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Abstract

While most research on alcohol taxation focuses on volume-based excise taxes, much
less is known about the effects of sales taxes, which are applied as a percentage of
retail prices and may differ in salience and incidence. This paper evaluates the impact
of Maryland’s 2011 three percent alcohol sales tax on household alcohol purchases us-
ing NielsenIQ Consumer Panel data and a synthetic difference-in-differences design. I
find that the tax reduced monthly ethanol purchases per adult by approximately nine
percent among households that purchase alcohol, corresponding to about 1.7 fewer
standard drinks per adult per month. Declines are observed across beer, wine, and
spirits, with no evidence of substitution toward any single beverage category. Reduc-
tions are present across the purchasing distribution, with the largest absolute declines
among high-purchasing households, and broadly similar patterns are observed across
demographic groups. Additional analyses provide little evidence that border-county
households offset the tax through cross-border shopping. These findings provide new
evidence on the behavioral effects of sales taxes and suggest that price-based alcohol
policies can meaningfully reduce alcohol purchases.
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1 Introduction

Excessive alcohol consumption is one of the leading preventable causes of death in the United

States (U.S.) and is associated with over $249 billion in medical costs and lost productivity

(Sacks et al., 2015). It accounts for approximately 385 deaths per day and more than

3.59 million years of potential life lost annually (National Center for Drug Abuse Statistics,

2024). A substantial body of evidence shows that alcohol excise taxes can effectively reduce

consumption and mitigate the health and social harms of excessive drinking (Wagenaar et

al., 2009), but little is known about the effects of alcohol sales taxes.

Alcohol can be taxed either by volume or by price. Volume-based excise taxes are levied

per unit of alcohol (e.g., per gallon or liter), while price-based sales taxes are applied as a

percentage of the beverage’s retail price.1 Although both taxation methods aim to regulate

alcohol consumption, they operate through distinct mechanisms. Excise taxes are fixed per

unit of alcohol and typically embedded in shelf prices, whereas sales taxes are applied at the

point of sale and automatically adjust with inflation. These differences have implications for

both the economic incidence of the tax and its behavioral effects.

There is broad evidence that alcohol excise taxes reduce alcohol consumption (see Wa-

genaar et al. (2009) for a review of the literature), but relatively little empirical research on

the impact of alcohol sales taxes on consumption, as most states do not impose additional

sales taxes on alcoholic beverages. Research suggests that excise taxes may be more effective

than sales taxes, as the latter are less salient to consumers, being visible only at the point

of sale (Chetty et al., 2009).

From standard economic theory, both excise and sales taxes increase the full price of

alcohol and should reduce consumption. From a salience standpoint, sales taxes may be

less salient because they are added at checkout rather than incorporated into posted prices;

however, lower salience does not imply the absence of a behavioral response. If consumers

are well informed or learn about the tax over time, sales taxes may still reduce alcohol

consumption through the standard price mechanism. In particular, in settings with repeated

purchasing decisions, consumers may internalize the higher final prices and adjust their

behavior accordingly.

To examine this, I focus on Maryland’s 2011 increase in the alcohol sales tax from 6%

to 9%, the state’s first such hike in four decades. Anecdotal evidence suggests the change

1Sales taxes are also known as ad valorem consumer taxes.
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was adopted primarily to align Maryland’s tax rate with those of neighboring states, which

supports treating the increase as plausibly exogenous to underlying alcohol consumption

trends. The policy, implemented on July 1, 2011, applied to both on-premise purchases (e.g.,

bars and restaurants) and off-premise purchases (e.g., liquor stores and supermarkets).2

Using the NielsenIQ Consumer Panel data, I construct a balanced household-level panel

from July 2009 to June 2013. To estimate the tax’s impact, I compare changes in ethanol

ounces purchased per adult per household in Maryland relative to a weighted set of con-

trol households from other states, using a synthetic difference-in-differences approach.3 I

therefore estimate the effect of the tax on alcohol purchases rather than consumption.4

My preferred specification estimates that the tax increase led to a 9.2% reduction in

ethanol ounces purchased per adult per month, equivalent to approximately 1.04 fewer

ounces of ethanol per adult, or roughly 1.7 fewer standard drinks. There is no evidence

of substitution across beverage categories, including beer, wine, and spirits. The reduction

is observed across the purchasing distribution, with the largest absolute declines occurring

among higher-purchasing households.

Across demographic groups, the results suggest broadly similar patterns, with most

groups showing declines in alcohol purchases following the tax increase. Although some

subgroup estimates differ in direction, inference is limited due to smaller sample sizes within

these groups and should be interpreted cautiously. Finally, responses among households in

Maryland’s border counties are not significantly different from those in non-border counties.

I also look at the price paid per ounce of ethanol. Because this measure reflects both

prices and purchasing behavior, it is important to distinguish between months with and

without purchases. When averaging across all household-months, the price per ounce ap-

pears to decline after the tax increase, driven in part by reductions in purchase frequency

and the inclusion of more zero-purchase months. However, when conditioning on months

where households make alcohol purchases, the price per ounce increases, consistent with

the mechanical effect of the tax. This suggests that the apparent decline in average prices

reflects changes in purchasing behavior and selection into purchase months, rather than a

true decrease in the price per ounce of ethanol faced by purchasing households.

2On-premise sales refer to alcohol purchased and consumed at the point of sale, such as in bars, restau-
rants, or clubs, while off-premise sales refer to alcohol purchased for consumption elsewhere, such as from
liquor stores, supermarkets, or wholesalers.

3I focus on ethanol ounces rather than beverage volume because ethanol is the component of alcohol
responsible for its harmful effects.

4The data do not include individual-level alcohol consumption, only purchases.
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Overall, the findings suggest that, like excise taxes, alcohol sales taxes can reduce alcohol

purchases. In settings with repeated purchasing decisions, consumers appear to respond to

the overall price they face rather than to the specific tax instrument generating that price,

which helps explain why sales taxes can produce effects comparable to those found in the

excise tax literature. This reduction in purchases is a first-order impact that may lead to

declines in alcohol-related externalities, including adverse health outcomes, crime, and traffic

fatalities. Taken together, these findings highlight the potential for sales taxes to comple-

ment excise taxes in alcohol policy design. In addition, because sales taxes automatically

adjust with inflation, they may retain their real value over time without requiring legislative

updates.

2 Background

2.1 Alcohol taxation in the U.S.

Alcohol taxation is a common economic policy tool aimed at reducing excessive alcohol

consumption and mitigating alcohol-related harms. In the U.S., alcohol taxes are imposed

at both the federal and state levels. At the federal level, taxes are primarily excise taxes,

levied based on alcohol volume rather than price. Excise tax rates vary by beverage type,

with spirits taxed at the highest rate per gallon, followed by wine and beer. Federal excise

rates have remained unchanged since 1991, though certain producers receive tax reductions

based on annual production volume, leading to a decline in the real value of these taxes over

time. Although excise taxes are usually levied on producers or retailers, they are generally

passed on to consumers in the form of higher prices, with many estimates suggesting a pass-

through rate greater than one (Kenkel, 1993, 2005; Nelson and Moran, 2019; Shrestha and

Markowitz, 2016; Young and Bielińska-Kwapisz, 2002).

At the state level, alcohol taxation varies depending on the type of beverage, the point

of sale (on-premise vs. off-premise), and the distribution system. In some states, known as

“monopoly states,” alcohol retail sales are directly controlled by the government, generating

revenue through state-operated outlets rather than through traditional tax mechanisms.

However, most states impose their own excise taxes, and some also apply additional sales

taxes on alcohol. According to the Alcohol Policy Information System (APIS), alcohol sales

taxes are defined as the difference between a state’s alcohol retail sales tax and its general

sales tax, reflecting the extra tax burden placed on alcohol compared to other goods (National
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Institute on Alcohol Abuse and Alcoholism, 2024). Because sales taxes are calculated as a

percentage of the product’s price, they automatically increase with inflation, and result in

higher tax burdens on more expensive alcoholic beverages.

Alcohol sales taxes are far less common than excise taxes, with only a few states having

implemented them. In the past two decades, only Maryland, Washington, D.C., Kansas,

Oklahoma, Texas, and South Carolina have applied additional sales taxes on alcohol. How-

ever, these policies differ substantially in scope and structure. Maryland is the only state

to introduce a new, standalone alcohol sales tax that applies uniformly across all beverage

types (beer, wine, and spirits) and across both on- and off-premise sales.5 In contrast, other

states’ policies are either narrower in application or reflect different regulatory changes. For

example, Texas applies sales taxes only to on-premise alcohol sales, South Carolina’s pol-

icy applies only to spirits, and Oklahoma’s changes are limited to beer (on-premise) and

wine (on- and off-premise), with no comparable adjustment for spirits. Washington’s policy

change reflects a shift from being a control state rather than a comparable tax introduction,

while D.C. and Kansas adjusted existing sales taxes with both increases and decreases over

time, complicating a clear treatment definition. These differences limit comparability across

states and make Maryland uniquely well-suited for isolating the effects of a comprehensive

alcohol sales tax.

2.1.1 The 2011 Maryland Alcohol Sales Tax Increase

Maryland presents a unique case as one of the few states to ever implement an additional

sales tax for alcohol. Prior to 2011, the state’s alcohol tax structure had remained unchanged

for decades. Maryland had not adjusted its excise tax on distilled spirits since 1955 or on

beer and wine since 1972. As a result, the real value of these taxes declined substantially

over time, making alcohol increasingly affordable. By 2011, Maryland’s excise tax per drink

was estimated to be less than two cents, among the lowest in the country. Compared to

its five bordering jurisdictions, Maryland had the lowest distilled spirits excise tax and the

second-lowest beer and wine excise tax (Esser et al., 2016).

On July 1, 2011, Maryland increased its state alcohol sales tax from 6% to 9%, a 50%

increase (MD.§11–104(g)). Unlike excise taxes, which had remained unchanged for decades

(MD.§5–105), this policy linked the tax burden directly to alcohol prices and applied to

5Tables A1 and A2 in the Appendix summarize state-level changes in alcohol excise and sales taxes during
the main sample data period.
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both on-premise and off-premise sales. This tax increase was the result of nearly a decade

of advocacy rather than a response to short-term shifts in alcohol consumption. As early as

2002, policymakers introduced proposals to increase alcohol and tobacco taxes as revenue

sources for state healthcare expansion plans, but these efforts initially failed (Ramirez and

Jernigan, n.d.). Unlike tax changes aimed at reducing excessive consumption, Maryland’s

policy was primarily framed as a fiscal measure to align with neighboring states and support

healthcare funding. This historical context suggests that the tax increase was not directly

driven by fluctuations in the state’s alcohol consumption levels, reinforcing its plausibly

exogenous nature.

2.2 Alcohol taxes and consumption

There is a broad empirical literature examining the impact of alcohol taxes on consumption.

Economic theory suggests that taxation increases the price of a good, which in turn reduces

its consumption (Maldonado-Molina and Wagenaar, 2010; Xuan et al., 2015). Alcohol is

generally considered a normal good (Hanson and Sullivan, 2016; Meng et al., 2014; Wagenaar

et al., 2009), though its demand is inelastic, meaning consumption does not decrease in

proportion to price increases (Ayyagari et al., 2013; Gehrsitz et al., 2021; Pryce et al., 2019).

Price responsiveness varies across both beverage types (Clements et al., 2022; Gehrsitz et

al., 2021; Son and Topyan, 2011) and consumer characteristics (Pryce et al., 2019; Wagenaar

et al., 2009).

Among beverage types, beer tends to be less elastic than wine and spirits (Clements et

al., 2022), suggesting that demand for spirits and wine is more sensitive to price changes

(Gehrsitz et al., 2021; Son and Topyan, 2011). One possible explanation for these differences

is substitution effects. For example, Gehrsitz et al. (2021) find that after the 2009 Illinois

alcohol excise tax increase, consumers shifted to lower-priced alcohol, increasing their beer

purchases and partially offsetting the overall decline in ethanol consumption. This suggests

that when the price of one type of alcohol rises, consumers may switch to cheaper alternatives

within the alcohol category to maintain their consumption levels.

Consumer responses to alcohol price changes may also vary across individuals and de-

mographic characteristics (Meng et al., 2014). For example, heavy and binge drinkers tend

to exhibit relatively inelastic demand, often substituting toward lower-cost options rather

than reducing overall consumption (Pryce et al., 2019; Wagenaar et al., 2009). However, the

empirical evidence on how price responses differ across other socioeconomic characteristics,
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such as gender and race or ethnicity, is more mixed (Kilian et al., 2023).

2.2.1 Contributions to the Literature

Most empirical studies examining the impact of alcohol taxes on consumption have focused

on excise taxes. While both excise and sales taxes increase alcohol prices and can reduce

consumption, they are not necessarily equivalent in terms of behavioral responses. In stan-

dard models with fully informed consumers, both taxes operate through the same price

mechanism and should generate similar reductions in consumption. However, in practice,

they differ along several dimensions that may affect behavior. Excise taxes are typically

embedded in posted prices, while sales taxes are added at checkout and may be less salient

(Chetty et al., 2009). In addition, excise taxes are levied in levels (per volume), whereas

sales taxes are proportional to price, which can generate different incentives for substitution

across products.

