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tragt: We put forward a new approach to studying issue definition within the
iffusion. Most studies of policy diffusion—which is the process by which

policymakin one government affects policymaking in other governments—have focused on
policy adaptighsWe shift the focus to an important but neglected aspect of this process: the

issue-definigi age. We use topic models to estimate how policies are framed during this
stage and se frames are predicted by prior policy adoptions. Focusing on smoking
restriction in U.SWtates, our analysis draws upon an original data set of over 52,000 paragraphs
from new covering 49 states between 1996 and 2013. We find that frames regarding the
policy’s ¢ iplications are predicted by prior adoptions in other states, whereas frames

regardingWs normative justifications are not. Our approach and findings open the way for a
new perspective to studying policy diffusion in many different areas.

af)

Replicati erials: The data and materials required to verify the computational
reproduct the results, procedures, and analyses in this article are available on the
American of Political Science Dataverse within the Harvard Dataverse Network, at
https:// 910/DVN/QEMNPI.

f

When states or nations adopt new policies, their decision to adopt can be influenced not only by

internal {3 Dut also by external factors, a process often referred to as policy diffusion.

However, i geics do diffuse, they would not spread directly from adoption in one place to

N

adoptiQiml r, as most studies implicitly suggest. Rather, the path would flow from

{

adoptio ace to the beginning of the policy process—the issue-definition stage—in

another. After alf\policymaking proceeds in several stages, starting with the identification and

U

definition of an isgue, and then only later (potentially) culminating in an adoption.

In th we examine whether and how prior adoptions predict the way an issue is

A

defined, or framed, in other states.' Learning about this connection is crucial to a deeper
understanding of policy diffusion, as policy ideas can spread from one government to another even

if this diffusion does not result in an adoption. Adoptions are rare, whereas consideration of
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new policies occurs frequently; and issues can be defined in a variety of ways. To this end, in

our analysis we treat issue definition as an outcome and examine whether and how previous

policy Hredict how an issue is later defined.”

We u@l topic models (Roberts, Stewart, and Airoldi 2016) to estimate how
policieggagedefined. Applying this technique to an original data set of 52,000 newspaper

paragraphSiabout anti-smoking laws in the U.S. states reveals how this issue has been defined and

ow this Tr, s evolved. Based on this approach, we analyze whether the prevalence of these

issue defin s predicted by earlier policy adoptions.

Our t ticdl and empirical analysis proceeds in two steps. First, controlling for many

S

other rele ors, we find that some frames used to describe smoking restrictions in a

U

given stat dicted by the prevalence of policy adoptions in other relevant states.

"'We use theferms issue definition and policy framing interchangeably.

A

’In other w analyze policy-to-frame diffusion, not frame-to-frame diffusion. We elaborate on this point
in the conc

a

In analyzing this relationship, we draw upon theoretical studies regarding the mechanisms of
diffusion s understand why some issue definitions are subject to diffusion, whereas others are
not ( BrauGardi 2006; Shipan and Volden 2008; Simmons, Dobbin, and Garrett 2006). In

particular, mine expectations related to two mechanisms: learning and emulation. We

that is, 1n fopics that refer to concrete, observable aspects of the policy. In contrast, when we
examine t anism of emulation, we find that the most prominent normative frame—

is not predicted by prior adoptions.

Secg 4 er demonstrating the connection between issue definition and prior adoptions,
including the rof®of diffusion mechanisms, we explore whether individual definitions occur in
combination with each other. Our initial analysis considers individual topics, as these

constitute “the smallest units of framing” (Baumgartner, De Boef, and Boydstun 2008, 107).
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But in addition to allowing us to identify simple frames, individual topics also can serve as
building blocks, with topics combining to create more complex definitions. Our approach
allows Mrmine which topics occur together, giving us insight into how and when

complex r. The results show that the complexity of definitions increases as the

policy pecgmesmore widespread.

Our analymces several notable contributions. First, we show why and how studies of
policy diffgsion ghould take the issue-definition stage into account. Second, we demonstrate
that diffumlated to the way smoking bans are framed in areas in which information on
the policy S cofiCrete implications emerges from earlier adoptions in other states, whereas

normative justiﬁsnions are less susceptible to change following policy diffusion. Third, we

show how s on issue definition broadens the ability to study diffusion. Adoptions are
relatively t events, with not all policymaking efforts resulting in new policies, or even
in concre proposals. That is, adoptions either happen or do not happen, and they can

be rare. Conlsi tion of new policies, on the other hand, occurs frequently; and issues can be

defined 1n icty of ways. Thus, attention to the link between prior adoptions and the ways in
which j efined and framed in other states provides scholars with more leverage to
study policy diffusion.

<H1>Theoretical Background
<H2>Policy Diffusion and Issue Definition

. -
@,
e
e
-

We situate our study directly within the literature on diffusion. Most studies of diffusion have

cy adoptions as both an independent variable and a dependent variable—that is,
whether earlier pOlicy adoptions influence the likelihood of later policy adoptions (e.g., Berry
and Berry 1990; Boehmke and Witmer 2004). Yet such an approach can lead to pro-

innovation bias, which is a tendency to focus on the adoption of innovations to the exclusion

This article is protected by copyright. All rights reserved.



of other potentially significant features of diffusion and policymaking, thereby depriving us

of a broadgr undegstanding of these processes (Karch et al. 2016; Rogers 2003). We address a

specific fo this bias: Although it is well recognized that policies pass through several
stages be ing the adoption stage, few diffusion studies have considered the
relatiorfSh en prior adoptions and these earlier stages (Gilardi and Wasserfallen
2019).°

