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Abstract
This paper provides the first multi-state evidence on the causal impact of sales tax reclassi-
fications involving soda and candy across five U.S. jurisdictions. Rather than marginal tax
differences or explicit city-level excise taxes, the analysis exploits substantial state-level reclas-
sifications implemented with staggered timing. These fiscal shocks extended general rates to
previously exempt items. Using retail scanner data and Synthetic Difference-in-Differences mod-
els, removing reduced rates led to measurable declines in soda purchases, while effects for candy
were small and insignificant. The differential response likely reflects product characteristics:
soda represents a higher-budget, regularly purchased good, whereas candy has a smaller budget
share and is often bought on impulse. Event-study estimates show gradual adjustment over time,
suggesting slow information diffusion and behavioral adaptation. Estimated price responses im-
ply near-complete pass-through, as expected given that sales taxes are applied at checkout
rather than embedded in posted prices. Back-of-the-envelope calculations indicate annual rev-
enue gains of roughly $4–$17 million per state and meaningful reductions in per-capita sugar
intake. Overall, the findings suggest that restructuring existing sales tax exemptions—without
new excise mechanisms—can modestly curb soda purchases and may ultimately contribute to
improved population health while expanding fiscal capacity, pointing to the potential of “implicit
sin taxation” as a politically feasible yet behaviorally and health-relevant policy instrument.
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1 Introduction

In most U.S. states, consumer goods are generally subject to sales taxes, but many states offer spe-

cial exemptions or reduced rates for food items to mitigate the tax burden on essential consumption.

These food sales tax exemptions, however, often extend to nutrient-poor products such as soda and

candy, creating a potential misalignment between tax policy and public health objectives.1 Nearly

forty states maintain differential sales tax treatment for food, resulting in substantial cross-state

variation in effective tax rates. This variation provides a useful setting to examine how consumers

respond to fiscal changes that are implemented quietly within existing tax systems.

Beyond its empirical interest, understanding the behavioral effects of sales tax design carries

particular policy relevance. The introduction of new excise taxes often faces significant political

and administrative barriers, as illustrated by litigation surrounding Philadelphia’s beverage tax and

the rapid repeal of Cook County’s sweetened beverage tax.2 In contrast, modifying existing sales

tax structures leverages established administrative frameworks, minimizes compliance costs, and

typically encounters less political resistance. While excise taxes are typically more salient—because

they are embedded in posted shelf prices and often passed through directly to consumers—sales

taxes are applied only at checkout, making them less visible and potentially less behaviorally salient.

Whether large adjustments in such low-salience taxes can nevertheless alter purchasing behavior

remains an open empirical question. If meaningful effects are found, these reforms may represent

a more feasible policy tool for improving dietary choices within the constraints of current fiscal

systems.

This paper evaluates the causal impact of large, discrete terminations of reduced sales tax rates

on soda and candy. The analysis draws on five quasi-experimental policy changes—implemented

between 2009 and 2018 in Arkansas, Colorado, Illinois, Vermont, and Washington, D.C.—that

extended general sales tax rates to products previously taxed at reduced or zero rates.3 These
1For example, soda and candy are often classified as nutrient-poor products based on USDA nutritional standards.

In this study, “soda” refers specifically to carbonated soft drinks.
2Philadelphia’s beverage tax faced multiple lawsuits challenging its legality, while Cook County’s sweetened bev-

erage tax was repealed by a county board vote only a few months after implementation due to political backlash
(Powell and Leider, 2020; Paarlberg et al., 2017).

3Throughout this paper, the term “sales tax exemption” is used broadly to refer to both full exemptions (i.e.,
0% tax rates) and partial exemptions where reduced rates (e.g., 1% or 1.5%) were applied. While jurisdictions such
as Arkansas and Illinois did not fully exempt soda or candy from sales tax, they applied substantially lower rates
prior to the policy changes. For simplicity and consistency, such cases are described as the termination of sales tax
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staggered policy adoptions, ranging from 2.9 to 6 percentage points, provide rare and sizable fiscal

shocks suitable for identifying behavioral responses to low-salience taxation. Using weekly retail

scanner data and Synthetic Difference-in-Differences (SDID) models, the study estimates both the

immediate and dynamic effects of these policy changes on prices and sales. By comparing soda and

candy—two economically distinct categories that differ in purchase patterns and budget share—the

analysis sheds light on the conditions under which sales taxes can meaningfully influence consumer

behavior over time.

The results indicate that terminating reduced sales tax rates significantly affected both retail

prices and consumer purchasing behavior for soda and candy. In states experiencing larger tax

increases (5 percentage points or more), sales volumes of soda declined by approximately 14.6%,

while effects for candy were small and statistically insignificant. Estimated price responses im-

ply near-complete pass-through, consistent with the structure of sales taxes that are applied at

checkout rather than embedded in posted prices. Event-study estimates show that the quantity ef-

fects emerged gradually over several quarters, suggesting slow information diffusion and behavioral

adaptation rather than immediate price recognition. The heterogeneous responses across prod-

uct categories likely reflect differences in budget share and purchase patterns: soda is a habitual,

higher-share good whose prices consumers learn over time, whereas candy tends to be a low-salience,

impulse purchase.

Back-of-the-envelope calculations further indicate annual revenue gains of roughly $4–$17 mil-

lion per state and annual per-capita sugar reductions ranging from several hundred to about 1,800

grams. Taken together, these findings suggest that modest changes to existing sales tax exemp-

tions can meaningfully influence consumer behavior in specific contexts, providing new evidence

on how low-salience fiscal reforms can enhance both revenue and public health objectives without

introducing new excise mechanisms.

Early studies of sales taxes on soda and candy primarily examined small rate variations, gener-

ally finding modest or inconsistent effects on consumption. Fletcher et al. (2010) analyzed how soft

drink sales taxes influenced soda consumption and body mass index among adolescents, finding

only modest reductions in soda intake and no discernible impacts on total caloric intake or obesity

exemptions.

3



Beomyun Kim Taxing the Sweet Tooth November 2025

outcomes. Similarly, Sturm et al. (2010) investigated the relationship between soda sales taxes

and children’s soda consumption, observing no significant changes at the population level, with

some evidence of effects concentrated among overweight or low-income subgroups. Restrepo and

Cantor (2020) further evaluated soda sales tax effects among adolescents, detecting reductions in

soda-derived sugar intake, but increases in milk beverage consumption largely offset overall caloric

changes.

Several prior studies have examined the effects of relatively large sales tax changes on consumer

behavior. Colantuoni and Rojas (2015) analyzed soda taxes in Ohio and Maine, both around 5%,

and found only modest consumption responses, with estimated elasticities close to zero. Hoy and

Wrenn (2020) studied the removal of the sales tax exemption for candy in Colorado, finding a

notable 11.2% decrease in purchases of taxed items. These studies provide valuable evidence, but

their focus on single events and specific products limits the ability to generalize. Differences in policy

context, product scope, and empirical design may account for variation in findings. Complementing

this literature, the present study draws on multiple large-scale tax changes across different states

and over an extended period, providing a broader assessment of consumer responses to sales tax

reclassification.

In contrast to the limited research on the effects of sales tax on unhealthy product purchases like

sugar-sweetened beverages (SSBs) and candy, excise taxes on SSBs have been extensively studied.

Evidence from U.S. cities and international contexts consistently shows that excise taxes reduce SSB

purchases.4 Meta-analyses suggest that a 10% increase in SSB excise taxes reduces consumption

by approximately 10%.5 Nevertheless, while dozens of studies have examined excise taxes on

sugary beverages, the behavioral effects of large-scale terminations of food sales tax exemptions

on unhealthy food purchases—such as those studied by Colantuoni and Rojas (2015) and Hoy and

Wrenn (2020)—have received comparatively limited scholarly attention relative to the extensive

literature on excise taxes, highlighting the need for broader empirical analysis of such policy changes.

The theoretical and experimental literature on tax salience provides important insights into

why the structure of sales taxes may limit consumer responsiveness. A series of studies, including
4See, for example, Cawley et al. (2019), Falbe et al. (2016), Cawley et al. (2020), Powell and Leider (2020), Grogger

(2017), Berardi et al. (2016), and Tiffin et al. (2015).
5See Teng et al. (2019) for meta-analytic estimates based on multiple U.S. and international studies.
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Chetty et al. (2009), Finkelstein (2009), and Goldin and Homono� (2013), show that consumers

systematically underreact to taxes that are not included in posted prices. Further research, such

as Taubinsky and Rees-Jones (2018) and Zheng et al. (2013), highlights the role of heterogeneous

attention in moderating tax incidence and behavioral responses, suggesting that the elasticity of de-

mand with respect to sales taxes should be lower than for fully salient taxes. Experimental evidence

from Hall et al. (2024) con�rms that explicitly displaying taxes enhances consumer reactions.6 As

stated earlier, unlike excise taxes, which are embedded in posted shelf prices and thus highly salient,

sales taxes are typically applied only at checkout, making them less noticeable to consumers. This

reduced salience dampens behavioral responses to small tax changes, yet the possibility remains

that su�ciently large changes can capture consumer attention and induce meaningful adjustments,

motivating the present study.

This study makes four substantive contributions to the literature on taxation and consumer

purchasing behavior. First, it provides the most comprehensive analysis to date of large-scale

sales tax changes a�ecting soda and candy markets across multiple states. By exploiting staggered

removals of food sales tax exemptions, this study strengthens causal identi�cation and isolates the

e�ects of tax changes from state-speci�c confounders.7 Unlike prior research examining large sales

tax changes on speci�c products, which focused on static average e�ects within limited contexts,

this study leverages multiple events with varying tax magnitudes over an extended period.8

Second, this paper is the �rst to systematically compare consumer purchase responses across

unhealthy food categories subjected to identical sales tax exemption terminations. The contrast

between product categories subject to similar tax policies but di�ering in household budget shares

and consumer preferences reveals signi�cant heterogeneity in tax responsiveness.

Third, this study provides novel evidence on the temporal dynamics of consumer behavior

following large-scale terminations of food sales tax exemptions in soda and candy markets. By

documenting how consumer responses strengthen gradually over time rather than occurring in-

6Hall (2024) �nds that making taxes more visible at the point of purchase signi�cantly increases consumers'
responsiveness to the tax burden.

7Throughout this paper, "state" refers to U.S. states and the District of Columbia, which is treated equivalently
to states for the purposes of sales tax policy analysis.

8See, for example, Colantuoni and Rojas (2015), who study soda tax changes in Ohio and Maine, and Hoy and
Wrenn (2020), who examines the elimination of candy tax exemptions in Colorado. Both focus on single-product
cases and estimate static average treatment e�ects within narrow policy windows.
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stantaneously, this analysis highlights an essential dimension of tax e�ects that has received little

attention in prior research on food sales tax exemptions for unhealthy products. Understanding

such adaptation patterns o�ers new insights into how �scal interventions unfold in practice and

informs the timing and evaluation of future policy changes.

Fourth, the �ndings provide actionable insights for policymakers. They demonstrate that modi-

fying existing sales tax structures�an administratively and politically more feasible approach than

introducing new excise taxes�can generate meaningful changes in consumer purchasing patterns

under certain conditions.9 The documented heterogeneity by product type and tax magnitude o�ers

practical guidance on designing and targeting tax-based public health interventions. Collectively,

these contributions extend the literature on �scal tools for in�uencing unhealthy consumption and

clarify the role that sales tax policy adjustments can play within broader public health strategies.

The remainder of this paper proceeds as follows. Section 2 outlines the institutional context of

sales taxation in the United States and summarizes the �ve state-level policy changes analyzed in

this study. Section 3 presents a theoretical framework linking tax salience and product character-

istics to consumer responsiveness. Section 4 describes the tax, retail scanner, and consumer panel

data and explains key variable constructions. Section 5 details the identi�cation strategy and Syn-

thetic Di�erence-in-Di�erences (SDID) estimation. Section 6 reports the main �ndings on prices,

quantities, heterogeneity, and dynamic adjustment. Section 7 evaluates the �scal and nutritional

implications and discusses the policy relevance of implicit �sin taxation.� Section 8 concludes with

broader implications for tax design and consumer behavior.

