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Abstract

We present a structural choice model that incorporates households’ geographic and prod-
uct substitution for studying the effects of localized taxation policies. Using detailed retail
and household data pertaining to Philadelphia’s soda tax, we estimate the choice model link-
ing households’ demographic characteristics and proximity to the city border to their tax
avoidance behavior: switching from taxed to untaxed products or from Philadelphia to non-
Philadelphia stores. The inclusion of travel time is vital for modeling households’ heteroge-
neous responses, with an extra minute of travel time to reach the untaxed region equivalent
to adding 28.5¢ (7%) to the product price. Compared to broader regional taxation, localized
taxation proves highly inefficient: Philadelphia households on average incur a consumer sur-
plus loss more than double their tax payment, with cross-border travel cost alone accounting
for 41% of this loss.
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1 Introduction

Governments of all types levy “sin taxes”—excise taxes imposed on certain goods deemed harm-

ful to society and individuals—with the dual, and oftentimes competing, motives of curbing

consumption and raising tax revenue. Examples include taxes on tobacco, alcohol, gambling,

drugs1, junk foods2, etc. The present study designs a model to evaluate the effects of an increas-

ingly popular category of sin taxes—“soda taxes,” which are imposed on sweetened beverages

(SBs)—by paying particular attention to both cross-border shopping (geographic substitution)

and switching to alternative products (product substitution) as forms of tax avoidance.

We focus on the SB tax implemented in the US city of Philadelphia. Philadelphia provides a

set of conditions that benefits researchers interested in the effects of SB taxation. First, Philadel-

phia is demographically diverse, particularly in terms of income and racial distributions, which

allows researchers to better understand the heterogeneous effects of the taxation on the city’s

rich, poor, and underrepresented minority households. Second, Philadelphia is a large urban

center with a substantial set of retail-level and household-level data available. Finally, the city of

Philadelphia is both expansive and surrounded by a large suburban population, which provides

an ideal setting for studying the effects of geographic and product substitution.

The difference between geographic and product substitution is an important one. For a local

government collecting tax revenue, geographic substitution hurts local businesses and lowers tax

revenue as consumers take their SB purchase—and with it their grocery shopping—to other loca-

tions, whereas product substitution leaves consumers’ purchases in the same location. For public

health agencies, geographic substitution defeats the purpose of the tax as consumers continue to

buy unhealthy products and only change where they buy them, whereas product substitution

achieves exactly the health objective of the tax by diverting consumption from unhealthy prod-

ucts to healthier ones. A good understanding of the relation between and the magnitudes of

geographic and product substitution is then an important prerequisite for sound policymaking,

for local governments and public health agencies alike.

Besides SB taxation, analogous scenarios featuring such tension between geographic and

product substitution apply to many policies implemented by states, counties, or cities, including

all kinds of sin taxes collected at the local level, other types of local taxes3, and local subsidies

for products such as healthy foods and gasoline4. By providing a structural empirical analysis

1Such as legal marijuana (Hollenbeck and Uetake, 2021).
2See for example Yazzie et al. (2020).
3Such as gasoline taxes at the state level and local amusement taxes (Breslow, 2019).
4A local subsidy not only induces local consumers to switch from unsubsidized products to subsidized ones, but

also incentivizes consumers in other locations to travel to the subsidized location in pursuit of lower prices. For

example, in 2022 when subsidized gasoline prices in Mexico are noticeably lower than prices in the US, many US

drivers cross the border into Mexico to fill their tanks, leading to a gasoline shortage and temporary suspension of
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of a local policy that decomposes consumers’ heterogeneous substitution responses along the

dimensions of geographic and product substitution, this paper offers a useful framework for

similar studies on local taxation or subsidy policies.

To quantify the effects of Philadelphia’s SB tax on consumers’ product and location choices

and their welfare, we construct and estimate a model of consumer demand in the random coeffi-

cients nested logit (RCNL) framework (e.g., Grigolon and Verboven (2014), Miller and Weinberg

(2017), and Miravete et al. (2018)) using a combination of retail and household data. The ran-

dom coefficients approach allows rich modeling of heterogeneity in consumer tastes and travel

costs, while the nested structure is particularly suited to our analysis of consumers’ substitution

across beverage categories (“nests”).5 Aggregate-level retail data lacks the information needed

to track individual households’ heterogeneous responses to the tax, but measures the aggregate

effect of the tax with far less noise and provides a reliable method by which one can account for

endogenous variables. Micro-level household data covers only a small subset of all households,

but provides an accurate measure of consumer heterogeneity and responsiveness to travel costs.