This paper contributes to the literature by offering the first economic empirical analysis

of how a sales tax affects household-level alcohol purchases, using the NielsenIQ Consumer

Panel and Maryland’s 2011 alcohol sales tax increase as a case study. While previous re-

search has evaluated the Maryland reform, earlier studies have largely focused on downstream

health or behavioral outcomes, rather than purchases. For instance, Lavoie et al. (2016) doc-

ument a decline in alcohol-positive drivers; Staras et al. (2016) find reductions in gonorrhea

rates; and Smart et al. (2018) report fewer alcohol-related disciplinary actions among college

students. These studies suggest a reduction in consumption and imply that the tax was at

least partially passed through to prices, but they do not directly observe alcohol purchases.

Only one study, Esser et al. (2016), analyzes sales data following the tax. They find

modest declines in per capita alcohol sales across all categories but estimate post-tax effects

using a mixed-effects model without a control group. Their reliance on county-level data also

precludes any assessment of household-level heterogeneity. By contrast, my analysis uses a

synthetic difference-in-differences design with a flexible control group and household-level

panel data, allowing for a causal interpretation of the tax’s impact on purchasing behavior

and rich heterogeneity analysis.

This study also builds on recent research using NielsenIQ Consumer Panel data. Saffer et

al. (2024) study the 2009 Illinois alcohol excise tax increase using a difference-in-differences

model, where the control group is constructed via a synthetic control method (SCM). Their
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estimation approach, following Donald and Lang (2007), aggregates monthly differences

between Illinois (the treatment state) and the control aggregate from the SCM, reducing the

effective sample size to 43. They find that both heavy and moderate drinkers, as well as

low-income drinkers, reduce ethanol purchases in response to the tax. Their findings also

indicate substitution effects, as heavy and moderate drinkers, along with middle- and high-

income individuals, shift their purchases to avoid higher ethanol prices, while low-income

drinkers end up paying more per unit of ethanol.

My research builds on this study but differs in two key ways. First, I examine an alco-

hol sales tax rather than an excise tax, which can generate different behavioral responses.

Second, my identification strategy differs. I use a synthetic difference-in-differences model,

which leverages a balanced panel of households from July 2009 to June 2013 and includes

household and year-month fixed effects.

Unlike Saffer et al. (2024), who aggregate data to the state level, I exploit within-

household variation in alcohol purchases, allowing for a more granular analysis. Similar

to their findings, my results show that the tax reduces overall ethanol purchases. Their main

objective is also to look at differential responses by heavy drinking and income levels, rather

than doing this, I further look at demographic group differences (although I broadly do not

find differential responses). I also compare Maryland border and non-border households and

find no meaningful differences in their responses to the tax. By addressing these gaps, this

study provides new empirical evidence on how sales taxes affect alcohol purchasing behavior.

3 Data

3.1 NielsenIQ Consumer Panel

To estimate the impact of Maryland’s 2011 alcohol sales tax on alcohol purchases, I use

household-level data from the NielsenIQ Consumer Panel. This dataset is particularly well

suited for this analysis because it captures both overall changes in alcohol purchases and

variation in responses across different types of consumers. The panel tracks a rotating

sample of 40,000 to 60,000 households annually, with participating households recording

their purchases using in-home scanners. Households are included in the sample only after

consistently reporting purchases for at least 12 months. The dataset covers a wide range

of consumer purchases across all retail channels and includes demographic information on
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household size, income, presence of children, and select characteristics of household heads,

such as age and education.6 7

My analysis focuses specifically on alcoholic beverage purchases. Because the data only

capture off-premise alcohol sales, this study effectively examines the tax’s impact on alco-

hol bought for home consumption rather than on-premise sales (e.g., restaurants and bars).

Alcohol purchases are aggregated to the household-month level over 48 months, from July

2009 to June 2013. Since the tax was implemented in July 2011, this allows for approxi-

mately two years of pre- and post-tax observations. Data from earlier years are excluded to

mitigate potential biases from the sharp decline in alcohol purchases during the 2007–2008

U.S. financial crisis, which may have had differential effects across states.8 I will also show in

Section 5 that results remain consistent when using less restrictive time cutoffs. To construct

the analytic sample, I apply further restrictions at both the state and household levels.

At the state level, states that experienced any changes in alcohol sales or excise taxes

during the study period are excluded from the sample, as these policy changes could affect

alcohol purchases independently of Maryland’s 2011 tax, making those states unsuitable

comparison units. Specifically, Kansas and D.C. are excluded due to sales tax changes, while

New York, Connecticut, North Carolina, Illinois, New Jersey, and Washington are excluded

because they implemented significant alcohol excise tax increases.9

At the household level, I restrict the sample to households that participated for the full

48-month period surrounding the sales tax implementation to exploit household-level het-

erogeneity and control for time-invariant unobserved household characteristics. Households

that changed their state of residence while in the sample are excluded to maintain consistent

exposure to the policy, as their alcohol purchasing behavior could be influenced by differences

in state-level policies or economic conditions. In addition, to define the relevant population

for this analysis, I limit the sample to households that made at least one alcohol purchase in

the 12 months preceding the tax increase, so that the analysis focuses on the tax’s impact on

active alcohol consumers rather than non-drinking households.10 The final sample includes

6Retail channels include grocery stores, liquor stores, drug stores, mass merchandise retailers, superstores,
club stores, and convenience stores. Purchases are recorded as long as the consumer scans them.

7Demographic characteristics are aggregated to the household level. For households with both a male and
female head, I use the higher level of education, age, and other characteristics reported among the heads.
For households with a single head, I use that individual’s information. Household heads are 25 years and
older.

8Maryland raised its general sales tax from 5% to 6% in 2007; while this change was not specific to
alcohol, it could still have influenced alcohol purchases and introduced additional bias into the estimates.

9The specific tax changes are presented in Tables A1 and A2 in the appendix.
10Figure 6 includes models with the full sample which include non-drinking households.
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households from 41 states, including Maryland, and consists of 10,653 households, with 205

in the treated group and 10,448 in the control group.11

3.1.1 Alcohol Measures

I evaluate both the quantity of alcohol purchased and the effective price paid for alcohol

purchased for home consumption. To evaluate quantity, rather than using total ounces of

alcohol purchased, I focus on ethanol ounces, which directly measure the alcohol content,

the component with direct health implications. I calculate ethanol purchases by converting

beverage ounces into ethanol equivalents, assuming standard alcohol contents of 5% for beer,

13% for wine, and 40% for spirits. By multiplying these percentages by the respective ounces

purchased, I obtain a measure of monthly ethanol purchases per household.12 13 I then divide

total monthly ethanol ounces by the number of adults in the household to create ethanol

ounces per adult. In addition to total ethanol purchases, I construct analogous per-adult

measures separately for beer, wine, and spirits.

To examine the effective price households paid for alcohol, I construct several price-related

measures. Following Saffer et al. (2024), the first measure is the household’s monthly alcohol

spending, measured in 2013 dollars, divided by total ethanol ounces purchased in that month.

I also construct beverage-specific unit values for beer, wine, and spirits by dividing category-

specific spending in 2013 dollars by category-specific ethanol ounces purchased. These unit

values are defined only in months with positive purchases of the relevant beverage. Because

NielsenIQ expenditures do not include sales taxes, I adjust the overall price-per-ethanol

measure and the beverage-specific unit values by increasing Maryland households’ post-tax

prices by 3%; thus, the price measures are tax inclusive. A limitation of this adjustment is

that Maryland households may purchase alcohol outside the state. In that case, the measure

would assign the Maryland tax to some purchases that may not have been taxed in Maryland.

I return to this concern in Section 5 by examining whether border-county households respond

differently in both quantities and effective prices. All price measures are expressed in 2013

dollars.

11NielsenIQ does not include data on Hawaii and Alaska.
12Formally, household-month ethanol ounces equal 0.05 times beer ounces plus 0.13 times wine ounces

plus 0.40 times spirits ounces.
13Appendix Table A4 reports results using total volume (in ounces) rather than ethanol-equivalent ounces.
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3.1.2 Household Classification

Since a key objective of this study is to examine behavioral responses across different con-

sumer characteristics, I study heterogeneity by baseline purchasing intensity and household

demographics. The primary heterogeneity analysis focuses on pre-tax alcohol purchasing in-

tensity but I also examine differences by income, household composition, race, and education

of the household head.

Purchasing patterns: I classify households by their baseline alcohol purchasing intensity

using their average monthly ethanol ounces per adult in the pre-treatment period. Because

isolated bulk purchases can mechanically inflate a household’s pre-treatment average, I first

identify anomalous purchasers, or stockpilers, as households with at least one pre-treatment

month in which ethanol purchases exceed 200 ounces per adult.14 These households are

excluded from the purchaser-intensity classification but are otherwise retained in the sample.

The purpose of this approach is to capture persistent differences in baseline purchasing

intensity rather than temporary purchase spikes. For example, a household that makes an

unusually large purchase before the tax and little afterward could otherwise be misclassified

as a high-intensity purchaser, even though this pattern may reflect stockpiling rather than

sustained high alcohol demand.

Among non-stockpiler households, I divide the distribution of pre-treatment average

ethanol purchases per adult into terciles. Households in the bottom tercile are classified as

low-intensity purchasers, those in the middle tercile as moderate-intensity purchasers, and

those in the top tercile as high-intensity purchasers.15 This classification is fixed at the house-

hold level and carried forward across all months of the panel. In the pre-treatment period,

low-intensity purchasers buy about 0.6 ounces of ethanol per adult per month, moderate-

intensity purchasers about three ounces, and high-intensity purchasers about 23 ounces.

14This is equivalent to more than 333 standard drinks per adult in a month, using 0.6 ethanol ounces per
standard drink.

15Appendix Table A6 reports robustness to alternative purchaser-intensity cutoffs.
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4 Methods

4.1 Identification strategy

My identification strategy exploits variation in household alcohol purchases before and after

Maryland’s 2011 alcohol sales tax increase. Specifically, I compare monthly ethanol ounces

purchased by households in Maryland with those purchased by households in other states.

Although the dataset contains many households, there is only one treated state, which

makes conventional difference-in-differences (DiD) methods unsuitable as standard errors can

be severely underestimated when there is a single treated unit or few aggregate treatment

clusters. In such settings, a weighted combination of untreated units provides a more credible

counterfactual than any single comparison unit (Abadie and Gardeazabal, 2003; Abadie et

al., 2010; Abadie, 2021).

To address this limitation, I use the synthetic difference-in-differences (SDiD) estima-

tor, which combines the strengths of DiD and synthetic control method (SCM) approaches

(Arkhangelsky et al., 2021). Whereas SCM is designed for cases with a single treated unit,

constructing an optimally weighted combination of untreated units that closely reproduces

the pre-treatment trajectory of the treated unit, SDiD extends this framework by incorpo-

rating unit and time fixed effects, as in the canonical DiD. This allows for persistent level

differences between treated and control units while still matching on pre-treatment trends.

By including these fixed effects, SDiD absorbs unobserved heterogeneity across households

and over time, an important feature in this context, as households differ systematically in

baseline alcohol consumption, purchasing frequency, and responsiveness to price changes.

Consistent with this intuition, I estimate an SDiD model that minimizes the following

error (using terminology from Arkhangelsky et al. (2021)):

arg min
λ,γ,µ,β

{ N∑
h=1

T∑
t=1

(Yht − µ− γh − λt −Whtτ)
2 ω̂sdid

h λ̂sdid
t

}
(1)

where Yht is the inverse hyperbolic sine (IHS) of monthly ethanol purchases per adult (in

ounces) of household h at month-year t.16 I estimate analogous specifications for alternative

outcomes, including measures of ethanol prices. Because ounces of ethanol purchased per

16Appendix Table A3 presents results estimated using log(Yht +1) as an alternative transformation of the
outcome variable. In addition, Appendix Table A4 presents results where the outcome is total volume (in
ounces) rather than ethanol-equivalent ounces.
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adult is non-negative, highly right-skewed, and contains many zeros, I use the IHS transfor-

mation, which approximates the natural log for large values but remains defined at zero.17

Although nonlinear models such as Poisson regressions are often appropriate for skewed non-

negative outcomes (Chen and Roth, 2024), the SDiD estimator is defined for linear models

and does not extend naturally to nonlinear specifications. Following best practice in the

SDiD literature, I therefore use a linear model with an IHS-transformed dependent vari-

able to approximate percentage changes while preserving the identification properties of the

estimator. Appendix Table A5 also presents the results estimated using a Poisson model.

Wht is an indicator equal to one for households in Maryland during the post-tax period

(July 2011 onward) and zero otherwise. γh and λt denote household and month-year fixed

effects. τ is the average treatment effect on the treated and measures the change in household

ethanol purchases after the tax relative to before, comparing Maryland to the synthetic

control group. Household weights ω̂SDiD
h and time weights λ̂SDiD

t are optimally chosen to

minimize Maryland’s pre-treatment prediction error.18 Standard errors are clustered at the

state level. Specifications also include household demographic covariates such as household

size, income, race, age of the household head, and education of the household head. 19

The SDiD estimator is doubly robust, meaning it remains consistent if either the parallel-

trends assumption holds or if the synthetic control weights correctly approximate the treated

unit’s counterfactual path. This makes it particularly appealing in policy settings with a

single treated state or a limited number of treated units. Simulation and empirical evidence

show that SDiD generally outperforms both DiD and SCM (Arkhangelsky et al., 2021). For

completeness, I also report DiD and SCM estimates for comparison in Section 5.