2 Institutional Background

2.1 Structure of sales tax in the United States

The sales tax structure in the United States is characterized by the absence of a uni�ed federal

sales tax, with each state and local government imposing its own rates. This creates a diverse

landscape where consumers face a combination of state and local sales taxes that vary substantially

9Unlike minor adjustments to general sales tax rates, which usually occur by modifying the overall rate by 1% or
less, the policy changes studied here involved revising statutory de�nitions to remove speci�c product categories such
as soda and candy from the tax-exempt list.
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Figure 1: State-Level Sales Tax Policies for Food Products, January 2020

Notes: This �gure illustrates the treatment of groceries, candy, and soda under state-level sales tax
policies as of January 2020. Forty-�ve states plus the District of Columbia impose a state sales tax.
Among these, 32 states and D.C. exempt groceries from the sales tax base, while six states (Arkansas,
Illinois, Missouri, Tennessee, Utah, and Virginia) apply a preferential lower rate to groceries. The
classi�cation is based on data compiled by the Tax Foundation from state tax authorities and Bloomberg
Tax.
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across states. Sales tax rates are primarily determined through legislative processes, considering

factors such as �scal needs, economic conditions, and political climate. As of 2025, 45 states

and the District of Columbia impose a state-level sales tax, with base rates ranging from 2.9% to

7.25%. However, e�ective rates can be considerably higher when local sales taxes are included. For

example, Louisiana has the highest average combined state and local sales tax rate at 10.11% as of

July 2025.10

The policy of exempting food from sales tax originated during the Great Depression of the 1930s,

as many states adopted general ad valorem sales taxes and sought to reduce the tax burden on

essential consumption, particularly for low-income households. However, states vary considerably

in how they classify and tax food items. As of 2020, 32 states and the District of Columbia

exempt most food from state sales tax, but their treatment of items like soda and candy di�ers

signi�cantly. 11 Ten of these jurisdictions also exempt soda and candy, while 23 apply the general

sales tax rate to both items. As illustrated in Figure 1, states taxing groceries at general sales tax

rates are shown in red, those applying reduced rates in orange, states fully exempting groceries in

yellow, and states without sales tax in gray. This diversity underscores the decentralized and often

fragmented nature of sales tax policy in the United States, particularly in the taxation of food and

beverage items.

2.2 Changes in Reduced Sales Tax Rates for Soda and Candy

This study focuses on policy changes in �ve states that ended reduced sales tax rates for soda and

candy between 2008 and 2018. Table 1 provides an overview of these policy changes, with detailed

descriptions provided in Appendix A.12 The �ve policy changes occurred over nearly a decade,

beginning with Illinois in 2009 and culminating in Arkansas in 2018. The magnitude of the tax

increases varied considerably, from a modest 2.9 percentage points in Colorado to more than �ve

percentage points in Arkansas and Illinois. Coverage also di�ered, as some states extended the

general sales tax to both soda and candy, while others applied it only to one category.

10 See Walczak (2025) for a full listing of combined state and local rates.
11 Based on data compiled by the Tax Foundation; see Fritts (2020). This classi�cation summary re�ects the most

recent comprehensive comparison available across all states. For detailed state-level classi�cations, see Table A10.
12 For a comprehensive overview of sales tax rates on soda and candy across all states during the study period, see

Table A11.
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Table 1: Research States' Sales Tax Policy Changes

Jurisdiction Implementation Tax Change Target Products Primary Motivation

Arkansas Jan 2018 1.5%! 6.5% Soda, Candy Fiscal, Tax Reform
Colorado May 2010 0%! 2.9% Soda, Candy Budget De�cit ($1.5B)
Illinois Sep 2009 1%! 6.25% Candy Public Works Funding
Vermont Jul 2015 0% ! 6% Soda Budget Gap ($113M)
Washington, D.C. Oct 2010 0%! 6% Soda Fiscal, Administrative

Notes: This table summarizes key policy changes related to the sales tax treatment of soda and candy products
across selected states. The tax change re�ects the shift in the applicable state-level general sales tax rate for
the speci�ed products. Target Products indicate whether the policy a�ected soda, candy, or both categories.
Motivations for the policy changes are broadly categorized based on legislative documents, o�cial �scal reports,
and public statements by legislators and policymakers reported in news articles. Implementation dates refer to
the e�ective month and year when the new tax rate was applied.

Common characteristics across these policy changes strengthen their value for identifying causal

e�ects. First, the timing and magnitude of these changes were primarily driven by state-level �s-

cal considerations rather than local consumption patterns or health outcomes. Each change was

implemented as part of broader �scal initiatives: closing post-recession budget gaps (Colorado),

funding large-scale infrastructure investments (Illinois), or meeting general revenue needs, includ-

ing support for healthcare programs (Arkansas, D.C., and Vermont). This �scal motivation helps

address potential endogeneity concerns that might arise if tax changes were responses to local

consumption patterns or health statistics. Second, these changes were enacted through legislative

or administrative processes without direct public votes, reducing concerns about reverse causal-

ity, where consumer preferences might in�uence tax policies. The changes were generally part of

larger tax packages a�ecting multiple product categories, not targeted at single-product initiatives.

Third, public awareness campaigns were minimal, with information about the changes primarily

disseminated through news coverage and retail price adjustments. This limited advance awareness

mitigates concerns about anticipatory purchasing behavior that could contaminate baseline sales

measures.

These characteristics collectively create a natural experiment for studying sales tax e�ects on

consumer behavior, with clean identi�cation strategies and minimal confounding factors. The

following sections examine associations between sales tax changes of di�erent magnitudes and pur-

chases across various product categories, using the variation created by these policy changes.
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3 Theoretical Framework

3.1 Model Setup

To provide a theoretical foundation for interpreting variation in consumer responses across product

categories, this section presents a simple model of utility-maximizing behavior with good-speci�c

elasticity and tax salience. The model generates two empirically testable predictions regarding (i)

di�erential responsiveness across goods, and (ii) increasing sensitivity to larger tax changes. These

predictions directly inform the empirical analysis in Section 6.

Consumers are assumed to derive utility from three types of consumption: soda (s), candy (c),

and a numeraire good (x). Soda (s) represents the quantity of soda consumed, candy (c) represents

the quantity of candy consumed, and the numeraire good (x) represents a composite of all other

goods with a constant price normalized to one. Preferences are represented by the following utility

function:

U(s; c; x) = as �
s1� bs

1 � bs
+ ac �

c1� bc

1 � bc
+ x (1)

This speci�cation extends the isoelastic utility function introduced by Mankiw et al. (2009),

who model household preferences using a time-separable CRRA form with a single curvature pa-

rameter to represent the elasticity of marginal utility of consumption. Building on that framework,

the present model allows for good-speci�c curvature and preference weights, thereby accommo-

dating heterogeneity in marginal utility across consumption categories. While traditional CRRA

formulations impose a single curvature parameter governing the elasticity of marginal utility across

all consumption, the current model extends this framework by allowing curvature and preference

weights to vary by good. The positive parametersas; ac > 0 represent the relative intensity of

preference for soda and candy, respectively, and allow the marginal utilities of di�erent goods to

be �exibly scaled. This structure captures potential heterogeneity in diminishing marginal utility

across consumption categories.

The curvature parameters bs; bc > 0 determine the degree of diminishing marginal utility for

soda and candy. A smaller value ofb implies slower diminishing marginal utility. It is assumed

that bs � bc, re�ecting the modeling assumption that soda, as a frequently consumed beverage,
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provides more persistent marginal bene�ts compared to candy, which is consumed less regularly.

This is introduced as a theoretical assumption to be evaluated empirically in subsequent analysis.

Because consumers may not fully internalize the full tax burden due to limited salience, the

perceived tax rate tperceived, rather than the statutory rate t, enters the budget constraint.13

(1 + tperceived)pss + (1 + tperceived)pcc + x � M (2)

where ps and pc denote the pre-tax prices of soda and candy, respectively,M denotes income,

and tperceived represents the sales tax rate as perceived by the consumer.

To account for the limited salience of sales taxes, where consumers may not fully internalize

small tax changes, the perceived tax rate is modeled as

tperceived = t0 + ( t � t0) 
 ; (3)

where t0 is the initial tax rate, t is the new tax rate, and 
 > 1 captures magnitude-dependent

sensitivity. This functional form is a stylized way to capture insights from the salience literature,

drawing on experimental evidence of underreaction to small tax changes (Taubinsky and Rees-Jones

(2018)) and theoretical models of selective attention (Bordalo et al. (2013); Gabaix (2019)) and

bounded rationality (DellaVigna (2009)). Since the empirical setting studied here involves only tax

increases,(t � t0) is assumed positive, and the speci�cation should be interpreted as focusing on

the degree to which larger increases attract greater consumer attention.

While the model treats pre-tax prices as exogenous, it proceeds under the assumption that

statutory sales taxes are fully passed through to consumer prices. This assumption is supported

by recent empirical evidence. Kroft et al. (2024) estimate that approximately 97% of sales tax

changes are re�ected in retail prices across a wide range of consumer goods in the United States,

based on nationwide scanner data. Similarly, Chetty et al. (2009) conduct their analyses under

the assumption of full pass-through and argue that it is reasonable in the context they study.

These studies provide support for modeling tax-induced price changes as fully incorporated into

13 Experimental and �eld evidence shows that consumers often underreact to taxes that are not directly re�ected
in posted prices. Chetty et al. (2009) demonstrate that including sales taxes in posted prices signi�cantly reduces
demand, suggesting that consumers do not fully internalize non-salient taxes.
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the e�ective prices faced by consumers.

3.2 Optimal Consumption and Price Elasticities

Consumers chooses, c, and x to maximize utility subject to the budget constraint. The �rst-order

conditions for utility maximization are:

ass� bs = � (1 + tperceived)ps

acc� bc = � (1 + tperceived)pc

� = 1

(4)

where � denotes the marginal utility of income. The presence of a numeraire good implies a

normalization of � = 1 .

Solving these conditions yields the optimal consumption levels:

s� =

 
as

(1 + tperceived)ps

! 1=bs

c� =

 
ac

(1 + tperceived)pc

! 1=bc
(5)

The expressions indicate that consumption of each good declines as its perceived price increases,

with sensitivity determined by the curvature parameters bs and bc. The preference weightsas and

ac scale the marginal utility of each good and thus in�uence baseline consumption levels. The

corresponding own-price elasticities of demand are:

" s = �
1
bs

" c = �
1
bc

(6)

Given the assumption that bs � bc, soda demand is expected to be more price elastic than candy

demand. This distinction is consistent with existing literature �ndings that sugary beverages tend

to exhibit larger price responsiveness compared to sweets and sugars.14

14 Based on a meta-analysis of 160 elasticity estimates across 16 food categories, Andreyeva et al. (2010) �nd that
demand for soft drinks is among the most price elastic (mean elasticity: 0.79, 95% CI: 0.33�1.24), while sweets and
sugars exhibit much lower responsiveness (mean elasticity: 0.34, 95% CI: 0.14�0.53). Among all categories, soft
drinks rank second in price elasticity, whereas sweets and sugars rank 15th, indicating substantial heterogeneity in
consumer responses to price changes across product types. Although food demand tends to be inelastic overall, these
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3.3 Tax Changes and Consumption Responses

When the tax rate changes fromt0 to t, the proportional changes in optimal consumption can be

approximated as:

� s�

s� � �
1
bs

�
(t � t0) 


1 + t0

� c�

c� � �
1
bc

�
(t � t0) 


1 + t0

(7)

These proportional response functions are derived by applying a �rst-order binomial (Taylor)

approximation to the exact consumption changes shown in Appendix B. These relationships yield

two central implications. First, the strength of consumption responses varies with the size of the

tax change, becoming more pronounced as the change grows larger. When
 > 1, small tax changes

tend to generate little adjustment in behavior, while larger tax changes elicit substantially stronger

responses. This pattern re�ects the limited salience of minor price shifts and aligns with empirical

�ndings on magnitude-sensitive consumer behavior (Taubinsky and Rees-Jones (2018); Bordalo

et al. (2013)). Behavioral models highlighting cognitive costs in processing small price variations

(Gabaix (2019); DellaVigna (2009)) further support this interpretation.

Second, the model predicts di�erential elasticities across goods. Because soda and candy di�er

in marginal utility curvature, soda consumption is expected to respond more strongly to tax changes

than candy consumption. Formally,

�
�
�
�
� s�

s�

�
�
�
� =

1
bs

(t � t0) 


1 + t0
�

1
bc

(t � t0) 


1 + t0
=

�
�
�
�
� c�

c�

�
�
�
� (8)

The comparatively greater responsiveness of soda arises from its lower curvature parameter (bs),

which implies a higher price elasticity relative to candy (bc). For a given tax change(t � t0), the

proportional decline in soda consumption is therefore expected to exceed that of candy. While the

result that elasticities di�er across goods with varying utility curvature is a standard implication of

microeconomic theory, including it here highlights how such di�erences interact with limited salience

to shape observable heterogeneity in responses. This framework thus yields two empirically testable

predictions: �rst, that larger tax changes may generate disproportionately stronger consumption

�ndings underscore relatively high price sensitivity for sugary beverages.
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responses, rather than merely scaling in direct proportion to the size of the tax increase; and

second, that good-speci�c elasticities provide a structural basis for interpreting variation across

product categories. These predictions motivate the empirical analysis of both average treatment

e�ects and heterogeneity by tax magnitude and product characteristics. Mathematical derivations

are provided in Appendix B.

4 Data

This study draws on multiple sources to construct a panel dataset spanning 2008 to 2019. State-

level sales tax policies were compiled to measure variation in soda and candy tax treatment across

states and over time. Retail outcomes were measured using the NielsenIQ Retail Scanner Data,

which provides product-level price and quantity information across retail channels. Household-level

purchasing behavior was analyzed using the NielsenIQ Consumer Panel Data to provide consumer-

level evidence alongside the scanner-based results.