Policie§, advagee through a series of stages, including several stages that necessarily occur
prior to ad@pti®y (e.g., Patton, Sawicki, and Clark 2015). At the start of the policymaking

process—b&for&policy alternatives are placed on the agenda, before policy issues are formulated,

and before adoptii1 can take place—issues need to be identified and defined. As Elder and Cobb

(1984, 115 ed, because “policy problems are not a priori givens but rather are matters
of definiti

what is at issue in the agenda-building process is not just which

uses on agenda setting and information generation, Pacheco (2012) on public opinion, and

Pacheco and Boushey (2014) on the political agenda. Other studies focus on later stages, such as implementation

(Nicholson- d Carley 2016) and post-adoption modifications (Karch and Cravens 2014). problems

will be but how those problems will be defined.” Hence, issue definition is a logical
starting point for the policymaking process; and if diffusion does occur, we should expect to see a

connectiohn prior adoptions and how issues are later defined.

Altho@ are countless studies of issue definition, from the standpoint of diffusion,

Boushezinnovative investigation of the adoption of criminal justice policies is the

closest hat he examines the importance of issue definition within a policy diffusion
framewwver, our study and his have opposite explanatory concerns: He looks at how
the definition (m;e specifically, the social construction) of an issue affects its diffusion, but we
focus on ho ffusion can produce different issue definitions over time and across
govem@s, our study and his are complementary, with Boushey examining how frames

can lead to adoptions, whereas we investigate how adoptions can predict frames.
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<H2>Issue Definition and Policy Frames

Policy M be defined as “the presentation or discussion of an issue from a particular
viewpoin @ pxclusion of alternate viewpoints” (Baumgartner, De Boef, and Boydstun
2008, ]&6Mer words, these frames or issue definitions tell us how a policy problem is
perceived Wstood at any given time (Baumgartner and Jones 1993). Because policies are
usually m@mional, it is neither automatic nor obvious that a policy will be defined in a
particular way, or that this frame will remain constant over time. Instead, we argue that these

frames cafb&/predicted by earlier actions taken by other states.

Why should we sre about how a policy is framed or defined? To begin with, by emphasizing

some aspeﬂolicy problem and not others, policy frames “defin[e] the range of relevant

problems

making” (mnd 2008, 2). Hence, how a policy is defined at the start of the process can

affect whetller'aftd how it will be addressed. A debate over health care, for example, is likely

ddressed and [provide] the fundamental categories that shape decision

to lead wfcrent outcomes if this policy is defined primarily as a matter of limiting
govern ntrol over personal autonomy than if it is framed as a problem of lack of access
to quality health care. Furthermore, these frames can change over time, with one frame being
dominant Mme (and in one place) and other frames predominating later. When frames

change 0@ they can be understood as a “storyline or unfolding narrative about an
issue” (Ga et al. 1992, 385).

Th£ons and changing narratives can have important implications and

downstMs. Changes in issue definitions and frames can, for example, lead to shifts in
the agend@@n 1984). Issue definition also can affect how policy alternatives are designed
during the fo ion stage of the policy process (Wildavsky 1987). How an issue is defined can
influen: outcomes, as Baumgartner, De Boef, and Boydstun (2008) demonstrated by
showing that changes over time in the framing of the death penalty produced shifts in both
public opinion and policy outcomes (measured by the frequency of death sentences). More

generally, changes in issue definition can lead to the punctuation of policy equilibria
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(Baumgartner and Jones 1993). Overall, the effect of issue definition on later stages in the

policymaking process, including adoption, is “nearly axiomatic” within the policymaking

hteratur?lhmey 2016, 200).*

As wa&s later, our approach identifies frames empirically using topic models,

which flle we consider the topics uncovered by these models as an operationalization

of policy . We follow DiMaggio, Nag, and Blei (2013, 578, 593), who convincingly

argue thatWopic giodels are an ideal tool for identifying frames in texts: “Many topics may be

viewed asm . . and employed accordingly [ . . . ] [T]opic modeling has some decisive

advantagesfor fendering operational the idea of ‘frame.’”

<<QUER:Bracketed ellipsis has been added to DiMaggio et al. (2013) quote. Please

confirm wiliether this is correct.>>

Such topme used individually to show simple frames or can be combined to show

larger an omplex frames (Baumgartner, De Boef, and Boydstun 2008). From the
analyst ective, “[i]n
40th, dies of framing examine immigration (Haynes, Merolla, and Ramakrishnan 2016),

agriculture (Bosso 2017), and tobacco policies (e.g., Menashe and Siegel 1998). specifying issue-frames, one
canaggregate or disaggregate subframes” (Gamsonetal. 1992, 385). Our analysis does both.

In the htion, our theoretical analysis outlines the logic for why a diffusion process
might li @ adoptions and later frames, considering both individual frames (or
subframes) afnd more complex frames. First, we focus on individual frames and elaborate
prediction!about the relationship between prior adoptions and these frames. Second, because
individM form building blocks from which more complex frames might be
constructeDen turn our attention to the potential for connections across them.