To assess the dynamics of the policy effect, I complement the main SDiD estimates with

an event-study–style analysis based on the SDiD framework, following the implementation

in Clarke et al. (2024). The model is estimated at the monthly level, consistent with the

main specification, to fully capture the timing of the 2011 tax and short-run fluctuations in

alcohol purchases. For presentation, however, I aggregate the resulting monthly coefficients

to the quarterly level to facilitate interpretation and improve visual clarity, as quarterly

effects provide a smoother depiction of post-treatment dynamics. This event-study analysis

serves two purposes: first, to confirm that Maryland’s pre-tax purchasing trends were closely

aligned with its synthetic control; and second, to illustrate the temporal persistence of the

17Inverse hyperbolic sine transformation: asinh(Yht) = ln(Yht +
√
Y 2
ht + 1).

18The derivation of unit (ω̂SDiD
h ) and time (λ̂SDiD

t ) weights is presented in Appendix B.1.
19To incorporate covariates, Arkhangelsky et al. (2021) recommend a residualization approach: first regress

Yht on Xht to obtain β̂, then apply the SDiD algorithm to the residualized outcome Y res
ht = Yht −Xhtβ̂.
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treatment effect following the 2011 tax. Having outlined the SDiD estimator and its dynamic

extension, I next turn to the inference procedures used to obtain valid standard errors for

these estimates.

4.2 Inference

Following Arkhangelsky et al. (2021), I compute standard errors using a clustered bootstrap

procedure, which provides valid inference when there are many observed units but a single

treated cluster. The bootstrap proceeds as follows:

1. Draw B bootstrap resamples of households (resampled with replacement). Each re-

sample must include both treated and control units; otherwise, it is discarded and

redrawn.

2. For each resample b, re-estimate the SDiD model and obtain τ̂
(b)
sdid.

3. Define the bootstrap variance as:

V̂ (boot)
τ =

1

B

B∑
b=1

(
τ̂
(b)
sdid − τ̄ boot

)2

(2)

where τ̄ boot = 1
B

∑B
b=1 τ̂

sdid
(b) is the mean of the bootstrap estimates.

4. The standard error is then estimated as the square root of the variance:

ŜE
boot

τ =

√
V̂

(boot)
τ . (3)

I perform B = 1,000 bootstrap replications for each model. Conceptually, this procedure

repeatedly re-estimates the treatment effect on resampled data to approximate the empirical

sampling distribution of τ̂
(b)
SDiD, thus producing consistent standard errors and confidence

intervals under weak distributional assumptions. The same bootstrap procedure is used for

the event-study analysis. While computationally intensive, this approach is well-suited to this

setting because the data include thousands of households, providing substantial resampling

variation despite having a single treated state.
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4.3 Alternative model specifications

I test the sensitivity of the main estimates to several alternative specifications and diagnostic

checks. These analyses evaluate whether the results are robust to alternative inference pro-

cedures, comparison-group construction, sample restrictions, possible spillovers, treatment

timing, and macroeconomic conditions.

I begin by reporting estimates using alternative inference procedures to account for the

single treated unit. In the main specification, I use clustered bootstrap standard errors,

which are well-suited to this setting because the data include many households per state,

providing substantial resampling variation. Although computationally intensive, this ap-

proach provides a flexible approximation to the sampling distribution in settings with a

single treated cluster. As complementary checks, I also estimate standard errors using the

jackknife and placebo inference procedures proposed by Arkhangelsky et al. (2021).20

I then report DiD and SCM estimates for comparison, although SDiD has been shown to

outperform these approaches. In the DiD specification, Maryland households are matched to

control households using propensity score matching based on pre-treatment alcohol purchases

and household demographic characteristics. The treatment effect is then estimated using a

two-way fixed-effects DiD model on the matched sample. This provides a complementary

estimate based on observed covariate balance rather than SDiD unit and time weighting.21

Next, I examine the sensitivity of the estimates to the composition of the analytic sample.

The main sample is restricted to households observed in a balanced sample over the two years

before and two years after the tax change. As a robustness check, I re-estimate the model

including non-drinking households to assess whether the results are driven by conditioning

on households with positive alcohol purchasing behavior.

I also assess possible violations of the stable unit treatment value assumption (SUTVA).

Because Maryland borders Delaware, Pennsylvania, Virginia, and West Virginia, households

may have responded to the tax by shifting purchases across state lines, and households in

neighboring states may also have been indirectly affected by cross-border shopping. To eval-

uate this possibility, I estimate one specification that excludes neighboring states from the

donor pool and another that restricts the comparison group to neighboring states. These

checks assess whether the estimated effect depends on potentially contaminated nearby con-

20Appendix B.2 describes the jackknife procedure, and Appendix B.3 describes the placebo inference
procedure.

21Appendix C describes the SCM and propensity-score-matched DiD procedures.
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trols or, conversely, on comparisons with more geographically proximate states.

I then examine the sensitivity of the estimates to the timing of treatment. The main

specification defines the post-treatment period as beginning in July 2011, when the Maryland

alcohol sales tax increase took effect. I also estimate a specification that treats June 2011

as the beginning of the post period. This anticipation check evaluates whether households

changed purchasing behavior immediately before the tax took effect, for example through

stockpiling or other anticipatory responses.

I also assess whether the estimates are influenced by macroeconomic conditions during

the Great Recession recovery period. Although the main panel begins after the official end of

the recession, the early pre-treatment months may still reflect differential recovery dynamics

across states. I therefore estimate specifications that exclude July to December 2009, such

that the pre-treatment period begins in January 2010.

Finally, I examine the sensitivity of the results to alternative sample windows. In addition

to the main balanced panel, I consider longer unbalanced panels permitted by the data to

assess whether the estimated effects depend on the time horizon. Because these specifications

involve unbalanced panels, the SDiD framework is not applicable; I therefore estimate two-

way fixed effects models, which should be interpreted as complementary, directional checks

rather than causal estimates.

5 Results

Table 1 reports weighted pre-tax means for outcomes and household characteristics for Mary-

land and the comparison states, using the NielsenIQ Consumer Panel projection factor as a

sample weight to improve national representativeness.22 The weighted means indicate that

Maryland and the comparison states are broadly similar across most pre-treatment charac-

teristics. Maryland households have somewhat higher income and education levels, a larger

share of Black households, and a smaller share of Hispanic and White households relative

to the donor pool. These differences are not consequential for the analysis, as the SDiD

procedure subsequently constructs a weighted synthetic comparison that matches Maryland

households’ pre-treatment alcohol purchasing trends.

22The NielsenIQ dataset provides sample weights designed to approximate the demographic composition
of the U.S. Census. The weights are used only to present the summary statistics. The models do not use
these weights, as they already incorporate weights from the SDiD procedure.
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[Table 1 here]

Figure 1 shows the raw ethanol purchasing trends for Maryland (blue circles) and the

control states (black squares).23 The figure shows similar pre-tax trajectories in ethanol

ounces purchased per adult across both groups, followed by a decline in Maryland relative to

the comparison states after the tax increase. These raw trends provide descriptive evidence of

comparable pre-treatment patterns and a decrease in ethanol purchases in Maryland relative

to the control group.

[Figure 1 here]

To formally estimate the effect of the tax suggested by the trends in Figure 1, I estimate

the SDiD model in 1 to construct a synthetic Maryland by assigning weights to households

in the donor pool, ω̂SDiD
h , and time weights, λ̂SDiD

t , over the pre-treatment period.24 Figure

2 plots observed Maryland outcomes and the synthetic control, together with the estimated

unit and time weights. The green bars represent the weights assigned to pre-treatment

months. The dashed line (synthetic Maryland) closely tracks ethanol ounces purchased per

adult for Maryland households during the pre-treatment period and diverges after the tax,

suggesting a reduction in ethanol purchases relative to the synthetic control.

[Figure 2 here]

Table 2 reports the overall treatment effect estimates of the tax increase on the inverse

hyperbolic sine of ethanol ounces purchased per adult per household. Column (1) presents

the estimates without covariates, while column (2) presents the estimates with covariates.

Across both specifications, the results remain consistent and precisely estimated. For ease

of interpretation, I convert the IHS coefficient into an approximate percent effect as sug-

gested by Bellemare and Wichman (2020).25 Column (1) reports a coefficient of −0.098,

corresponding to an approximate 9.4% reduction in monthly ethanol ounces purchased per

adult in Maryland households relative to the pre-tax period. This reduction translates into

1.06 fewer ethanol ounces purchased per adult per month.

23Appendix Figure A1 presents analogous raw trends for alcohol expenditures as a share of total grocery
spending. The figure shows a similar post-tax decline in Maryland relative to the comparison states.

24Appendix Figure A2 shows the state-level donor weights used to construct synthetic Maryland. Because
the SDiD model is estimated at the household level, the underlying unit weights are household-level weights.
I aggregate these to the state level by summing the positive household weights within each state.

25I calculated the percent change as follows: 100×
[
exp

(
τ̂ − 1

2 ŜE(τ̂)2
)
− 1

]
.
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[Table 2 here]

Similar to column (1), column (2) presents an estimate of −0.096, corresponding to an

approximate 9.2% reduction in monthly ethanol ounces purchased per adult in Maryland

households relative to the pre-tax period. Column (2) is my preferred specification, as

the time-invariant covariates include important demographic characteristics associated with

alcohol purchases, including household income, education, age, and household size. Including

these covariates helps account for observable differences between Maryland and the donor

pool while leaving the main results substantively unchanged. This reduction translates into

1.04 fewer ethanol ounces purchased per adult per month. All following models are estimated

with covariates unless stated otherwise.

For this reduction to be interpreted causally, the estimate relies on the synthetic control

providing a credible counterfactual path for Maryland in the absence of the tax increase.

Figure 2 shows that Maryland and its synthetic control exhibit similar pre-treatment trends.

To further assess this identifying assumption, I estimate the event-study version of equation

1. Figure 3 presents the dynamic event-study coefficients from the SDiD specification. Blue

dots denote point estimates, and gray capped lines denote 95% confidence intervals based on

standard errors from equation 3. Although the SDiD model is estimated at the monthly level,

the event-study coefficients are aggregated to the quarterly level for ease of display. Unlike a

conventional two-way fixed effects event study, the SDiD estimates are not identified relative

to a single omitted reference period (such as event time −1), but relative to the weighted

synthetic control path constructed from the full pre-treatment period. Accordingly, all pre-

treatment coefficients are shown. Pre-treatment coefficients remain close to zero, and the

post-treatment coefficients show a sustained decline in ethanol ounces purchased per adult,

consistent with the raw trends. There is a decline in the event-time coefficient at month 0,

which reflects the construction of the event-study coefficients: effects are aggregated to the

quarterly level (excluding July), so the plotted quarterly estimates capture post-treatment

adjustments, while month 0 is shown at the monthly level.

[Figure 3 here]

So far, the Maryland alcohol tax increase appears to have reduced alcohol purchases

among consumers. I next examine whether this reduction was concentrated in particular

beverage categories, whether responses differed across consumer groups, whether the effects

varied for households living near state borders, and how the effective prices paid changed.
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5.1 Beverage Types

Table 3 presents the estimated effect of the tax on ethanol ounces purchased by beverage

type: beer, wine, and spirits per adult in a household. Thus, the outcomes are standardized

in terms of pure ethanol content within each beverage category rather than total beverage

volume purchased, to remain consistent with the main estimate. Column (1) reports the

estimate for beer, column (2) for wine, and column (3) for spirits.

[Table 3 here]

Across all categories, the estimates indicate meaningful declines in beverage purchases.

The estimated reductions are approximately 3.4% for beer, 5.3% for wine, and 4.5% for

spirits, translating to monthly declines of roughly 0.13 ethanol ounces attributable to beer

purchases, 0.20 ethanol ounces attributable to wine purchases, and 0.17 ethanol ounces

attributable to spirits purchases per adult per household. Given that mean pre-tax ethanol

ounces purchased by beverage type are fairly similar, the largest percent effect for wine also

corresponds to the largest absolute reduction, followed by spirits and then beer.26 The results

do not provide evidence of substitution toward any single beverage type. Appendix Figure

A3 presents the SDiD pre-treatment fit by alcohol type, and Appendix Figure A4 presents

the event-study estimates.

5.2 Heterogeneous behavioral responses

So far, the results indicate an overall decrease in ethanol purchases, with no evidence of

substitution across beverage types. However, these aggregate effects may mask different

response patterns across households. Households may differ in their responsiveness to the

tax depending on baseline alcohol purchasing behavior, income, household composition, age,

education, and race or ethnicity. I therefore examine heterogeneity along several dimensions.

5.2.1 Purchasing levels

I first evaluate how monthly ethanol ounces purchased per adult change by household pur-

chasing intensity. Households are classified into low-, moderate-, and high-intensity terciles

26Because each beverage category is estimated separately using the IHS transformation and outcome-
specific SDiD weights, the category-specific reductions are not expected to sum exactly to the aggregate
estimate.
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based on their average pre-treatment ethanol purchases per adult, excluding anomalous pur-

chasers/stockpilers so that the categories reflect persistent purchasing patterns rather than

unusually large one-time purchases.27 This analysis examines whether the overall reduc-

tion is concentrated among households with higher baseline alcohol purchasing or whether

it is distributed more broadly throughout the purchasing distribution. Table 4 reports the

estimates for (1) low-, (2) moderate-, and (3) high-intensity purchasing households.28

[Table 4 here]

The results are consistent across purchasing-intensity groups. Following the tax increase,

Maryland households significantly reduced monthly ethanol ounces purchased per adult in

each category. Low-purchasing households reduced purchases by 6.0%, moderate-purchasing

households by 8.0%, and high-purchasing households by 6.8%, relative to the pre-tax period.

