupations with each other using all pairwise comparisons.
The second and third lines compare the same occupations in O*NET and the 1977 and 1939 DOT respectively.

300

@i = Zwkcik' (B4)
k=1

Once we have fit our text classification model, its output depends on only the text we feed into
it. Thus, predictions from O*NET and the DOT are directly comparable to each other, which allows
us to measure changes over time. For ease of interpretation, we standardize each predicted attribute
using its mean and standard deviation in O*NET. We emphasize, however, that this normalization is
rank preserving; it is the text alone that determines whether we classify one occupation as riskier or
more complex than another. Figure B3 shows that our text-based approach is effective at predicting

the numerical attributes we use, with R? values ranging from 0.48 to 0.86.

Examples and discussion

The following example highlights the intuition underlying our approach. In 1939, the Dictionary of

Occupational Titles defined an occupational therapist as a worker who:

Teaches handicrafts, such as basketry and rug making, to disabled patients in hospitals

or institutions for the physically or mentally handicapped.

O*NET, on the other hand, enumerates tasks for an occupational therapist including the following;:
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Figure B3: Relationship Between Predicted and Actual Occupation Attributes
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Notes: This figure plots the correlation between occupational attributes computed from numerical O*NET data and
our predictions of these features from textual task descriptions. All variables are standardized to have mean zero and
standard deviation one. Graphs are truncated at £ 3 standard deviations for viewability.

Plan, organize, and conduct occupational therapy programs in hospital, institutional,
or community settings to help rehabilitate those impaired because of illness, injury
or psychological or developmental problems. Test and evaluate patients’ physical and
mental abilities and analyze medical data to determine realistic rehabilitation goals for
patients. Select activities that will help individuals learn work and life-management

skills within limits of their mental or physical capabilities.

Comparing the document vectors from these two sources yields a cosine similarity of 0.57, one of the
lowest in our sample. Further, our approach captures the increasing criticality and complexity of
this occupation suggested by the text. Our criticality measure for occupational therapists rises from
-0.6 standard deviations in 1939 to +0.6 standard deviations in 2017. Similarly, the occupation’s
complexity rises from -0.5 standard deviations in 1939 to +0.9 standard deviations in 2017. Most of
this change occurred before 1977, as the cosine similarity of the O*NET definition of occupational

therapy rises to 0.98 when compared with the 4th edition of the DOT.6

SInterestingly, the first laws licensing occupational therapy were passed by Florida and New York in 1975. This fact
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Table B2: Changes in Occupational Attributes

A 1939-2017 A 1977-2017

Criticality of position -0.14 -0.21
Personal interaction -0.10 -0.08
Task complexity 0.26 -0.00
Responsibility for coworkers -0.15 -0.09
Acemoglu & Autor (2011)

Non-routine cognitive, analytical 0.30 0.05
Non-routine cognitive, interpersonal 0.23 0.02
Non-routine manual, physical -0.30 -0.15
Routine manual -0.14 -0.06
Routine cognitive 0.09 0.00
Deming (2017)

Non-routine cognitive, analytical 0.23 -0.00
Routine task intensity 0.28 0.12
Social skills 0.23 0.07

Notes: This table reports changes in the average of our predicted oc-
cupational attributes over time. All values are normalized to express
units in terms of standard deviations in the set of O*NET occupations.

Table B2 plots changes in each of our predicted occupational attributes since 1939 and 1977 for
the set of 6-digit SOC occupations we study. These reflect a combination of (unweighted) changes
in task content within occupations, as well as the growing set of occupations with task descriptions
over time. We find that since 1939, average criticality, interpersonal interaction, and responsibility
for coworkers has fallen somewhat, while tasks became more complex between 1939 and 1977.

