
PRICE ISN’T EVERYTHING: BEHAVIORAL RESPONSE
AROUND CHANGES IN SIN TAXES

Alex Rees-Jones and Kyle Rozema
In traditional economic models, taxes change behavior by changing prices. In empirical
analyses, factors other than price are thought to be relevant, but any nonprice factors are
usually assumed to be held constant as taxes vary. We contend that violations of this assump-
tion are expected when laws are passed changing sin taxes. In support of this claim, we doc-
ument that state-level cigarette tax increases are concomitant with increases in antismoking
appropriations, media coverage on smoking, lobbying efforts, and place-based smoking re-
strictions. The influence of these nonprice factors is easily confused with price effects, and
we find evidence suggesting that controlling for them substantially reduces the estimated de-
mand responsivity to the tax itself.
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I. INTRODUCTION

T axes are often deployed to shape the behavior of individuals and institutions.
But how does this behavioral change arise? Nearly universally in economic

models, taxes’ influence on behavior is attributed to their impact on prices. Con-
cretely, a tax on a good raises its price, and the law of demand then implies that the
quantity demanded should decrease. In the course of changing a tax law, however,
more than just prices may change. Especially in cases where taxes are intended to dis-
suade consumption (e.g., taxes on alcohol, carbon, or cigarettes), changing the law typ-
ically requires making the case that consumption should be dissuaded. Interested par-
ties may attempt to influence the legislative process with the provision of information
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and persuasive appeals, and theymay attempt to simultaneously deploy other interven-
tions to achieve their goal of dissuasion. Furthermore, the act of changing the law may
itself have an expressive effect, whereby it directly influences beliefs, emotions, or be-
havior purely by condoning or condemning an activity (McAdams, 2015). In short,
while tax changes do typically influence price, they may also be expected to occur
alongside significant changes to potentially important nonprice factors.
In this article, we document the significant changes to nonprice factors that occur

as cigarette taxes are changed. We further document that accounting for nonprice
factors is critical in estimating the behavioral response to these tax changes. In our
context, failure to control for our set of nonprice factors would lead a researcher to
significantly inflate estimates related to tax elasticity. This omission of controls
could also lead a researcher to infer that behavioral response preceding a tax change
is unambiguous evidence of the anticipatory response present in rational-addiction
models, when it may instead be driven by the coevolution of nonprice factors.
In our empirical analysis, we specifically examine how the consumption of cig-

arettes by pregnant women evolves throughout the process of state-level cigarette
tax law changes. Dissuading smoking by pregnant women is of particular policy
interest because of smoking’s consequences for infant health (Evans, Ringel, and
Stech, 1999; DeCicca, Kenkel, and Lovenheim, 2022). Prominent papers on the re-
sponse to sin taxation use this behavior as a proxy for smoking more broadly (see,
e.g., Gruber and Kőszegi, 2001), in part because of the unusual availability of high-
frequency measurements of smoking that are comparable across states and over
time. These data come from the smoking information that is reported on the US
Standard Certificate of Live Birth, a permanent legal record required for all live
births. Using these data, we examine how cigarette consumption evolves in the time
period surrounding 150 state-level tax law changes occurring between 1989 and
2009.
Our empirical analysis proceeds in three steps. First, we examine the time paths of

four nonprice factors: tobacco industry spending on political donations to state pol-
iticians, antismoking appropriations (which are used to fund antismoking advertis-
ing, among other things), news headlines related to cigarettes, and place-based legal
restrictions on cigarette smoking (such as bans on smoking in restaurants or work-
places). We document substantial changes in these factors in the window surround-
ing a tax change. Comparedwith states not facing tax changes, states facing a change
face a sizable increase in political donations and newspaper coverage in the lead-up
to the reform. This illustrates that cigarette tax changes occur during time periods of
substantial information provision and attempts at persuasion. The period before and
after a cigarette tax change is also marked by an increase in both antismoking appro-
priations and place-based legal restrictions, illustrating the simultaneous deployment
of other dissuasive policies. These findings establish that potentially important
nonprice factors are not held constant throughout the lawmaking process.
Second, we examine the role of nonprice factors as explanations of the decrease

in cigarette consumption that occurs around changes in tax law. We demonstrate
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that this decrease in consumption is partly explained by increases in antismoking
appropriations, increases in newspaper coverage, and the adoption of place-based
legal restrictions, even after accounting for the changes in the taxes themselves.
The inclusion of these controls leads to quantitatively important changes in the be-
havioral response attributed to the tax itself: it reduces the estimated responsivity to
the tax by roughly half. Under reasonable assumptions of the importance of unob-
served nonprice factors, the estimated responsivity decreases further.
This analysis demonstrates that the within-state variation in demand occurring

around a tax change is significantly influenced by variation in nonprice factors even
when accounting for variation in taxes themselves. Combined with the findings that
nonprice factors change markedly in the window around a tax change, this finding
poses a challenge for identification strategies that make use of within-state varia-
tion in smoking and taxes. Within-state variation is a common source of variation
used for identification in the sin-tax literature, and we are unaware of any observa-
tional study of a sin-tax elasticity where nonprice factors are reasonably controlled.
Caution is therefore needed in mapping estimates from the existing literature into
notions of elasticity derived purely from price effects.
In our third set of analyses, we investigate additional predictions that arise if

nonprice factors are at work. Because the increase in nonprice factors often occurs
well in advance of the tax change, the decrease in demand due to these factors
should occur well before taxes become relevant for prices. Directly comparing
the time path of demand in states facing a tax change to that in states facing no
tax change, we find that demand is better explained as a smooth and gradual de-
crease preceding the change than it is by a function with discontinuity when tax
changes are announced or enacted. These patterns contrast with the predictions
of standard models where consumers only respond to the current tax and with
the predictions of rational addition models where consumers respond to announced
future taxes. We also document that a classic piece of evidence in support of
rational-addiction models — the anticipatory response to tax increases between the
moment of announcement and enactment found by Gruber and Kőszegi (2001) —
does not survive the inclusion of controls for our nonprice factors. Our analysis does
not establish the absence of the anticipatory rational-addiction response discussed
by Gruber and Kőszegi (2001) but rather makes clear that compellingly testing for
its presence is difficult when accounting for nonprice factors.
In sum, our results support the view that the process of changing tax laws changes

more than just prices. Perhaps surprisingly, the quantitative impact of informational,
psychological, and sociological factors influencing demand may be of at least com-
parable quantitative importance for understanding behavior during a tax change.
Some of the role of these nonprice factors falls under the umbrella of “expressive
powers of the law” — that is, the power of the law or lawmaking process to in-
fluence behavior through what it expresses and communicates, and not merely
through its direct influence on rules and incentives. Such expressive effects have
a prominent role in the legal literature, but this concept is rarely considered in
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economic applications,1 and relatively little empirical workmeasures its importance.2

While fewwould disagree with the conceptual point that these factors need to be held
constant in assessments of behavioral response, the results of this paper suggest that
holding these factors constant is more challenging and more important than is com-
monly appreciated.3