4.1 Construction of State-Level Tax Variables

To contextualize the empirical analysis, detailed annual tax data were compiled for all U.S. states

over the 2008-2019 period. The primary dataset includes statutory general sales tax rates as

well as product-speci�c tax rates for soda and candy. General sales tax rates were primarily

sourced from the Tax Policy Center (2024), which o�ers historical data starting in 2000, though

coverage is intermittent through 2010. Notably, the 2009 rates are missing from this source and

were supplemented using contemporaneous data from Padgitt (2009).

To determine the tax treatment of soda and candy, this study utilized policy classi�cations from

Chriqui et al. (2008), which documents product-level tax exemptions in 2007, and from Fritts (2020),

which provides similar coverage for 2020. When a state's exemption status remained consistent

across the two reference years, it was assumed that the same policy persisted throughout the analysis

period. In contrast, for states where policy changes were identi�ed�such as Arkansas, Illinois, and

Washington, D.C.�intermediate-year adjustments were incorporated based on legislative records

and contemporaneous sources. In a few cases, minor inconsistencies were identi�ed in secondary

compilations, such as those provided by Fritts (2020). These instances were resolved through
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manual veri�cation against primary legal documents. For example, in the cases of Colorado and

Vermont, adjustments were made to more accurately re�ect the statutory de�nitions in place during

the study period. The resulting panel dataset provides, for each state-year observation from 2008

to 2019, the general sales tax rate, the food sales tax rate, and the e�ective sales tax rates on soda

and candy.

4.2 NielsenIQ Retail Scanner Data

The NielsenIQ Retail Scanner Data provides weekly sales information at the Universal Product

Code (UPC) level from approximately 35,000 retail stores across the United States for the period

2006-present.15 This dataset covers various store types, including grocery stores, drug stores, mass

merchandisers, and convenience stores.

For this study, the analysis focuses on the period 2008�2019 to ensure su�cient pre- and post-

treatment observations and to avoid confounding e�ects from the COVID-19 pandemic.16

The research speci�cally examines regular soda (sugar-sweetened carbonated beverages) and

chocolate candy. To ensure consistent measurement, all product sizes were standardized to ounces,

with appropriate conversions applied for products marked in milliliters. The primary outcome

variables constructed from this dataset are sales volume and average price per ounce.17 Additional

variables include package size and retailer type. To ensure consistent sample composition over

time, only stores reporting sales for all 624 weeks during 2008�2019 were included in the analysis.

This restriction avoids changes in the store sample that could otherwise confound policy e�ects

with entry, exit, or missing reporting, thereby improving comparability of pre- and post-policy

periods.18

Table 2 and Figure 2 present summary statistics and trends for key variables across treatment

15 The sample represents approximately 50% of total grocery and drug store sales and 30% of mass merchandiser
sales in the United States.

16 Although the underlying data are available from 2006 onward, extending the sample too far back reduces the
number of stores with consistent coverage over time, particularly when constructing balanced panels. The starting
year of 2008 was chosen to retain a two-year pre-treatment window for Illinois, the earliest treated state, while
minimizing store attrition. The end year of 2019 ensures that the sample excludes the COVID-19 pandemic, which
began a�ecting U.S. retail markets and consumer behavior in early 2020 through widespread disruptions in supply
chains, shifts in household spending patterns, and emergency policy interventions.

17 Sales volume is de�ned as the total number of ounces sold per store-week. The average price per ounce is
calculated by dividing total revenue by total ounces sold, using weekly aggregated store-level scanner data.

18 This sample restriction retains 54.45% of regular soda observations and 54.58% of chocolate candy observations
from the original dataset.
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(a) Average Price per Ounce for Regular Soda (b) Average Price per Ounce for Chocolate Candy

(c) Average Quantity Sold for Regular Soda (d) Average Quantity Sold for Chocolate Candy

Figure 2: Trends in Prices and Quantities by State, 2008-2019
Notes: This �gure shows trends in average prices and quantities for regular soda and chocolate candy by state
from 2008 to 2019. Lines represent annual averages for each state: Arkansas (red), Colorado (blue), Vermont
(purple), Washington, D.C. (green), and the control group (gray dashed). Treatment years are indicated for each
state: Arkansas (2018), Colorado (2010), Illinois (2009 for candy), Vermont (2015 for soda), and Washington,
D.C. (2010 for soda).
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Table 2: Summary Statistics: Price per Ounce and Sales Volume by State, 2008-2019

Panel A: Regular Soda

Arkansas Colorado DC Vermont Control
Year Price Qty Price Qty Price Qty Price Qty Price Qty

2008 0.029 112,482 0.031 179,464 0.030 231,912 0.035 87,981 0.031 102,786
2009 0.031 117,587 0.033 176,449 0.031 227,315 0.037 85,932 0.032 103,585
2010 0.033 109,987 0.034 173,280 0.032 224,854 0.039 78,341 0.034 99,070
2011 0.034 112,164 0.036 177,285 0.034 229,939 0.040 74,271 0.035 99,602
2012 0.035 109,174 0.038 173,121 0.034 238,301 0.040 71,161 0.036 95,895
2013 0.036 107,659 0.038 169,133 0.034 225,713 0.041 70,675 0.036 95,837
2014 0.037 104,786 0.040 165,801 0.035 192,537 0.042 70,034 0.037 96,458
2015 0.039 101,703 0.042 166,278 0.039 174,636 0.044 67,544 0.039 96,036
2016 0.039 100,429 0.044 171,364 0.040 168,125 0.047 66,331 0.040 98,022
2017 0.040 98,456 0.045 169,162 0.041 154,419 0.047 63,871 0.041 95,807
2018 0.041 94,554 0.047 166,147 0.041 160,138 0.050 62,636 0.043 93,986
2019 0.043 89,030 0.049 161,232 0.043 152,022 0.053 58,646 0.045 92,223

Stores 178 447 18 81 13,116

Panel B: Chocolate Candy

Arkansas Colorado Illinois Control
Year Price Qty Price Qty Price Qty Price Qty

2008 0.288 3,066 0.307 6,446 0.307 5,846 0.294 4,251
2009 0.324 2,830 0.341 5,901 0.344 5,299 0.330 3,887
2010 0.330 3,042 0.348 6,423 0.352 5,426 0.336 4,172
2011 0.346 3,033 0.357 6,575 0.355 5,586 0.347 4,233
2012 0.373 2,968 0.386 6,351 0.391 5,010 0.372 4,051
2013 0.380 3,293 0.389 7,007 0.394 5,340 0.383 4,267
2014 0.377 3,236 0.391 7,246 0.392 5,603 0.383 4,278
2015 0.407 2,842 0.422 6,829 0.420 5,242 0.409 3,956
2016 0.406 2,699 0.426 6,760 0.421 5,016 0.412 3,835
2017 0.419 2,630 0.427 6,711 0.432 4,905 0.422 3,783
2018 0.419 2,490 0.434 6,668 0.435 4,745 0.425 3,725
2019 0.428 2,326 0.451 6,402 0.446 4,472 0.437 3,541

Stores 179 447 832 13,106

Notes: Prices are measured in dollars per ounce, and quantities are measured as total ounces sold per
store-week. Treatment years are as follows: Arkansas (2018), Colorado (2010), Illinois (2009 for candy),
Vermont (2015 for soda), and Washington, D.C. (2010 for soda). The balanced panel includes only
stores that reported sales continuously for all 624 weeks (52 weeksÖ 12 years) between 2008 and 2019,
representing 54.45% of regular soda observations and 54.58% of chocolate candy observations from the
original datasets. Visualized trends in prices and quantities over time are provided in Figure 2.
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and control regions. It is important to note that while this dataset provides valuable information

by tracking the same stores over a long period, it does not necessarily represent state-level prices

and sales patterns.19

The price trends (Panels A and B) for both regular soda and chocolate candy show consistent

increases across all regions during the study period, with price trends between treatment regions and

control groups moving largely in parallel prior to tax policy changes. Parallel pre-treatment trends

represent an important condition for the validity of di�erence-in-di�erences-type methodologies.

While the SDID approach relaxes this assumption by improving pre-treatment �t, it remains a

key diagnostic feature motivating its application. For both product categories, the pre-treatment

trends appear su�ciently parallel to support the validity of the identi�cation strategy. 20

Weekly store-level data from the NielsenIQ Retail Scanner Data are aggregated to the state-

week level to match the unit of policy implementation. This choice follows methodological guidance

emphasizing that synthetic control (SC) methods were developed for aggregate time series and that

aggregation attenuates idiosyncratic noise that could otherwise induce over�tting in pre-treatment

periods (Abadie, 2021; Abadie and Vives-i Bastida, 2022).21 Consistent with this rationale, recent

empirical studies using retail scanner data and SDID also aggregate disaggregated observations to

the relevant policy unit, such as state-level aggregates for bottle deposit laws or city-level aggregates

for beverage excise taxes (Keller and Guyt, 2023; Kaplan et al., 2024; Kaplan and White, 2025).22

4.3 NielsenIQ Consumer Panel Data

The NielsenIQ Consumer Panel Data tracks the purchasing behavior of approximately 40,000-60,000

U.S. households annually for the period 2004-present. This dataset provides detailed information

about household purchases across all retail channels, including UPC-level product data, purchase

dates, quantities, prices, and store information.

19 For instance, the lower unit price of soda in Washington, D.C. stores in the sample does not imply that overall
price levels in D.C. are lower than in other treatment regions.

20 Because the timing of policy implementation varies across treatment states, the relevant pre-treatment periods
di�er by state. For instance, although the pre-treatment trend in average soda quantities sold in Washington, D.C.
appears somewhat divergent when viewed over the full sample period, restricting attention to the years prior to its
2010 policy change yields patterns that are su�ciently parallel to those of the control states.

21 While the cited methodological papers focus on SC, the same data requirements apply to SDID, which extends
the SC framework but retains its emphasis on aggregate outcomes.

22 Although these applications study di�erent policies, they share the feature that highly disaggregated scanner
data are deliberately aggregated to the policy unit before analysis.
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While the Retail Scanner Data serves as the primary data source for this study, the Consumer

Panel Data o�ers a complementary perspective by directly recording consumer purchases across

shopping channels. This cross-validation is particularly valuable because the two datasets are

collected through independent methodologies�scanner data comes from participating retailers'

point-of-sale systems, while household panel data comes from consumers recording their purchases

or scanning receipts.

For consistency with the Retail Scanner Data analysis, this study focuses on the same product

categories and time periods in the Consumer Panel Data. The primary outcome variable is the

monthly ounces of soda or candy purchased per household.

5 Empirical Strategy and Identi�cation

5.1 Identi�cation Strategy

This study exploits variation in state-level sales tax treatment for soda and candy as a natural

experiment. The policy changes occurred at di�erent times across �ve states.23 As discussed in

Section 2, these changes were driven primarily by state-speci�c �scal needs and were implemented

through legislative processes rather than public referenda, with limited advance public awareness

campaigns. These features support the plausibility of treating the timing and adoption of tax

changes as exogenous with respect to consumer behavior, thereby mitigating concerns about en-

dogenous policy adoption.

Further supporting the identi�cation strategy, Section 4 examines pre-treatment trends in sales

outcomes across treatment and control states. As illustrated in Figure 2, trends in quantities sold

for most treated states closely mirror those of the control group. While average prices for both soda

and candy exhibit an upward trend over time, this increase re�ects broader in�ationary pressures

rather than state-speci�c price shocks. The near-parallel evolution of prices across treated and

control states suggests that in�ationary forces were largely national in scope. These nationwide

trends are accounted for in the SDID framework through time �xed e�ects, which absorb shocks

common to all states in a given period. In addition, the SDID approach reweights control units

23 The implementation dates were as follows: Illinois (September 1, 2009), Colorado (May 1, 2010), Washington,
D.C. (October 1, 2010), Vermont (July 1, 2015), and Arkansas (January 1, 2018).

19



Beomyun Kim Taxing the Sweet Tooth November 2025

to approximate counterfactual outcomes, ensuring that pre-treatment trends align closely and that

shared shocks are further mitigated during the construction of the synthetic control group.

The control group consists of 34 states that maintained stable sales tax policies on soda and

candy during the study period. As detailed in Table A11, the control group excludes states ex-

periencing substantial tax rate changes (exceeding 0.5 percentage points), non-contiguous states

(Alaska and Hawaii), and states with gradual or ambiguous policy shifts. These restrictions are

designed to ensure that the control states constitute a credible counterfactual group una�ected

by their own policy changes. To further assess the robustness of the control group selection, Sec-

tion 6.4.2 presents additional results using a more restricted sample comprising only states whose

pre-treatment conditions most closely resemble those of the treated states.24

5.2 Synthetic Di�erence-in-Di�erences

5.2.1 Overview of the SDID Methodology

The SDID method developed by Arkhangelsky et al. (2021) combines the strengths of traditional

di�erence-in-di�erences and SC methods. SDID addresses limitations of both approaches while

preserving their respective advantages: like DID, SDID allows for time-invariant level di�erences

between treated and control units; like SCM, it creates optimally weighted control units that better

approximate counterfactual outcomes.