<H2>Theoretical Expectations

We argue that the diffusion process might occur between earlier adoptions and later frames by

building on the logic scholars have used to explain adoption-to-adoption diffusion. If a state has
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not yet adopted a policy, political actors in that state will look to see what other states have
done. They will observe which states have adopted policies and which have not. They will note
which awimensions of policies have been emphasized in prior laws. They will discern
how the ed out in these earlier states—for example, which groups were satisfied,
which ywergnotawhether there was public support; and so on. Moreover, they will perceive which
approache@ther states have taken, whether these approaches were successful, and whether

these appr@achesWould be appropriate for their own states. In other words, they will observe the

politics an icy implications surrounding earlier adoptions. They can then use this
informatim

to define the issue in a specific way in their own state since, as we have
establishemdeﬁnitions have implications for later stages of the policy process, they are

malleable, ey can change over time.

of COLCpossible—and a common assumption in most of the diffusion literature—that
not all ot will matter equally. That is, when considering how a policy is framed in a
state that iS™ne considering a policy, prior adoptions in one set of states might affect this
framing, s prior adoptions in another set of states might not. Although there are
multip apture the influence of other states, in our empirical analysis we will focus
on one way, utilizing Desmarais, Harden, and Boehmke’s (2015) identification of a state’s

diffusion M but we will also report results based on using other sets of states. For now,

ic about which set of states will matter, asserting more generally that policy

adoptions 1 er relevant states can influence issue definition. Our first expectation

highlights!Eis relationship:

=

Hypothesis ziDiﬁ‘usion ): Prior adoptions by other relevant states predict the prevalence

of policy es within a state.

This first expectation, although broad, is crucial, as it allows an initial determination of

whether the posited connection between earlier adoptions and later issue definitions exists.
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Establishing this connection, regardless of whether the relationship is positive or negative,
would provide a new way of thinking about diffusion, for the reasons discussed earlier. We also
can theM)on it by delving more deeply into the question of why diffusion from

adoptions @ itions might occur. To do so, we turn to a central theoretical concept within

the study qfditfusion: that there are several key mechanisms that facilitate diffusion (Braun and
Gilardi ZOMan and Volden 2008; Simmons, Dobbin, and Garrett, 2006). Briefly, scholars
have identified fGur main mechanisms that explain how policies diffuse: Learning means that
policy makerS_pay attention to the consequences of policies in other units; competition
highlightswicy makers adjust their policies to those of other units aiming to attract the
same res emulation (sometimes called imitation) focuses on the socially constructed
aspects om whereby their legitimacy, and therefore the likelihood of adoption, increases
with theirSpread; and coercion emphasizes various forms of top-down influences, such as
conditionalj edures set by international organizations.

Here, we t0cuS®on two of these mechanisms: learning and emulation. Much of our earlier
hat political actors would observe from policy adoptions in earlier states can

discus

be interpre arning (Gilardi2010; Volden 2006). They might, for example, learn about the
politics of policy played out in other states (e.g., which groups were happy with the
adopti r public reaction was positive, or whether the issue affected electoral

outcomes). And they might also learn about policy implications, such as whether the policy
worked, who it benefited, and more.

If the hn between earlier adoptions and later issue definitions is based on learning

about the consequences of adoption, then we would expect to see specific changes in

how issues ned over time. In other words, experiences can shape frames, causing these

frames crease or decrease in importance. In particular, there are several dimensions
of anti-#icies where learning about consequences is likely to take place—most notably,
those that are practical or concrete enough for the law’s consequences to be observed with

relative ease. Thegeffects of these laws on bars and restaurants are cases in point: One can fairly

easily vidence on whether these businesses struggle or thrive in the aftermath of

smoking bans. M®re specifically, in the aftermath of the adoption of restrictions on smoking in
restaurants and bars, there was little evidence of overall economic harm to these industries. Tothe

extent that later states learned from the experiences of these earlier states, we would expect these
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particular frames to recede in importance. Health is another aspect that is potentially linked to
learning, although not unambiguously. On the one hand, policy makers may observe aggregate
health Wﬂ states that have adopted smoking bans and update their beliefs on the
usefulnesveness of this policy. On the other hand, much of this learning occurred
prior tqtheperad we examine, via landmark reports about the negative health consequences of

smoking a dhand smoke, so new adoptions arguably had a limited ability to contribute

new know@out the health consequences of smoking.

In gemn, if states learn from prior adoptions, we would expect these particular
e

topics or o be related to earlier adoptions, as the frequency of the topic will change

based on the leS'ning that occurs. Political actors will learn about the consequences of

adoptionsﬁ knowledge will be reflected by the frequency of a topic changing as a

result of gl ptions. We state this expectation as follows:

s 2 (Learning): Prior adoptions by other relevant states predict the
preva of policy frames that are based on practical, empirically verifiable
es.

L

States als ulate actions taken by other states. In a diffusion context, emulation occurs
when one lows the lead of an earlier state because its action is normatively appealing
(Braun @i 2006; Simmons, Dobbin, and Garrett 2006). This normative appeal in turn
stems froq sociﬁy constructed aspects of policies—in particular, whether these policies are
viewed as:ppropriate, whether they have broad support, and whether their adoption

confers leguts upon the adopter ( Meyer and Rowan 1977; Walker 1969). This stands in
contrast arning that can occur about empirically observable consequences of policies. Of
central imp is the argument, developed by Finnemore and Sikkink (1998), that when a

normatively appealing idea or frame becomes common and widely accepted, it becomes

internalized by political actors. When that happens, this idea becomes progressively taken for
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granted, until it is “no longer a matter of broad public debate” (Finnemore and Sikkink 1998,

895). Consequently, as more states adopt policies, the frame should fade from view and be

invokeMenﬂy.