The paper proceeds as follows. Section II provides a conceptual framework for
understanding the role of nonprice factors. Section III describes the construction of
our data set. Section IV presents empirical analysis. Section V concludes.
II. CONCEPTUAL FRAMEWORK

Our empirical analyses evaluate the extent towhich changes in cigarette consump-
tion around tax changes are attributed to changes in prices. We formalize the poten-
tial theoretical role of nonprice factors using the model of Reif (2019), which com-
bines and generalizes the forward-looking features of the rational-addictionmodel of
Becker and Murphy (1988) and social interaction features in the spirit of Brock and
Durlauf (2001).
Consider an individual facing the following utility maximization problem:

max
fat ,ctg8t

∑
∞

t51

bt21(U (at, ct, xt, St) 1 G(at, Et½āt�))

s:t: A0 5 ∑
∞

t51

(1 1 r)2(t21)(ct 1 ptat)

St11 5 (1 2 d)(St 1 at):

Utility in period t is governed by the individual’s discount rate (b < 1), private util-
ity (U ), and social utility (G). Utility is maximized subject to a budget constraint
requiring that lifetime discounted expenditures (at an interest rate r) equal lifetime
discounted wealth (A0).
1 This is true not only in classical economic models with rational agents (e.g., Pigou, 1920; Ramsey,
1927; Harberger, 1964) but also in economic models of sin taxation in behavioral public finance (e.g.,
O’Donoghue and Rabin, 2003, 2005, 2006; Farhi andGabaix, 2017;Allcott, Lockwood, and Taubinsky,
2019). Although these behavioral-economic models involve agents with some degree of “irrationality,”
they continue to model taxes as affecting quantity demanded through prices. A partial exception to this
characterization occurs in models of “tax aversion” in which tax changes dissuade behavior by more
than an equivalent price change due to dislike of the tax itself (Kessler and Norton, 2016).

2 For some discussion and measurement of expressive effects, see, e.g., McAdams and Nadler (2005),
Funk (2007), Wittlin (2011), Dwenger et al. (2016), and Fabbri and Hoeppner (2018).

3 Our findings are reminiscent of DeCicca et al. (2008), who document a positive cross-sectional cor-
relation between cigarette prices and antismoking sentiments and show that the correlation leads to
the overestimation of price elasticities inferred from comparisons across states with different tax re-
gimes. Our point is related but distinct: that a variety of factors relating to and shaping antismoking
sentiments rapidly change within a state in the lead-up to a tax change. These findings are clearly re-
lated, but our results more directly inform empirical strategies based on within-state variation.
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This model has four basic features. First, the individual chooses between smok-
ing at at price pt and other consumption ct (with price normalized to 1), resulting in
substitution between these goods governed by their relative prices. Standard sen-
sitivity to contemporaneous prices arises. Second, the individual is influenced by
addiction to nicotine (achieved by smoking). Addiction is modeled with a “stock”
of addictive capital St that decays each period by the rate of depreciation d ∈ (0, 1).
The larger the addictive stock, the higher the marginal utility of smoking. Through
this channel, the amount of nicotine consumption today will influence how much
an individual wants to smoke in the future; therefore, prices that will be faced in the
future become relevant to consumption decisions today. Third, the utility of smok-
ing is influenced by the behavior of other individuals through social utility (G),
such as where conformity to group smoking norms is valued or where smoking
generates spillovers.4 Social utility is governed by the relationship of the individ-
ual’s smoking (at) and the individual’s expectation of the average smoking of
others (Et[āt]).5 Fourth, utility is influenced by a catch-all component for “nonprice
factors” xt, which accounts for the level of education, advertising, and other factors
that influence both utility directly and utility achieved from smoking.6

In theoretical or empirical approaches using models of this variety, the term xt is
normally viewed as a confounding factor. For convenience, it is typically assumed
to be held constant in the course of a tax change. We argue that a variety of factors
that evolve in the course of a tax change is naturally accommodated by this term.
We follow Reif (2019) and represent individual utility (after substituting optimal ct
into the equation) as:

V (at, xt, St, Et½āt�) 5 2
1

2

�
baaa

2
t 1 bSSS

2
t 1 bxxx

2
t

�
1baSatSt 1 baxatxt 1 bSxStxt

1 baat 1 bSSt 1 bxxt 1 bk 1 G(at, Et½āt�):
This representation allows utility to depend on both linear and quadratic terms

for smoking (at), addictive stock (St), and other factors (xt). Utility also depends
on interactions between all three, and a more general functional form of social utility
(G(at, Et[āt])). For further details and restrictions on these terms, see Reif (2019).
This representation highlights the manner in which nonprice factors may become

relevant. In the context of this model, such factors may operate through several
channels. First, through the terms bxx and bx, xt directly affects utility. This could
4 As noted by Reif, social utility of these types have been employed in significant prior work (Binder
and Pesaran, 2001; Brock andDurlauf, 2001; Glaeser and Scheinkman, 2002; Blanchflower, Van Lan-
deghem, and Oswald, 2009).

5 Reif considers several ways of specifying this function and assumes that the group is sufficiently large
that the individual’s contribution to the mean is negligible.

6 For ease of exposition, we adopt Reif’s treatment of xt as a scalar. However, we note that its replace-
ment with a vector poses no conceptual problem.
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capture phenomena such as a direct aversion to graphic warning labels,7 and it could
capture direct aversion to antismoking sentiment (as in, e.g., DeCicca et al., 2008).
Second, through the term bax, xt influences themarginal utility generated by additional
smoking. This could capture news coverage influencing beliefs about the marginal
health consequences of smoking or direct increases in the marginal costs of smoking
from non-tax dissuasive policies such as place-based restrictions. Third, through the
term bSx, xt influences the marginal utility of smoking generated by addictive stock.
This could capture advertisements that remind the individual of smoking more often,
policies that restrict exposure to smoking in public areas, or increased information
about or accessibility of smoking cessation aids.8

The degree to which smokers actively choose to manage their addiction in a
forward-looking manner remains a topic of debate. However, as documented in
Reif (2019), convenient cigarette demand equations result from this framework re-
gardless of whether consumers are myopic or forward-looking. The smoking de-
mand equation for a myopic individual is:

at 5 a1pt 1 a2St 1 a3āt 1 a4xi 1 km:

The smoking demand equation for a forward-looking individual is:

at 5 b1pt 1 b2pt11 1 b3St 1 b4āt 1 b5āt11 1 b6xt 1 b7xt11 1 k:

In both cases, demand is linear in the parameters of interest, with the coefficients
(a, b) and the constants (km, k) depending on the specifics of the social interaction
model.
These demand equations nest both the common considerations of a tax change

present in the literature and the alternative nonprice factors that we set out to study.
First, both demand equations contain a standard, contemporaneous price effect
(represented by the term a1 or b1). In traditional models of sin taxation that are
meant to approximate (addiction-free) rational agents, this is the sole channel
through which a tax change influences behavior. Next, the demand equations con-
tain intertemporal dependency on past and future prices. Past and future prices be-
come indirectly relevant through the addictive component, captured by term a2 in
themyopic model or the term b3 in the forward-lookingmodel, and become directly
7 For recent empirical evidence on the effects of graphic warning labels on consumption, see Beleche
et al. (2018). Graphic warning labels are used in other settings as well, and recent field-tests provide
empirical evidence that graphic warning labels on sugary drinks canmeaningfully decrease consump-
tion (e.g., Roberto et al., 2016).