Our empirical approach combines the strengths of the above elements and incorporates the two

kinds of data in an internally consistent way.

In estimation, we follow an approach suggested in Grieco et al. (2022) to recover mean utility

and unobserved demand shocks while accounting for heterogeneous tastes and cross-border

shopping.6 Our results include estimates of mean responses to SB taxation and travel time as

well as heterogeneous parameters related to preference and substitution. Our paper is one of the

first studies that estimate an RCNL model using a combination of aggregate-level and micro-level

data (joining Conlon and Rao (2023)).7

Several key findings emerge from our analysis. (1) Travel time to the alternative region plays

a key role in determining households’ willingness to cross-border shop, the effectiveness of the

taxation, and changes in consumer surplus. On average, an extra minute of travel time to reach

a store in the alternative region is equivalent to adding 28.5¢ (7%) to the product price. (2)

Compared to broader regional taxation, localized taxation proves highly inefficient: Philadel-

phia households on average incur a consumer surplus loss more than double their tax payment,

the gasoline subsidy in Mexico’s US border region (Garrison and Barrera, 2022).
5An alternative to the RCNL approach is to forgo the nested structure and instead model additional random

coefficients on product category dummies. In our case, there are eight beverage categories, so this alternative approach

would require a much larger number of simulation draws in order to adequately approximate the distributions of the

many random coefficients, which would impose a severe computational burden.
6Several other papers have used similar methods combining retail and household data, including Goolsbee and

Petrin (2004), Chintagunta and Dubé (2005), Tuchman (2019), and Murry and Zhou (2020).
7In our estimation process, we found that the inclusion of household data, rather than relying solely on retail data,

greatly facilitates the estimation of the RCNL model, particularly the estimation of the nesting parameter (compared

to using moment conditions derived from aggregate-level data).
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with cross-border travel cost alone accounting for 41% of this loss. (3) The SB tax is highly re-

gressive and exacerbates the disparity among consumers. When measured as a percentage of

annual income, low-income underrepresented minority (URM) households in Philadelphia on

average pay 6.5 times more in SB taxes and incur a loss in consumer surplus 7.6 times greater

than high-income non-URM households. (4) Accounting for households’ heterogeneous prefer-

ences and substitution patterns, the revenue-maximizing tax rate is 2.51¢ per ounce. Compared

to this rate, the actual tax rate of 1.5¢ per ounce results in 94% of the tax revenue. Philadel-

phia’s decision to include artificially sweetened (diet) products in the tax strongly influences

the revenue-maximizing tax rate, and excluding such products from the tax would result in a

revenue-maximizing tax rate of 1.90¢ per ounce.

As of July 2022, excluding Cook County in the state of Illinois and the Navajo Nation, all

SB taxes in the US have been implemented at the city level. Given the relatively small area of

taxation, these SB taxation policies are especially vulnerable to tax avoidance behavior in the

form of cross-border shopping. Roberto et al. (2019) compare pre- and post-taxation SB sales in

and around Philadelphia, concluding that 24% of the decrease in Philadelphia SB sales due to

the SB tax is offset by an increase in sales in the surrounding region. Similarly, Seiler et al. (2021)

find evidence of cross-border shopping by Philadelphia households to the city’s surrounding

region, indicating that such behavior offsets 52% of the sales reduction resulting from the city’s

SB tax. In the general market for food products, cross-border shopping as a response to sales

taxes has been observed in the District of Columbia (Fisher, 1980) and West Virginia (Tosun and

Skidmore, 2007), among others.

Literature pertaining to both aggregate-level data (e.g., Thomadsen (2005), Davis (2006), and

Houde (2012)) and micro-level data (e.g., McFadden et al. (1977), Capps et al. (2003), Bayer et al.