Building on these features, the SDID estimator o�ers greater �exibility in modeling pre-treatment

trends compared to standard di�erence-in-di�erences and possesses a "double robustness" property:

it remains consistent if either the unit-weighting or the time-weighting model is correctly speci�ed

(Arkhangelsky et al., 2021). Moreover, in staggered adoption settings, SDID avoids biases associ-

ated with negative weighting and already-treated units serving as controls, issues that are known

to a�ict traditional Two-Way Fixed E�ects (TWFE) estimators (Goodman-Bacon, 2021). These

features make SDID particularly well-suited for the present study's research design. For a detailed

discussion of how this estimator addresses the identi�cation and inference challenges speci�c to the

24 In the context of SDID estimation, such a control group is referred to as the donor pool because untreated units
are assigned weights to construct counterfactual outcomes for the treated units. While the term control group is used
in this section to emphasize identi�cation logic, the same group serves as the donor pool in the SDID implementation
described in Section 5.2.
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study's design, see Appendix C.1.

The SDID estimator formalizes these ideas by solving a weighted least squares problem that

optimally balances treated and control units across both units and time periods. Estimation of the

average treatment e�ect on the treated (ATT) proceeds as follows:

(�̂ SDID ; �̂; �̂; �̂ ) = arg min
�;�;�;�

( NX

i =1

TX

t=1

(Yit � � � � i � � t � Wit � )2!̂ SDID
i �̂ SDID

t

)

(9)

In this equation, Yit is the outcome variable for unit i at time t, � is a constant term, � i

represents unit-speci�c �xed e�ects, � t captures time �xed e�ects, Wit is the treatment indicator

(equal to 1 for treated units in post-treatment periods and 0 otherwise), and� is the ATT. 25 The

key innovation of SDID is the incorporation of optimally chosen weights!̂ SDID
i and �̂ SDID

t for units

and time periods, respectively. These weights are computed to best align pre-treatment outcomes

between treated and control units and are described in detail in Arkhangelsky et al. (2021).

5.2.2 Data Aggregation and Variable Construction

As discussed in Section 4, store-level observations are aggregated to the state-week level to align

outcomes with the policy implementation unit. Building on this setup, this section details the

speci�c aggregation procedure and the construction of outcome variables.

The speci�c aggregation procedure is shaped by both the structure of the underlying data and

the objectives of the analysis. The NielsenIQ Retail Scanner Data provides a long-running panel of

retail stores, enabling consistent tracking of sales patterns over time. While this is a key strength

for analyzing policy responses, the data represent a sample of stores rather than a comprehensive

census, and therefore do not guarantee full representativeness of the broader retail market.26. Given

these features, the objective of the analysis is not to recover absolute market-level outcomes, but

rather to credibly estimate relative changes in outcomes�such as percentage changes in prices or

quantities sold�that occur in response to policy shocks.

To achieve this, a volume-weighted average price per ounce was �rst computed within each

store, and the logarithm of both this price and total quantity sold was then taken at the store

25 A full description of how these variables are de�ned and constructed in the context of this study is provided in
the following section (Section 5.2.2).

26 In particular, larger stores may be overrepresented, and certain types of stores or regions may be underrepresented.
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level. These log-transformed values were subsequently averaged across stores within each state-

week.27 This approach minimizes the in�uence of store size and ensures that each store contributes

equally in relative terms. Rather than attempting to approximate population-level aggregates from

a non-representative sample, the construction is aligned with the estimand of interest: the average

percentage response across stores included in the data.

In this study, the outcome variable Yit , as de�ned in equation (9), represents either log price per

ounce or log quantity sold in ounces for statei in week t. The total number of states N includes

39 states (5 treatment states and 34 control states), while the time dimensionT consists of 624

weeks (52 weeks� 12 years) from 2008�2019.28 State �xed e�ects, � i , control for time-invariant

di�erences across states, while week �xed e�ects,� t , capture common time shocks a�ecting all

states.

5.2.3 Estimation under Staggered Adoption

In the context of staggered adoption, where di�erent states implemented tax changes at di�erent

times, SDID accommodates this variation by estimating separate treatment e�ects for each treated

state and then computing a weighted average. Following Clarke et al. (2024), the pooled ATT is

calculated as:

b� SDID =
X

a2 A

Ta
post

Tpost
� b� SDID

a (10)

where A is the set of treatment adoption periods, b� SDID
a is the SDID estimator for adoption

cohort a, Tpost
a is the number of post-treatment observations in cohorta, and Tpost =

P
a2 A Tpost

a is

the total number of post-treatment observations across all cohorts.29 This weighting scheme gives

27 Two common approaches for log aggregation are the Mean of Logs and the Log of Means. The former, used
here, �rst log-transforms each store's outcome before averaging, which equalizes the in�uence of stores and reduces
the impact of outliers. The latter averages raw outcomes and then applies the log transformation, making it more
sensitive to store size but more representative of aggregate market activity. The two methods diverge due to Jensen's
inequality, with the Log of Means typically yielding larger values under high dispersion.

28 While �ve states underwent major sales tax changes during the study period, no single analysis treats all �ve
as treatment states simultaneously. For soda, the treated states are Arkansas, Colorado, Vermont, and Washington,
D.C., excluding Illinois, where only candy was a�ected. For candy, the treated states are Arkansas, Colorado, and
Illinois, excluding Vermont and Washington, D.C., where only soda was a�ected.

29 In standard multi-cohort settings, multiple units adopt treatment at the same time and are grouped to estimate
a cohort-speci�c ATT. In this study, however, each adoption cohort corresponds to a single treated state, due to the
staggered nature of policy implementation. The term T post

a denotes the number of post-treatment periods for cohort
a, i.e., the number of weeks following the treatment start in state a. For example, Arkansas implemented its tax
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greater in�uence to states with longer post-treatment periods, e�ectively balancing the contribution

of each treatment cohort to the overall estimate. The pooled analysis excludes Colorado in some

speci�cations to isolate the e�ects of larger and more persistent tax changes.30

5.2.4 Inference Using Placebo Procedures

For statistical inference with the SDID estimator, this study follows a placebo-based approach as

proposed by Arkhangelsky et al. (2021) and Clarke et al. (2024) for staggered adoption designs.

Conventional cluster-robust standard errors rely on large-sample approximations in the number of

clusters and can understate variability when only a few treated states are observed. The placebo

procedure is therefore particularly valuable in settings with a small number of treated clusters.

It constructs an empirical distribution of estimator values under simulated treatments, yielding

standard errors that more accurately re�ect �nite-sample uncertainty.

The core idea is to simulate how the SDID estimator would behave under the null hypothesis of

no treatment e�ect. To do so, this study repeatedly assigns placebo treatments to untreated units

and re-estimates the SDID e�ect. Speci�cally:

1. A set of placebo-treated units is drawn randomly (without replacement) from the untreated

pool, matching the number of treated units.

2. The placebo treatment assignment follows the same timing and structure as the original

treatment but is applied only to the placebo units.

3. The SDID estimate is computed under this placebo assignment.

4. Steps 1�3 are repeatedB times. In this study, B is set to 1000.31

change in the �rst week of January 2018, which corresponds to week 521 out of 624 in the panel (2008�2019), yielding
T post

a = 104.
30 Colorado is excluded in some speci�cations for two reasons. First, its tax increase (2.9 percentage points) is

substantially smaller than the 5�6 percentage point changes observed in other states. Second, unlike the other states
where the tax treatment is permanent, Colorado reinstated the sales tax exemption for soft drinks e�ective July 1,
2016, reversing the initial policy change. Because the SDID method assumes stable treatment status after adoption,
Colorado's reversion challenges the absorbing treatment assumption typically maintained in di�erence-in-di�erences
frameworks. To address these concerns, separate analyses are conducted: one including all states to estimate the
overall average treatment e�ect, and another excluding Colorado to focus on states with larger and permanent tax
changes. Both sets of results are reported to provide complementary perspectives.

31 A total of 1000 placebo replications were conducted to ensure stable inference. While Arkhangelsky et al.
(2021) originally used 400 replications in their applications, increasing the number to 1000 enhances precision in the
estimation of placebo-based standard errors and the construction of con�dence intervals.
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Let �̂ (b)
SDID be the SDID estimate from the b-th placebo iteration. The placebo-based variance

of the estimator is computed as:

V̂ (placebo)
� =

1
B

BX

b=1

�
�̂ (b)

SDID � �� (placebo)
� 2

where �� (placebo) =
1
B

BX

b=1

�̂ (b)
SDID : (11)

This formula calculates how much the placebo ATT estimates tend to vary around their average.

The term �� (placebo) represents the average of theB placebo estimates, each denoted bŷ� (b)
SDID . The

expression inside the summation measures the squared deviation of each placebo estimate from this

average. Taking the mean of these squared deviations yields the sample variance of the placebo

distribution.

In intuitive terms, this variance measures �how dispersed the fake ATT values are�. If the

placebo estimates are very spread out (i.e., the variance is large), it suggests that large ATT

estimates can arise just by chance, making it harder to be con�dent that the real estimate re�ects a

true treatment e�ect. By contrast, if the placebo estimates are tightly clustered (i.e., the variance

is small), then a large actual ATT estimate is more likely to re�ect a genuine e�ect rather than

random noise.

The corresponding standard error is de�ned as the square root of this variance:

ŜE
(placebo)
� =

q

V̂ (placebo)
� : (12)

Conventional con�dence intervals can then be constructed in the usual way.

5.2.5 Extension to Event-Study Analysis

In addition to the main SDID estimates, this study conducts an event-study-style analysis based

on the SDID framework. This approach tracks the evolution of di�erences between treated and

synthetic control units over time, allowing for a dynamic evaluation of treatment e�ects and pre-

treatment trends. This study follows the event-study extension of SDID proposed by Clarke et al.

(2024). Because identi�cation and inference in the event-study extension largely parallel those of

the main SDID estimator, full details are deferred to Appendix C.2.
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6 Results

This section presents the e�ects of ending reduced sales tax rates on soda and candy sales. It begins

with pooled and state-speci�c estimates, then examines dynamic patterns, incorporates evidence

from household panel data, explores heterogeneity across dimensions such as package size, and

concludes with robustness checks.

6.1 Main E�ects

6.1.1 Pooled Analysis

Table 3 presents estimates from three speci�cations: �rst di�erences (FD), two-way �xed e�ects

(TWFE), and SDID. Each method relies on di�erent identifying assumptions and captures di�erent

dimensions of variation in the data. FD uses week-to-week within-store changes to remove time-

invariant heterogeneity. TWFE includes store and month �xed e�ects to absorb broader time and

unit-level trends. SDID constructs synthetic controls for each treated unit, adjusting for staggered

policy adoption.

While the SDID approach is the primary identi�cation strategy in this study, estimates from

FD and TWFE models are presented for comparison. One important distinction is that SDID

operates at the policy implementation level and requires aggregating the data to the state-by-time

scale, whereas FD and TWFE use store-week-level data. This �ner level of granularity allows these

models to incorporate store �xed e�ects and leverage within-store variation over time.

Another key di�erence lies in the treatment variable: the FD and TWFE models treat the policy

as a continuous tax rate change, enabling semi-elasticity interpretations, while the SDID model uses

a binary treatment indicator. These speci�cations are thus not directly comparable in magnitude,

but they o�er complementary insights. Consistent with Hendren (2016), the �policy elasticities�

reported in Table 3 summarize the total causal response to discrete sales tax changes (a policy

elasticity), not a structural price elasticity; see Appendix E. FD and TWFE are particularly useful

for examining proportional responses to di�erent tax intensities and for checking the robustness

of the main �ndings to simpler modeling assumptions. Nevertheless, SDID remains the most

appropriate method for estimating the causal e�ect of these staggered policy changes, especially in
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Table 3: Pooled Analysis of Sales Tax Changes: Multiple Estimation Methods, 2008-2019

Regular Soda Chocolate Candy

First-Di� TWFE SDID SDID First-Di� TWFE SDID SDID
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Price E�ects (Dependent Variable: Log Price per Ounce)
Estimate 0.0077 0.0372 0.0085 -0.0124 0.0014 0.0335*** -0.0037 -0.0077

(0.0065) (0.0234) (0.0126) (0.0153) (0.0032) (0.0076) (0.0091) (0.0112)
Pass-through 1.77 4.74 1.18 0.77 1.14 4.37 0.91 0.84

Panel B: Quantity E�ects (Dependent Variable: Log Quantity Sold in Ounces)
Estimate -0.0399* -0.018*** -0.1024** -0.1460** -0.0127 -0.0102** -0.0070 -0.0372

(0.0222) (0.0050) (0.0513) (0.0601) (0.0086) (0.0046) (0.0362) (0.0453)
Policy Elastic-
ity

-2.26 -0.37 -1.80 -3.44 -1.12 -0.23 -0.18 -0.89

Semi-elasticity -3.99 -1.76 -2.06 -2.58 -1.27 -1.02 -0.16 -0.73

Fixed E�ects
Store X X
State X X X X
Week X X X X
Month X X

Estimation Details
First-
Di�erence

X X

Clustered SE
(State)