These estimates correspond to approximately 0.04 fewer ounces of ethanol per adult per

month for low-purchasing households, 0.23 fewer ounces for moderate-purchasing households,

and 1.49 fewer ounces for high-purchasing households. Thus, the largest absolute reduction

occurred among high-purchasing households. Appendix Figure A6 and Appendix Figure A7

present the SDiD fit and event-study estimates by purchasing intensity.

To assess whether higher-purchasing households substitute toward cheaper sources of

ethanol, I further estimate the tax effect by beverage type and purchasing intensity. Ap-

pendix Table A7 reports these results. The estimated reductions remain broadly consistent

across purchasing groups and beverage categories, providing no evidence that the main effects

are driven by substitution toward cheaper alcohol types.

5.2.2 Demographic heterogeneity

I next examine heterogeneity across demographic and household characteristics. Specifi-

cally, I estimate separate effects by household income, household head education, household

composition, and race or ethnicity.

27Appendix Figure A5 shows the distribution of alcohol purchasers and indicates that anomalous pur-
chasers are located in the far right tail and represent a small share of the sample.

28Appendix Table A6 reports robustness estimates using alternative purchaser-intensity cutoffs. Rather
than using the main classification, the table groups non-stockpiler households into the bottom quartile,
middle 50 percent, and top quartile of the pre-treatment distribution of ethanol purchases per adult. The
estimated effects remain consistent.
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Figure 4 summarizes the demographic heterogeneity results. The figure plots the esti-

mated SDiD treatment effect for each subgroup, with capped gray horizontal lines denoting

95% confidence intervals. Subgroups are defined using pre-treatment household character-

istics: income, household head education, household composition, and race/ethnicity. For

households with two heads, education is assigned using the higher reported category across

heads.29

[Figure 4 here]

For most categories, the point estimates indicate declines in ethanol ounces purchased

per adult following the tax increase. In contrast, households with income below $35,000 and

those with less than a high school education exhibit positive point estimates. These estimates

should be interpreted cautiously. When the sample is divided into narrower subgroups, the

number of treated Maryland households becomes substantially smaller, limiting statistical

precision. Accordingly, the figure is best viewed as descriptive evidence on the direction and

relative magnitude of subgroup responses rather than definitive causal estimates. Average

treatment effects on the treated by demographic category are reported in Appendix Tables

A8 to A11.

5.2.3 Border counties

Another potential response to alcohol taxes is cross-border shopping, particularly for house-

holds located near lower-tax jurisdictions. In this setting, however, one objective of the policy

was to align Maryland’s alcohol tax rates more closely with those in neighboring states, lim-

iting the scope for cross-border price differentials and making this margin of adjustment less

likely. Nonetheless, Maryland borders several states, creating opportunities for consumers to

avoid the tax by purchasing alcohol elsewhere. To assess whether proximity to other states

affects purchasing patterns, I compare ethanol ounces purchased by households residing in

Maryland border counties with those in non-border counties.

Because this analysis focuses exclusively on Maryland households, the SDiD framework

is not applicable. Instead, I estimate a traditional TWFE model with household and time

29Household-composition heterogeneity is defined using mutually exclusive bins based on household size
and the presence of children. Because two-person households with children constitute a very small share of
the treated sample (0.6%), estimating a separate effect for this subgroup would not yield valid estimates
for inference. I therefore group all two-person households together, while continuing to distinguish between
three-or-more-person households with and without children.
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fixed effects, clustering standard errors at the county level. By interacting the event-time

indicators with an indicator for border-county residence, this specification identifies whether

the post-tax changes in ethanol purchases differ for border households relative to non-border

households. Figure 5 presents the event study estimates from this model.

[Figure 5 here]

Although this approach does not directly observe tax avoidance behavior, it assesses

whether households in border counties changed their overall ethanol purchases differently

from those in non-border counties after the tax increase. Because NielsenIQ records pur-

chases scanned by households, including out-of-state purchases when reported, substantial

cross-border shopping would attenuate the decline in measured purchases for border house-

holds relative to non-border households. If so, border households would be expected to

exhibit smaller post-tax reductions in ethanol purchases. However, the estimates show no

consistent pattern. For the most part, border and non-border households do not differ sig-

nificantly in either the pre-treatment or post-treatment periods, with only a small number of

quarters showing statistically significant differences. Overall, the results suggest that border

proximity did not meaningfully offset the tax response.30

5.3 Prices paid for ethanol

I next examine prices paid for ethanol. This analysis is more challenging because the

NielsenIQ Consumer Panel does not report posted shelf prices for all household-month obser-

vations. Instead, I observe unit values implied by household purchases: real alcohol spending

divided by ounces of ethanol purchased. These unit values reflect both the prices consumers

face and endogenous purchasing choices, including the products, package sizes, and quan-

tities selected. I therefore report three complementary measures to distinguish changes in

effective prices from changes in purchase incidence.

[Table 5 here]

Panel A of Table 5 estimates effects on the inverse hyperbolic sine of the tax-inclusive price

per ounce of ethanol.31 For the SDID specification, non-purchase months are coded as zero so

30Appendix Table A13 reports the estimated treatment effects.
31The tax-inclusive measure is constructed by multiplying the observed unit value by 1.03 for Maryland

household-month observations after the tax increase.
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that the outcome is observed for the balanced household panel. The estimates are negative

overall and for beer, wine, and spirits. The overall estimate implies an approximate 2.9%

decline in dollars spent per ounce of ethanol, or about $0.02 relative to the Maryland pre-

treatment mean of $0.69 per ounce. This corresponds to roughly one cent per standard drink,

since a standard drink contains 0.6 ounces of ethanol. Although statistically significant,

the implied economic magnitude is small. Moreover, this measure should be interpreted

cautiously because it combines changes in transaction prices with changes in whether and

what households purchase.

Panel B examines purchase incidence, defined as whether the household made any alcohol

purchase in a given month. The estimates indicate that the tax reduced monthly purchase in-

cidence overall and across beverage categories. This matters for interpreting Panel A because

the SDiD price measure includes zero-valued non-purchase months; reductions in purchase

frequency can therefore mechanically lower the unconditional effective price measure even if

prices conditional on purchase do not fall.

Panel C estimates two-way fixed effects models for the tax-inclusive price per ounce of

ethanol conditional on a positive purchase. Because this outcome is observed only in purchase

months, the panel is no longer balanced and is not well suited to the SDID framework.

These estimates should also be interpreted cautiously because identification comes from one

treated state and conventional clustered standard errors may understate standard errors.

Conditional on purchase, the estimated effects are positive overall and by beverage type.

This pattern suggests that the negative estimates in Panel A are driven primarily by changes

in purchase incidence and purchasing behavior, rather than by meaningful declines in the

underlying price paid per ounce of ethanol among households.32

5.4 Robustness checks

I look at the robustness of the main SDiD estimate using alternative estimators, inference

procedures, sample definitions, donor-pool restrictions, and treatment timing assumptions.

These checks evaluate whether the estimated effect of the Maryland sales tax is sensitive to

how the comparison group is constructed, the method used for inference, or the composition

32Shares are not reported for Panels B and C because these panels are intended to decompose the uncon-
ditional price measure rather than estimate compositional outcomes. Panel B is already an extensive-margin
measure, indicating whether any purchase occurred in the household-month. Panel C restricts the sample to
positive-purchase months and estimates the price paid per ounce of ethanol conditional on purchase. In that
conditional sample, non-purchase months are excluded, so purchase shares over the full household-month
panel are not defined in the same way and would answer a different question.
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of the household sample.

Figure 6 summarizes these robustness checks using a coefficient plot. Each point repre-

sents an estimate of the average treatment effect of the Maryland sales tax on the inverse

hyperbolic sine of monthly ethanol ounces purchased per adult under a different specifica-

tion. Horizontal capped lines denote 95 percent confidence intervals. The baseline estimate,

shown with blue circles, reproduces the preferred SDiD specification for reference.

[Figure 6 here]

First, I examine whether inference is sensitive to alternative standard error procedures.

The baseline specification uses bootstrap standard errors clustered at the state level. I com-

pare this to jackknife standard errors, which recompute uncertainty by sequentially omitting

observations, and to placebo-based inference, which uses the distribution of placebo treat-

ment assignments to assess uncertainty. Confidence intervals are somewhat wider under

these alternative procedures, but the estimates remain negative and statistically significant

at the 5% level.

I next assess robustness to alternative empirical strategies commonly used in settings

with a single treated unit: the synthetic control method and difference-in-differences us-

ing a propensity-score matched control group. The propensity-score matched difference-in-

differences specification first matches Maryland households to comparison households using

pre-treatment alcohol purchases and household covariates, and then estimates a two-way

fixed effects difference-in-differences model on the matched sample. This provides a check

based on observable pre-treatment similarity rather than SDiD weighting. The results remain

consistent across these alternative approaches, with the propensity score matching giving an

even larger estimate.

I then consider whether the results depend on the household sample or donor pool. The

main analysis restricts the sample to households that purchased alcohol at least once in

the pre-treatment period. I therefore re-estimate the model using a broader sample that

includes non-purchasing households. This assesses whether the estimated decline is driven

by the restriction to pre-treatment alcohol purchasers. The effect is attenuated but remains

negative and statistically significant.

I also report two donor-pool restrictions. One excludes Maryland’s neighboring states

from the donor pool, addressing the possibility that cross-border shopping or other spillovers

23



may affect nearby control states which would be a violation of SUTVA. The other uses

only neighboring states—Delaware, Pennsylvania, Virginia, and West Virginia—as the donor

pool, providing a geographically closer comparison group. The estimates remain negative

under these alternative donor-pool definitions, although the magnitudes vary.

I next examine sensitivity to treatment timing and macroeconomic conditions. I redefine

the treatment date as June 2011, one month before the tax took effect, to assess whether the

estimates are sensitive to anticipatory behavior. Then, I also drop July through December

2009, the first six months of the sample, which coincide with the immediate post-recession

recovery period. This checks whether the main estimate is influenced by differential con-

sumption dynamics during the early recovery from the Great Recession. The estimated

effects remain negative and statistically significant in both cases.

Finally, I examine alternative sample windows. In the main specification, I construct a

balanced household panel to exploit within-household purchasing behavior over time, which

requires dropping households not continuously observed throughout the sample period. To

assess sensitivity to this restriction, I consider additional sample windows permitted by the

data. First, I use the full NielsenIQ sample available prior to COVID-19, covering 2004 to

2019. Second, I construct a 10-year panel from 2006 to 2016. Third, using the same four-year

window as the main specification (July 2009 to June 2013), I retain all available households

rather than restricting the sample to households observed for the full period.

Because these specifications contain unbalanced household panels, the SDiD framework

is not applicable, as it requires balanced panels. I therefore estimate two-way fixed effects

models, alternating between state fixed effects and household fixed effects, reported in Table

6. Columns (1) and (2) use the full pre-COVID sample (2004–2019), columns (3) and (4)

use the 10-year panel (2006–2016), and columns (5) and (6) use the main four-year window

(July 2009–June 2013) while retaining all available households. Within each pair, the first

column includes state fixed effects and the second includes household fixed effects. These

estimates should be interpreted cautiously. Although they exploit variation across many

treated households, they do not address the single treated-state setting in the same way as

the main SDiD design and are therefore best viewed as directional robustness checks rather

than causal estimates.

[Table 6 here]

Across the different sample windows, treatment effects range from declines of 4.8% to
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6.8%. Across all specifications, the estimated effects remain negative, suggesting a reduction

in monthly ethanol ounces purchased per adult, although magnitudes vary. Together, these

results suggest that the estimated effect of the tax is stable across inference procedures, em-

pirical strategies, sample definitions, donor-pool restrictions, treatment timing assumptions,

macroeconomic conditions, and alternative sample windows.

6 Discussion

A large literature documents that increases in the price of alcohol lead to reductions in alcohol

consumption (Wagenaar et al., 2009; Maldonado-Molina and Wagenaar, 2010; Saffer et al.,

2024; Xuan et al., 2015). However, the magnitude and consistency of these responses depend

on the relatively inelastic nature of alcohol demand and on heterogeneity across consumers

(Ayyagari et al., 2013; Gehrsitz et al., 2021; Pryce et al., 2019). While most empirical work

has focused on excise taxes, comparatively little is known about the behavioral effects of

alcohol sales taxes, which differ in both structure and salience. This paper contributes to

that literature by examining the impact of Maryland’s 2011 alcohol sales tax on household

alcohol purchases and related behavioral responses.

The primary takeaway is that the tax led to a meaningful reduction in alcohol purchases.