Or&anﬁ-smoking frame stands out as having a strong normative component:

freedodt, mdual rights. There is little potential for learning about this topic. States do
not learn dividual rights from earlier anti-smoking laws in the same way they can
observe tl‘@quences of such laws for bars and restaurants. On the contrary, this frame
represents t of the policy that has become widely accepted, internalized, and taken for
granted bm makers. Polls revealed that a very high proportion of the public consistently

believes that smofing should remain legal, implying freedom to smoke, while also supporting

smoking resgigéi@ns in public places, implying freedom from smoke.” Because these views are
now take ted, with the public learning little from prior adoptions about the right to
smoke or tected from smoke, debate will increasingly take place over other aspects of

the policy.”Affame with a strong normative component has little potential for learning. We

thus expe equency of a normative frame to decrease with the incidence of smoking bans,

as oth ise to the fore, leading to our third expectation:

L

Hypothesis 3 (Emulation): There is a negative correlation between policy adoption

glevant states and the prevalence of frames based on normative arguments.

So farlwe h’e concentrated on individual frames—appropriately so, since a necessary

step towa standing the links between prior adoptions and frames, as well as the
mechanisrtjgirding these links, requires first a clear assessment of individual frames. As
stated el e view individual topics as building blocks that can stand on their own.
However, 1 possible—even likely—that these simple frames can combine to create

more complex frames. Indeed, as discussed in the previous section, prior theoretical work

maintains that individual frames can be aggregated (e.g., Gamson et al. 1992). Hence, a
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general expectation we explore empirically is that some individual frames will be correlated,
with some occurring in conjunction with others to form more complex frames. At this stage,

withoutMnducted the analysis that will reveal which frames exist, we obviously

SSee Qnews. gallup.com/poll/237767/one-four-americans-support-total-

smoki il IFafaspx.

%To som&, this reasoning might also hold for another aspect: health. As argued earlier, beliefs
regarding t caliaconsequences of smoking, and of smoking bans, emerged in a prior period through a
i sensus. These beliefs are strong and widespread, with polls since the 1970s revealing
90% of Americans view smoking as having harmful effects on health
.com/poll/3553/nine-ten-americans-view-smoking-harmful.aspx). At the same
catlier, lawmakers might learn about health consequences that follow from adoptions. Overall,
ic #8garding the status of the health frame and refrain from associating it unambiguously with
r emulation mechanism. cannot specify which frames will be correlated with which

other framj expect that at least some frames will occur together, and that their co-occurrence

time, as dis
we remain

may be related to aloptions in other states. We state this expectation in general terms:

Hy@4 (Frame Correlations): Individual frames will be correlated with each
othe® ining to form more complex frames, and prior adoptions will predict these

Cco a S.

<H1>Methodology

Our an

O <H2>Case Selection

icy frames as a part of the diffusion process concentrates on the adoption of
the area of publiclhealth, and smoking restrictions are no exception. Although smoking-related
issues are o scussed by politicians at the national level (McCann, Shipan, and Volden
2015), s have been passed at this level in the United States; rather, the vast majority of

policymaking has taken place in the states. Thus, the issue of anti-smoking laws at the state

anti-smoktf Eolicies in U.S. states. U.S. states historically have had considerable autonomy in

level provides an excellent forum for examining diffusion and issue definition.
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Our choice of policy area is also motivated by several other considerations. First, several
studies (Pacheco 2012; Shipan and Volden 2006, 2008; Studlar 1999), along with abundant
anecdotm, indicate that anti-smoking adoptions have exhibited a diffusion process. This

allows us ghtrate on the nature of the process—in particular, the ways in which this issue

P

has begn defined—rather than the mere existence of the diffusion of adoptions. Second,
smoking M been adopted in a convenient time frame—roughly a 15-year period—that
is long engtigh tOjdetect variation and to supply sufficient information, but short enough to be
practically ageable. Third, there was significant uncertainty about the potential
consequen f the policies along several dimensions, including economic consequences, popular

support, ingoup support, implementation concerns, and so on (Jacobson, Wasserman, and

Anderson Finally, this uncertainty over consequences means that the debate over

adoption gn be framed in multiple ways. Although our case is specific, our results offer an

excellentb esearch in other areas. We elaborate on this point in the conclusion.

<H2>Corpus

We discuss the construction of the corpus in detail in Appendix A in the supporting

informat!' n (SI). Briefly, we retrieved and processed articles published in 49 newspapers

covering 4917 S. states between 1996 (two years before California adopted the first

@ g ban) and 2013.” We retrieved newspaper texts using a simple, broad

statew1dg
keyword from different database providers. To remove irrelevant paragraphs, we
cond rvised textclassification based on crowd annotation (Benoit etal. 2016) and

amacMg classifier. The final corpus consists of 52,675 paragraphs.

-

<H2>Structural Topic Model
We identify policy frames inductively with a structural topic model (STM; Roberts et al.

2014; Roberts, Stewart, and Airoldi 2016). Unlike other types of topic models (Blei, Ng, and

Jordan 2003), the STM allows the inclusion of covariates. This makes it possible to assess
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relationships among variables in a regression-like framework, that is, to uncover covariation
between topic prevalence and variables of interest. Concretely, in our study, the STM’s ability

to incluM/[es means that we can directly examine our expectation that topic prevalence

withinast chis our measure of issue definition—is linked to prior policy

P

"One quest{OM A Arises is whether the media coverage we examine reflects how policies are framed or
whether it ifluences the frames. On this question we are agnostic. Regardless of whether this coverage reflects
or influenc media coverage can be used as an accurate source for identifying the ways in which
smoking bansare fygmed and, more generally, as an indicator ofhow they are discussed (Baumgartner, De Boef, and
Boydstun 2@08). ad@ptions by other states. Moreover, the STM allows us to control for other factors
that might B relatdd to topic prevalence, including time trends.®

We estj r topic models using the stm package in R (Roberts, Stewart, and
Tingley2014). We evaluated 47 models, varying the number of topics from 3 to 50, and found
that models i

latively few topics performed better (see SI Appendix C.1). After a

qualitativaa!uafion of the most-probable words and documents of the models’ topics in this

range, we s¢ the 12-topic model as the most useful for our analysis. The results of models
assuming 3 topics show that the models identify the same underlying topics,
althou usly with different degrees of granularity.