X X X X X X X X

Includes Col-
orado

X X X X X X

Stores 13,840 13,840 13,840 13,393 14,564 14,564 14,564 14,117
Observations 8,622,320 8,636,160 23,712 23,088 9,073,372 9,087,936 23,088 22,464
States 38 38 38 37 37 37 37 36

Notes: This table presents estimates from First-Di�erence (FD)regressions, Two-Way Fixed E�ects (TWFE)
regressions with store and week �xed e�ects, and Synthetic Di�erence-in-Di�erences (SDID) models of the e�ects
of ending reduced sales tax rates on soda and candy prices and quantities. The analysis draws on store-level scanner
data from 2008 to 2019, restricted to stores with uninterrupted reporting across all 624 weeks to ensure a balanced
panel. FD and TWFE models are estimated using store-week-level data, which preserves store-level variation and
enables the inclusion of store �xed e�ects. By contrast, the SDID models use data aggregated to the state-week
level. Coe�cients from the FD and TWFE models should be interpreted as semi-elasticities: a coe�cient of
0.01 implies that a 1 percentage point increase in the sales tax rate leads to approximately a 1% change in the
pre-tax price or quantity sold. Pass-through rates measure the share of tax changes re�ected in posted (pre-tax)
prices, with a value of 1 indicating full pass-through to the tax-inclusive price paid by consumers.Policy elasticities
are calculated as the percent change in quantity sold relative to the percent change in the tax-inclusive price.
Following Hendren (2016), these �policy elasticities� should be interpreted as policy-induced causal responses
rather than structural price elasticities; see Appendix E for discussion. Semi-elasticities from SDID models are
obtained by dividing the ATT estimates by the average tax rate change across treated states. Coe�cients from
the SDID models represent average treatment e�ects on the treated (ATT) estimated relative to synthetic control
groups. Standard errors are clustered at the state level for the FD and TWFE models. For the SDID models,
standard errors are instead obtained from 1,000 placebo-based inference procedures with resampling at the state
level following Arkhangelsky et al. (2021). Signi�cance levels are denoted as *** p<0.01, ** p<0.05, * p<0.1.
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light of the small number of treated units and the need for valid inference under treatment e�ect

heterogeneity.

Estimates from FD and TWFE suggest positive associations between tax increases and soda

prices, though none of the soda price e�ects are statistically signi�cant. For candy, only the TWFE

price e�ect is statistically signi�cant (3.35%), while other price and quantity estimates are small

and not signi�cant. These coe�cients are interpreted as semi-elasticities.32

The SDID estimates show a 10.24% reduction in soda sales, increasing to 14.60% when Colorado

is excluded. Based on average household soda purchases, this corresponds to an approximate decline

of 39 to 56 ounces per household per month, or roughly 3 to 5 fewer 12-ounce cans.33 For candy,

SDID estimates are small and statistically insigni�cant, ranging from -0.70% to -3.72%. The weaker

response for candy may relate to its smaller role in household spending or lower tax salience at the

point of sale.

Price changes under SDID are modest and statistically insigni�cant. For soda, estimated

changes range from +0.85% to -1.24%; for candy, from -0.37% to -0.77%. Because scanner data

report shelf prices excluding sales tax, limited movement in posted prices suggests that most of the

tax burden was passed through to consumers at checkout.34

Table 3 also reports pass-through rates, policy elasticities, and semi-elasticities (see Appendix E

for de�nitions). Pass-through rates are high across speci�cations. FD estimates show the largest

quantity responses, likely due to sensitivity to short-term variation. TWFE estimates yield higher

price responses. Because the SDID model uses a binary treatment variable while FD and TWFE

use continuous measures, direct comparisons of e�ect magnitudes should be interpreted cautiously.

Still, the overall pattern is clear: quantities of soda sold consistently show negative responses to

tax increases across all methods.
32 A semi-elasticity measures the percentage change in the dependent variable in response to a one-unit (here, one

percentage point) change in the independent variable, rather than a one-percent change. In this context, it captures
the proportional change in price or quantity for a one percentage point increase in the tax rate.

33 These �gures are derived using the weighted average soda quantity purchased per household per month from the
NielsenIQ Consumer Panel. Speci�cally, the mean quantity is 385.87 ounces for soda, computed using household-
month level observations. The estimates assume that the proportional reduction in retail sales translates directly
to proportional declines in household purchases, which may not hold exactly. The resulting range re�ects the two
estimates from the SDID models with and without Colorado. These numbers are for illustrative purposes and should
not be interpreted as precise estimates of household behavior. Also, see footnote 30 for a detailed explanation of why
Colorado is excluded in some speci�cations.

34 Because scanner data measure shelf prices exclusive of sales tax, a posted price that remains unchanged after
taxation implies full pass-through. See Appendix E for details.
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The observed di�erential response between higher budget share products (soda) and lower bud-

get share products (candy) aligns with standard consumer demand theory, which predicts that

goods representing larger household expenditure exhibit greater price sensitivity due to substitu-

tion and income e�ects. Household purchase data support this interpretation: average monthly

household spending on soda ($10.21) is more than twice that on candy ($4.71), and the median

expenditure on soda ($3.00) is approximately triple that on candy ($0.99).35

6.1.2 Household Panel Evidence

Table 4: Household Panel Evidence of Sales Tax Changes: Short-Run E�ects

Panel A: Regular Soda

Arkansas Colorado Wash. D.C. Vermont

Quantity E�ects (Dependent Variable: Total Quantity in Ounces)
SDID Estimates -21.435* -0.148 -39.823*** 2.510

(12.525) (27.210) (9.693) (19.346)

Observations (Treated/Control)
Households 488/35228 985/32830 53/32830 108/34862
Sample Period 2017-2018 2010-2011 2010-2011 2015-2016

Panel B: Chocolate Candy

Arkansas Colorado Illinois

Quantity E�ects (Dependent Variable: Total Quantity in Ounces)
SDID Estimates -2.182*** 0.055 -0.047

(0.693) (1.566) (1.175)

Observations (Treated/Control)
Households 488/35228 985/32830 2130/32492
Sample Period 2017-2018 2010-2011 2009-2010

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) estimates of the e�ects of ending reduced
sales tax rates on household-level purchases of soda and candy. The analysis uses household panel data from
2008�2019, aggregated from household-day level observations to the state-month level, and includes only house-
holds with continuous monthly reporting throughout the study period to create a balanced panel. Coe�cients
represent average treatment e�ects on the treated (ATT) estimated relative to synthetic control groups. Standard
errors reported in parentheses are obtained from 1,000 placebo-based inference procedures with resampling at the
state level. Signi�cance levels are denoted as *** p<0.01, ** p<0.05, * p<0.1.

Table 4 reports estimates from household panel data, which provide a complementary perspec-

tive to the scanner-based analysis. This section has two purposes. First, it cross-validates the main

�ndings by testing whether household-level purchases exhibit similar responses to the removal of

reduced sales tax rates. Second, it highlights the distinct contribution of household data, which

directly measures consumer behavior and allows for insights not available in store-level records.
35 These estimates are based on monthly household expenditure data drawn from the NielsenIQ consumer panel.
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Unlike retail scanner data, which aggregate transactions at the store level, household panel data

track purchases across all shopping channels based on consumer-reported transactions. The two

datasets are constructed independently, with di�erent sampling frames and reporting mechanisms,

which makes their consistency particularly informative. Because many household-month observa-

tions record zero purchases, log transformations were not applied; such a transformation would

require censoring or imputation and would risk introducing bias. Instead, the analysis uses levels,

enabling direct interpretation in terms of ounces or bars purchased.

The results broadly align with the scanner-based evidence. In Arkansas and Washington, D.C.,

soda purchases declined signi�cantly, by 21.44 ounces and 39.82 ounces per household per month,

respectively.36 Relative to the average pre-treatment household purchase of about 386 ounces,

these represent declines of 5.5% and 10.3%. Because the household panel can only support short-

run analysis�longer balanced panels are not feasible due to attrition�the estimates are directly

comparable to the short-run scanner-based SDID results reported in Table 9. The similarity across

the two datasets over the same two-year horizon provides supporting evidence that the observed

e�ects re�ect real changes in consumer behavior. For chocolate candy, the only statistically signif-

icant e�ect appears in Arkansas, with an average monthly reduction of 2.18 ounces�roughly one

standard bar�while the estimates for Colorado and Illinois are small and insigni�cant.

Overall, the household analysis both corroborates and complements the scanner-based results.

By capturing consumer purchases directly, it shows how tax-induced reductions appear at the

household level rather than re�ecting supply-side adjustments by retailers. At the same time, the

household data provide an additional perspective by documenting changes in average purchase

quantities and the frequency of zero-purchase months. This dual role�cross-validation of the main

�ndings and the provision of consumer-level detail�illustrates the robustness of the estimated

e�ects without relying on a single data source.

6.1.3 Dynamic E�ects

This section examines short-run dynamic responses rather than a static average e�ect. Figure 3

and Table 5 present the dynamic e�ects of sales tax changes over time. Accordingly, the dynamic

36 These �gures correspond to approximately 1.8 and 3.3 12-ounce cans of soda.
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(a) Regular Soda (With Colorado) (b) Regular Soda (Without Colorado)

(c) Chocolate Candy (With Colorado) (d) Chocolate Candy (Without Colorado)

Figure 3: Short-Run Dynamic Tax E�ects: Pooled Event Study Estimates

Notes: This �gure presents Synthetic Di�erence-in-Di�erences (SDID) pooled event study estimates
showing the dynamic e�ects of ending reduced sales tax rates on soda and candy quantities. Each point
represents the average treatment e�ect on the treated (ATT) relative to the policy implementation date
(t0), with vertical bars indicating 95% con�dence intervals. The x-axis measures periods in quarters
relative to implementation, restricted to the time window in which all treatment states are observed.
Speci�cally, the pre-treatment period is de�ned based on Illinois, the earliest treated state, and the
post-treatment period is de�ned based on Arkansas, the latest treated state. The y-axis shows the
estimated e�ects on the log quantity sold. Panels (a) and (c) include all states, while panels (b) and
(d) exclude Colorado. Standard errors reported in parentheses are obtained from 1,000 placebo-based
inference procedures with resampling at the state level, and the analysis is conducted at the state-quarter
level.
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Table 5: Short-Run Dynamic E�ects of Sales Tax Changes: Pooled Event Study Estimates

Regular Soda Chocolate Candy

Period Price Quantity Price Quantity

Panel A: Full Sample (Including Colorado)
t-7 -0.0125 (0.0093) 0.0045 (0.0216) 0.0054 (0.0054) 0.0281 (0.0334)
t-6 -0.0097 (0.0082) -0.0028 (0.0184) 0.0047 (0.0065) -0.0072 (0.0295)
t-5 -0.0114 (0.0089) 0.0116 (0.0178) -0.0072 (0.0093) -0.0152 (0.0352)
t-4 -0.0105 (0.0080) -0.0212 (0.0195) 0.0045 (0.0067) 0.0202 (0.0284)
t-3 -0.0147* (0.0076) -0.0125 (0.0191) -0.0033 (0.0076) 0.0323 (0.0298)
t-2 -0.0169** (0.0084) -0.0046 (0.0179) 0.0047 (0.0061) -0.0321 (0.0223)
t-1 -0.0228*** (0.0086) 0.0056 (0.0140) -0.0022 (0.0070) -0.0226 (0.0337)
t0 -0.0141 (0.0092) -0.0322 (0.0224) 0.0062 (0.0081) -0.0022 (0.0317)
t+1 -0.0222** (0.0101) -0.0333 (0.0234) 0.0084 (0.0074) -0.0205 (0.0354)
t+2 -0.0048 (0.0096) -0.0602** (0.0267) 0.0057 (0.0081) -0.0634* (0.0384)
t+3 -0.0025 (0.0100) -0.0633** (0.0254) 0.0005 (0.0062) -0.0584* (0.0343)
t+4 -0.0061 (0.0102) -0.0643** (0.0291) -0.0002 (0.0082) -0.0242 (0.0400)
t+5 -0.0056 (0.0116) -0.0771** (0.0359) -0.0109 (0.0085) -0.0271 (0.0372)
t+6 -0.0120 (0.0104) -0.0714* (0.0365) -0.0167* (0.0091) -0.0529 (0.0445)
t+7 -0.0079 (0.0120) -0.0825** (0.0394) -0.0099 (0.0080) -0.0590 (0.0381)