Using a synthetic difference-in-differences framework and data from the NielsenIQ Consumer

Panel, I estimate a 9.2% decline in monthly ethanol ounces purchased per adult among

alcohol-purchasing households. This corresponds to approximately 1.04 fewer ounces of

ethanol per adult per month, or roughly 1.7 fewer standard drinks. This magnitude is

economically meaningful and consistent with the broader literature showing that higher

alcohol prices reduce consumption. Importantly, the results suggest that a sales tax, despite

concerns about lower salience relative to excise taxes (Chetty et al., 2009), can generate

behavioral responses comparable to those typically found in excise tax studies.

While these estimates are not directly comparable, I relate them to the excise tax liter-

ature using results from Saffer et al. (2024). They study the 2009 Illinois alcohol excise tax

increase, which raised spirits taxes from $4.50 to $8.55 per gallon, wine taxes from $0.73 to

$1.39 per gallon, and beer taxes from $0.19 to $0.23 per gallon. They find an approximately

6.4% reduction in ethanol purchases, corresponding to roughly 0.7 fewer ounces of ethanol

based on their pre-treatment mean. In comparison, I estimate a reduction of 1.04 ounces

of ethanol. Despite differences in tax structure, baseline prices, and empirical setting, the
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estimates are similar in magnitude, with the Maryland estimate somewhat larger.

One possible explanation for these findings is that, although sales taxes are often con-

sidered less salient in a single purchasing decision, they are applied to the final retail price

and therefore scale with consumer choice. Because the tax is proportional to price, it raises

the overall cost of alcohol consumption while leaving relative prices across products largely

unchanged.33 Consistent with this, I find no evidence of substitution across beverage types:

purchases of beer, wine, and spirits all decline following the tax increase. By contrast, prior

work on excise taxes has documented substitution toward lower-priced products (Gehrsitz

et al., 2021). While I do not directly examine substitution within beverage categories, the

absence of substitution across beverage types suggests that consumers respond to the overall

price they face rather than reallocating purchases across alcohol categories.

Importantly, this analysis uses panel data that follow households over time, allowing

consumers to repeatedly face and adjust to the higher post-tax prices. In this setting, the

salience of the tax may be less relevant than the persistent increase in the final price, as

households learn and update their purchasing behavior across shopping trips. This dynamic

adjustment helps explain why the estimated effects are comparable to those found in the

excise tax literature, despite differences in how the taxes are presented at the point of

purchase.

Consistent with this interpretation, the reductions in alcohol purchases are broadly dis-

tributed across households rather than concentrated among specific groups. Households

across the purchasing distribution reduce their alcohol purchases following the tax increase,

indicating that the response is not limited to a particular group of consumers, although the

largest absolute reductions occur among higher-purchasing households. Across demographic

groups, the results show broadly similar patterns, with most groups exhibiting declines in

alcohol purchases. Although some subgroup estimates differ in direction, these estimates are

less precise due to smaller sample sizes and should be interpreted cautiously. In particular,

households with lower income and lower levels of education show point estimates suggest-

ing increases in ethanol purchases. These patterns do not necessarily imply higher alcohol

spending, but may instead reflect differences in purchasing behavior or product choice. Over-

all, the evidence does not point to large or systematic differences in responsiveness across

income, education, household composition, or race and ethnicity, suggesting that the tax

operates broadly across the population rather than targeting a specific demographic group.

33By relative prices, I refer to the ratio of prices across products (e.g., beer relative to wine or spirits).
Under sales taxes, prices increase proportionally, so these ratios remain largely unchanged.
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As an additional behavioral margin, I examine households living in Maryland border

counties, where cross-border shopping is more accessible. I find no consistent evidence of

differential purchasing patterns in border counties relative to non-border counties. This

suggests that, despite having the option to shop in nearby states, border households reduced

their ethanol purchases similarly to households in non-border areas.

Finally, to provide additional context for these results, I also examine prices paid per

ounce of ethanol. This analysis highlights the importance of distinguishing between ob-

served unit values and underlying transaction prices. The price measure used in the data

is constructed from household purchases and therefore reflects both the prices consumers

face and their purchasing decisions. When averaging across all household-months, including

months in which no alcohol is purchased, the price per ounce of ethanol appears to decline

after the tax increase. However, this pattern is driven in part by a reduction in purchase

incidence, as more zero-purchase months enter the calculation. To isolate changes in prices

when alcohol is actually purchased, I examine the price per ounce only in months with pos-

itive purchases. In these months, the price per ounce increases following the tax, consistent

with the mechanical effect of the tax on retail prices. This comparison indicates that the

apparent decline in average prices is not driven by lower transaction prices, but rather by

changes in purchasing behavior.

Together, these findings indicate that alcohol sales taxes can meaningfully reduce alcohol

purchases and may serve as a useful complement to traditional excise taxes. By increasing

the final retail price across a wide range of products, sales taxes can generate broad-based

reductions in demand without inducing substantial substitution across beverage types or

geographic avoidance behavior. These results have important implications for alcohol tax

policy, suggesting that policymakers may consider both excise and sales taxes as part of a

comprehensive strategy to reduce excessive alcohol consumption and its associated social

harms.

7 Conclusion

Overall, the 2011 alcohol sales tax increase in Maryland appears to have been an effective

tool for reducing household alcohol purchases. Across specifications, the tax is associated

with a decline in monthly ethanol ounces purchased per adult per household of approxi-

mately 9.2%, equivalent to roughly 1.7 fewer standard alcoholic drinks per month. Declines

27



are observed across beer, wine, and spirits, with no evidence of substitution toward any

single beverage category. Reductions are also present throughout the purchasing distribu-

tion. While households with low, moderate, and high baseline purchasing levels all reduce

alcohol purchases following the tax increase, the largest absolute declines happen among

high-purchasing households.

Subgroup estimates suggest broadly similar patterns across demographic groups defined

by income, education, household composition, and race or ethnicity, with most estimates

indicating declines in ethanol ounces purchased per adult per household, although these es-

timates are less precise. Finally, there appears to be little evidence that households in border

counties offset the tax through cross-border shopping. Taken together, the findings indicate

that a broad-based sales tax can meaningfully reduce alcohol purchases. Alcohol sales taxes

may be a useful complement to traditional excise taxes in efforts to reduce excessive alcohol

consumption and its associated social harms.
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Figures

Figure 1. Trends in ethanol ounces purchased per adult in Maryland and donor pool

Note. The Y-axis shows the three-month moving average of ethanol ounces purchased per adult
per household, and the X-axis represents the month–year. The figure presents two series: average
alcohol consumption in Maryland (blue circles, solid line) and in the comparison states (black
squares, dashed line). The vertical dashed line indicates the month of Maryland’s sales tax increase
(July 2011). Comparison states exclude households in Connecticut, Illinois, New Jersey, New York,
North Carolina, Washington, the District of Columbia, and Kansas, as these states experienced
alcohol tax changes during the sample period. Data come from the NielsenIQ Consumer Panel.
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Figure 2. Synthetic Maryland fit

Note. Trends in ounces of ethanol purchased per adult for Maryland households using Synthetic
Difference-in-Differences (SDiD) weights. The time weights (λt green bar) are estimated by mini-
mizing the error term in Equation 1. The solid line shows the trend for Maryland, and the dashed
line shows the corresponding trend for the synthetic control. The vertical dashed line denotes July
2011, when Maryland implemented the alcohol sales tax increase. Comparison states exclude Con-
necticut, Illinois, New Jersey, New York, North Carolina, Washington, the District of Columbia,
and Kansas, which experienced alcohol tax changes during the sample period. Data are from the
NielsenIQ Consumer Panel.

33



Figure 3. Dynamic Event study estimates for ethanol ounces purchased

Note. The figure shows dynamic treatment effects estimated using synthetic difference-in-differences
(SDiD). The vertical line at event time zero marks the month of the tax change (July 2011). The
dependent variable is the inverse hyperbolic sine of ethanol ounces purchased per adult per house-
hold per month. Monthly event-time coefficients were averaged to the quarter level. Blue diamonds
indicate point estimates, and gray capped lines represent 95% confidence intervals computed from
1,000 bootstrap replications. Standard errors were clustered at the state level. The model includes
income, household size, race, marital status, presence of children, education, and age controls. Data
on alcohol purchases come from the NielsenIQ Consumer panel for the period from June 2009 to
July 2013.
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Figure 4. Effect of Maryland’s alcohol sales tax on ethanol ounces purchased across demo-
graphic groups

Note. The figure plots subgroup-specific average treatment effect estimates across the following
demographic categories: income (blue circles), head of household education (teal x), household
composition (red diamonds), and race or ethnicity (yellow squares). The outcome variable is the
inverse hyperbolic sine of monthly ethanol ounces purchased per adult per household. Average
treatment effects on the treated are estimated using synthetic difference-in-differences (SDiD).
Gray capped lines represent 95% confidence intervals computed from 1,000 bootstrap replications.
Standard errors are clustered at the state level. All specifications include household income, house-
hold size, marital status, presence of children, race or ethnicity, education, and age controls, except
that the corresponding category is omitted when estimating subgroup-specific effects. For example,
income controls are omitted when estimating effects by income category. Data on alcohol purchases
come from the NielsenIQ Consumer Panel for the period June 2009 to July 2013.
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Figure 5. Event study estimates for ethanol ounces purchased for Maryland border counties

Note. The figure shows treatment effects estimated using a TWFE model restricted to Maryland
households. The dependent variable is the inverse hyperbolic sine of monthly ethanol ounces
purchased per adult per household. Monthly event-time coefficients are averaged to the quarter
level for display. The vertical line at event time zero marks the month of the tax change. Blue
circles indicate point estimates, and gray capped lines represent 95% confidence intervals. Standard
errors are clustered at the county level. The model includes income, household size, marital status,
presence of children, race, education, and age controls. Data on alcohol purchases come from the
NielsenIQ Consumer Panel for the period June 2009 to July 2013.
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Figure 6. Robustness of estimates to alternative specifications

Note. The figure plots average treatment effect estimates across alternative inference procedures,
sample restrictions, and model specifications. The outcome variable is the inverse hyperbolic sine
of monthly ethanol ounces purchased per adult per household. The blue circle denotes the main
synthetic difference-in-differences (SDiD) estimate using clustered bootstrap inference. The green
triangle denotes the SDiD estimate using jackknife inference, and the yellow square denotes the
SDiD estimate using placebo inference. The red diamond denotes the synthetic control method
(SCM) estimate, and the hollow gray diamond denotes the estimate from an alternative propensity
score matching difference-in-differences specification. The teal cross denotes the SDiD estimate from
a sample that includes non-drinkers. The purple plus sign denotes the SDiD estimate excluding
neighboring states, while the hollow green circle denotes the SDiD estimate using only nearby
donor states (Alabama, Virginia, New Jersey, and Delaware). The hollow pink triangle denotes
the SDiD estimate using an alternative treatment date of June 2011 rather than July 2011. The
empty light blue square denotes the SDiD estimate dropping July through December 2009 during
the Great Recession. Gray capped lines represent 95% confidence intervals. All models include
The model includes income, household size, marital status, presence of children, race, education,
and age controls. Standard errors are clustered at the state level for all specifications except the
jackknife, which uses household-level clustering.
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Tables

Table 1. Weighted pre-treatment means for Maryland and the donor pool

Donor Pool Maryland

Mean Mean

Ethanol oz per adult 12.35 11.96

Beer ethanol oz per adult 4.48 3.12

Wine ethanol oz per adult 2.90 3.98

Spirits ethanol oz per adult 4.97 4.85

Low-intensity purchasers 0.34 0.34

Moderate-intensity purchasers 0.34 0.26

High-intensity purchasers 0.32 0.39

Price per oz ethanol, overall 0.64 0.66

Price per oz ethanol, beer 0.36 0.36

Price per oz ethanol, wine 0.39 0.42

Price per oz ethanol, spirits 0.18 0.23

Any alcohol purchase this month 0.44 0.42

Any beer purchase this month 0.24 0.20

Any wine purchase this month 0.21 0.22

Any spirits purchase this month 0.16 0.19

Household income <35k 0.28 0.20

Income: $35,000-$49,999 0.15 0.10

Income: $50,000–$69,999 0.17 0.14

Income: $70,000-$99,999 0.17 0.26

Income: $100,000+ 0.24 0.30

Head age: 25–44 Years 0.19 0.17

Head age: 45–64 Years 0.56 0.59

Head age: 65+ Years 0.25 0.25

Head education: < High school graduate 0.02 0.00

Head education: High school graduate 0.28 0.22

Continued on next page
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Table 1. Weighted pre-treatment means for Maryland and the donor pool (continued)

Donor Pool Maryland

Mean Mean

Head education: Some college 0.31 0.28

Head education: College graduate+ 0.38 0.50

1 person 0.28 0.31

2 persons 0.39 0.40

3+ persons, no children 0.11 0.08

3+ persons, with children 0.22 0.22

Married 0.46 0.45

With child 0.24 0.26

White 0.81 0.58

Asian 0.03 0.05

Black 0.10 0.32

Hispanic 0.11 0.03

Other race 0.07 0.06

Observations 250,000 4,920

Unique households 10,426 205

Notes. This table presents pre-treatment means for households in Maryland and comparison states.

Each observation is at the household-month level. Comparison states exclude households in Connecti-

cut, Illinois, New Jersey, New York, North Carolina, Washington, the District of Columbia, and Kansas,

as these states experienced alcohol tax changes during the sample period. Values for demographic and

household characteristics, including drinking levels, are expressed as proportions. For age and educa-

tion, the reported values correspond to the highest level among male and female household heads when

both are present. Data come from the NielsenIQ Consumer Panel, and means are weighted using the

panel’s projection factor.
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Table 2. Impact of the Maryland 2011 sales tax on ethanol ounces purchased.