While most studies of occupational task content use measures collected at a single point in time
(and none include the main attributes we are interested in), Atalay et al. (2020) examine trends in
the Acemoglu and Autor (2011) set of tasks between 1950 and 2000, using the text of help-wanted
advertisements from major newspapers. It is reassuring, therefore, that like us, they find an increase
in non-routine analytic and interpersonal tasks for 6-digit occupations, and a decline in routine and
non-routine manual tasks. By contrast, they find a decrease in routine cognitive tasks, while we
find a small increase since 1939.7 Similarly, Nedelkoska et al. (2023) document the rising prevalence
of analytical and interpersonal tasks and the decline of manual tasks in the DOT using a neural-
network-based model. Our methodology therefore results in measures of occupational attributes

that are broadly consistent with trends documented by the existing literature.

suggests that by the time licensing of this occupation began to diffuse, its task content was fairly similar to what it
is today (Fla. Laws, Ch. 75-179; 1975 Laws of New York, Chapter 779).
TAtalay et al. (2020) use a continuous bag of words approach, which counts the occurrence of pre-defined sets of
words in their text.
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B.4 State similarity and policy diffusion

To study the diffusion of occupational licensing requirements across states, we first define the fol-

lowing distance metrics. We then use these measures to compute the clustering statistics described

in Section 6.

1.

Geographic proximity. We use the distance between states’ geographic centroids, which we
obtain from the Census Bureau’s Master Address File/Topologically Integrated Geographic

Encoding and Referencing database.

Demographic similarity. We use data on states’ log total population, urbanization rate,
share of the population that is white, share of the population that is foreign-born, and log
income per capita from 1929 to 2020. Following DellaVigna and Kim (2025), we first standard-
ize each variable and then calculate demographic similarity as the mean absolute difference

across these five characteristics in a given year.

. Political ideology. Our preferred measure of political ideology uses the state policy liberal-

ism index constructed by Caughey and Warshaw (2014), which is available annually from 1936
to 2021. We define ideological distance to be the absolute difference between two states’ values
of this measure in a given year. Alternatively, we use the absolute difference in Republican

two-party presidential vote shares in the election year closest to time ¢.

. Industry composition. We use data from the 1910 to 2000 decennial census and the 2001

to 2020 American Community Survey to compute the share of each state’s workers who are
employed in 12 broad industry groups, using the “ind1950” classification system. We then

define the distance between states s and r using the dissimilarity index

12
1
Dot = 5 z; | €jst — Cjrt |’ (BS)
‘7:

where ej4 is the employment share of industry j in state s at time ¢. This metric can be
interpreted as the share of a state’s workers that would have to switch industries in order to

achieve the same industrial composition as another.

B.5 State demographic, economic, and political characteristics

In this section, we describe the sources of the remaining state-level variables we use in our analy-

sis. Unless otherwise noted, we linearly impute decennial data to construct an annual panel. All

monetary variables are adjusted to 2019 dollars.

e Total resident population (annual 1900-2020; decennial 1870-1900): We use intercensal

population estimates from 1900 to 2020 from the Census Bureau, retrieved from the FRED
database at the Federal Reserve Bank of St. Louis. From 1870 to 1900 we interpolate decennial

estimates from the Census Bureau.
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Urbanization (decennial 1870-2020): We use the share of the state’s population living in
urban areas from the Census Bureau. Note that the definition of urban areas was revised in
1880, 1890, 1900, 1950, 2000, and 2020.

Demographic characteristics (decennial 1870-2020) and foreign-born population share
(decennial 1870-2000 excluding 1890; annual 2001-2020): We use data on the share of the
state’s population by sex and race (white, black, and other non-white) from the Census Bureau
and NHGIS (Manson et al., 2021). Foreign born population shares are computed directly
from Census and American Community Survey (ACS) microdata as the share of a state’s
non-institutionalized adult population who were born outside the United States, including in

U.S. outlying areas (Ruggles et al., 2024a).

Personal income (annual 1929-2020): We use total personal income per capita from the
Bureau of Economic Analysis. This variable includes all income from wages, proprietors’

earnings, dividends, interest, rents, and government benefits.

Tax revenue (annual 1942-2020): We use total state tax revenue from the Census Bureau’s
Annual Survey of State Government Tax Collections, retrieved from the FRED database at
the Federal Reserve Bank of St. Louis.

Employment and unemployment: We use data on total non-farm payroll employment
from the Bureau of Labor Statistics’ Current Employment Statistics survey (annual 1939-
2020) and state unemployment and labor force participation rates from the Current Population
Survey (annual 1976-2020).

Unionization (annual 1964-2020): We use the union density estimates compiled by Hirsch
et al. (2001) and updated though 2020 at https://unionstats.com/. This variable is de-
fined as the percentage of non-agricultural wage and salary employees, including public sector

employees, who are union members.