8 Reif’s model does not permit these other factors to influence social utility. However, in principle, the
importance of these factors could arise through this channel as well. Antismoking campaigns have
arguably increased the social stigma surrounding smoking, which itself can decrease demand (Stuber,
Galea, and Link, 2009; Riley et al., 2017). Furthermore, place-based smoking restrictions can dis-
place smoking to or from public locations, so these restrictions could shape perceptions of smoking
prevalence (Hamilton, Biener, and Brennan, 2008).
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relevant for the forward-looking consumer through the term b2. These terms cap-
ture the forces of anticipatory price responses (as in Becker and Murphy, 1988;
Gruber and Kőszegi, 2001).
We contend that typical discussion or analysis of tax changes imagines taxes op-

erating through only contemporaneous and non-contemporaneous prices. Indeed,
most discussion and analysis of tax changes typically focuses entirely on contem-
poraneous prices. However, we draw attention to the remaining components of the
demand equations, which are governed directly by issues such as expectations of
social behavior, information, and material changes to the costs or benefits of smok-
ing itself. A tax change is almost always viewed purely as a price change, but we
will present evidence suggesting that both the social expectations and information
components captured in the remaining terms of the equation are directly affected.
III. DATA SOURCES AND SAMPLE DEFINITION

Our data analysis relies on the cigarette consumption of pregnant mothers, the
timing of state-level proposed tax law changes, and measurement of our candidate
nonprice factors that could influence demand. We detail our construction of these
data in this section.
A. Cigarette Demand: Natality Files

To conduct our analyses, we require a measure of cigarette consumption that is
both high-frequency and comparable across states and over time.When facing these
requirements, research on cigarette demand typically uses one of two data sources:
direct measurement of cigarette sales or survey measures of consumption.
While sales data have clear appeal as a data source, they have three important lim-

itations for the purposes of our study. First, rich sales data have limited availability
for longer time series (e.g., Nielsen scanner data is not available for purchases be-
fore 2004). Second, cigarette purchasing diverges from cigarette consumption sur-
rounding tax changes because of stockpiling (Chiou andMuehlegger, 2014). Third,
tax changes may induce smokers to travel to other tax territories for purchases,
which lead sales data from a particular retailer to more imperfectly reflect a given
consumer’s consumption (see, e.g., Chiou and Muehlegger, 2008; Lovenheim,
2008; DeCicca, Kenkel, and Liu, 2013a, 2013b).
Although survey measures of consumption can overcome these issues, they

come with their own limitations. First, survey data are often criticized for selection
into participation or imperfections in recorded responses. Second, few surveys are
conducted in a manner that provides data on cigarette consumption at a granular
time level.
To address these issues, we adopt the (partial) solution proposed by Gruber and

Kőszegi (2001): we study the cigarette consumption of mothers who gave birth as
recorded in the Vital Statistics Detailed Natality Data Files. The manner in which
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this data set is constructed mitigates concerns present with sales data. Certificates
of Live Birth9 have significantly fewer problems with noncompletion than typical
surveys, and the formal records are made with input and supervision from medical
professionals. The data are collected by first starting with medical records and phy-
sician reports of the mothers’ smoking behavior. The questionnaire submitted by
the mother is only completely relied upon in cases where further medical records
are not available.When other medical records are available, a nurse follows upwith
the mother if they conflict with the questionnaire responses. Smulian et al. (2001)
find that 86 percent of hospital staff in New Jersey maternity facilities used either
prenatal care records or maternal hospital medical records as the source of the smok-
ing information. They also found that only 6 percent of hospital staff in New Jersey
used the mother’s report.10 Furthermore, the smoking measures included in these
data elicit mothers’ smoking behavior in the window prior to their child’s birth.
The fact that births are distributed across time, combined with the fact that these
data were collected in a consistent way across a large group of states for a signifi-
cant window of time, allows for the construction of a panel data set spanning many
tax change events while still having the needed granularity.
For most states, the Natality files record every birth since 1989 and contain a

standardized elicitation of recent cigarette consumption as of that year. We follow
the treatment of the smoking variable in Gruber and Kőszegi (2001) and assume
that it represents the average rate of consumption in the month before delivery. Un-
fortunately for our purposes, the details of the elicitation of cigarette consumption
changed in the mid-2000s, and states transitioned to using a new measure in a stag-
gered manner between 2003 and 2009. Because the new measures are not directly
comparable to the old measures, we drop states from our data set once the older
measure is no longer available. Moreover, information on cigarette consumption
is either unavailable or unreliable in California, Indiana, South Dakota, and New
York, so we follow Gruber and Kőszegi (2001) and drop these states. For the re-
maining states, we construct the state-year-month average cigarette consumption
beginning in 1989 and ending when the survey elicitation changed in the state.
Like Gruber and Kőszegi (2001), we note that although pregnant women are not

a representative population, they are an important group to study because of the
important consequences of maternal smoking on infant health. Indeed, the impact
of maternal smoking on infant health is thought to be one of the main externalities
associated with smoking (Evans, Ringel, and Stech, 1999; DeCicca, Kenkel, and
Lovenheim, 2022).
9 See Figure A1 for an example of these forms.
10 Of course, smoking behavior recorded in earlier medical records is also subject to concerns of mis-

reporting— for example, if the mother misrepresented her smoking behavior in prenatal care visits.
However, the fact that answers are checked for consistency over time, and the fact that the process is
supervised by healthcare professionals and based on information from longer clinical relationships
with the mothers, provides greater assurances of accuracy than simple, one-shot survey elicitations.
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B. Timing of Tax Laws

For data on monthly state cigarette taxes in place and the timing of changes in
state cigarette tax law, we use data from the State Tobacco Activities Tracking and
Evaluation System from the Centers for Disease Control and Prevention (2018).
We identify the timing of each tax law change, including year-month of the enactment
of the new law and the year-month that the law change becomes effective. We also
validate the effective dates by comparing them to those reported in the TaxBurden on
Tobacco dataset released by the Federation of Tax Administrators.
C. Intensity of Political Activities and Social Debate