4-year balanced panel

(1) (2)

Treat x Post -0.098∗∗∗ -0.096∗∗∗

(0.006) (0.006)

Percent effect -9.4 -9.2
MD Pre-treatment mean 11.29 11.29
Observations 510,288 510,288
Household FE YES YES
Year-month FE YES YES
Household controls NO YES

Note. The table reports estimates from two model specifications using the same outcome variable:
the inverse hyperbolic sine (IHS) of monthly ethanol ounces purchased per adult per household.
Column (1) presents estimates from the baseline synthetic difference-in-differences (SDiD) model.
Column (2) presents estimates from the SDiD specification that additionally includes household
demographic covariates: income, education, age, marital status, presence of children, and race.
Both specifications include household and year-month fixed effects. Percent effect converts the IHS

coefficient into an approximate percentage change using
[
exp

(
β̂ − 1

2 ŜE(β̂)
2
)
− 1

]
× 100, following

Bellemare and Wichman (2020). MD pre-treatment mean refers to the mean monthly ethanol
ounces purchased per adult per household in Maryland prior to July 2011. Standard errors are
clustered at the state level. For SDiD estimates, standard errors are obtained via bootstrapping
with 1,000 replications. Data on alcohol purchases come from the NielsenIQ Consumer Panel for
the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table 3. Impact of the Maryland 2011 sales tax on ounces of beer, wine and spirits purchased.

Beer Wine Spirits

(1) (2) (3)

Treat x Post -0.034∗∗∗ -0.055∗∗∗ -0.046∗∗∗

(0.006) (0.003) (0.008)

Percent effect -3.4 -5.3 -4.5
MD Pre-treatment mean 3.76 3.75 3.77

Note. Note. The table reports synthetic difference-in-differences (SDiD) estimates for three out-
come variables: the inverse hyperbolic sine (IHS) of monthly ethanol ounces purchased per adult
per household for (1) beer, (2) wine, and (3) spirits. All specifications include household demo-
graphic covariates: income, education, age, marital status, presence of children, and race, as well as
household and year-month fixed effects. Percent effect reports the approximate percentage change
implied by the IHS coefficient, following Bellemare and Wichman (2020). MD pre-treatment mean
refers to the mean monthly ethanol ounces purchased per adult per household in Maryland prior
to July 2011 for each beverage category. Standard errors, reported in parentheses, are obtained via
bootstrapping with 1,000 replications and clustered at the state level. Data on alcohol purchases
are from the NielsenIQ Consumer Panel for the period July 2009 to June 2013.
** p<0.01, ** p<0.05, * p<0.10.
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Table 4. Impact of the Maryland 2011 sales tax on ethanol purchases by pre-treatment
purchasing intensity.

Low Moderate High

(1) (2) (3)

Treat x Post -0.062∗∗∗ -0.084∗∗∗ -0.070∗∗∗

(0.005) (0.018) (0.014)

Percent effect -6.0 -8.0 -6.8
MD Pre-treatment mean 0.58 2.89 21.86
Share of sample (%) 33.3 32.3 34.4

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hy-
perbolic sine (IHS) of monthly ethanol ounces purchased per adult per household across three
purchaser-intensity groups: (1) low-intensity purchasers, defined as households in the bottom ter-
cile of the pre-treatment purchasing distribution; (2) moderate-intensity purchasers, defined as
households in the middle tercile; and (3) high-intensity purchasers, defined as households in the
top tercile. Purchaser groups are based on average monthly ethanol purchases prior to the tax in-
crease and exclude anomalous purchasers, defined as households purchasing more than 200 ounces
of ethanol in any single month. All specifications include household demographic covariates: in-
come, education, age, marital status, presence of children, and race, as well as household and
year-month fixed effects. Percent effect reports the approximate percentage change implied by the
IHS coefficient, following Bellemare and Wichman (2020). MD pre-treatment mean refers to the
mean monthly ethanol ounces purchased per adult per household in Maryland prior to July 2011
within each purchaser-intensity group. Share of sample reports the proportion of households in
each purchaser-intensity group. Standard errors, reported in parentheses, are obtained via boot-
strapping with 1,000 replications and clustered at the state level. Data on alcohol purchases come
from the NielsenIQ Consumer Panel for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table 5. Effects on purchase incidence

(1) (2) (3) (4)
Overall Beer Wine Spirits

Panel A: Price per oz ethanol

Treat x Post -0.029***-0.010***-0.028*** -0.012***
(0.003) (0.002) (0.003) (0.002)

Percent effect -2.9 -1.0 -2.8 -1.2
Pre-treatment mean 0.69 0.37 0.46 0.22

Panel B: Any purchase in month

Treat x Post -0.032***-0.010***-0.024*** -0.019***
(0.002) (0.002) (0.001) (0.002)

Pre-treatment mean 0.403 0.210 0.222 0.159

Panel C: Price per oz ethanol, conditional on purchase

Treat x Post 0.045*** 0.030*** 0.045*** 0.036***
(0.004) (0.003) (0.006) (0.004)

Pre-treatment mean 1.70 1.77 2.06 1.41

Note. The table presents estimates for three outcome variables: the inverse hyperbolic sine (IHS) of
monthly ethanol ounces purchased per adult per household (Panel A), an indicator for any alcohol
purchase in a month (Panel B), and the tax-inclusive price per ounce of ethanol in months with
positive purchases (Panel C). Panels A and B are estimated using synthetic difference-in-differences
(SDiD), while Panel C is estimated using a two-way fixed effects model. Column (1) presents the
overall estimate, column (2) the estimate for beer, column (3) for wine, and column (4) for spirits.
All specifications include household demographic covariates: income, education, age, marital status,
presence of children, and race, as well as household and year-month fixed effects. Percent effect
reports the approximate percentage change implied by the IHS coefficient in Panel A, following
Bellemare and Wichman (2020). MD pre-treatment mean refers to the mean of each outcome
variable in Maryland prior to July 2011. Standard errors, reported in parentheses, are clustered at
the state level; for SDiD specifications, they are obtained via bootstrapping with 1,000 replications.
Data on alcohol purchases come from the NielsenIQ Consumer Panel for the period July 2009 to
June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table 6. Impact of the Maryland 2011 sales tax on ethanol ounces purchased per adult in
different time windows

Unbalanced panel

Full 10-year panel 4-year panel

(1) (2) (3) (4) (5) (6)
HH FE State FE HH FE State FE HH FE State FE

Treat x Post -0.068∗∗∗ -0.067∗∗∗ -0.056∗∗∗ -0.050∗∗∗ -0.060∗∗∗ -0.049∗∗∗

(0.011) (0.011) (0.008) (0.008) (0.005) (0.005)

Percent effect -6.5 -6.5 -5.5 -4.8 -5.9 -4.8
MD Pre-treatment mean 4.70 4.70 4.58 4.58 4.64 4.64
Observations 10,844,478 10,844,478 7,175,864 7,175,864 2,935,548 2,935,548
Household FE YES NO YES NO YES NO
State FE NO YES NO YES NO YES
Year-month FE YES YES YES YES YES YES
Household controls YES YES YES YES YES YES

Note. The table reports two-way fixed effects estimates for the inverse hyperbolic sine (IHS) of
monthly ethanol ounces purchased per adult per household. Columns (1) and (2) present estimates
using the full pre-COVID sample from 2004 to 2019. Columns (3) and (4) present estimates using a
10-year unbalanced panel from 2006 to 2016. Columns (5) and (6) present estimates using the main
sample window from July 2009 to June 2013 while retaining all available households. Observations
are at the household-month level. All specifications include household demographic covariates:
income, education, age, marital status, presence of children, and race, as well as year-month fixed
effects. Columns (1), (3), and (5) include state fixed effects, while columns (2), (4), and (6) include
household fixed effects. Percent effect reports the approximate percentage change implied by the
IHS coefficient, following Bellemare and Wichman (2020). MD pre-treatment mean refers to the
mean monthly ethanol ounces purchased per adult per household in Maryland prior to July 2011
within each sample window. Standard errors, reported in parentheses, are clustered at the state
level. Data on alcohol purchases come from the NielsenIQ Consumer Panel.
*** p<0.01, ** p<0.05, * p<0.10.
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A Appendix

Figure A1. Trends in alcohol expenditure share in Maryland and donor pool.

Note. The y-axis shows the three-month moving average of alcohol expenditure as a share of total
household expenditures, and the x-axis shows the month–year. The figure plots this share for
Maryland (yellow circles, solid line) and for the comparison states (black squares, dashed line).
The vertical dashed line denotes July 2011, when Maryland implemented the alcohol sales tax
increase. Comparison states exclude Connecticut, Illinois, New Jersey, New York, North Carolina,
Washington, the District of Columbia, and Kansas, which experienced alcohol tax changes during
the sample period. Data are from the NielsenIQ Consumer Panel.
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Figure A2. Aggregate SDiD donor weights by state.

Note. Household-level SDiD donor weights are aggregated to the state level by summing positive
household weights within each state. The y-axis shows each state’s aggregate donor weight, and
the x-axis lists donor states with positive weights. The comparison group excludes Connecticut,
Illinois, New Jersey, New York, North Carolina, Washington, the District of Columbia, and Kansas
because these states experienced alcohol tax changes during the sample period. Hawaii and Alaska
are not observed in the analytic sample. Data are from the NielsenIQ Consumer Panel.
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(a) Beer (b) Wine

(c) Spirits

Figure A3. Trends in alcohol purchases by beverage for Maryland and synthetic control

Note. Trends in ounces of ethanol purchased per adult for Maryland households using Synthetic
Difference-in-Differences (SDiD) weights, disaggregated by alcohol type: beer, wine, and spirits.
Panel (a) reports trends for beer, panel (b) for wine, and panel (c) for spirits. The time weights
(λt) are estimated by minimizing the error term in Equation 1. The solid line shows the trend for
Maryland, and the dashed line shows the corresponding trend for the synthetic control.
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(a) Beer (b) Wine

(c) Spirits

Figure A4. Event study estimates by alcohol type: beer, wine, and spirits

Note. The figure presents event study estimates of the inverse hyperbolic sine of ethanol ounces
purchased per adult per household per month by alcohol type, estimated using the Synthetic
Difference-in-Differences (SDID) method. Monthly event-time coefficients were averaged to the
quarter level for presentation. The vertical line at event time zero marks the month of the tax
change. Panel (a) displays results for beer (blue circles), panel (b) for wine (green triangles), and
panel (c) for spirits (maroon diamonds). Gray capped lines represent 95% confidence intervals
estimated from 1,000 bootstrap replications. Data on alcohol purchases are from the NielsenIQ
Consumer Panel for the period June 2009–July 2013.
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Figure A5. Distribution of maximum monthly ethanol purchases by household.

Note: This figure shows the distribution of each household’s maximum monthly ethanol purchases
per adult during the pre-treatment period. The unit of observation is the household, and bins
report the share of all households whose largest pre-treatment monthly purchase falls in each
range. Households with any month above 200 ethanol ounces per adult are highlighted in red and
classified as anomalous purchaser or stockpilers. Data on alcohol purchases are from the NielsenIQ
Consumer Panel for the pre-treatment period.
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(a) Low-intensity (b) Moderate-intensity

(c) High-intensity

Figure A6. Trends in ethanol purchases by baseline purchase intensity for Maryland and
synthetic control

Note. Trends in ounces of ethanol purchased per adult for Maryland households using Synthetic
Difference-in-Differences (SDiD) weights, disaggregated by heavy, moderate, light, and low-income
drinkers.Panel (a) displays low-intensity purchasers (blue circles), panel (b) moderate-intensity pur-
chasers (green triangles), and panel (c) high-intensity purchasers (maroon diamonds). Purchaser
groups are defined using pre-treatment terciles of average monthly purchasing levels and exclude
anomalous purchasers, defined as households purchasing more than 200 ounces of ethanol in any
single month. The solid line shows the trend for Maryland, and the dashed line shows the corre-
sponding trend for the synthetic control. The time weights (λt) are estimated by minimizing the
error term in Equation 1. Data on alcohol purchases are from the NielsenIQ Consumer Panel for
the period June 2009–July 2013.
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(a) Low-intensity (b) Moderate-intensity

(c) High-intensity

Figure A7. Event study estimates by baseline purchase intensity

Note. The figure presents event-study estimates of the inverse hyperbolic sine transformation
of monthly ethanol ounces purchased per adult per household, estimated using the Synthetic
Difference-in-Differences (SDID) method. Monthly event-time coefficients were averaged to the
quarter level for visual clarity. The vertical line at event time zero denotes the month of the
tax change. Panel (a) displays estimates for low-intensity purchasers (blue circles), panel (b) for
moderate-intensity purchasers (green triangles), and panel (c) for high-intensity purchasers (ma-
roon diamonds). Purchaser groups are defined using pre-treatment terciles of average monthly
purchasing levels and exclude anomalous purchasers, defined as households purchasing more than
200 ounces of ethanol in any single month. Gray capped lines indicate 95% confidence intervals
based on 1,000 bootstrap replications. Data on alcohol purchases are from the NielsenIQ Consumer
Panel for the period June 2009–July 2013.
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Figure A8. Anticipation event study.