Th allows us to retrieve estimates of correlations between topics. In other

words, it Igfs us see how the prevalence of individual topics covaries, allowing us to assess our
expectations about frame correlations. We will focus only on positive correlations, for several
reasons. H @ ixed-membership models like STM, the topics inherently crowd each other
out since thes alence must sum up to 1. Second, our strategy to select the optimal number
of topi£ic correlations in the negative direction because we wanted topics to pick up
words tMe topics neatly (see Appendix C.1). Consequently, most correlations will be
negative and anyjcorrelations that are positive will not be very strong. However, precisely

because our a ach is biased against positive correlations, those we do find can be

interpr ubstantial.
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<H2>Covariates

The mMant covariate in our analysis measures prior policy adoptions by other
relevant st @ e construction of this variable mirrors that of a spatial lag, which is a weighted
averageffwcies of other states (Plimper and Neumayer 2016) and is the key variable of

interest in Mfusion studies. To construct this spatial lag, we first need to know

8We discus§hthe coWariates that we include in our analysis in the next section. when various types of

C

smoking bamsg#@ke enacted in each state. Following Shipan and Volden (2006), we purchased

S

these data ayaTech’s Center for Health Policy and Legislative Analysis. We consider

bans in seven are@s: restaurants, bars, government worksites, private worksites, hotels, malls,

U

and indoor (see SI Appendix B).

n

Asno 1, not all states may matter equally in terms of the relationship between prior

adoptions flan ue definitions. There are a variety of ways that we could create a

d

connec ix containing information about which states are likely to influence other

states. For exa , the literature on diffusion traditionally has relied on geographic proximity

M

(Magg rdi 2016). This limits the focus of the analysis to a narrow set of states—

namely, those sharing a border with the state in question. At the other extreme, we could

I

include al ates in our connectivity matrix.

O

The a that we use relies on a recent innovation by Desmarais, Harden, and

Boehmke , which identifies a latent, dynamic policy diffusion network for U.S. states.

N

t

That is, T0I any given state, it identifies the other states that have shown influence on the state

in question_across a large range of policy areas. Concretely, this approach identifies the

J

likelihood that sgate i is identified as a policy source for state j based on three pieces of
information; equency with which i adopts a policy before j; the time lag between i’s and

j’s ado nd the accuracy with which a policy adoption by i predicts an adoption by ;.

A

Applying a latent network inference algorithm to the adoption of 187 policies, these authors
infer a state-to-state policy diffusion network for 1960 through 2009. Thatis, for each pair of

states, they estimate whether policies diffuse from one state to the other, and in which
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direction. The result is a directed dyadic data set that can be used to construct a binary

connecwx, similar to a traditional geographic contiguity matrix, but reflecting the

latent diffrk more accurately than geography.” Our approach thus

‘Desmmnraismiianden, and Boechmke (2015) show that diffusion occurs most commonly across states that are not
contiguous. fince their diffusion network data are available only until 2009, we predicted the remaining years
(2010-13) oral exponential-family random graph models, whose forecasts were trained allows for a
broader set of potentially relevant states than would an approach using only geographic neighbors, but
a more foc@Sed s€fthan one that includes all other states. We hasten to add, however, that we have run
our analysi§, using¥all of these approaches—the latent diffusion network, neighboring states, and all
states—and imilar support for our expectations across these different operationalizations (see
Appendix g2)

The anA¥Sincludes several other covariates that we use to control for relevant factors that

S

might affect howlsmoking bans are framed: (1) a monthly trend variable, to control for the

v

baseline ti of topics’ proportions; (2) newspaper IDs, to identify the states in which

1

newspape ed; (3) newspapers’ ideological “slant” (Gentzkow and Shapiro 2010), since

a newspa; eological leaning might affect its coverage of smoking bans; (4) the

d

percentage ®f kers in the state where the newspaper is based, which might be related to
the pop f smoking bans; (5) whether a newspaper is based in a tobacco-producing state

(for th reason); (6) whether Democrats or Republicans form a unified government in a

M

state, because the two parties tend to have different views about smoking restrictions; (7) the

presence g bans in a state; (8) the number of months before and after the enactment of

1

smoking ce the framing of smoking bans is likely to change before and after their

0

introductio (9) the sentiment of a given paragraph, which we measured with the same

approach e used for the identification of relevant paragraphs (see Appendixes A.3 and A.4).

i

Aut
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<H1>Results

Q <H2>Topics and Time Trends
—

[
Figure 1 §hows how topic prevalence is distributed over time across all states; a detailed

validation jgidis@mssed in SIAppendix C.3. We determined the label for each topic

words for (see Appendix C.4), as well as a reading of the most relevant paragraphs for each
topic (see C.6). The model does an excellent job of identifying relevant topics that are clearly
connected ing bans and are consistent with what public-health experts found by hand-coding
documents (e.g., Menashe and Siegel 1998).

s < Figure 1 about here >

We grou t;e 12 topics into seven categories, based on both how they correlate with one

and evaluated_wi ta for the 14 years available in their article. See SI Appendix D. based on the top 50
Chsop
n

another (as ssed earlier) and our theoretical arguments. The “Normative” category
consist m. Figure 1 shows that Freedom is on average the most prevalent topic,
with little change over time after 2007. “Health,” the second category and fourth most

prevalent hso is relatively stable over time compared to other topics. Empirically, the

Freedom a @ th topics clearly co-occur, as we will show in the next section. However, for

thereasonsdiscussedin the section “Structural Topic Model,”,

<<QU SAWEPlcase confirm whether the correction section name has been added here in place of

the sectionlumger.>>

wedonot :m inthesame category.