(2007), and Burda et al. (2008)) finds that distance plays an important role in determining prod-

uct choices. In terms of cross-border shopping, Harding et al. (2012) show that the distance to a

lower-tax border affects the pass-through rates of state cigarette taxes, suggesting that consumers

engage in cross-state purchasing, which pushes the burden of taxation backwards onto the fac-

tors of production. Chandra et al. (2014) find that longer driving distances strongly disincentivize

shopping across the US-Canadian border in search of cheaper alternatives. Cross-border shop-

ping as a function of geographic distance has also been identified in Denmark (Bygvrå, 2009)

and Norway (Friberg et al., 2018). Our analysis builds upon the idea that distance plays a large

role in inhibiting cross-border shopping, and applies it to the policy evaluation of Philadelphia’s

SB tax. Our modeling of travel time as a measure of distance within an RCNL model provides

a novel approach for incorporating heterogeneous cross-locational substitution patterns into the

analysis of consumer choices.

Through the inclusion of geographic and product substitution of beverages in a choice mod-
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eling structure, our paper also contributes to the expanding set of SB taxation literature. Prior

works that have considered Philadelphia’s SB tax as well as cross-border shopping, such as

Roberto et al. (2019) and Seiler et al. (2021), have used either retail-level or household-level data

but not both and have relied on reduced form estimation techniques. We complement those

existing works by using both retail-level and household-level data to estimate consumer behav-

ior and aggregate responsiveness to taxation, and by conducting counterfactual analyses made

possible by the structural estimation results. In the context of structural modeling, Kifer (2015),

Wang (2015), Allcott et al. (2019) and Dubois et al. (2020) have used pre-taxation data to predict

the effects of hypothetical SB taxes. We take a different approach by studying the actual imple-

mentation of an SB tax, incorporating both retail-level and household-level data, and accounting

for the effects of geographic substitution.

The remainder of this paper proceeds as follows. In Section 2, we introduce background

information about the Philadelphia SB tax. We describe our data sources and provide informa-

tion about the products and market in Section 3. Section 4 details the discrete choice model of

demand that incorporates both the retail and household data. In Section 5, we discuss model

identification and estimation. Section 6 presents the results of our demand estimation. We dis-

cuss the effects of the taxation on prices, market shares and consumption in Section 7. Changes

in consumer surplus and the heterogeneous impact of the taxation by household demographics

are discussed in Section 8. Section 9 derives the revenue-maximizing tax rate and explores the

effects of alternative taxation schemes. Section 10 concludes.

2 Philadelphia Soda Tax

On June 16th, 2016, Philadelphia became the second US city to pass an SB tax, after Berkeley.

Initially proposed as a 3¢-per-ounce tax on all sugar-sweetened beverages, the measure garnered

widespread support. Supporters of the proposal, such as the American Medical Association,

American Heart Association, and other medical groups, argued that such a tax would combat

the twin epidemics of obesity and heart disease. Philadelphia ranks as one of the worst cities in

the US in terms of type 2 diabetes, heart disease, and obesity. City mayor Jim Kenney predicted

the tax would raise $400 million over five years, which would be used to fund universal pre-

kindergarten, job creation, and development projects.

Opponents of the proposal claimed that the measure would disproportionately affect the least

fortunate. The American Beverage Association, a lobbying group formed of beverage manufac-

turers and distributors, pushed newspaper, radio and television ads condemning the proposal

as regressive—burdening URM and low-income communities with the largest share of the tax.

Interest in the measure was so high that Democratic primary candidates Hillary Clinton and
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Bernie Sanders weighed in with their opinions for and against the measure, respectively. After

months of negotiation, a compromise was reached.

Passing with a city council vote of 13-to-4, the final draft required distributors to pay a 1.5¢-

per-ounce tax on all sugar-/artificially sweetened beverages, with the law becoming effective on

January 1st, 2017.8 Thus, the tax applies to not only beverages sweetened with sugar but also

diet beverages containing artificial sweeteners. While it may seem surprising to tax artificially

sweetened beverages, given that artificial sweeteners have virtually no calories and that diet

beverages (beverages with few or no calories) are generally considered healthier alternatives,

the city council included diet beverages in the tax to make up for lost revenue as a result of

decreasing the tax from the proposed 3¢ per ounce to the actual 1.5¢ per ounce. Most other

soda taxes (Berkeley, CA; Boulder, CO; Seattle, WA; etc.) tax only products with added caloric

sweeteners, thus excluding diet beverages.