Note. The figure shows treatment effects estimated using a synthetic difference-in-differences
(SDiD) model, where June 2011 is used as the treatment date to assess potential anticipatory
responses. The dependent variable is the inverse hyperbolic sine (IHS) of monthly ethanol ounces
purchased per adult per household. Monthly event-time coefficients are averaged to the quarter
level for display. The vertical line at event time zero marks June 2011. Green circles indicate point
estimates, and gray capped lines represent 95% confidence intervals. The model includes household
demographic covariates: income, education, age, marital status, presence of children, and race, as
well as household and year-month fixed effects. Standard errors are clustered at the state level and
obtained via bootstrapping with 1,000 replications.
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Figure A9. Great Recession robustness event study.

Note. The figure shows treatment effects estimated using a synthetic difference-in-differences
(SDiD) model after excluding July through December 2009, which correspond to the early
post–Great Recession recovery period. The dependent variable is the inverse hyperbolic sine (IHS)
of monthly ethanol ounces purchased per adult per household. Monthly event-time coefficients are
averaged to the quarter level for display. The vertical line at event time zero marks the month of the
tax change. Blue circles indicate point estimates, and gray capped lines represent 95% confidence
intervals. The model includes household demographic covariates: income, education, age, marital
status, presence of children, and race, as well as household and year-month fixed effects. Standard
errors are clustered at the state level and obtained via bootstrapping with 1,000 replications.
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Table A1. States with Alcohol Sales Tax Changes from June 2009 to July 2013

State FIPS Date On-Premise Off-Premise

District of Columbia 11 9/30/2009 ↓ (4.25% to 4%) ↓ (3.25% to 3%)
Kansas 20 6/30/2010 ↓ (4.70% to 3.70%) ↓ (2.70% to 1.70%)
Kansas 20 6/30/2013 ↑ (3.70% to 3.85%) ↑ (1.70% to 1.85%)
Maryland 24 6/30/2011 ↑ (3%) ↑ (3%)

Note. This table lists states that implemented changes in alcohol sales tax rates between 2009 and
2013, based on data from the Alcohol Policy Information System (APIS) (National Institute on
Alcohol Abuse and Alcoholism, 2024). The table details the direction and magnitude of tax changes
for on-premise (e.g., bars, restaurants) and off-premise (e.g., retail stores) alcohol purchases.
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Table A2. States with Alcohol Excise Tax Increases from June 2009 to July 2013

State FIPS Date Beer tax Wine tax Spirit tax

Connecticut 9 5/4/2011 ↑ $0.04 ↑ $0.12 ↑ $1.00
Illinois 17 9/1/2009 ↑ $0.04 ↑ $0.66 ↑ $4.05
New Jersey 9 8/1/2011 ↑ $0.04 ↑ $0.18 ↑ $1.10
New York 36 5/1/2009 ↑ $0.03 ↑ $0.11 -
North Carolina 37 9/1/2009 ↑ $0.09 ↑ $0.21 -
Washington (FIPS 53) became a monopoly state on 12/8/2011.

Note. This table lists states that implemented alcohol tax increases between 2009 and 2013, based
on data from the Alcohol Policy Information System (APIS) (National Institute on Alcohol Abuse
and Alcoholism, 2024). The table details the tax increase amounts for beer, wine, and spirits, where
applicable.
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Table A3. Impact of the Maryland 2011 sales tax on the natural log of ethanol ounces
purchased.

4-year balanced panel

(1) (2)
HH FE State FE

Treat x Post -0.080∗∗∗ -0.079∗∗∗

(0.005) (0.005)

MD Pre-treatment mean 11.29 11.29
Household FE YES YES
Year-month FE YES YES
Household controls NO YES

Note. The table reports estimates from two model specifications using the same outcome variable:
the natural log of monthly ethanol ounces purchased per adult per household plus one. Column (1)
presents estimates from the baseline synthetic difference-in-differences (SDiD) model. Column (2)
presents estimates from the SDiD specification that additionally includes household demographic
covariates: income, education, age, marital status, presence of children, and race. Both specifica-
tions include household and year-month fixed effects. Coefficients can be interpreted as approximate
percentage changes. MD pre-treatment mean refers to the mean monthly ethanol ounces purchased
per adult per household in Maryland prior to July 2011. Standard errors are clustered at the state
level; for SDiD estimates, they are obtained via bootstrapping with 1,000 replications. Data on
alcohol purchases come from the NielsenIQ Consumer Panel for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A4. Impact of the Maryland 2011 sales tax on alcohol ounces purchased.

4-year balanced panel

(1) (2)
HH FE State FE

Treat x Post -0.150∗∗∗ -0.153∗∗∗

(0.011) (0.009)

Percent effect -13.9 -14.2
MD Pre-treatment mean 113.47 113.47
Observations 510,288 510,288
Household FE YES YES
Year-month FE YES YES
Household controls NO YES

Note. The table reports estimates from two model specifications using the same outcome vari-
able: the inverse hyperbolic sine of monthly alcohol ounces purchased per adult per household.
Column (1) presents estimates from the baseline synthetic difference-in-differences (SDiD) model.
Column (2) presents estimates from the SDiD specification that additionally includes household
demographic covariates: income, education, age, marital status, presence of children, and race.
Both specifications include household and year-month fixed effects. Coefficients can be interpreted
as approximate percentage changes. MD pre-treatment mean refers to the mean monthly ethanol
ounces purchased per adult per household in Maryland prior to July 2011. Standard errors are
clustered at the state level; for SDiD estimates, they are obtained via bootstrapping with 1,000
replications. Data on alcohol purchases come from the NielsenIQ Consumer Panel for the period
July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A5. Impact of the Maryland 2011 sales tax on ethanol ounces purchased, Poisson
specification.

4-year balanced panel

(1) (2)
Baseline Covariates

Treat x Post -0.091∗∗∗ -0.101∗∗∗

(0.007) (0.007)

MD Pre-treatment mean 11.29 11.29
Household FE YES YES
Year-month FE YES YES
Household controls NO YES

Note. The table reports estimates from two model specifications using the same outcome vari-
able: monthly ethanol ounces purchased per adult per household. Column (1) presents estimates
from a Poisson specification. Column (2) presents estimates from the Poisson specification that
additionally includes household demographic covariates: income, education, age, marital status,
presence of children, and race. Both specifications include household and year-month fixed effects.
Coefficients can be interpreted as approximate percentage changes. MD pre-treatment mean refers
to the mean monthly ethanol ounces purchased per adult per household in Maryland prior to July
2011. Standard errors are clustered at the state level. Data on alcohol purchases come from the
NielsenIQ Consumer Panel for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A6. Impact of the Maryland 2011 sales tax on ethanol purchases by pre-treatment
purchasing intensity (alternative thresholds).

Low Moderate High

(1) (2) (3)

Treat x Post -0.046∗∗∗ -0.079∗∗∗ -0.047∗∗∗

(0.008) (0.010) (0.017)

Percent effect -4.5 -7.6 -4.6
MD Pre-treatment mean 0.32 3.31 26.61
Share of sample (%) 21.5 52.8 25.6

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hy-
perbolic sine (IHS) of monthly ethanol ounces purchased per adult per household across three
purchaser-intensity groups defined using alternative thresholds: (1) low-intensity purchasers, de-
fined as households below the 25th percentile of the pre-treatment purchasing distribution; (2)
moderate-intensity purchasers, defined as households between the 25th and 75th percentiles; and
(3) high-intensity purchasers, defined as households at or above the 75th percentile. Purchaser
groups are based on average monthly ethanol purchases prior to the tax increase and exclude
anomalous purchasers, defined as households purchasing more than 200 ounces of ethanol in any
single month. All specifications include household demographic covariates: income, education, age,
marital status, presence of children, and race, as well as household and year-month fixed effects.
Percent effect reports the approximate percentage change implied by the IHS coefficient, following
Bellemare and Wichman (2020). MD pre-treatment mean refers to the mean monthly ethanol
ounces purchased per adult per household in Maryland prior to July 2011 within each purchaser-
intensity group. Share of sample reports the proportion of households in each purchaser-intensity
group.Standard errors, reported in parentheses, are clustered at the state level and obtained via
bootstrapping with 1,000 replications. Data on alcohol purchases are from the NielsenIQ Consumer
Panel for the period from July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A7. Beverage substitution by purchaser-intensity group.

Beer Wine Spirits

(1) (2) (3) (4) (5) (6) (7) (8) (9)

(Low) (Mod) (High) (Low) (Mod) (High) (Low) (Mod) (High)

Treat x Post -0.005∗ -0.022∗ -0.034∗∗ -0.025∗∗∗ -0.058∗∗∗ -0.049∗∗∗ -0.048∗∗∗ -0.034∗∗∗ -0.054∗∗∗

(0.003) (0.013) (0.015) (0.003) (0.008) (0.005) (0.004) (0.007) (0.014)

Percent effect -0.5 -2.2 -3.4 -2.5 -5.7 -4.8 -4.6 -3.4 -5.2
MD Pre-treatment mean 0.13 0.70 5.57 0.25 1.19 9.00 0.20 1.00 7.29
Share of sample (%) 33.3 32.3 34.4 33.3 32.3 34.4 33.3 32.3 34.4

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hyper-
bolic sine (IHS) of monthly ethanol ounces purchased per adult per household by beverage type
and purchaser-intensity group. Estimates are shown separately for beer, wine, and spirits. Within
each beverage category, results are reported for three purchaser-intensity groups: low-intensity pur-
chasers, defined as households in the bottom tercile of the pre-treatment purchasing distribution;
moderate-intensity purchasers, defined as households in the middle tercile; and high-intensity pur-
chasers, defined as households in the top tercile. Purchaser groups are based on average monthly
ethanol purchases prior to the tax increase and exclude anomalous purchasers, defined as house-
holds purchasing more than 200 ounces of ethanol in any single month. All specifications include
household demographic covariates: income, education, age, marital status, presence of children,
and race, as well as household and year-month fixed effects. Percent effect reports the approximate
percentage change implied by the IHS coefficient, following Bellemare and Wichman (2020). MD
pre-treatment mean refers to the mean monthly ethanol ounces purchased per adult per household
in Maryland prior to July 2011 within each beverage type and purchaser-intensity group. Share of
sample reports the proportion of households in each purchaser-intensity group. Standard errors,
reported in parentheses, are clustered at the state level and obtained via bootstrapping with 1,000
replications. Data on alcohol purchases come from the NielsenIQ Consumer Panel for the period
July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10
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Table A8. Ethanol purchases across household income groups.

(1) (2) (3) (4)
<35k $35-69k $70-99k $100k+

Treat x Post 0.120∗∗∗ -0.164∗∗∗ -0.031∗∗∗ -0.266∗∗∗

(0.016) (0.008) (0.008) (0.011)

Percent effect 12.8 -15.1 -3.1 -23.4
MD Pre-treatment mean 4.04 15.71 10.73 11.36
Share of sample (%) 14.1 26.8 32.7 26.3

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hyper-
bolic sine (IHS) of monthly ethanol ounces purchased per adult per household across four income
groups: (1) less than $35,000, (2) $35,000 to $69,999, (3) $70,000 to $99,999, and (4) $100,000 or
more. All specifications include household demographic covariates: education, age, marital status,
presence of children, and race. Percent effect reports the approximate percentage change implied
by the IHS coefficient, following Bellemare and Wichman (2020). MD pre-treatment mean refers
to the mean monthly ethanol ounces purchased per adult per household in Maryland prior to July
2011 within each income group. Share of sample reports the proportion of households in each
income group. Standard errors, reported in parentheses, are obtained via bootstrapping with 1,000
replications and clustered at the state level. Data on alcohol purchases are from the NielsenIQ
Consumer Panel for the period July 2009 to June 2013.
** p<0.01, ** p<0.05, * p<0.10.
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Table A9. Ethanol purchases across education groups.

(1) (2) (3)
High school or less Some college College+

Treat x Post 0.114∗∗∗ 0.011 -0.174∗∗∗

(0.007) (0.008) (0.008)

Percent effect 12.0 1.1 -16.0
MD Pre-treatment mean 12.60 10.90 11.18
Share of sample (%) 12.2 22.9 64.9

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hy-
perbolic sine (IHS) of monthly ethanol ounces purchased per adult per household across three
education groups: (1) high school or less, (2) some college, and (3) college or more. Education is
defined based on the highest reported level of schooling of the household head. All specifications
include household demographic covariates: income, age, marital status, presence of children, and
race. Percent effect reports the approximate percentage change implied by the IHS coefficient,
following Bellemare and Wichman (2020). MD pre-treatment mean refers to the mean monthly
ethanol ounces purchased per adult per household in Maryland prior to July 2011 within each
education group. Share of sample reports the proportion of households in each education group.
Standard errors, reported in parentheses, are obtained via bootstrapping with 1,000 replications
and clustered at the state level. Data on alcohol purchases are from the NielsenIQ Consumer Panel
for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A10. Household composition heterogeneity.