Thé

<=€;i ations” category includes Bars and Restaurants, Local Legislation, Rules, and
Enforcement."’ These topics are among the most frequent, and some exhibit marked variation
over time. “Interest Groups” and “Politics” consist of one topic each (Tobacco Companies and

Electoral Politics, respectively). Tobacco Companies is on average relatively prevalent, but
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peaked before 2000. Electoral Politics is the least frequent topic, with some ups and downs.

Finally, “jasino fegislation” includes both Casinos and State Legislation, and “Spaces”

includes Sc and Universities and Outdoors.

These offer important context for interpreting our main results. Importantly, the
time tr€n ontrolled for when examining other variables of interest, including in
particular e of prior policy adoptions by other relevant states.
10we discusantion between Rules and Enforcement in depth in SI Appendix E (p. 27).

w <H2>Assessing Our Expectations

<H3>Diﬂﬁ ebegin with our first expectation, which is that issue definitions within a state

are predic her states’ prior adoptions of smoking bans. We can assess this expectation

by plottinmvalence of a frame against the proportion of prior adoptions by those other

states, to s ther the prevalence covaries with earlier adoptions or is unrelated to these

adoptions. in, we find similar results using neighboring states and all states (see SI
Appendd

Figureg provides direct evidence that the prevalence of some topics is indeed predicted by
ado

prior policy adoptions by other states. Rules, Bars and Restaurants, Local Legislation, and

Tobacco s all show a pattern of decreasing prevalence as the proportion of

adopti:rs. Meanwhile, Enforcement, Casinos, Electoral Politics, Outdoors, and to

some Legislation show the opposite effect, with these frames becoming more
prevaleMstates adopt bans. Not all topics, however, vary in prevalence relative to the

share of prior ad@ptions. In particular, Health and Freedom show no covariation with prior

adoptions, a findiag we return to shortly.
< Figure here >
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The plots thus provide evidence consistent with our first expectation about diffusion,

showing that many, although not all, topics are predicted by levels of prior adoptions. We

1

now tu cond and third expectations, both of which are based on the mechanisms of

diffusion.

rip

<H3>LearuinggOur second expectation holds that there are some topics where learning can
take place earlier claims about a policy and its effects can be empirically verified (or

not), and gha will be reflected in the frequency with which a topic is raised in other

SC

states.

Severa:e plots in Figure 2 provide support for these conjectures. We begin by
consideri\‘g topics within the “Regulations” category, which includes topics related to concrete

aspects of smoking bans. We find that the correlation between prevalence and prior adoptions is
strong—a ive—for Bars and Restaurants, indicating that the prevalence of this topic
decrea er proportion of other relevant states adopt anti-smoking laws. Opponents
of smokin ctions regularly voiced concerns about the potential harmful economic

effects of such policies on bars and restaurants. The texts in SI Appendix C.6 (p. 25)
illustrate SOW patrons were initially ambivalent (e.g., “Galen Sprague and Marchello

Marchese s3 don’t mind stepping outside to take a cigarette break”; “‘I like to sit down

for a whil @ oke before I eat’, said Lawson. ‘And after I eat I like to smoke’.”). The

predictioﬂm were not borne out, however (Warner 2000). Consequently, this frame
faded.

=

A negati elation also occurs for the Rules topic within this category. As illustrated by
the texts SI Appendix C.6 (pp. 20-21), this topic identifies the technical aspects of
smokin such as rules or permits for separate smoking areas, ventilation, and exemptions
(e.g., “An ‘¢ wiely smoke-free’ establishment limits smoking to separately ventilated areas”).
Getting these regulations right is important, as uncertainty surrounding them may worry

business owners. Figure 2 shows a negative correlation between Rules and prior adoptions by
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other relevant states, indicating that these issues are quite salient when no other state within
the diffusion network has enacted smoking bans, and less so when many have. This finding

suggesthperiences of other states are used to update beliefs—in this case, what kind

of regulat@est or the challenges regarding their design.

Enﬂrm another practical aspect of smoking bans in the same category. The
0

salience ic increases as more evidence from other relevant states becomes available,
showing t@nforcemem of smoking bans is not always unproblematic. For instance, the
examples i dix C.6 (p. 24) show that some business owners filed lawsuits challenging the
scope andmof smoking bans (e.g., “Bar owner’s smoking ban suit dismissed”). The last
correlation in thj§ category, that for Local Legislation, is also negative (e.g., “Naperville
officials t'ltdelayed voting on a proposed smoking ban”). This finding suggests that the

decision- rocess may shift from the local to the state level when state legislation
becomes espread. Interestingly, Health is essentially unrelated to the share of prior

policy adoptiofiS"dy other relevant states.

We find e ce for our learning expectation in other categories. Consider the “Casinos”
category, cludes legislation introducing smoking restrictions in casinos. The specific
Casinos tgpic within this category becomes more salient when many states enact smoking

no that their experience points to negative consequences for the casino business, as

illustrated examples in Appendix C.6 (e.g., “The industry has attributed the struggles
largebrish economy and a smoking ban that went into effect in January 2008,” p. 25).
As m dopt laws, and as evidence begins to amass about potential harmful

conseqwming occurs and the topic is more likely to emerge as a frame.