3 Data

In this section, we describe the data used in our estimation.

3.1 Retail Data

Our retail dataset, from NielsenIQ through the Kilts Center for Marketing at The University of

Chicago Booth School of Business, covers the 4-year period from January 1st, 2015 to December

31st, 2018 (Philadelphia’s SB tax took effect at the midpoint of this period on January 1st, 2017).

The dataset contains store-level information detailing weekly price and quantity sold at the

Universal Product Code (UPC) level. For each store in the dataset, we observe a store identifier,

retailer identifier, retailer type, and the store’s ZIP Code prefix (a ZIP Code prefix is the first

three digits of a 5-digit ZIP Code). Stores contained within the six ZIP Code prefixes in and

around Philadelphia (080, 081, 189, 190, 191, 194) are considered in our analysis. We apply

further restrictions by only considering stores that maintained a presence throughout the period

of the dataset, whose ZIP Code could be approximated via the household-level data (as detailed

later), and whose approximated ZIP Code fell within 20 minutes of the nearest ZIP Code in

Philadelphia.9

8The tax is levied on distributors, and so the price increase observed by consumers is subject to a pass-through

rate.
9NielsenIQ data provides ZIP Code information according to the United States Postal Service (USPS) designation.

We match these USPS ZIP Codes to their corresponding ZIP Code Tabulation Areas (ZCTAs) as defined in 2016

according to the US Census Bureau. UDSMapper.org, funded by the American Academy of Family Physicians,

provides the most up-to-date conversion of USPS ZIP Codes to their corresponding ZCTAs. ZCTA centroids and

distances are provided by the NBER ZIP Code Distance Database.
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Seiler et al. (2021) suggest that cross-border shopping in response to the Philadelphia SB

tax occurs in the region immediately surrounding the city. They find that post SB taxation,

there is a positive, statistically significant increase in SB sales in stores located 0-6 miles from

Philadelphia’s border, but not in stores more than 6 miles from the border. Given that the

primary purpose of our work is to evaluate the effect of SB taxation on cross-border shopping

and avoidance behavior, we define our market similarly. In practice, we define our market to

be the collection of the ZIP Codes in Philadelphia and those within 20 (driving) minutes of the

city (“city + 20 minutes”). Appendix A1 shows that sales in stores beyond the 20-minute band

surrounding the city do not experience an increase in SB sales following the implementation of

the SB tax. Our final retail dataset contains 196 stores: 78 stores in Philadelphia and 118 in the

surrounding region.10

In our retail data, we observe 6,968 UPCs pertaining to eight beverage categories: Carbonated

Soft Drinks, Juice, Sports Drinks, Energy Drinks, Coffee, Tea, Flavored Water, and Pure Water.

For each UPC, we have information on brand, pack size, container ounces, and flavor (many

UPCs relate to variations in pack size and container ounces). We rely on the USDA FoodData

Central database along with several food nutrition API services11 to collect information per-

taining to ingredients, sugar content, and caloric value (grams of sugar and caloric content are

reported as per ounce values). The use of both sugar and caloric content in our model is particu-

larly important for understanding demand for coffee, tea, and some juice products where caloric

content and sugar may not trend similarly due to the addition of non-sugar calorically dense

ingredients (such as milk and cream). Among the UPCs we observe, we remove infrequently

purchased items and consider only those available both pre- and post-tax; the remaining 2,630

UPCs account for 93.9% of total volume sales.