Right-to-work state: Indicates that the state has adopted a statute or constitutional pro-
vision that prohibits unionized workplaces from negotiating contracts requiring non-union
employees to contribute to the costs of union representation. Source: National Right to Work

Committee. https://nrtwc.org/facts/state-right-to-work-timeline-2016/.

State government partisanship (annual 1870-2020): We combine data from several sources
to create an annual panel tracking the political affiliation of state governors and legislators.
We use data on the partisan division of legislatures from 1870 to 1936 from Burnham (1992).
From 1937 to 2011, we obtain this information from Klarner (2003) as well as updates available
on the author’s Data Made Publicly Available website: https://www.klarnerpolitics.org/
datasets-1. To complete the panel, we use data from the National Conference of State
Legislatures for 2012 to 2020. Finally, we appended data on the political affiliation of state

and territorial governors from various state-specific sources. We define unified Democratic
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and Republican governments to be those where the governor and majorities in both chambers
of a state legislature belong to the same party. For Nebraska (which has had a non-partisan
legislature since 1937) and for territorial governments (where we do not observe political

affiliations) we assign unified party control based on the governor’s party.

Presidential elections (election years 1868-2020): We use data on state election returns

from Congressional Quarterly, Inc.

Policy liberalism. (annual 1936-2020): We use the state policy liberalism measure originally
constructed by Caughey and Warshaw (2014) and later extended by the authors through 2021.
This measure captures the ideological evolution of state governments over time by applying a
dynamic latent-variable model to data on 148 state policies. Higher values of this index are

associated with legislation generally associated with the U.S. political left.

Progressive legislation index. (annual 1870-1950): This variable is taken from Fishback
and Kantor (1998). It counts the number of the following laws a state has adopted by year
t: compulsory school attendance, establishment of a state tax commission, establishment of
a state welfare agency, establishment of a merit system, initiative and referendum, direct
primary, minimum age for child labor, mothers’ pension, and the establishment of a state

commission to regulate electricity rates.
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C Theory appendix

C.1 Model derivation

Our solution to the household’s problem follows Kleiner and Soltas (2023), which we repeat below
for the case of heterogeneous workers. For simplicity, we abstract from the intensive margin of labor

supply and assume that occupational licensing has no direct effect on productivity.

Consumption decision and labor demand. Given income I; = (1 — 75,) Ay, (yi)w,, individual

i’s demand for occupation j’s services solves the problem,

€
e—1

J 1 J
max C; = Z’Yj(zj)cije s.t. ijcij < I,
Jj=1 Jj=1

which implies that
o (wi/(z) "
ij — Pl_E e

If we aggregate across occupations j, individual i’s total consumption is C; = I;/P.

Educational attainment. Given wages and initial licensing requirements, individuals select their

level of education to solve

max InC; — pry;,

Yi

which implies that

91n A;(y7)

— . = Pk

Oyi

With diminishing marginal returns to education, this optimality condition implies that workers with
a low marginal cost of training py (i.e., those with high ability) obtain more education conditional
on their occupation choice and select into occupations where the marginal product of education is

high. Moreover, conditional on entering occupation j, workers of type k choose the same level of

education, which we assume serves as the basis for organizing a professional association.

Occupation choice and labor supply. Since education choices vary only by type and occupation,

the common component of indirect utility for a worker of type k who enters occupation j is

i = e PRI (1 — ) A (i) (w; ) P). (C1)

Occupation choice is then pinned down by the solution to the discrete choice problem,

*
Ji = arg max bi; Uik,
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which, given our assumptions on the distribution of idiosyncratic preferences, implies that the share

of type k workers who enter occupation j is

Expected utility. In equilibrium, expected utility must be equal across all occupations conditional

on type. For type k workers, we have

J o

Wi = T(1 — é) AR (C2)

Jj=1

Equilibrium conditions. Aggregating across individuals, we can write demand for occupation j’s

services as

(w]/’yj %)) S
Ci="pi — DO msinAj(yir) (1 — m)w;,
Jj=1k=1
which is a function of the quality adjusted price and aggregate income. Aggregating across worker

types, total labor supply to occupation j is

K

Hy = mgsjnAj(yn).
k=1

Throughout our analysis, we assume that occupations are “small,” meaning that a change in licensing
requirements has no first-order effect on aggregate income or the price level. We further assume that
licensing occupation j' has no effect on the equilibrium wage of j # j'. Given these assumptions,

in equilibrium, we have:

Consumption demand:

OlnC;  (0lny(z) Olnwy
aZj - 82:]‘ 82]‘ ’

Labor supply:

Occupation choice:

Olnsj, Olnw;  0ln(l —7j) ‘
82’]' _U< aZj + aZj P
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Licensing fees:

)

Oln(l-7) 7 Olnkj(z) Olnw; JlnH,
aZj 8zj azj

82’]' 1—7']'

Labor market clearing:

OlnC’j . 81nHj'
8,2]' N 6Zj ’

where

o= sk A5 (Yjx)
ks ik Ay (Y)

is the labor share of type k& workers in occupation j. Simplifying this system of equations, we can

write the change in the equilibrium wage as

K

Olnw; e Oln~vy;(z; o i OlnT;
i _ %(J)+ Zsfkﬂk‘f‘ J i,
0z et+o 0z €e+o — 1—7 0z

which reflects (i) consumers’ willingness to pay for licensing, (ii) average training costs, and (iii) the

pass-through of licensing fees to service prices. Setting 7; = 0 gives equation (7) in the text.

Finally, the equilibrium change in consumption is

dnC; €0 Oy(z) __Owi(z) N~z
i _e(l—mj)+a< i (1 T]);sg‘kﬂk ,

which may rise or fall depending on whether consumer WTP for licensing is large enough to offset

any additional training and regulatory costs.

C.2 Welfare effects

Social welfare. We define the change in social welfare for a marginal change in licensing require-

ments as
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which establishes Proposition 1. Here, we define employment shares as

K
NESik
3;73: E ngsjr and sﬁzij.
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— 2k TSk

Setting 7; = 0 and substituting in 8};12;% yields

OlnW Sﬁ d1n;(z) K . K . .
0z Ce+4o ¢ 0z; o kZ:l SikPk | + U;(Sjk - Sjk)Pk .
L E

Thus, when Sik R Sjp
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which is (6) in the text.
Association’s welfare. Next, Proposition 2 follows by differentiating the common component of

indirect utility for association members of type k = g who have already chosen occupation j in the

initial equilibrium,

8an9761nwj Tj 81117’j
aZj B aZj 1—Tj 82’]' Pg-

C.3 Proof of propositions

Proposition 3 states that with fixed costs, the supply of regulation is limited by the extent of the
market. To see this, note that because both social welfare and the association’s welfare are strictly

decreasing in 7; it is never optimal for the politician to choose a fee larger than necessary to cover
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regulatory costs. Thus, we can write the tax rate as a function of the licensing standard:

S ri(%)

wj(z;)Hj(zj)
As market size H;(0) — 0, the tax base shrinks and 7; — 1, which shuts down the market. This
cannot be optimal for an occupation that provides positive social surplus, implying that holding
all other parameters constant, there exists some market size below which z}f = 0. Conversely, 7

decreases as k;(z;) falls, increasing the politically optimal level of regulation (if positive).

Proposition 4 states that the politically optimal level of regulation rises with consumer willingness
to pay. To see this, note that both social welfare and the association’s welfare depend on the change
in the wage, which is increasing in ’y;~ (zj). If we hold costs fixed, a higher level of regulation is

(weakly) preferred by both the association and the social planner than when fy}(zj) =0.

Proposition 5 gives the conditions under which the politically optimal level of regulation coincides

with the social optimum. From the planner’s perspective, the optimal level of regulation satisfies

aln’y](z] Tj OlnT;
0z; =leto Z SjkPk UZ Jkpk+€1—7'j 0z

and from the association’s perspective, it satisfies

81n’yj(zj) B 7; OlnT;
0z; = (et UZ jkpk+€1—TJ 0z

These two expressions are identical save for training costs. Intuitively, the professional association
and the planner agree on the marginal benefit of licensing (to consumers), but their marginal
costs differ. With diminishing marginal returns to training, the association therefore prefers a
higher level of regulation than the social planner when its members’ training costs are lower than
the occupational average. Since the lobbying game implies that the politically-optimal level of
regulation solves a convex combination of the social planner’s and association’s problems, the result

follows.
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