Next, ings for topics in the “Politics” and “Interest Groups” categories indicate
that state arn not only from policy outcomes in other states; they also can learn about
political o . Electoral Politics identifies voters’ involvement in the decision-making
process, and more generally the political-electoral dimension of smoking ban adoption and

implementation (e.g., “Louisville Metro Council incumbent Ken Fleming is facing a strong

This article is protected by copyright. All rights reserved.



challenge from political newcomer Neville Blakemore, who is making an issue of Fleming’s

position on smoking curbs”). It becomes a much more prominent topic when other states start

to pass Mestrictions.

Figuremws that another prominent political dimension, that of the dominant

interest®o n in this area—7Tobacco Companies—is strongly and negatively correlated
with the 1

in other states. That is, as more states adopt these restrictions or bans,
Tobacco (@s is less likely to emerge as a topic or frame. Given that restrictions and
bans are dopted over the opposition of this industry, and given the growing public
distrust o s&companies during the period we examine, the increasing success of other
states in adoptinSsuch policies means that states may no longer view tobacco companies as
pivotal acmconsequently see less need to defer to them (e.g., “The company has made

that point

2009, on mte and on tear-tape on cigarette packages”).

<H3>Emulaggio®”Our emulation expectation states that for topics that are widely shared and

cast advertisements, in fliers it has inserted in cigarette packs from 2002 to

internalized, we would expect a decrease in attention as more states adopt policies. The
reason forSis expected drop-off is that these aspects of a policy will become widely accepted,

even taken anted. When this happens, they will fade from public discourse.

To exa is expectation, we consider the “Normative” category. The topic in this
group, Frgdom, is not linked to concrete aspects of smoking bans that can be verified by
lookinWriences of other states. In particular, the compatibility of smoking bans with
individuall can potentially become taken for granted and achieve a status in which

they are, quote Finnemore and Sikkink (1998, 895), “no longer a matter of broad

public Therefore, we expect a negative correlation between normative topics and
previous ado by other states.

Contrary to this expectation, Figure 2 shows that topics in the “Normative” group are not

correlated with the policies of other states. In particular, Freedom is discussed with about the
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same frequency regardless of how many other states have enacted bans. The compatibility of
smoking bans with individual rights (e.g., “Regardless of what ban supporters say, this is not
about thh; it’s about controlling the lives of others”; see Appendix C.6, p. 21) is
highly sallic debates on smoking bans—indeed, it is the most frequent topic (see
Figure pmrelevance does not increase or decrease, relative to other topics, when more
states adowncy. That is, the experiences of other states do not change the frequency—
again, relgftve ther topics—with which smoking bans are discussed in connection with
individual r1 implying that although Freedom is an important part of the debate, it is not a

crucial dimenSio of the diffusion of smoking bans.""

<H3>Topic_Correlations. We now turn to our expectation about the connections between

individual¥gpics. In examining correlations between topics, we consider both their nature and

how they ith the share of prior policy adoptions in other states. Figure 3 shows, in
network ow our individual topics correlate with one another. For the reasons
explain 1er, we concentrate on positive correlations. The top panel of Figure 3 shows
correlati mputed using the whole corpus and is the basis for the categories we have used

so far. The middle panel computes correlations using the subset of texts for which the values of

the spatia is smaller than or equal to 0.5—that is, cases in which less than 50% of other

3

states hav the policy. Finally, the bottom panel shows the correlations when most other
states have

d the policy.

more complex as the policy diffuses. When few other states have adopted the policy (i.e., the

middle panel), Rules and Enforcement tend to be discussed together, but

This article is protected by copyright. All rights reserved.



Although we did not assign Health to the “Normative” category, this frame also shows little change
corresponding to the number of earlier adoptions (unlike Freedom, it increases very slightly). The examples in
Appendix C.6 (p. 20) show texts relevant to Health that mention scientific studies, including those conducted in
other countries, and refer to their findings as “facts,” supporting the idea that the scientific consensus has gained
broad a%t in conjunction with other topics. The same holds for Health and Freedom,
suggesting #hat Health might share some features with the normative category of Freedom. Moreover,
several topi iscussed in isolation.

Howe any states have adopted the policy, we see the emergence of a broad
frame c-o Tngmany topics. The central node of this frame is Rules, with connections not
only with Enfogcement, but also with Health and Freedom (via Bars and Restaurants) and
Electoral ticd (via Local Legislation). That is, a much more complex frame emerges,

combininwal, normative, and political aspects. This evidence suggests that policy

diffusion is assOciated with policy frames taking more sides of the problem into account.
Moreover, addit;'Snal analysis in Appendix C.5 (p. 19) shows that the emergence of more
complex f] oes together with a smaller number of distinct topics, suggesting that the

more co e crowds out other frames.

(O

2 <H2>Summary
We conclude that the way smoking bans are defined or framed is predicted by the prevalence of

the polic;sin other states, which supports our first expectation (Diffusion). As the policy

becomes more widespread, some issues (e.g., the consequences of smoking bans for casinos,

enforcemd @ ems, political support) gain salience and prominence, whereas others (e.g.,

the cmr:or bars and restaurants, the influence of tobacco companies, regulatory

details s relevant. Notably, and consistent with our second expectation (Learning),
these tw to the practical, observable consequences of smoking bans. On the other
hand, topics that iapture normative aspects of the debates over this policy area—most clearly
Freedom—are ffected by earlier adoptions, which goes against our third expectation
(Emul. inally, the complexity of policy frames increases with diffusion. As the policy
becomes more widespread, policy frames take into account more aspects of the problem,

connecting previously separate topics linked to the normative, practical, and political

implications of smoking bans (Frame Correlations).

This article is protected by copyright. All rights reserved.