We form three different measures of political and social debate to serve as some of
our nonprice factors. We view these as measures of activities intended to inform or
influence the behaviors of either voters or lawmakers. Thesemeasures can be thought
of as imperfect proxies for an expanded definition of the “expressive effects”
(McAdams, 2015) — effects that occur as a result of the ideas communicated by
the activities and debate that surround and accompany the process of legal change.
First, we establish a proxy relevant to the intensity of political debate around cig-

arettes using tobacco industry spending on political donations to state politicians.
To do so, we use a component of the Database on Ideology, Money in Politics, and
Elections (DIME) (Bonica, 2016). DIME contains information on approximately
100 million donations made by individuals, political action committees, and corpo-
rations to candidates in local, state, and federal elections from 1979 to 2014.11 Our
measure draws from the “contributions database” within DIME, focusing specifi-
cally on donations to state-level candidates. DIME includes the date on which the
donation was made and the state of the recipient candidate or committee. Using
these data, we build a panel of state-year-month donations made from the tobacco-
related entities. It is worth noting that political donations are likely less salient to
smokers than the other nonprice factors, in part because they are an input into a policy
outcome rather than a policy outcome itself.
Second, to construct a measure of persuasive activity by antitobacco interests, we

use state-level antismoking appropriations fromCenters for Disease Control’s Health
Communication Interventions (2015).12 The appropriations data capture funding
from four major funding sources: federal funding, state funding, the Robert Wood
Johnson Foundation, and the American Legacy Foundation. Note that this measure
of appropriations only imperfectly reflects expenditures in a given time period be-
cause the appropriations are not necessarily expended. We assume that they are ex-
pended in a uniform manner throughout the funding period.
11 Within this database, contribution records, candidate and committee filings, and election outcomes for state
elections are provided by the National Institute on Money in State Politics and the Sunlight Foundation.

12 Because the appropriations data are available only since 1991, we code appropriations in 1989 and
1990 as those in 1991.
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Third, we establish a proxy for the intensity of public debate around cigarettes
by using headline appearances of smoking-related words in newspapers. This ap-
proach derives a measure of public debate by assuming that newspapers either re-
spond to public demand for issues or promote debate about an issue by writing
about it.13 To construct the data set, we scraped headlines from newslibrary.com
from 1990 to 2015. According to newslibrary.com, it is “the most complete ar-
chive available” for 6,504 newspapers and other news sources. The website is
searchable by state and search results contain the date of the news article. Our
main measure is the number of monthly headlines including “cigarette.” Newspa-
pers enter and exit this data set over time, with substantially more newspapers in
the data set in recent years, so we measure the intensity of debate using the number
of cigarette-related headlines per state or local journal rather than the raw count of
articles appearing.
D. Place-Based Legal Restrictions

We construct an index of the legislative activity related to place-based restric-
tions on smoking activity using the State Tobacco Activities Tracking and Evalu-
ation System from the Centers for Disease Control and Prevention (2018). These
data contain historical information on all state-level legislation, including the en-
actment date and the effective date. More important, for a set of classes of locations
(including restaurants, private worksites, day care centers, and more),14 this data set
provides the citation of the statute that prohibited smoking at that location class.
Our place-based legal restriction index is the average of the cumulative number
of legal changes in each of the classes of locations that are independently tracked.

E. Summary of Panel

The final sample consists of 10,022 state-year-month cells and spans 150 tax
changes occurring in 43 of the 46 states in the sample. Figure 1 reports the window
13 In showing that changes in physician behavior before tort reforms lead to a twofold increase on es-
timated effects of the law on physician behavior, Malani and Reif (2015) document an increase in
newspapers discussing medical malpractice reforms before it was adopted. Past work like this par-
tially motivates our approach.

14 The full set of classes of locations recorded in the data is “Bars, Commercial Day Care Centers, Gov-
ernment Multi-Unit Housing, Government Worksites, Home-Based Day Care Centers, Hotels and Mo-
tels, Personal Vehicles, Private Multi-Unit Housing, Private Worksites, Restaurants, Bingo Halls, Casi-
nos, Enclosed Arenas, Grocery Stores, Hospitals, Hospital Campuses, Malls, Mental Health Outpatient
and Residential Facilities, Prisons, Public Transportation, Racetrack Casinos, Substance Abuse Outpa-
tient and Residential Facilities.”When counting the number of distinct changes, we group several sim-
ilar classes. Our coding of day-care centers includes commercial and home-based facilities. Our coding
of casinos includes casinos, bingo halls, and racetracks. Our coding of hospitals includes hospitals and
hospital campuses. Our coding of mental health facilities includes mental health outpatient and residen-
tial facilities. Our coding of substance use facilities includes outpatient and residential facilities.



Figure 1. Summary of state’s data availability and tax law changes. Each line indicates the years
that the state is in the sample. The circle markers indicate the timing of cigarette tax changes.
The dates for changes in state cigarette tax laws come from the State Tobacco Activities Tracking
and Evaluation System from the Centers for Disease Control and Prevention (2018).
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of available data for each state, as well as the timing of tax law change events. The
data start in 1990 for all but a few states. The data end in 2009 for 23 states, the data
end between 2005 and 2009 for 12 states, and the data end from 2003 to 2004 for
the remaining 11 states. The size of the tax change ranges from a decrease of $0.10
to an increase of $1.00, with 75 percent of tax changes increasing by at least $0.05,
50 percent increasing by at least $0.15, and 25 percent increasing by at least $0.37.
The average size of the tax change was an increase of $0.25.
IV. EMPIRICAL ANALYSIS

In this section, we investigate the importance of nonprice factors in explaining
the decrease in cigarette consumption around tax law changes. We proceed in three
steps. First, we examine the time path of nonprice factors around tax law changes.
Second, we examine the relative importance of price and nonprice factors in
explaining the decrease in consumption that occurs following tax law changes. Third,
we revisit typical explanations for the timing of behavioral changes in the period sur-
rounding a tax law change. The formal econometric specification varies across these
three groups of analyses, and we present the relevant details when each specification
is introduced. However, all three groups of analyses involve a “stacked-event-study”
approach, which we describe here. For recent papers organizing data with similar
procedures, see Cengiz et al. (2019) or Deshpande and Li (2019).
To illustrate the organization of data in a stacked event study, we first describe the

data structure of a single event considered in isolation. We then discuss the process
whereby individual events are “stacked.”
Imagine that we are interested in understanding the impact of a single event: the

tax change that occurred in Louisiana in July 2000. To measure the impact of this
event, we would examine the evolution of smoking behavior in Louisiana in a win-
dow of time around that change, which we call an event window. Depending on our
analysis, the event window may be divided into further subperiods. In analyses
geared toward modeling the evolution of nonprice factors and consumption in
the time before and after a tax change, we define a baseline period occurring well
before the tax change and then examine how variables deviate from the baseline
average in the time period more immediately before and after the tax change. Con-
cretely, for our primary specifications in Subsections IV.A and IV.C, we define the
window 25–36 months (two to three years) before the tax change as the baseline
period and then examine how variables evolve relative to the average value during
baseline period across the 24months leading up to the tax change and the 12months
following it. In our regression analyses of tax responsivity, which involve comparing
average cigarette consumption before and after the tax change, we will define the
event window by a symmetric period before and after the tax change. Concretely,
for our primary specification in Subsection IV.B, we consider an event window cov-
ering 36 months before the tax change and 36 months after the tax change (although
we also consider narrower and wider windows).
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Conceptually, the behavior observed in Louisiana during the event windowmay be
thought of as a demonstration of behavior in a state that has been “treated”with a tax
change. In some of our analyses, we focus on understanding the predictors of within-
treated-state variation in outcomes. In other analyses, we compare changes in treated
states with changes in “control” states that did not experience a tax change. In form-
ing our set of control states,we exclude any state that experienced a tax change during
our defined event window. In addition, nonprice factors begin to evolve for a period
before a tax change and some continue to evolve after, sowe exclude any control state
that experienced a tax change in the six months immediately before or after the event
window.15