We then aggregate the UPCs into products, where each product is a brand/SB status/

category/diet status/size combination.12 SB status is an indicator denoting the presence of

added sugar or artificial sweeteners—these products are subject to the SB tax if they are sold

in Philadelphia. Diet status indicates those products marketed as “diet,” “light,” etc. To allow

heterogeneous responsiveness to the tax by product size, we include size as a product character-

istic, based on equivalent units of 12 ounces (for example, a typical 12-pack of soda contains 144

ounces and has a size of 144/12 = 12). In total, there are 464 products, of which 329 are SBs and

the other 135 are non-SBs. Prices are adjusted for inflation.13

10In our retail dataset we observe 36 grocery stores, 142 drug stores, and 18 discount stores, which comprise 60%,

25%, and 15% of our observed unit sales, respectively.
11world.openfoodfacts.org, chompthis.com, edamam.com, foodrepo.org and nutritionix.com.
12Flavor variations for the same product are aggregated together. Such variations typically have uniform price and

similar sugar content and caloric values.
13We adjust for inflation by expressing prices as their December 2018 dollar values using the Consumer Price Index
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We use the term location to denote Philadelphia or non-Philadelphia (the 20-minute band sur-

rounding Philadelphia). Due to the computational constraints facing structural demand models,

we aggregate our data from the store-week level to the location-month level; the aggregation

over time also helps reduce the potential bias in demand estimation stemming from households’

stockpiling behavior (see for example Miller and Weinberg (2017)). In our demand model, to be

specified in the next section, we define an alternative in households’ monthly choice set to be

a product-location combination. Correspondingly, total unit sales and quantity-weighted sugar

content and caloric value are considered at the product-location-month level. To avoid complica-

tions resulting from within-location store substitution, we compute product-location-month level

prices as a weighted average of product-level prices, where the weights are equal to the store-

level market shares pre-tax. If every product is available in every location in every month, there

would be 464 × 2 × 48 = 44, 544 observations at the product-location-month level. In reality, not

all products are available in both locations every month, and as a result our retail dataset has a

smaller number of observations, at 42,782.

Finally, we obtain product-level market shares by dividing total monthly product sales by

the total monthly number of store trips; the latter is found by multiplying the market house-

hold population by the monthly average number of household store trips as provided in the

household-level data. Because we do not observe all the stores, we re-scale the market household

population such that the observed market shares are consistent with the purchase probabilities

observed in the household data, across the pre-tax time periods. Table 1 provides retail data

descriptive statistics, broken down by beverage category and SB status. We note that we do

not account for beverage sales at non-retailer vendors such as restaurants, fast-food outlets, and

theaters, as such vendors are not covered in our data.

3.2 Household Data

NielsenIQ provides household purchase data for a sample of US households. Beverage pur-

chases, information pertaining to the number of shopping trips, a household’s ZIP Code of resi-

dence, and other household demographic data are recorded. The purchase data reports the price

paid, number of units purchased, and product UPC. When available, store identifier, retailer

identifier, retailer type and store location are provided. As with the retail data, store location is

provided as a 3-digit ZIP Code prefix, however a household’s ZIP Code of residence is provided

with the full 5-digit code.

Between 2015 and 2018, there were 867 households recorded in the NielsenIQ data who lived

within the 156 ZIP Codes pertaining to our market. Over the course of these 4 years, these house-

for All Urban Consumers (CPI-U).
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Table 1: Retail Data Descriptive Statisticsa

Category Number of

Products

Market Share

in Beverages

Price

(cents/oz)

Sugarb

(g/oz)

Calories

(Cal/oz)

Ounces

(oz)
Carbonated Soft Drinks 167 37.20%
SB 142 33.17% 3.76¢ 1.93 7.29 92.55
Non-SB 25 4.03% 4.11¢ 0.31 1.22 100.12
Coffee 20 1.63%
SB 17 1.51% 15.16¢ 2.29 14.75 29.58
Non-SB 3 0.12% 12.58¢ 0 1.26 35.67
Energy Drinks 36 4.44%
SB 36 4.44% 15.07¢ 1.67 7.17 36.10
Non-SB 0 – – – – –
Flavored Water 10 2.82%
SB 9 2.73% 4.93¢ 0.83 3.25 65.13
Non-SB 1 0.09% 8.09¢ 0 0 16
Juice 123 20.49%
SB 58 10.72% 4.78¢ 2.18 9.77 69.40
Non-SB 65 9.77% 7.86¢ 2.85 13.55 55.64
Pure Water 33 10.41%
SB 0 – – – – –
Non-SB 33 10.41% 2.30¢ 0 0 236.78
Sports Drinks 18 9.21%
SB 18 9.21% 4.10¢ 1.08 4.22 92.45
Non-SB 0 – – – – –
Tea 57 13.81%
SB 49 13.25% 3.80¢ 1.67 6.99 87.14
Non-SB 8 0.56% 4.33¢ 0 0 74.06

aPrice, Sugar and Calories are presented as quantity-weighted averages.
bSugar present in non-SBs is the result of natural processes and is not considered added.