Panel B: Excluding Colorado
t-7 -0.0125 (0.0093) -0.0052 (0.0198) 0.0006 (0.0041) 0.0278 (0.0420)
t-6 -0.0087 (0.0084) -0.0089 (0.0199) 0.0058 (0.0066) 0.0129 (0.0275)
t-5 -0.0123 (0.0103) 0.0092 (0.0215) -0.0126 (0.0087) -0.0113 (0.0369)
t-4 -0.0156 (0.0104) -0.0157 (0.0224) 0.0043 (0.0076) 0.0248 (0.0431)
t-3 -0.0159* (0.0086) -0.0290* (0.0171) 0.0006 (0.0113) 0.0281 (0.0397)
t-2 -0.0186* (0.0102) -0.0073 (0.0182) 0.0071 (0.0071) -0.0132 (0.0179)
t-1 -0.0285** (0.0111) -0.0007 (0.0168) -0.0081 (0.0061) -0.0224 (0.0337)
t0 -0.0131 (0.0108) -0.0453* (0.0231) 0.0061 (0.0089) -0.0142 (0.0386)
t+1 -0.0193* (0.0114) -0.0618*** (0.0240) 0.0134 (0.0095) -0.0434 (0.0449)
t+2 -0.0080 (0.0114) -0.0811*** (0.0293) 0.0062 (0.0096) -0.0603 (0.0374)
t+3 -0.0067 (0.0117) -0.0860*** (0.0265) -0.0076 (0.0079) -0.0689* (0.0365)
t+4 -0.0061 (0.0121) -0.0809*** (0.0298) -0.0029 (0.0093) -0.0315 (0.0549)
t+5 -0.0004 (0.0142) -0.1146*** (0.0375) -0.0071 (0.0095) -0.0534 (0.0453)
t+6 -0.0174 (0.0132) -0.0868** (0.0379) -0.0147 (0.0118) -0.0566 (0.0445)
t+7 -0.0144 (0.0136) -0.0987** (0.0403) -0.0190* (0.0109) -0.0690* (0.0414)

Notes: This table reports Synthetic Di�erence-in-Di�erences (SDID) event study estimates of the e�ects of ending
reduced sales tax rates on soda and candy prices and quantities. The analysis is based on store-level scanner data
from 2008�2019, aggregated to the state-quarter level, and restricted to stores reporting continuously over all
624 weeks to form a balanced panel. The event study speci�cation relates outcomes to event time measured in
quarters relative to the quarter of policy implementation, with the implementation quarter denoted as t0 . The
pre-treatment horizon is de�ned based on Illinois, the earliest treated state, and the post-treatment horizon is
de�ned based on Arkansas, the latest treated state. Estimated coe�cients represent average treatment e�ects
on the treated (ATT) at each event time point, identi�ed relative to synthetic control groups. Standard errors
reported in parentheses are obtained from 1,000 placebo-based inference procedures with resampling at the state
level. Statistical signi�cance is indicated by *** p<0.01, ** p<0.05, * p<0.1.
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event-time coe�cients are not designed to average to the static estimate; instead, they provide

complementary evidence on the timing and evolution of treatment e�ects. The analysis pools all

treated states and estimates quarterly event-study coe�cients over seven pre-treatment quarters

(about 21 months) and eight post-treatment quarters (about 24 months). A key diagnostic in event

studies is the stability of pre-treatment trends. In the pooled speci�cation, pre-treatment coe�-

cients are generally close to zero and statistically insigni�cant, with this pattern being especially

clear for quantities, a pattern consistent with the identifying assumptions.

The price variable is the posted pre-tax price. The absence of economically or statistically

meaningful movements in pre-tax prices around treatment implies that retailers did not o�set the

at-register sales tax increase through posted-price adjustments, a pattern consistent with substantial

pass-through of the newly applied sales tax to consumers. This conclusion holds in both the pooled

sample that includes Colorado (Panel A) and the sample that excludes Colorado (Panel B).

Turning to quantities, Panel A (including Colorado) shows that the �rst two post-treatment

quarters�the �rst quarter ( t0) and the second quarter (t+1 )�already feature negative but imprecise

estimates. From the third post-treatment quarter ( t+2 ) onward, the declines in soda volume become

larger and statistically signi�cant, with about a 6.0% reduction at t+2 and roughly an 8.3% reduction

by the eighth post-treatment quarter ( t+7 ). In contrast, for chocolate candy, most post-treatment

coe�cients are negative but generally imprecise and rarely reach statistical signi�cance.

Excluding Colorado (Panel B) strengthens and accelerates the soda quantity response. The

decline is already statistically signi�cant in the second post-treatment quarter (t+1 ), at about

6.18%, and continues to deepen to roughly 11.46% by the sixth post-treatment quarter (t+5 ). This

pattern indicates that Colorado's dynamics attenuate the pooled estimates. For chocolate candy,

e�ects remain smaller and less consistent, with occasional negative estimates that are typically

imprecise.

Overall, these results suggest that consumers do not immediately adjust their purchasing be-

havior in response to tax changes but adapt gradually over time. The progressive strengthening

of the estimated e�ects may re�ect growing consumer awareness or habit adjustments that un-

fold over multiple periods. The gradual strengthening of tax e�ects over time indicates a lagged

adjustment process, potentially driven by delayed awareness of tax changes or gradual shifts in
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habitual purchasing behaviors. While traditional models often assume immediate and full informa-

tion processing, the observed dynamics are more consistent with behavioral economic frameworks

that recognize cognitive frictions and adjustment costs.

6.2 Heterogeneity Analysis

Table 6: Heterogeneity by Package Size: Pooled SDID Estimates

Panel A: Regular Soda Panel B: Chocolate Candy

Price E�ect Quantity E�ect Price E�ect Quantity E�ect

Small (� 20 oz / � 3 oz) 0.003 (0.023) -0.085* (0.045) -0.016 (0.010) -0.049 (0.053)
Medium 0.014 (0.013) -0.066 (0.068) 0.006 (0.008) -0.017 (0.040)
Large (� 144 oz / � 16 oz) 0.019** (0.009) -0.121** (0.054) 0.000 (0.021) 0.035 (0.064)

Excluding Colorado

Small (� 20 oz / � 3 oz) -0.040* (0.021) -0.142*** (0.051) -0.037** (0.015) -0.074 (0.066)
Medium -0.003 (0.016) -0.083 (0.074) 0.005 (0.010) -0.051 (0.055)
Large (� 144 oz / � 16 oz) 0.016* (0.009) -0.150** (0.061) -0.022 (0.023) 0.072 (0.080)

Observations (Treated/Control Stores)

Small (� 20 oz / � 3 oz) 724/13098 724/13098 1458/13080 1458/13080
Medium 709/12924 709/12924 1457/13083 1457/13083
Large (� 144 oz / � 16 oz) 582/9215 582/9215 536/3414 536/3414

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) estimates of the di�erential e�ects of ending
reduced sales tax rates on soda and candy prices and quantities across package size categories. The analysis uses
store-level scanner data from 2008�2019, aggregated to the state-week level, and includes only stores reporting
continuously for all 624 weeks to create a balanced panel. Package sizes are classi�ed as Small (20 ounces or less
for soda; 3 ounces or less for candy), Medium (over 20 ounces up to less than 144 ounces for soda; over 3 ounces
up to less than 16 ounces for candy), and Large (144 ounces or more for soda; over 16 ounces or more for candy).
Coe�cients represent average treatment e�ects on the treated (ATT) estimated relative to synthetic control
groups. Standard errors reported in parentheses are obtained from 1,000 placebo-based inference procedures with
resampling at the state level. Signi�cance levels are denoted as *** p<0.01, ** p<0.05, * p<0.1.

Table 6 presents SDID estimates of how the e�ects of ending reduced sales tax rates vary by

package size. For regular soda, large packages (de�ned as 144 ounces or more) exhibit the largest

point estimates in terms of quantity sold: a statistically signi�cant decrease of 12.1% in the full

sample and 15.0% when Colorado is excluded. Small packages (20 ounces or less) also show statisti-

cally signi�cant reductions, with estimated declines of 8.5% and 14.2%, respectively. Medium-sized

packages (between 20 and 144 ounces) exhibit smaller declines that are not statistically signi�cant.

However, given the overlapping con�dence intervals across size groups, caution is warranted in

interpreting the magnitude of di�erences across categories.

Turning to pre-tax prices, estimated e�ects are modest across all size categories. Large soda
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packages show a statistically signi�cant price increase of 1.9% in the full sample and 1.6% in the

restricted sample. Small and medium-sized soda packages show estimated price changes that are

not statistically signi�cant.

For chocolate candy, most estimated e�ects are not statistically signi�cant across size groups.

The only statistically signi�cant e�ect appears for small-package prices when Colorado is excluded,

which shows a 3.7% decline (p<0.05). The estimated e�ects on quantities sold are negative across

all size categories, including for small packages (-4.9% in the full sample and -7.4% in the restricted

sample), but none of these are statistically distinguishable from zero. These results suggest limited

evidence of quantity responses for candy, even where modest price adjustments are observed.

The state-speci�c results in Table A4 provide additional context. In Arkansas, both large (-

9.73%) and medium-sized (-7.81%) soda packages show statistically signi�cant decreases in quantity

sold. In Washington, D.C., small packages experience the largest estimated decline (-15.79%),

although this estimate should be interpreted cautiously given the small number of treated stores

(only 18). Vermont shows a similar pattern to Arkansas, with larger packages (-5.34%) exhibiting

stronger point estimates than smaller ones (-2.98%), although neither is statistically signi�cant.

Taken together, the results are suggestive of stronger responses among larger soda packages, but

di�erences across size categories should be interpreted with caution due to overlapping con�dence

intervals and inconsistent signi�cance patterns. For chocolate candy, the absence of statistically

signi�cant quantity e�ects across size groups limits the strength of conclusions, though the direction

of estimates is broadly consistent with lower salience or budget share.

6.3 Tax Avoidance Behavior

6.3.1 Cross-Border Shopping Analysis

Table 7 compares tax impacts between border and inland counties and shows no evidence of sys-

tematic cross-border shopping e�ects for either soda or candy. Prior studies on sales tax changes

in unhealthy product markets, including large shifts, generally have not examined cross-border

behavior, making it useful to draw on the excise tax literature for comparison.

Several beverage excise tax studies document avoidance responses, including Allcott et al.

(2019), Cawley and Frisvold (2017); Cawley et al. (2019), and Petimar et al. (2022), though �ndings
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Table 7: Cross-Border Shopping Analysis: E�ects by Package Size

Panel A: Regular Soda

Arkansas Colorado Virginia Maryland

Price E�ects (Dependent Variable: Log Price per Ounce)
All 0.0042 (0.0121) -0.0037 (0.0101) 0.0217 (0.0209) 0.0045 (0.0183)
Small -0.0104 (0.0097) -0.0280 (0.0314) -0.0268 (0.0465) 0.0067 (0.0199)
Medium 0.0004 (0.0105) -0.0029 (0.0140) 0.0241 (0.0277) -0.0058 (0.0228)
Large 0.0017 (0.0099) -0.0110 (0.0057) -0.0067 (0.0105) 0.0074 (0.0132)

Quantity E�ects (Dependent Variable: Log Quantity Sold in Ounces)
All 0.0584 (0.0415) 0.0391 (0.0461) -0.0957 (0.0967) -0.0040 (0.0890)
Small 0.0453 (0.0332) 0.0647 (0.0577) -0.0400 (0.0962) -0.0497 (0.0547)
Medium 0.0054 (0.0457) 0.0449 (0.0637) -0.0638 (0.1473) -0.0081 (0.0846)
Large 0.0177 (0.0569) 0.0329 (0.0397) -0.1053 (0.1448) -0.0476 (0.1391)

Observations (Border/Inland)
All 46/262 75/501 32/1102 143/433
Small 46/262 75/501 32/1102 143/433
Medium 46/256 75/500 31/1087 142/424
Large 46/253 67/444 30/926 125/389

Panel B: Chocolate Candy

Arkansas Colorado Illinois

Price E�ects (Dependent Variable: Log Price per Ounce)
All -0.0111 (0.0076) -0.0051 (0.0046) 0.0040 (0.0066)
Small 0.0065 (0.0093) -0.0158 (0.0061) 0.0038 (0.0086)
Medium -0.0067 (0.0058) 0.0101 (0.0031) -0.0005 (0.0059)
Large � -0.0210 (0.0076) -0.0049 (0.0234)

Quantity E�ects (Dependent Variable: Log Quantity Sold in Ounces)
All 0.0456 (0.0335) 0.0116 (0.0320) 0.0211 (0.0272)
Small 0.0538 (0.0483) 0.0357 (0.0475) 0.0044 (0.0335)
Medium 0.0531 (0.0362) -0.0129 (0.0322) 0.0136 (0.0253)
Large � 0.0019 (0.0312) 0.0038 (0.0533)

Observations (Border/Inland)
All 46/263 75/501 56/1097
Small 46/263 75/501 56/1097
Medium 46/259 75/501 56/1097
Large � 37/270 18/448

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) estimates of the e�ects of ending reduced
sales tax rates on soda and candy sales volumes in border counties compared to interior counties. The analysis
uses store-level scanner data aggregated to the county-week level, starting from store-week level observations.
Study periods vary by state: Arkansas (2016�2019), Colorado and Illinois (2008�2011), and the Washington,
D.C. metropolitan area (2009�2012). For Arkansas, Colorado, and Illinois, counties within the treatment state
were classi�ed as either border counties, located along state borders, or interior counties, which served as the
control group. For the Washington, D.C. metropolitan area, due to the lack of within-state interior counties,
the analysis separately treats selected Virginia counties (Arlington County and Alexandria City) and Maryland
counties (Montgomery and Prince George's Counties) as border areas, with other counties in Virginia and Mary-
land serving as respective controls. Vermont is excluded from this analysis because, given the state's small land
area and elongated shape, nearly all counties are classi�ed as border counties, leaving too few interior counties to
form a meaningful control group. Coe�cients represent average treatment e�ects on the treated (ATT) estimated
relative to synthetic control groups. Standard errors reported in parentheses are obtained from 1,000 placebo-
based inference procedures with resampling at the county level. Signi�cance levels are denoted as *** p<0.01, **
p<0.05, * p<0.1.
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di�er across settings. For instance, Rojas and Wang (2021) reports clear cross-border shopping in

Berkeley but not in Washington State, attributing the di�erence to the smaller jurisdiction and

higher e�ective rate of the city-level tax. Other evidence suggests magnitudes are often limited:

Bleich et al. (2020) estimates that only 2.3% of consumers crossed borders after Philadelphia's tax,

while Powell and Leider (2020, 2021); Kaplan et al. (2024) �nd no signi�cant e�ects in Seattle,

Oakland, Boulder, or San Francisco.