<H1>Conclusion

{

Our study new perspective to the study of policy diffusion by focusing on framing and

issue defi er than examining whether policy adoptions are a function of previous

[
adoptionsgwhich has been the standard approach, we instead investigate another aspect of
diffusion, gne ghat has been overlooked and for which no conventional wisdom exists.
Namely, xamined the link between prior adoptions and the way an issue is defined or

framed.

SC

Our a emonstrates both that issue definition is an integral part of the diffusion

¥

process a iffusion plays a key role in issue definition. Most notably, we find that as a

policy be€omes more widespread, the ways an issue is defined changes, although this

)

connection ot exist for all types of frames. Normative rationales of a policy are
relatively m to previous adoptions. On the other hand, more practical aspects in which
learnin are defined differently when most other states have adopted the policy than
when few h some frames becoming more prevalent as adoptions become more frequent

while other frames fade away as the experience of others demonstrates their irrelevance.

MoreoverSrames tend to become more complex as the policy spreads.

Viewe e perspective of policy diffusion theory, our findings mean that the effects of

diffusion co to evidence well before the adoption stage, or even the agenda-setting stage.

g

Policy diffusion can affect policymaking by shaping how issues are defined—that is, by
shapingWage of the policy process. In other words, the reach of diffusion processes,
and their nto influence policymaking activity, is even greater than currently assumed.

Moreover, ings imply that conventional results, focusing narrowly on policy adoptions,

might what misleading, or potentially spurious, since diffusion operates prior to the
adoption staget

We also show that there is another benefit to focusing on stages prior to adoption.

Explaining whether a policy is adopted, which has been the standard approach in diffusion
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studies, is certainly valuable. But for this approach to work, the policy under study must be
widespread; otherwise, the data set will include too many Os and too few 1s in the dependent
VariableMnalysis to be reliable or even feasible. Moreover, policies must be easily

measurab mparable. However, many important policies cannot be easily measured or

o

compaygd acrass units; and many phenomena may not (yet) be widespread. In such cases, a
conventioMsion approach that focuses on adoptions as a dependent variable is not useful,
even though a diffusion perspective—one showing how policymaking activities in previous and

current states are related—might be highly relevant. Our approach shows how scholars can
y(Jc)o

study an r a range of political phenomena from a diffusion angle, regardless of

whether p ave been adopted. Thus, it can shed light on policy areas that, unlike anti-

$

smoking 1aWs*d0 not include frequent adoptions. In such areas, our findings lead us to expect

that there Will be a larger number of unconnected frames. Moreover, we expect that normative

B

frames wil be prominent and remain so throughout the diffusion process.

d

Our study S€ts the stage for the examination of an additional set of theoretical and
empirica ions. Notably, many of these questions would not have been apparent before our
analysi ple, some studies have established that the diffusion of innovations is
conditional on the strength of interest groups and the capacity of the legislature. Do such

political V&condition the diffusion from adoptions to the issue-definition stage?

In ade have examined diffusion and the issue-definition stage within one
partic:rea. As we have explained, smoking restrictions presents an especially good

area 1 xamine this topic, given the existence of multiple frames, the relatively
short pMich policies were considered, and so on. Thus, we are confident that our
approach and resits provide a good template for how to examine other policy areas that meet

these criteria, i ding changes to the death penalty, abortion, gun safety, same-sex marriage,

liberalization. At the same time, it will certainly be worthwhile to explore
whether similar patterns exist in other policy areas. In particular, for our analysis, we relied on
the use of latent diffusion networks (although we emphasized that our results are robust to

examining other sets of relevant states). The latent network we used was based on all policies,
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but it can be used to determine networks based on subsets of policies. This would allow

scholars to examine a network that was created based only on related policies or policies that

includeMrts of frames, such as freedom.

AnothQ that our analysis allows scholars to consider concerns the direct link
betweefp mes in earlier states and those in later states. Such frame-to-frame diffusion
cannot be ithin our framework because the STM estimates the prevalence of topics and
their corr@lationsy with covariates (e.g., the frequency of prior adoptions) simultaneously.
Conseque ough we can include prior adoptions as covariates, we cannot include the
prevalence Of edtlier frames in other states as a covariate in the STM because this prevalence is
unknown prior tSestimating the model. A study that builds on our article and examines the
link betw es in different states would be an illuminating addition to the diffusion
literature.zy, future studies should work to develop new ways to assess the link
between t and framing as a measure of issue definition. Combining topics and
sentiment 1 a“€oherent outcome variable is difficult within our methodological approach
because a we included sentiment as a covariate, measured prior to the analysis, topics are
identifi ively together with their correlation with covariates. Moreover, studies building
on our approach should aim to develop ways to strengthen the connection between theoretical

expectatiohmpirical analysis to better cope with its inductive aspects. One challenge to

overcome | ulation of specific hypotheses when topics are unknown because they are yet

to be identified®y the model. Finally, future research should attempt to go beyond prediction to
measure Susal effects. It is a daunting task in this context because it requires solving
simultaw difficult problems that the literature is just starting to address individually
(but not anjunction): causal inference with text data (Egami et al. 2018) and the

identificati sal diffusion effects using observational data (Egami 2018).

W owledging the relevance of these other questions and topics, it is worth
repeating that they arise because of the work presented in this article. Until now, there has
been no investigation of the connection between prior adoptions and the beginning steps of the

policy process (i.e., issue definition and policy frames) in later states. The primary value of our
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approach is that it provides a new, innovative way to investigate this connection. On its own,

this constitutes a valuable addition to the literatures on policymaking and policy diffusion.

l

Butita es a foundation that other studies can build on to explore new avenues that

will furthe @ our understanding of diffusion and the policy process.
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