For this single event, our event data set would consist of observations for Lou-
isiana and for each control state for every month in the event window. To form our
full “stacked-event-study” data set, we append the event data sets for all of the tax
changes considered in our analysis. For our graphical analyses, and in Table 1, we
will restrict the data set to the 108 events for which we observe all state-year-
months in the full event window (effectively excluding tax changes at the very be-
ginning or very end of the sampling periods plotted in Figure 1). In our regression
analyses, we will consider all 150 tax change events.
Table 1 reports descriptive statistics of the original panel data and the stacked-

event-study data set. The stacked-event-study data set analyzed here is constructed
with an event window ranging from 36 months before the tax change to 12 months.
Table 1

Descriptive Statistics

Stacked Events

(1) (2) (3) (4)
Panel All Control Treatment

Average cigarettes per day 1.63 1.72 1.73 1.49
Monthly tobacco industry political donations

per 1000 citizens 1.45 0.56 0.51 1.35
Monthly antismoking appropriations

per 1000 citizens 131.65 100.90 94.42 190.19
Monthly news headlines per journal 0.36 0.35 0.35 0.35
Place-based legal restrictions index 0.44 0.34 0.33 0.47
Observations 10,022 78,204 72,912 5,292
Events 150 108 108 108
15 While we believe this additional exclusion based on a s
practice it has little impact on the estimates that we pr
ix-month b
esent.
uffer is con
ceptually i
Note: Column 1 presents averages of our primary variables of interest in our panel data. Columns 2–4
present averages from our “stacked-event-study” data set applying an event window covering 36 months
before the tax change to 12 months after.
mportant, in
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This data set contains 5,292 event-state-year-month cells for the treated group and
74,774 event-state-year-month cells for the control group. As this table reveals,
treated states in the stacked-event-study data set differ in clear ways from both their
control states and from the overall panel average. Relative to control states, treated
states have lower average cigarette consumption and higher average tobacco indus-
try political donations, antismoking appropriations, and place-based legal restric-
tions indices. These differences are consistent with the general concern motivating
our paper: that tax changes do not occur at random but rather during periods when a
variety of activities related to the dissuasion of smoking occur. In the next section,
we begin our analysis by examining these differences more formally.
A. Examining the Time Paths of Nonprice Factors

We begin by examining the time path of our candidate nonprice factors around
tax law changes. Within each event, we compare the evolution of each measure in
the state facing a tax law change (the “treated” state) with states facing no tax law
change within that window (or in the six months before and after it) (the “control”
states). To assess this evolution, we calculate the average value of each measure in
the baseline period (25–36 months before the tax change, indicated with shading in
Figure 2) and then plot the deviation from this baseline average across the event
window using a six-month moving average.
Using this methodology, Figure 2 documents a stark escalation of the four non-

price factors in the time surrounding a tax law change. Panel A reports the tobacco
industry political donations, Panel B reports the antismoking appropriations, Panel C
reports the news headlines per journal, and Panel D reports the place-based legal re-
strictions index. For a particularly clear example of the nature of social and political
discourse in the course of a tax law change, consider the time path for tobacco indus-
try political donations. While the baseline level of donations is quite low, donation
activity spikes in a narrow window leading up to the tax law change. The other mea-
sures exhibit conceptually similar differences between treated and control states, al-
though the changes are less localized. In the time period leading up to the tax law
change, there is a marked increase in newspaper headlines concerning cigarettes
and in antismoking appropriations. In the 24 months leading up to a tax law change,
there is a steady divergence between the treated and control states in the place-based
legal restrictions index.
Moving beyond visual assessment to statistical analysis, we directly test for the

significance of these patterns in a difference-in-differences approach. We estimate
the following regression with the stacked-event-study data:

xe,s,t 5 ∑b∈Bfbb � I(t ∈ b) 1 gb � I(t ∈ b) � Te,sg 1 fe,s 1 ee,s,t (1)

for event e in state s and event-time t, where b denotes an event-time period bin and
where B denotes the set of bins. In this equation, the outcome of interest is the value



Price Isn’t Everything 19
of a nonprice factor xe,s,tmeasured for event e in state s and event-time t. Variable Te,s

takes the value of 1 if state s is the treated state for event e and is otherwise 0. Event
time is grouped into six-month bins, spanning from 24 months prior to the event’s
tax change to 12 months after the events’ tax change. The function I(t ∈ b) takes
the value of 1 if the event time under consideration falls in bin b and is otherwise 0.
The term fe,s denotes an event-state fixed effect, measuring the average value of the
nonprice factor during the event-and-state-specific baseline period (25–36 months
prior to the event’s tax change). For each six-month bin, this regression estimates
the average difference in the value of the nonprice factor relative to its average value
Figure 2. Time paths of nonprice factors. (A) Tobacco industry political donations. (B) Antismoking
appropriations. (C) News headlines. (D) Place-based legal restrictions. Each panel reports the evo-
lution of a nonprice factor, comparing “treatment” states with a tax change to “control” states with
no tax change. We plot a six-month moving average, shifted such that the average of the nonprice
factor in the shaded window 25–36 months before the tax change is zero. The data on tobacco
industry spending on political donations to state politicians come from the Database on Ideology,
Money in Politics, and Elections (DIME) (Bonica, 2016). The data on state-level antismoking appro-
priations come from Centers for Disease Control’s Health Communication Interventions (2015). The
data on appearances of smoking-related words in newspapers come from headlines in newslibrary
.com. The data on place-based restrictions come from the State Tobacco Activities Tracking and
Evaluation System from the Centers for Disease Control and Prevention (2018).
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in the baseline period. For control states, this difference is captured by the term bb.
The term gb denotes the difference in these differences between treatment and con-
trol states. These serve as the key difference-in-difference estimates of interest.
Statistical inference in this framework requires accounting for several dimensions

of correlation in the error terms. First, because of the manner in which events are
stacked, a given state-year-month can be present multiple times in our data. For ex-
ample, Alabama in January 2000 serves as a control observation for both Louisiana’s
July 2000 tax change and Arkansas’s July 2001 tax change (as well as other tax
changes).16 This introduces correlation between the error terms for these two control
observations in the data. Clustering standard errors by state accommodates this issue
while additionally accounting for residual within-state variation occurring across
events and across time.17 Second, there can be common shocks experienced by all
states at given moments in time, such as those from an increase in the federal ciga-
rette tax or the death of theMarlboroMan, motivating us to additionally cluster stan-
dard errors by year-month. Finally, one might be concerned about correlation occur-
ring across all observations within a given event, as can arise due to event-level
selection of control states. This motivates us to additionally cluster at the event level.
We performmultiway clustering using the approach of Correia (2016). We maintain
this set of clustering practices for all analyses.
Figure 3 plots the estimated coefficients with 90 percent confidence intervals.