Compared to reduced sales tax terminations, excise taxes involve narrower city-level jurisdic-

tions that facilitate border crossing, impose much larger e�ective rates�sometimes up to ten times

higher�and are embedded in shelf prices, making them more salient. Each factor increases in-

centives for cross-border shopping relative to moderate-rate, state-level sales tax changes. Despite

these more conducive conditions, the excise tax literature reports mixed and inconsistent �ndings.

Given this background, the absence of cross-border shopping in the present study is consistent with

prior empirical patterns and the underlying economic mechanisms.

6.3.2 Online Substitution as a Potential Avoidance Channel

One potential concern in interpreting the estimated policy e�ects is that consumers may not have

reduced soda consumption, but rather shifted purchases to untaxed online channels. To evaluate

this possibility, it is important to understand the institutional context of online retail taxation

during the study period.

Following the Supreme Court's decision inQuill Corp. v. North Dakota (1992), remote sellers

were obligated to collect sales tax only in states where they had a �substantial physical presence.�

Under this framework, large retailers such as Walmart and Target, with extensive brick-and-mortar

footprints, collected sales tax on nearly all online orders from the outset. By contrast, Amazon,

which operated with minimal physical presence, was able to avoid collection in many jurisdictions

well into the 2010s.

Amazon gradually expanded tax collection as states enacted so-called �Amazon laws��a�liate

nexus provisions beginning in 2008 that deemed local marketing a�liates su�cient to establish

nexus�or as the company established local ful�llment centers. As summarized in Hossain (2022),

Amazon gradually expanded its collection obligations and, by April 1, 2017, was collecting sales tax
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Table 8: Amazon Sales Tax Collection Start Dates by State

State(s) Collection Start Date

Washington 1995
North Dakota 2001
Kansas 2004
Kentucky 2005
New York June 1, 2008
Texas July 1, 2012
Pennsylvania September 1, 2012
California September 15, 2012
Arizona February 1, 2013
New Jersey July 1, 2013
Georgia, Virginia September 1, 2013
West Virginia October 1, 2013
Connecticut, Massachusetts, Wisconsin November 1, 2013
Indiana, Nevada, Tennessee January 1, 2014
North Carolina February 1, 2014
Florida May 1, 2014
Maryland, Minnesota October 1, 2014
Illinois February 1, 2015
Ohio June 1, 2015
Michigan October 1, 2015
South Carolina January 1, 2016
Colorado February 1, 2016
District of Columbia (D.C.) October 1, 2016
Alabama November 1, 2016
Iowa, Louisiana, Nebraska, Utah January 1, 2017
Mississippi, Missouri, Rhode Island, South Dakota, Vermont February 1, 2017
Arkansas , Oklahoma, Wyoming March 1, 2017
New Mexico April 1, 2017

Notes: This table summarizes the state-by-state rollout of Amazon's sales tax collection obligations, driven by
changes in physical presence or state legislation. As of April 1, 2017, Amazon collected sales tax in all states with
general sales tax laws.
Source: Adapted from Table A1 in Hossain (2022).
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in every state with a general sales tax. Table 8 documents the state-by-state rollout. Notably, three

of the treatment jurisdictions analyzed in this study�Colorado (February 1, 2016), the District of

Columbia (October 1, 2016), and Vermont (February 1, 2017)�implemented their reclassi�cation

of soda into the general sales tax base, while Amazon still did not collect sales tax locally. In

principle, consumers in these states could have avoided the new tax by purchasing soda online. By

contrast, Arkansas adopted its reform after Amazon began collecting sales tax in the state (March

1, 2017), e�ectively closing this avoidance margin.

Nevertheless, the magnitude of this channel was likely negligible. According to Elitzak and

Okrent (2018), U.S. food-at-home expenditures in 2015 totaled approximately $700 billion, while

online grocery sales amounted to only about $7 billion (Pitts et al., 2018), or roughly 1% of food-

at-home spending. Moreover, online grocery penetration remained modest until the onset of the

COVID-19 pandemic. Thus, although online substitution was legally feasible in some states, the

small expenditure share implies that it could not have been a quantitatively important driver of

the estimated policy e�ects.

6.4 Robustness Checks

6.4.1 Short-Run State-Speci�c E�ects

Table 9 presents SDID estimates of the short-run e�ects of ending reduced sales tax rates on soda

and candy prices and sales volumes for individual treatment states. This analysis evaluates how

the estimated e�ects vary when restricting the observation periods to a few years around the policy

implementation, rather than using the full 12-year dataset as in the main analysis.

This short-run analysis examines the sensitivity of the estimated e�ects to the length of the

analysis window. It is motivated by patterns in Figure 2 and Figure A5, which show evolving trends

in quantities of soda sold in some treatment states, particularly Arkansas and Washington, D.C. In

particular, slight convergence between treatment and control groups before policy implementation

in Arkansas and post-policy divergence in Washington, D.C., suggest that long-run dynamics may

in�uence the full-sample results.

The short-run results show that Arkansas and Washington, D.C. continue to exhibit statistically

signi�cant reductions in soda sales volumes following the tax policy changes. Consistent with the
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Table 9: Robustness Check: State-Speci�c Short-Run E�ects of Ending Reduced Sales Tax Rates

Panel A: Regular Soda

Arkansas Colorado Wash. D.C. Vermont

Price E�ects (Log Price per Ounce)
Estimates -0.0004 (0.0134) 0.0081 (0.0141) -0.0217* (0.0119) -0.0104 (0.0161)

Quantity E�ects (Dependent Variable: Log Quantity Sold in Ounces)
Estimates -0.0511** (0.0239) 0.0164 (0.0331) -0.0532** (0.0250) -0.0202 (0.0367)

Obs. (Treat/Control) 308/17981 576/21088 29/21439 129/19362
Tax Change 1.5� 6.5% 0� 2.9% 0� 6% 0� 6%

Panel B: Chocolate Candy

Arkansas Colorado Illinois

Price E�ects (Log Price per Ounce)
Estimates -0.0020 (0.0056) -0.0040 (0.0076) -0.0139* (0.0080)

Quantity E�ects (Dependent Variable: Log Quantity Sold in Ounces)
Estimates -0.0214 (0.0157) 0.0085 (0.0216) -0.0131 (0.0184)

Obs. (Treat/Control) 309/17941 576/21003 1153/21003
Tax Change 1.5� 6.5% 0� 2.9% 1� 6.25%

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) estimates of the short-run e�ects of ending
reduced sales tax rates on soda and candy prices and sales volumes for individual treatment states. The analysis
uses store-level scanner data from 2008�2019, aggregated to the state-week level, with observation periods speci�c
to each state: Arkansas (2016�2019), Colorado and Illinois (2008�2011), Vermont (2014�2017), and Washington,
D.C. (2009�2012). Coe�cients represent average treatment e�ects on the treated (ATT) estimated relative to
synthetic control groups. Standard errors reported in parentheses are obtained from 1,000 placebo-based inference
procedures with resampling at the state level. Signi�cance levels are denoted as *** p<0.01, ** p<0.05, * p<0.1.
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main �ndings for chocolate candy, no statistically signi�cant e�ects are detected across states.

These results indicate that the main conclusions are not artifacts of long-term data trends but

re�ect genuine short-run responses to tax policy changes, particularly for soda.

While the magnitude of the estimated e�ects tends to diminish somewhat when restricting the

analysis to shorter periods, the preservation of statistical signi�cance for key cases like Arkansas

and Washington, D.C., suggests that the main �ndings are robust. Rather than undermining

the full-period estimates, these results highlight that short-run and long-run policy e�ects may

di�er, with cumulative impacts strengthening over time. Overall, the consistency of statistically

and economically meaningful e�ects in the soda category across both short-run and full-sample

analyses strengthens con�dence in the reliability of the main conclusions.

6.4.2 Restricted Control Group

Table 10: Robustness Check: SDID Estimates with Restricted Control Group

Panel A: Regular Soda Panel B: Chocolate Candy

Price E�ect Quantity E�ect Price E�ect Quantity E�ect

Full Sample
SDID Estimates -0.0064 (0.0123) -0.1096* (0.0640) -0.0150*** (0.0023) -0.0121 (0.0486)

Excluding Colorado
SDID Estimates -0.0253 (0.0160) -0.1272** (0.0643) -0.0212*** (0.0030) -0.0447 (0.0590)

Observations (Treated/Control)
Stores (W. Colorado) 724/3293 724/3293 1458/3301 1458/3301
Stores (W.O. Colorado) 277/3293 277/3293 1011/3301 1011/3301

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) estimates of the e�ects of ending reduced
sales tax rates on soda and candy prices and quantities using a restricted donor pool of control states. The
analysis uses store-level scanner data from 2008�2019, aggregated to the state-week level, and includes only stores
reporting continuously for all 624 weeks to create a balanced panel. The restricted control group consists of nine
states (Arizona, Georgia, Louisiana, Massachusetts, Michigan, Nebraska, Nevada, New Mexico, and Wyoming)
that had similar pre-treatment sales tax regimes, exempting food, including soda and candy, from state sales
taxes. Coe�cients represent average treatment e�ects on the treated (ATT) estimated relative to synthetic
control groups constructed from the restricted donor pool. Standard errors reported in parentheses are obtained
from 1,000 placebo-based inference procedures with resampling at the state level. Signi�cance levels are denoted
as *** p<0.01, ** p<0.05, * p<0.1.

Table 10 presents SDID estimates using a restricted control group consisting of only nine states

with similar pre-treatment tax regimes. This restricted donor pool includes Arizona, Georgia,

Louisiana, Massachusetts, Michigan, Nebraska, Nevada, New Mexico, and Wyoming, which, as

shown in Table A11 (Panel B), are states that fully exempted all food items, including soda and
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candy, from general sales tax throughout the study period. These states most closely resemble the

pre-treatment tax regime of the treated states.

Even with this more selective donor pool, the main results remain stable regarding statistical

signi�cance. For regular soda, the quantity e�ect is -10.96% in the full sample and -12.72% when

Colorado is excluded; the latter is statistically signi�cant at the 5% level, while the former is

marginally signi�cant. For chocolate candy, the quantity e�ect is -1.21% (insigni�cant) in the full

sample and -4.47% (insigni�cant) when Colorado is excluded.

The state-speci�c results with the restricted control group, shown in Table A8, show some

variation in coe�cient magnitudes while maintaining similar patterns of statistical signi�cance.

Vermont's e�ect diminishes in magnitude with the restricted donor pool, while Colorado's e�ect

increases, though both remain statistically insigni�cant. For Arkansas and Washington, D.C., the

signi�cance and general magnitude of e�ects remain consistent across donor pool speci�cations.

This overall consistency in the pattern of statistical signi�cance, despite some variation in point

estimates, further supports the reliability of the main �ndings, suggesting they are not driven by

the particular composition of the control group.

6.4.3 Placebo Tests

Table 11 presents placebo test results, applying the same SDID methodology to states that did not

experience tax changes. Of the nine placebo states examined, only Wyoming shows a statistically

signi�cant e�ect on regular soda quantity (+8.26%). The remaining eight states show e�ects

that are close to zero or statistically insigni�cant, with point estimates ranging from -2.18% to

+4.62%. Importantly, none of the placebo states show signi�cant negative e�ects on soda sales,

and the economically meaningful positive coe�cients observed in some states do not reach statistical

signi�cance. This pattern is consistent with what would be expected if the methodology correctly

identi�es treatment e�ects, with minimal false positives.