holds recorded 274,686 purchase opportunities (store trips) with 120,361 beverage purchases.

We differentiate between low- and high-income households and between URM and non-URM

households. We create an indicator variable “low-income” for the 261 households whose annual

income falls below twice the federal poverty limit for their household size; otherwise a house-

hold is labeled “high-income.” Likewise, a URM indicator is created for the households that

identify as African American, Hispanic American, or Native American. We focus on income

and URM status as demographic variables of interest since (1) opponents of the taxation policy

argued that low-income disadvantaged minorities would be most negatively affected by the SB

tax, and (2) prior works suggest that low income is correlated with both a higher price sensitivity
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and a greater preference for sugary beverages.

3.3 ZIP Codes

We define our market as the 156 ZIP Codes either within Philadelphia or whose centroid is

outside Philadelphia but within 20 minutes of the nearest Philadelphia ZIP Code centroid; 48

ZIP Codes exist within Philadelphia, while the other 108 are in the surrounding 20-minute band.

ZIP Code-specific demographic data pertaining to the number of households, income, and URM

status is collected from the 2018 5-Year American Community Survey (ACS).14 Table 2 provides

the household distribution of income and URM status by location. The table shows that the two

locations have roughly the same number of households, with Philadelphia having significantly

more low-income households and households which identify as URM.

Table 2: Household Distribution of Income and URM Status by Location

Demographics URM Non-URM Total

Philadelphia

Low-Income 168,027 93,284 261,311

High-Income 137,395 196,187 333,582

Total 305,422 289,471 594,893

Non-Philadelphia

Low-Income 53,873 93,524 147,397

High-Income 76,195 428,564 504,759

Total 130,068 522,088 652,156

Rather than using straight-line distance to account for location substitution in our model,

we rely on travel time as provided by the Google Maps API service. For each Philadelphia

ZIP Code, we find the minimum travel time to drive to a non-Philadelphia ZIP Code, and vice

versa.15 We rely on travel time rather than distance to account for location substitution for

two reasons: (1) ZIP Code distances do not account for road and highway placements which

can greatly alter consumers’ willingness to cross-border shop, and (2) Philadelphia is home

to many rivers and bridges which would remain unaccounted for if distance was the metric

considered. Furthermore, driving is by far the most popular mode of transportation in and

around Philadelphia (see for example Duchneskie (2016)), giving support to calculating travel

time based on driving as an approximation.

14The Zip Code-level marginal distribution of URM status is obtained from the ACS, and the joint distribution

between income and URM status is obtained from the ACS Public Use Micro Sample (PUMS). PUMS areas may

overlap multiple Zip Codes; in those cases, the Zip Code-level joint distribution is assumed to be the weighted

average of overlapping PUMAs using the PUMA-Zip Code crosswalk file from the Missouri Census Data Center.
15Travel time between two ZIP Codes is defined as the average time required to drive from one ZIP Code centroid

to the other. Using ZIP Code centroids for the calculation is analogous to how ZCTA distances are calculated.
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Figure 1 presents some model-free, suggestive evidence of the importance of travel time.

Panel (a) shows, for each Philadelphia ZIP Code, the minimum travel time to a non-Philadelphia

ZIP Code. Panel (b) shows, for each Philadelphia ZIP Code, the percentage of beverage pur-

chases made by the ZIP Code’s households that are recorded in a store within their home loca-

tion (Philadelphia). A comparison of the two panels suggests these two variables are positively

correlated (a longer travel time to the alternative location is associated with a higher percentage

of beverage purchases in the home location), and calculation shows these two variables have a

correlation coefficient of 0.51.