The figure reveals that the patterns described above are generally statistically sig-
nificant. Compared with control states, states facing a tax law change experience an
increase in newspaper headlines in the lead-up to the date of the tax law change, an
increase in place-based legal restrictions in the years following the tax law change,
and a (statistically insignificant) increase in antismoking appropriations throughout.
The increase in tobacco industry political donations in the immediate lead-up to the
tax law change remains apparent, but the estimate does not reach statistical signifi-
cance at conventional levels.
In summary, states experiencing a tax change also experience evolutions of re-

lated nonprice factors, both when examined in isolation and also when bench-
marked against control states.18 If these nonprice factors have their own direct in-
fluence on consumption, this demonstrates both that this evolution must be
16 Note that the event time in which a given state-year-month will be a control observation differs
across events. For example, Alabama in January 2000 serves as a control observation in event time
26 for Louisiana’s July 2000 tax change and event time 218 for Arizona’s July 2001 tax change.

17 Note that to deal with the issue of repeated cases of the same observation, it would be sufficient to
cluster at the state-year-month level. However, this level of clustering is nested within the state level,
and clustering at this coarser level is standard practice in this literature.

18 It is worth emphasizing that the apparent pretrends observed in Figures 2 and 3 are not spuriously
generated by earlier tax changes included in the event data. Similar patterns arise when Figure 3
is estimated from the subset of events with no other tax changes occurring within the event window
(see Figure A2).
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controlled for when analyzing the behavioral response to tax changes and that it
cannot be controlled for by simple comparisons to nontreated states.
B. Testing for Impact of Nonprice Factors

Having established that nonprice factors are not constant around tax law changes,
we now assess whether this variation is relevant for understanding the change in
cigarette consumption that happens within treated states as their laws change. To
do so, we construct event windows with the same number of periods before and af-
ter a tax change and estimate how cigarette consumption over these windows re-
sponds to the change in cigarette taxes. We first consider a specification in which
nonprice factors are not controlled, representing the baseline analysis that would
be done when the researcher does not have these data. We then add our nonprice
factors as controls and examine the consequences. Because we do not have exog-
enous variation in nonprice factors, and because we view our nonprice factor var-
iables as an incomplete set of noisy proxies for the broader phenomenon of interest,
we do not focus attention on their estimated coefficients and do not interpret their
Figure 3. Time paths of nonprice factors: difference-in-difference estimates. (A) Tobacco industry
political donations. (B) Antismoking appropriations. (C) News headlines. (D) Place-based legal re-
strictions. This figure reports the estimated coefficients associated with the difference-in-differences
model presented in Equation (1). Capped lines indicate 90 percent confidence intervals.



22 Rees-Jones and Rozema
coefficients as causal estimates. Instead, we examine the impact of the inclusion of
this partial set of controls on the estimated coefficients on the state tax.
To this end, in Table 2, we estimate versions of the following regression with

stacked-event-study data:

ln(cigarettes)e,s,t 5 b statetaxe,s,t 1 gxe,s,t 1 fe,s 1 ee,s,t: (2)

Subscripts again denote event e in state s and event-time t. In words, we regress
the natural log of cigarette consumption on the current state tax, nonprice factors xe,s,t,
and state-event fixed effects (fs,e). Because we are interested in understanding the
determinants of within-treated-state covariation in cigarette consumption and taxes,
we restrict our data to only the treated state for each event.19 This restrictions makes
the state-event fixed effect equivalent to an event fixed effect. We initially estimate
this model using an event window that contains 36 months of data both before and
after the event. After presenting this initial model, we explore robustness to shorter
and longer event windows.
Column 1 of Table 2 illustrates a well-documented finding: consistent with the

existence of price responsivity, cigarette consumption is negatively associated with
the state tax within the state facing a tax law change. Interpreting the magnitude of
coefficients, a one dollar increase in the state tax is associated with a 0.264 log point
(SE 5 0:033) decrease in cigarette consumption. This reflects a 30 percent decrease.
In Columns 2–5, we separately add each of the nonprice factors as controls. We find
that the variation in antismoking appropriations, newspaper discussion of ciga-
rettes,20 and the place-based legal restrictions index all have strongly statistically
significant associations with a decrease in cigarette consumption. We find qual-
itatively similar — but not statistically significant — results for tobacco industry
political donations. Column 6 controls for all of the nonprice factors. We again find
strongly significant associations with all nonprice factors except tobacco industry
political donations.
Contrasting the estimated coefficient on the state tax across columns illustrates

a striking consequence of these findings. Across Columns 2–5, we find that the
inclusion of individual controls consistently reduces the estimated coefficient
on state tax (although in Columns 2 and 5 the 95 percent confidence intervals
still include the Column 1 estimate). As seen in Column 6, including all of these
19 Despite this focus, we note that we also find significant coefficients on nonprice factors in control
states (see Table A1).

20 Headlines containing the word “cigarette”maymatter through twomain channels. First, the headline
could contain information about nonprice factors, including the health consequences of smoking and
social norms. Second, the headline could contain information about the expected or actual future in-
crease in the price of cigarettes. To explore this distinction, we separate the cigarette headlines into
those that contain the word tax and those that do not contain the word tax. Table A2 shows that the
estimated effect in Table 2 is driven exclusively by cigarette headlines that do not contain the word
“tax,” providing no evidence that the headlines are changing behavior by providing information
more relevant to taxes than to smoking itself.
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controls reduces the estimated responsivity to the tax by 52 percent, from 20.264
(SE 5 0:033) with no controls to20.127 (SE 5 0:023) with all the controls. The
difference between these estimates is strongly statistically significant (p < 0:001).
These analyses suggest that a substantial portion of the change in demand that

could be attributed to tax changes per se is better attributed to typically unobserved
underlying trends in nonprice factors. In the presence of this type of problem, a
common solution is to examine particularly narrow windows of time around an
event, relying on the logic that a rapid response must be better attributable to the
candidate event than any cooccurring trends over time. To assess such a possibility,
and to generally investigate the robustness of our findings, we reestimate our model
with event windows of varying lengths. Figure 4 reports the coefficients on state
tax estimated with and without controls for nonprice factors (as in Columns 6 and
1 of Table 2), using event windows ranging in size from 12 months of pre- and
postevent data to 60 months of pre- and postevent data. Estimated price effects are
systematically larger for longer time windows, reflecting the fact that over longer
windows the underlying trends in nonprice factors have greater confounding effects.
However, for all event windows widths presented, the inclusion of nonprice con-
trols substantially reduces the estimated effect. Using the narrowest event window, the
estimate decreases in magnitude from 20.124 without the nonprice controls to
Figure 4. Estimated price responsivity with and without nonprice controls. This figure reports the
responsivity of demand to the state tax level from estimating Equation (2). Across columns, we vary
the width of the event window. Contrasting the light and dark gray bars illustrates the degree to
which price responsivity declines when the nonprice factors are included as control variables.
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20.051 with nonprice controls — a 59 percent decline. In summary, much of
the behavioral response around a tax change is explained by variation in non-
price factors regardless of whether short- or long-term pre- or postcomparisons
are considered.
Table 2 and Figure 4 clearly demonstrate that controlling for our four nonprice