The signi�cant result for Wyoming highlights the potential for estimates to be unstable when

sample sizes are small. This is relevant for interpreting the large e�ect found for Washington, D.C.,

which has only 18 stores in the sample.
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Table 11: Robustness Check: Placebo Test Results for Never-Treated States

Arizona Georgia Louisiana

Reg. Soda Reg. Soda Reg. Soda

Panel A: SDID Estimates
Log Price -0.0133 (0.0167) 0.0143 (0.0159) 0.0019 (0.0161)
Log Quantity 0.0462 (0.0352) 0.0036 (0.0355) -0.0124 (0.0364)

Observations (Treated/Control)
Stores 583/12533 549/12567 264/12852

Massachusetts Michigan Nebraska

Reg. Soda Reg. Soda Reg. Soda

Panel B: SDID Estimates
Log Price 0.0088 (0.0168) -0.0070 (0.0170) 0.0090 (0.0161)
Log Quantity 0.0188 (0.0345) 0.0052 (0.0361) -0.0098 (0.0366)

Observations (Treated/Control)
Stores 476/12640 808/12308 94/13022

Nevada New Mexico Wyoming

Reg. Soda Reg. Soda Reg. Soda

Panel C: SDID Estimates
Log Price -0.0218 (0.0161) -0.0021 (0.0176) -0.0126 (0.0172)
Log Quantity 0.0321 (0.0322) 0.0024 (0.0372) 0.0826** (0.0321)

Observations (Treated/Control)
Stores 144/12972 147/12969 50/13066

Notes: This table presents Synthetic Di�erence-in-Di�erences (SDID) placebo test estimates using states that
consistently exempted soda from state sales taxes throughout the study period as pseudo-treated units. The
analysis uses store-level scanner data from 2008�2019, aggregated to the state-week level, and includes only stores
reporting continuously for all 624 weeks to create a balanced panel. The placebo treatment year is uniformly set to
2018 across all placebo states. The outcome variable is restricted to soda sales volumes. This validation exercise
was motivated by the fact that Arkansas exhibited the most consistent and robust treatment e�ects among the
treated regions analyzed, warranting additional robustness checks. Coe�cients represent average treatment e�ects
on the treated (ATT) estimated relative to synthetic control groups. Standard errors reported in parentheses are
obtained from 1,000 placebo-based inference procedures with resampling at the state level. Signi�cance levels are
denoted as *** p<0.01, ** p<0.05, * p<0.1.
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7 Policy Implication

7.1 Back-of-the-Envelope Estimates of Policy Impact

This section presents a set of back-of-the-envelope calculations that quantify the potential �scal

and nutritional consequences of large sales tax increases on soda. The goal is not to estimate

precise magnitudes, but rather to provide a general sense of the scale of policy e�ects implied by

the observed changes in purchasing behavior.

As a reference point, average per capita soda consumption in 2021 is drawn from Andreyeva

(2021), who use nationally representative dietary data. These estimates are not directly compa-

rable to those derived from the NielsenIQ consumer panel data used in this study, which cover

purchases made at speci�c retail outlets. However, they o�er a useful benchmark for interpreting

the magnitude of the implied e�ects.

Because the policy a�ects only soda purchases made through at-home retail channels, the con-

sumption base is restricted accordingly. Following Zeballos et al. (2024), approximately half of food

spending occurs away from home. However, restaurant-purchased sodas tend to be substantially

more expensive, so this 50% scaling likely understates actual reductions in sugar intake and tax

revenue. The resulting estimates should therefore be interpreted as conservative lower bounds.

For each state, the observed post-policy consumption level is back-translated into a counter-

factual pre-policy level using SDID-based estimates of quantity reductions from Table A1. These

levels are then combined with 2019 state-speci�c average prices per ounce (Table 2) and statutory

tax rates before and after the policy change to estimate annual tax revenue before and after the

intervention.

For sugar calculations, it is assumed that a typical 12-ounce can of soda contains 39 grams of

added sugar (Harvard T.H. Chan School of Public Health, 2024), implying an average of 3.25 grams

per �uid ounce. The di�erence between the counterfactual and observed quantity is multiplied by

this conversion factor to estimate annual per capita reductions in sugar intake.

Let Qpost denote the observed post-policy quantity per capita (oz),�̂ the estimated log change

in quantity, expressed in absolute value (i.e.,�̂ > 0 for reductions), p the average price per ounce,

� pre and � post the sales tax rates before and after the reform, andN the 2021 population. Then the
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implied pre-policy quantity is:

Qpre =
Qpost

1 � �̂
:

Annual tax revenue is computed as:

Tpre = Qpre � p � � pre � N; Tpost = Qpost � p � � post � N:

The net revenue gain is� T = Tpost � Tpre, and the per capita sugar reduction is:

� S = ( Qpre � Qpost) � 3:25 grams:

Table 12: Estimated Annual Tax Revenue Gains and Sugar Reductions from Soda Tax Changes

Soda Consumption Revenue Gain Tax After Tax Before Sugar Reduction
(Liters per Capita) ($ million) ($ million) ($ million) (grams per capita)

Arkansas 76.85 16.43 21.98 5.54 787
Colorado 60.25 16.83 16.83 0.00 214
Washington, D.C. 63.35 3.70 3.70 0.00 1,794
Vermont 67.65 4.70 4.70 0.00 407

Notes: Tax revenue estimates are based on 2021 population �gures from the U.S. Census Bureau, 2019 state-
speci�c average soda prices (in $/oz), and statutory sales tax rates before and after each policy change. Con-
sumption �gures in the �rst column are from Andreyeva (2021), adjusted to re�ect the at-home share (50%) of
total soda consumption. Quantity reductions are based on SDID estimates from Table A1. Sugar reduction per
capita is computed using a standard conversion of 3.25 grams of sugar per �uid ounce (Harvard T.H. Chan School
of Public Health, 2024). All �gures are annualized.

Table 12 summarizes the estimated �scal gains and nutritional impacts implied by large soda

tax increases, including changes in tax revenue and reductions in per capita sugar intake, based

on adjusted consumption levels. These calculations rely on several simplifying assumptions. First,

they abstract from any substitution toward untaxed sugary products or other forms of tax avoid-

ance that might o�set the intended e�ects. Second, the estimates do not account for statistical

uncertainty�point estimates are used directly, even in cases where e�ects are not statistically sig-

ni�cant (e.g., Colorado). Third, the use of price, consumption, and population data from di�erent

years introduces potential measurement error. Finally, the �scal estimates are static and do not

consider any behavioral or economic feedback e�ects that might in�uence long-run tax collections.

Despite these limitations, the results illustrate the scale of impact that retail sales tax reforms

on soda may generate in both �scal and nutritional terms.
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7.2 Implications for State sales tax Policies on Food

The �ndings of this study have direct implications for states that currently exempt food items,

including soda, from sales tax. Several states maintain general sales taxes while classifying soda

as a food item, thereby making it eligible for the same tax exemptions as nutritious foods.37 The

results suggest that reclassifying soda as a non-food item subject to the general sales tax could yield

meaningful reductions in soda sales, though outcomes may vary depending on local conditions.

This "Implicit Sin Tax" approach o�ers several advantages over implementing new excise taxes.38

First, it utilizes existing administrative structures, reducing implementation costs. Second, it re-

quires only minimal changes to existing tax collection systems, enhancing feasibility. Third, it may

face less political resistance than new taxes, as it represents a reclassi�cation within the existing

framework rather than the imposition of a new levy.

The framework developed in this study may also be extended to other product categories that

exhibit similar characteristics. Products that are widely consumed, price-sensitive, and associated

with health risks�yet still bene�t from tax exemptions�could be candidates for similar policy

treatment.39 Tailoring tax policies to the consumption context and health pro�le of such products

could enhance the e�ectiveness of �scal measures aimed at improving dietary behavior.

8 Discussion & Conclusion

This paper investigated consumer responses to sales tax changes on unhealthy food items, focusing

on how these responses vary with tax magnitude and product characteristics. This study has

provided new insights into when and how sales taxes e�ectively in�uence consumer behavior by

analyzing sales tax exemption removals for soda and candy across multiple states between 2009

37 As of 2020, nine states�Arizona, Georgia, Louisiana, Massachusetts, Michigan, Nebraska, Nevada, New Mexico,
and Wyoming�exempt both food and soda from sales tax. Among them, six states maintain general sales tax
rates above 5% (e.g., Massachusetts 6.25%, Nevada 6.85%), suggesting the potential for substantial tax-induced price
changes. In contrast, states with lower tax rates (e.g., Georgia, Louisiana, Wyoming) may experience more limited
behavioral e�ects, similar to the muted response observed in Colorado with its 2.9 percentage point increase.

38 This study introduces the concept of an �Implicit Sin Tax� to describe policy changes that eliminate reduced
sales tax rates for speci�c products. Unlike traditional sin taxes, which impose new excise taxes directly on targeted
goods, implicit sin taxes achieve similar behavioral e�ects by removing preferential tax treatment and applying
existing general sales tax rates. This approach leverages existing tax infrastructure to induce price increases without
enacting new taxes.

39 Such products may include sweetened breakfast cereals, high-sodium snack foods, processed meats, and sugar-
sweetened dairy products, which are often exempt from sales taxes despite public health concerns.
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and 2018.

The analysis reveals three key �ndings that advance our understanding of tax policy e�ective-

ness. First, statistically signi�cant reductions in sales volumes are observed in states where tax

increases were relatively large�ranging from �ve to six percentage points. In contrast, smaller tax

changes, such as Colorado's 2.9 percentage point increase, do not appear to generate detectable ef-

fects. Second, stronger consumer responses are observed for soda than for candy. This pattern may

re�ect di�erences in household budget shares, though other product characteristics or unobserved

behavioral factors could also contribute. Third, consumer responses strengthen gradually over time

rather than materializing immediately, which may re�ect a process of behavioral adjustment or

delayed awareness following tax implementation.

These �ndings have signi�cant implications for both academic research and policy design. Re-

searchers highlight the importance of considering tax magnitude, product characteristics, and tem-

poral dynamics when evaluating tax e�ectiveness. For policymakers, they suggest that strategically

modifying existing sales tax exemptions for high-budget-share unhealthy products could represent

an administratively feasible approach to in�uencing consumption patterns while minimizing polit-

ical resistance.

Future research could build on this work by examining a wider range of tax magnitudes to

better identify potential threshold e�ects, exploring additional product categories to further test

the relationship between household budget shares and tax responsiveness, and conducting longer-

term analyses to assess the persistence of observed e�ects. Another important direction concerns

the distributional consequences of eliminating reduced sales tax rates on food. Because purchases

made with the Supplemental Nutrition Assistance Program (SNAP) bene�ts are exempt from sales

tax at the point of sale, the burden on the lowest-income households may be smaller than often

assumed. At the same time, low-income households not enrolled in SNAP may face heavier relative

burdens than higher-income households, raising important equity concerns. Future work could

explore these heterogeneous e�ects by linking detailed purchase data with information on program

participation and eligibility. As states continue to explore policy tools for addressing diet-related

health challenges, the strategic use of sales tax structures o�ers a promising avenue that merits

continued investigation.
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Appendix

(a) Arkansas (b) Colorado

(c) Washington, D.C. (d) Vermont

Figure A1: State-Speci�c Dynamic E�ects on Regular Soda: Event Study Estimates

Notes: This �gure presents Synthetic Di�erence-in-Di�erences (SDID) event study estimates showing the
dynamic e�ects of ending reduced sales tax rates on regular soda quantities for each treated state. Each
point represents the ATT for a quarter relative to the policy implementation date, with vertical bars
indicating 95% con�dence intervals constructed using 1,000 placebo tests. The x-axis shows quarters
relative to implementation, and the y-axis shows the estimated e�ects on the log quantity sold. Standard
errors are obtained from 1,000 placebo-based inference procedures with resampling at the state level.
The analysis is conducted at the state-quarter level using store-level data aggregated to quarters.
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(a) Arkansas (b) Colorado

(c) Illinois

Figure A2: State-Speci�c Dynamic E�ects on Chocolate Candy: Event Study Estimates

Notes: This �gure presents Synthetic Di�erence-in-Di�erences (SDID) event study estimates showing the
dynamic e�ects of ending reduced sales tax rates on chocolate candy quantities for each treated state.
Each point represents the ATT for a quarter relative to the policy implementation date, with vertical
bars indicating 95% con�dence intervals constructed using 1,000 placebo tests. The x-axis shows quarters
relative to implementation, and the y-axis shows the estimated e�ects on the log quantity sold. Standard
errors are obtained from 1,000 placebo-based inference procedures with resampling at the state level.
The analysis is conducted at the state-quarter level using store-level data aggregated to quarters.
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(a) Arkansas (b) Colorado

(c) Washington, D.C. (d) Vermont

Figure A3: SDID Model Construction: Unit Weights for Regular Soda

Notes: This �gure shows the unit-speci�c weights assigned by the Synthetic Di�erence-in-Di�erences
(SDID) procedure to construct synthetic control groups for regular soda. Higher weights indicate greater
contributions of control units in matching pre-treatment trends for each treated state. These graphs
correspond to the SDID quantity analysis results presented in Table 3.
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(a) Arkansas (b) Colorado

(c) Illinois

Figure A4: SDID Model Construction: Unit Weights for Chocolate Candy

Notes: This �gure shows the unit-speci�c weights assigned by the Synthetic Di�erence-in-Di�erences
(SDID) procedure to construct synthetic control groups for chocolate candy. Higher weights indicate
greater contributions of control units in matching pre-treatment trends for each treated state. These
graphs correspond to the SDID quantity analysis results presented in Table 3.
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