Figure 1: Travel Time and Beverage Purchases

(a) Travel time (minutes) to alternative location

for Phil. ZIP Codes; affected by not only distance

but also roads, highways, rivers, bridges, etc.

(b) Percentage of beverage purchases in home lo-

cation by Phil. households, as observed in the

household dataset.

3.4 Store Location

As detailed above, the retail dataset does not provide stores’ exact locations or full 5-digit ZIP

Codes. Instead, we are provided with the stores’ 3-digit ZIP Code prefixes (corresponding to the

first three digits of the ZIP Codes). There are six ZIP Code prefixes in and around Philadelphia.

Among them, two are entirely within our market: 191 is the ZIP Code prefix for Philadelphia,

and 081 corresponds to a region of New Jersey that is entirely within the 20-minute band sur-

rounding Philadelphia. Stores located within the ZIP Code prefixes of 080, 189, 190 and 194

have their locations approximated to determine whether they fall within any of the ZIP Codes

pertaining to our market, as follows.

To approximate store locations, we rely on a method similar to that proposed in DellaVigna
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and Gentzkow (2019) and Goldin et al. (2022). For each store, we observe in the household data

the ZIP Codes of residence for the households who make purchasing trips to the store. We then

take the store’s location to be the average of the centroids of these ZIP Codes, weighted by the

total number of trips to the store originating from each of these ZIP Code during the pre-taxation

period.16 In the data, only retailers of the types “Grocery,” “Discount Store,” and “Drug Store”

have unique identifying information that allows for this location approximation. Thus, our final

retail and household dataset only considers stores of these types to remain consistent.

4 Model

In modeling the demand for beverages as a function of product and household characteristics

incorporating consumer heterogeneity and demographic information, we follow the literature

on discrete choice demand estimation with retail data (Berry et al. (1995) (BLP), Nevo (2000),

etc.), and supplement the traditional method with household data in a process similar to that

described in Goolsbee and Petrin (2004), Murry and Zhou (2020), and Grieco et al. (2022).17 This

allows us to leverage the benefits of both datasets: the retail data measures responses to the

SB tax with far less noise and allows for a reliable method by which one can account for price

endogeneity, while the household data provides a more accurate estimation of heterogeneous

parameters, substitution patterns, and responsiveness to travel time. The model we propose

utilizes the retail and household data in an internally consistent way.

4.1 Demand Specification

Consider household i in month t. The household chooses one of the available beverage options

(j = 1, . . . , Jt) or the outside option of no purchase (j = 0), where a beverage option is defined as

a product-location combination.18 Household i’s indirect utility from choosing beverage option

j in month t is given by

uijt =x′jtβi + αi pjt + h′jtγ + 1(Aj ̸= Azi)(ϕiQzi) + ξjt + ϵ̄ijt,

where i = 1, . . . , Ht, j = 1, . . . , Jt, t = 1, . . . , T, and zi = 1, . . . , Z.
(1)

16Centroid locations are given as latitude and longitude. We first convert the centroids to polar coordinates, cal-

culate the weighted average, then convert back to latitude and longitude. There is a slight error introduced, as this

conversion assumes a perfectly spherical earth; however given the relative closeness of locations this error is minimal.
17Another method is the micro-BLP estimator (Berry et al., 2004). Grieco et al. (2022) suggest that the use of micro

moment conditions, as described in Berry et al. (2004), induces an additional cost in efficiency relative to a share

constrained micro likelihood estimator, the type of estimator applied in this paper.
18Product availability varies month to month. Similar to Miravete et al. (2018), if no sales are observed for a beverage

option during a specific month, then we assume that option is not present in households’ choice set for that month.
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xjt is an n1 × 1 vector of option j’s characteristics in month t, including a constant, Philadelphia

dummy variable, category dummy variables, sugar content, caloric value, etc. (the full specifica-

tion is given later in Section 6). pjt denotes the retail price for option j in month t. The n2 × 1

vector hjt contains categorical time dummies. zi denotes household i’s ZIP Code of residence

(out of the 156 ZIP codes pertaining to our market). Aj and Azi are indicator variables signifying

if option j and ZIP Code zi are in the Philadelphia location, respectively. Qzi is the minimum

travel time for a household living in ZIP Code zi to drive to the alternative location (Philadelphia

or non-Philadelphia). ξjt denotes unobserved quality, and ϵ̄ijt denotes unobserved idiosyncratic

preferences. The indirect utility from choosing the outside option excluding ϵ̄i0t is normalized to

0.