factors substantially attenuates the relationship between cigarette consumption
and state taxes. Recall that we have argued that these four factors, while important,
are only imperfect proxies for the full class nonprice factors potentially influencing
demand. To generate approximate bounds on howmuch attenuation would occur if
all nonprice factors were fully controlled, we apply the approach of Oster (2019).
Conceptually, Oster’s approach considers a case where the estimation of a treat-
ment effect is confounded by both observable and unobservable controls. Given
knowledge of the stability of the treatment effect coefficient as observed controls
are added, and given assumptions on the comparative selection occurring from ob-
served and unobserved controls and the total predictive power (R2) that would be
achieved if all controls were observed, Oster’s approach yields an estimate of the
fully unconfounded treatment effect.
Even with conservative assumptions on the predictive importance of unobserved

nonprice factors, Oster’s approach suggests substantially more attenuation could
be expected. Comparing the regressions from Columns 1 and 6 of Table 2, the in-
clusion of the four nonprice factors increased the within-event R2s from 0.217 to
0.383 (i.e., including our four nonprice factors generated a 76 percent increase
in explained variation from the baseline specification). For this exercise, we as-
sume that the inclusion of additional unobserved nonprice factors could increase
the explained variation by nomore than an additional 10 percent (for a within-event
R2 of nomore than 0.421). Even with this relatively conservative assumption on the
importance of unobserved variables, the corrected magnitude of the coefficient on
state tax could be as low as 20.060.21 This estimate reflects a 77 percent decrease
from the estimate without controls for nonprice factors of 20.264. Of course, if
the upper bound on the potential explanatory power of remaining unobserved vari-
ables is further relaxed, the lower bound on the state tax coefficient would be even
smaller.
In the Online Appendix, we provide additional analyses and discussion relevant

for assessing the robustness of the results of this section. In particular, we assess the
importance of modeling effects as cumulative, the role of linearity assumptions, the
consequences of reweighting observations based on the number of events in a state,
and issues related to the selection inherent in a sample of pregnant women having
live births. While all these issues are conceptually substantive, we present analyses
suggesting that they do not confound the qualitative inferences that we draw in this
paper.We also examine how our nonprice factors individually contribute to reducing
estimated responsivity. These results provide additional nuance to our discussion,
21 Bootstrapped standard error on bound: 0.019, based on 1,000 bootstrap iterations.
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but consistently support our overarching point that nonprice factors have a large in-
fluence in these analyses.
The results of this sectionmay be interpreted in two ways. First, and most directly,

each regression presented earlier provides an estimate of behavioral responsivity to
the tax (formally, a semielasticity) that is identified from within-state variation in a
narrow time window and is valid under the assumption that the included nonprice
factors are sufficient to completely control for all relevant omitted variables. As we
have cautioned, we believe that we likely are still only imperfectly measuring the
necessary controls, so we view these estimates as revealing the (imperfect) infer-
ence a researcher would make when assuming a given set of observed controls
was enough to proceed. Our results imply that relying on estimates without
nonprice factor controls would overstate the responsivity of cigarette consumption
to taxes.22

Second, and more technically, these analyses reveal that the within-treated-state
association between cigarette consumption and taxes is significantly confounded.
This presents a challenge not only for our specific regressions but also for a broad
class of quasi-experimental analyses. Common identification strategies operate by
contrasting the within-treated-state association with that in counterfactual predicted
associations in which the relevant confounding is assumed to be controlled in some
way. The difference is then interpreted as the causal effect of the tax itself. Our results
illustrate that themost natural means of controlling for these confounding factors will
be highly imperfect. For example, the fact that nonprice factors evolve differently in
states with and without tax changes, combined with the finding that controlling for
the evolution of nonprice factors strongly influences the association between ciga-
rette consumption and state taxes, suggests that difference-in-difference designs can
at best imperfectly account for these concerns. Moreover, the fact that substantial
within-treated-state confounding exists even in a narrow window around a tax
change suggests that controlling for all nonprice factors with a general, state-specific
time trend will be insufficient unless the time trend is sufficiently flexible to deviate
from its broad trend is significant ways in a narrow period of time around the event.
Convincingly establishing causation in the presence of such loosely specified state-
specific time trends is extremely challenging and, in practice, is only successful when
22 To benchmark our quantitative effects relative to existing literature, it is helpful to consider a log-log
specification (i.e., an elasticity) rather than our default log-linear specification (i.e., a semielasticity).
The log-log version of Table 2’s analysis yields an estimated tax elasticity of 20.566 (SE 5 0:068)
without nonprice-factor controls and of20.286 (SE 5 0:049) with all four nonprice-factor controls.
The uncontrolled estimate falls within the typical range of adult price elasticity estimates in this liter-
ature, and our fully controlled estimates reflect a greater degree of inelasticity than most estimates. For
example, Chaloupka andWarner (2000) report a consensus price elasticity range of20.4 to20.7, and
Gallet and List (2003) report a mean price elasticity of 20.48 from a meta-analysis of 523 studies.
These articles (and more) are discussed in the recent survey of DeCicca, Kenkel, and Lovenheim,
(2022). Related to our findings, DeCicca, Kenkel, and Lovenheim (2022) additionally document that
lower elasticities are estimated in the relatively uncommon recent studies that attempt to control for
antismoking sentiments.
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there is clear evidence of discontinuities in behavior at the time of an event. In the
following section, we present additional analyses geared toward examining evidence
for such discontinuities.
C. Testing Additional Predictions of the Influence of Nonprice Factors

The results above suggest that much of the evolution in cigarette consumption
that occurs around a cigarette tax change might be explained by the coevolution
of nonprice factors. This finding has strong implications for the predicted timing
of the decrease in consumption. Because the evolution of nonprice factors begins
well before the tax is enacted, the decrease in consumption that occurs around a tax
change would be expected to begin well in advance of when a tax change becomes
relevant for prices.
To test the prediction, Figure 5 plots the time path of cigarette consumption in

treated states compared with control states. Formally, we estimate Equation (1) us-
ing the natural logarithm of cigarette consumption as the dependent variable and
using one-month bins. As in the analysis of Subsection IV.A, we allow the period
Figure 5. Time path of consumption around tax changes. This figure reports difference-in-
differences estimates illustrating the decline in cigarette consumption in states experiencing a
tax change. The reported coefficients come from estimating Equation (1) with the natural log of
the cigarette consumption as the dependent variable and with time binned at the month level.
Capped lines indicate 90 percent confidence intervals. The shaded region indicates the 25th–
75th percentile range of dates at which votes on tax law changes occurred.
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of time 36 months before the tax change to 25 months before the tax change to
serve as the baseline period, and then we examine the evolution of our dependent
variable in the following 24 months prior to the tax change and the 12 months fol-
lowing the tax change. The figure reports our estimates of the differential change
occurring in treated states in the event time.
Standard models of price sensitivity predict a discontinuous decrease in demand