(1) (2) (3) (4)
1 person 2 persons 3+p no child 3+p with child

Treat x Post -0.152∗∗∗ -0.061∗∗∗ 0.027 -0.170∗∗∗

(0.017) (0.009) (0.026) (0.015)

Percent effect -14.1 -5.9 2.7 -15.6
MD Pre-treatment mean 12.27 13.60 3.39 7.49
Share of sample (%) 27.3 47.3 9.8 15.6

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hyper-
bolic sine (IHS) of monthly ethanol ounces purchased per adult per household across four household
composition groups: (1) one-person households, (2) two-person households, (3) households with
three or more members without children, and (4) households with three or more members with
children. Household composition is defined based on the number of household members and the
presence of children. All specifications include household demographic covariates: income, edu-
cation, age, marital status, and race. Percent effect reports the approximate percentage change
implied by the IHS coefficient, following Bellemare and Wichman (2020). MD pre-treatment mean
refers to the mean monthly ethanol ounces purchased per adult per household in Maryland prior
to July 2011 within each household composition group. Share of sample reports the proportion of
households in each group. Standard errors, reported in parentheses, are obtained via bootstrapping
with 1,000 replications and clustered at the state level. Data on alcohol purchases are from the
NielsenIQ Consumer Panel for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A11. Race heterogeneity

White Black Hispanic Asian Other

(1) (2) (3) (4) (5)

Treat x Post -0.085∗∗∗ -0.133∗∗∗ -0.456∗∗∗ -0.041 -0.109∗

(0.009) (0.006) (0.104) (0.034) (0.066)

Percent effect -8.1 -12.5 -37.0 -4.1 -10.6
MD Pre-treatment mean 13.32 6.19 21.29 2.98 15.54
Share of sample (%) 68.8 23.9 2.0 3.9 3.4

Note. The table reports synthetic difference-in-differences (SDiD) estimates for the inverse hy-
perbolic sine (IHS) of monthly ethanol ounces purchased per adult per household across five race
and ethnicity groups: (1) White, (2) Black, (3) Hispanic, (4) Asian, and (5) Other. Race and
ethnicity are defined based on the reported characteristics of the household head. All specifications
include household demographic covariates: income, education, age, marital status, and presence of
children. Percent effect reports the approximate percentage change implied by the IHS coefficient,
following Bellemare and Wichman (2020). MD pre-treatment mean refers to the mean monthly
ethanol ounces purchased per adult per household in Maryland prior to July 2011 within each race
and ethnicity group. Share of sample reports the proportion of households in each group; shares do
not sum to 100 percent because ethnicity is defined separately from race. Standard errors, reported
in parentheses, are obtained via bootstrapping with 1,000 replications and clustered at the state
level. Data on alcohol purchases are from the NielsenIQ Consumer Panel for the period July 2009
to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A12. Maryland border counties.

County Name FIPS Code
Allegany County 001
Calvert County 005
Caroline County 011
Carroll County 013
Cecil County 015
Charles County 017
Frederick County 021
Garrett County 023
Harford County 025
Kent County 029
Montgomery County 031
Prince George’s County 033
St. Mary’s County 037
Washington County 043
Worcester County 047

Note. Border counties correspond to Maryland counties that share a border with neighboring states
or the District of Columbia. County FIPS codes correspond to the three-digit county identifiers.
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Table A13. Border-county analysis within Maryland.

(1)
Ethanol (oz) per adult

MD Border x Post 0.040
(0.086)

Pre-treatment mean: border counties 11.25
Pre-treatment mean: interior counties 11.38

Note. The table reports two-way fixed effects (TWFE) estimates for the inverse hyperbolic sine
(IHS) of monthly ethanol ounces purchased per adult per household using a sample restricted to
Maryland households. The coefficient on MD Border × Post captures the differential change in
ethanol purchases for households located in border counties relative to those in non-border counties
after the tax increase. The model includes household demographic covariates: income, education,
age, marital status, presence of children, and race, as well as household and year-month fixed
effects. Pre-treatment means are reported separately for border and interior counties. Standard
errors, reported in parentheses, are clustered at the county level. Data on alcohol purchases come
from the NielsenIQ Consumer Panel for the period July 2009 to June 2013.
*** p<0.01, ** p<0.05, * p<0.10.
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B Appendix: Synthetic difference-in-difference

This appendix provides additional details on the SDiD specification, including the construc-

tion of the unit and time weights and the alternative inference procedures based on jackknife

and placebo methods.

B.1 Unit and time weights

Equation 1 describes the error that SDiD minimizes. Part of this objective are the unit

and time weights, ω̂SDiD
h and λ̂SDiD

t . The weights are chosen to minimize the pre-treatment

prediction error. This appendix provides additional detail on the construction of these

weights, following Arkhangelsky et al. (2021).

Unit weights. Unit weights are obtained by solving:

(ω̂0, ω̂
sdid) = arg min

ω0∈R, ω∈Ω

Tpre∑
t=1

(
ω0 +

Nco∑
h=1

ωhYht − Ȳ tr
t

)2

+ ζ2Tpre
∥ω∥22, (B1)

where

Ȳ tr
t =

1

Ntr

N∑
h=Nco+1

Yht. (B2)

Here, ∥ω∥2 is the Euclidean norm and ζ is a regularization described in Arkhangelsky et al.

(2021). This procedure yields a vector of non-negative unit weights, ω̂sdid, and an intercept

ω0. The weights ωh ensure that the synthetic control created from untreated households

matches Maryland’s pre-treatment trajectory, while ω0 allows for level differences between

Maryland and its synthetic counterpart. Thus, SDiD matches trends, not necessarily looking

for a perfect pre-treatment fit, unlike the synthetic control method, which requires exact pre-

treatment fit.

Time weights. Time weights are obtained through an analogous optimization:

(λ̂0, λ̂
sdid) = arg min

λ0∈R, λ∈Λ

Nco∑
h=1

(
λ0 +

∑
t≤Tpre

λtYht − Ȳ tr
post

)2

+ ζ2Nco
∥λ∥22, (B3)
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where

Ȳ tr
post =

1

Tpost

∑
t>Tpre

Ȳ tr
t . (B4)

Intuitively, the time weights λ̂sdid assign more weight to pre-treatment periods whose

outcomes most closely resemble the post-treatment period.** This allows SDiD to create a

synthetic “time path” that places greater emphasis on pre-tax months that are most predic-

tive of post-tax behavior. In other words, while unit weights make the control group resemble

Maryland, time weights make the pre-treatment periods used for comparison resemble the

dynamics of the treated period. The resulting estimator therefore balances treated vs. con-

trol and early vs. late periods in a way that minimizes pre-treatment prediction error.

B.2 Jackknife inference

As an alternative to the bootstrap, I implement the jackknife variance estimator proposed

by Arkhangelsky et al. (2021). This approach is computationally less intensive and provides

conservative standard errors when the number of observed units is large.

Let τ̂ sdid denote the treatment effect estimated from the full sample. The jackknife

procedure proceeds as follows:

1. Sequentially remove one household i from the sample and re-estimate the SDID model,

keeping the optimal unit and time weights ω̂sdid and λ̂sdid fixed from the original esti-

mation.

2. Denote the resulting estimate as τ̂ sdid(−i) .

3. Compute the jackknife variance as

V̂ (jack)
τ =

N − 1

N

N∑
i=1

(
τ̂ sdid(−i) − τ̄ sdid

)2
,

where τ̄ sdid is the mean of the leave-one-out estimates.

4. The standard error is then estimated as the square root of the variance:

ŜE
jack

τ =

√
V̂

(jack)
τ .
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The jackknife is advantageous because it avoids recomputing the optimal weights in each

iteration, substantially reducing computation time relative to the bootstrap. It tends to

yield slightly larger (more conservative) confidence intervals, particularly when the number

of treated units is small.

B.3 Placebo inference

I also implement the placebo, or permutation-based, inference procedure proposed by Arkhangel-

sky et al. (2021). This approach is particularly useful when inference is conducted with a

small number of treated aggregate units, as in my setting where Maryland is the only treated

state. Unlike the bootstrap and jackknife procedures, placebo inference constructs the sam-

pling distribution of the estimator by randomly assigning placebo treatment only among

untreated units.

Let Y co denote the outcome matrix for control households and let Ntr denote the number

of treated households in Maryland. The placebo procedure proceeds as follows:

1. Keep only households in the donor pool, excluding Maryland households from the

placebo assignment procedure.

2. For each replication b = 1, . . . , B (in this case B = 1, 000), randomly select Ntr house-

holds from the Nco control households without replacement to receive the placebo

treatment.

3. Construct a placebo treatment matrix, W
(b)
co , that assigns the same treatment timing as

the actual Maryland tax. In my application, placebo-treated households are assigned

treatment beginning in July 2011.

4. Re-estimate the SDiD model using only control households, treating the randomly

selected placebo households as if they were treated. Denote the resulting placebo

estimate as τ̂ sdid(b) .

5. Repeat this procedure B = 1, 000 times to obtain a distribution of placebo estimates.

6. Compute the placebo variance as

V̂ (placebo)
τ =

1

B

B∑
b=1

(
τ̂ sdid(b) − τ̄ placebo

)2
,
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where

τ̄ placebo =
1

B

B∑
b=1

τ̂ sdid(b) .

7. The standard error is then estimated as the square root of the variance:

ŜE
placebo

τ =

√
V̂

(placebo)
τ .

Intuitively, this procedure asks how large the estimated SDiD effect would be if the

Maryland treatment were reassigned to untreated households that did not actually experience

the tax change. If the Maryland estimate is large relative to the distribution of placebo

estimates, this provides evidence that the estimated effect is unlikely to be driven by random

variation in untreated households’ alcohol purchases.

An important limitation is that placebo inference relies on variation from placebo as-

signments within the donor pool. As discussed by Arkhangelsky et al. (2021) and Clarke

et al. (2024), this procedure requires the number of control units to exceed the number of

treated units and relies on a homoskedasticity assumption across units. For this reason, I

report placebo inference as an additional robustness check rather than as the sole basis for

inference.

C Appendix: Alternative methods

My primary specification estimates the effect of the alcohol sales tax using an estimator

designed to minimize the error structure described in equation 1. To assess the robustness

of these results, I also re-estimate the model using alternative procedures for constructing

the control group. Each approach generates a different set of comparison weights and carries

its own strengths and limitations. The following sections describe these weighting strategies

and the assumptions underlying each.

C.1 Synthetic Control Method

First, I use the synthetic control method (SCM) suggested by Abadie and Gardeazabal

(2003), where I estimate a DiD model that minimizes the following error (using terminology

from Arkhangelsky et al. (2021)):

70



arg min
λ,µ,β

{ S∑
s=1

T∑
t=1

(Yht − µ− λt −Whtτ)
2 ω̂sc

h

}
(C1)

where ω̂sc
h is a vector of household control weights statistically-derived according to

Abadie et al. (2010). Equation C1 has similar parameters to equation 1 but it omits the

unit (household) weights.This technique constructs a synthetic control group that approx-

imates the outcome in the treatment group as closely as possible by selecting a weighted

combination of untreated units based on pre-treatment characteristics.

The SCM is used for comparative case study cases where there is a single treated unit.

In such cases, a combination of untreated units might be a better suited comparison than

a single treated unit (Abadie and Gardeazabal, 2003; Abadie, 2021; Abadie et al., 2010).

Although Maryland is the only treated state, the unit of observation is at the household-

month level, therefore there are several treated households. Since the SCM assumes only

one treated unit, it omits the inclusion of household level intercepts which help account for

time-invariant differences in alcohol consumption across households.

C.2 Propensity-score-matched difference-in-differences

I also estimate a propensity-score-matched difference-in-differences specification. This ap-

proach constructs a comparison group by matching Maryland households to households in

untreated states with similar observed pre-treatment characteristics, and then estimates a

conventional two-way fixed-effects DiD model on the matched sample.

The matching procedure proceeds in two steps. First, I estimate propensity scores using

the logistic regression model:

P (Treatmenth = 1 | Xh) =
eX

′
hβ

1 + eX
′
hβ
, (C2)

where Th is an indicator for Maryland households and Xh includes the household’s mean

pre-treatment IHS ethanol purchases per adult and household demographic covariates, in-

cluding income, race/ethnicity, household size, and education. Matching is based only on

pre-treatment characteristics so that post-tax outcomes do not influence the construction of

the comparison group.
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For each Maryland household, I select one nearest neighbor from the donor pool based

on the closest propensity score (1:1 matching without replacement), imposing a common-

support restriction. This process yields a matched sample that is balanced on observed

characteristics. Using the matched sample, I then estimate the DiD specification that mini-

mizes the following error:

arg min
λ,γ,µ,τ

{
N∑

h=1

T∑
t=1

(Yht − µ− γh − λt −Whtτ)
2

}
. (C3)

Equation C3 includes the same treatment indicator, household fixed effects, and month-

year fixed effects as Equation 1, but omits the SDiD unit and time weights. The credibility

of this approach therefore depends on the quality of the matched comparison group. I assess

match quality using covariate balance diagnostics. Following Imbens and Rubin (2015), stan-

dardized differences below 0.25 are interpreted as evidence of adequate balance. Figure C1

presents visual diagnostics, including standardized percentage bias and the variance ratio of

covariates orthogonal to the propensity-score index. A variance ratio close to one indicates

stronger balance (Rubin, 2001).

Figure C1. Standardized Bias and Variance ratio of the residuals

Note. The figure plots standardized percentage bias against the residual variance ratio for covariates

orthogonal to the linear propensity-score index. Standardized differences are expressed as percent-

age bias. Following Rubin (2001), the variance ratio compares the variance of the residualized

covariates between treated and matched control households.
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