occurring precisely at the moment the tax changes. Figure 5 provides no clear ev-
idence of such a discontinuity, and instead suggests that the decrease in demand
occurs as a gradual decrease over a number of years.
Models of rational addiction predict some degree of anticipatory decrease in de-

mand arising from a known future increase in prices. Prior work documents decrease
in demand occurring before the tax is enacted but after a vote has occurred and use
this difference to support the existence of rational addiction (see, e.g., Gruber and
Kőszegi, 2001). Note that the anticipatory effect we document here is occurring sub-
stantially earlier (the shaded region of Figure 5 illustrates the interquartile range
of the enactment of tax changes in our data). Of course, a smoker who is aware
of upcoming votes might hold a rational expectation of some future price increase
even before the vote occurs, which could contribute to the earlier decrease in con-
sumption that we observe.
Building on these observations, we investigate how accommodating the regres-

sion framework of Gruber and Kőszegi (2001) affects our results. The key innova-
tion of their approach is to regress cigarette consumption on not only the tax rate
that is in effect but also on the tax rate that has been enacted but is not yet effective.
The coefficient on this latter term is interpreted as capturing anticipatory response
to the future tax increase as in the rational-addiction model.
Table 3 reports results for regressions like those in Table 2 but includes a variable

for the enacted but not yet effective tax. In the period between when a tax change is
enacted and when it becomes effective, this variable takes the value of the size of
the tax change (measured in dollars). At all other times, this variable takes the value
of zero. Column 1 reproduces the qualitative result of Gruber and Kőszegi (2001),
showing that 30 percent of the ultimate decrease in consumption that is attributed to
the tax occurs in the window after the tax is enacted but before the tax goes into
effect. Upon examining Columns 2–5, however, we see that even with the inclusion
of this variable, the relevance of the nonprice factors persists. In Column 6, which
reproduces our main specification with all nonprice controls included, we continue to
find that the estimate on tax is reduced by more than half relative to the baseline spec-
ification in Column 1. Furthermore, the coefficient on the Gruber and Kőszegi mea-
sure of anticipation of the price change becomes smaller and is not statistically
significant at conventional levels. This suggests that the strength of the statistical
evidence in support of Gruber and Kőszegi’s account is meaningfully weakened
when nonprice factors are accommodated. We interpret these findings to illustrate
the difficulty of causally attributing declines in consumption around tax changes
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to (even anticipatory) price events, but we emphasize that the results do not reject
meaningful anticipatory effects.
V. CONCLUSION

In the standard economic framework, sin taxes dissuade behavior through price
effects. All else being equal, a raise in taxes raises market prices, which in turn re-
duces demand. While this logic is correct and compelling, in this article, we doc-
ument that all else is not held equal in the course of a tax law change and that the
behavioral response observed around a tax change might largely be attributable to
nonprice factors.
Within the sin-tax literature, we highlight the importance of our findings in three

ongoing debates. First, the results inform the ongoing policy discussion about the
expected effects of sin taxes. States have long employed taxes on items like cigarettes
and alcohol, but the recent surge of interest in taxing soda and sugary beverages
has renewed conceptual interest in this domain. As we proceed with a wave of at-
tempts to impose new such taxes, it is important to understand the key determinants
of successfully dissuasive tax changes. Our results help inform the channels
through which these legal changes can achieve their goal and illustrate the potential
for nonprice channels to drive observed effects. Given that both price-based and
nonprice-based channels are important, and given that these channels are commonly
activated in tandem, understanding the optimal mix of such policies remains an im-
portant open question for future research.
Second, the results are relevant to the literature aimed at assessing the evidence of

“rational addiction” in the spirit of Becker andMurphy (1988). Classic tests of this the-
ory, such as Gruber and Kőszegi (2001), present evidence that cigarette consumption
decreases in advance of the tax change but after the tax has been enacted but is not yet
effective. This is interpreted as evidence that forward-looking smokers reduce their de-
gree of addiction in anticipation of cigarettes becoming more expensive. Our results
suggest that a variety of other factors can contribute to decreases in consumption pre-
ceding the tax change. Our conceptual framework does not rely on the absence of
any rational-addiction motives— indeed, the provision of information that we doc-
ument could interact with thesemotives in amanner that helps reduce demand. How-
ever, our results suggest that interpreting anticipatory decrease in consumption as
clear evidence of rational addiction could be done only under the stringent scenario
in which all nonprice factors are fully controlled for in empirical analysis.
Third, the results are relevant to the estimation and interpretation of sin-tax elas-

ticities. We document that the inclusion of our candidate nonprice factors as con-
trols reduces the estimated degree of price sensitivity by roughly half. Furthermore,
we emphasize that we have only a partial list of nonprice factors, and our available
measures are imperfect proxies for the underlying constructs of interest. As a result,
the reduction in the estimated degree of price sensitivity is likely an underestimate.
These findings build on prior research that demonstrates that controls for survey
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measures of antismoking sentiments can reduce estimated price elasticities (e.g.,
DeCicca et al., 2008). Relative to these past findings, we contribute by directly
studying a variety of the factors that we believe shape antismoking sentiments, by
demonstrating that these factors evolve rapidly in the course of a tax change, and
by documenting that this rapid evolution may account for a large portion of the be-
havioral response occurring in the vicinity of tax changes.
Beyond the context of sin taxation, the results align with recent findings in several

disparate domains demonstrating that more than financial incentives change in the
course of a policy change. Gneezy and Rustichini (2000) find that introducing finan-
cial penalties for late pick-ups from childcare led to increased late pick-up, which is
argued to be driven by the impact of the fine on perceptions of the social conse-
quences of the behavior. Abouk andAdams (2013) find that the decrease of accidents
after texting bans is better explained by the bans’ announcements than the bans them-
selves.Malani and Reif (2015) find that physician labor supply anticipatory reactions
to tort reform significantly affects the estimated effect of the reform on behavior.
Richwine, Dor, and Moghtaderi (2019) find an increase in both public discourse
about the benefits of vaccinations and vaccinations themselves in the lead-up to a
law that removed all nonmedical exemptions for them in schools. Taylor et al. (2019)
find that the decline in soda consumption occurring during the Berkeley Soda Tax
rollout can be largely explained by impacts of election and social media coverage.
Finally, Pratt (2019) finds that the impact of fines associated with water rationing
can be partially explained by their impact on the perceived importance of conservation.
We empirically contribute to this literature by showing that the types of concerns

raised in the previous work are likely to be first order in models of optimal sin tax-
ation. Conceptually, this diverse body of related examples can be unified through the
legal literature concerning how laws work and why they are enacted. Legal scholars
have long appreciated that laws do more than change financial incentives and can
change behavior through what is commonly referred to as expressive effects. Our
work supports and expands on the concept of expressive effects that incorporates
responses to the ideas communicated by all the activities and debate that surround
and accompany the process of legal change. Despite the prevalence of the view that
law can work by expressing value, this article presents some of the first empirical
evidence that begins to separate price effects from expressive effects. Our results
suggests that, at least in the context of cigarette taxes, the manner in which tax laws
operate through nonprice channels should be a bigger consideration for both re-
searchers and policy makers.
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