We characterize household i by a d × 1 vector of demographic attributes Di, including low-

income (below twice the federal poverty limit), URM (African American, Hispanic American, and

Native American) and location (non-Philadelphia). We model unobserved household preference

heterogeneity through the use of the multivariate normal distribution. Households’ preferences

for price, beverage option characteristics, and travel time are as follows:( αi
βi
ϕi

)
=

( α
β
ϕ

)
+ ΠDi + Σvi, vi ∼ N (0, In1+2), (2)

where Π is an (n1 + 2)× d matrix that measures the impact of observable demographic attributes

on preferences, and Σ is an (n1 + 2)× (n1 + 2) matrix that captures the covariance of unobserved

household preferences. In our study we estimate only the variance of unobserved household

preferences and restrict Σhk = 0 ∀h ̸= k.

Given the specification in Eq. (2), the indirect utility in Eq. (1) excluding ϵ̄ijt can be decom-

posed into its common and idiosyncratic components, δjt and µijt, respectively, where

δjt = x′jtβ + αpjt + h′jtγ + ξjt, and

µijt =
[
pjt, x′jt,1(Aj ̸= Azi)Qzi

]
(ΠDi + Σvi) + 1(Aj ̸= Azi)(ϕQzi).

(3)

We assume that unobserved idiosyncratic preferences for beverage options, ϵ̄ijt, are correlated

within the same beverage category. In our data we observe eight beverage categories (coffee, car-

bonated soft drinks, energy drinks, flavored water, juice, pure water, sports drinks, and tea), and

the outside option of no purchase is defined to be category zero. ϵ̄ijt follows the distributional

assumption of a nested logit model and can be decomposed into

ϵ̄ijt = ζigt + (1 − ρ)ϵijt, (4)

where ϵijt is i.i.d. type I extreme value, ρ ∈ [0, 1] is the nesting parameter, g ∈ {0, 1, . . . , 8} is the

category that option j belongs to, and ζigt has a (unique) distribution such that ϵ̄ijt is distributed

extreme value. The nesting parameter ρ measures the correlation in preferences across beverages
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within the same category. Perfect within-nest substitution is obtained if ρ equals one, while as

ρ goes to zero, the model reduces to the standard random coefficients logit specification. The

probability of household i choosing option j belonging to category g in month t is then

πijt =
exp

(
(δjt + µijt)/(1 − ρ)

)
exp

(
Iigt/(1 − ρ)

) ×
exp

(
Iigt

)
exp

(
Iit
) , (5)

where the “inclusive values” Iigt and Iit are given by

Iigt = (1 − ρ) log ∑
j∈Jgt

exp
(δjt + µijt

1 − ρ

)
(6)

with Jgt denoting the set of beverage options in category g in month t, and

Iit = log
(

1 +
8

∑
g=1

exp
(

Iigt

))
. (7)

4.2 Household Choice Probabilities

In the household dataset, for each household i and each month t ∈ Ti during which household i

is in the data, we observe the household’s Oit purchase opportunities (store trips). During each

opportunity, the household chooses one of the available beverage options or the outside option

of no purchase.19 Integrating over the distribution of unobserved household attributes, denoted

Fv(vi), the density of household i’s observed sequence of choices is given by

Li(Yi|x, p, h, Qzi , Di; δ, Θ) =
∫

∏
t∈Ti

Oit

∏
o=1

Jt

∏
j=0

[πijt(xt, pt, ht, Qzi , Di, δt, Θ, vi)]
yijot dFv(vi),

where δt = (δ1t, . . . , δJtt)
′, xt = (x′1t, . . . , x′Jtt)

′, pt = (p1t, . . . , pJtt)
′, and ht = (h′1t, . . . , h′Jtt)

′.

(8)

We summarize the model’s heterogeneous taste, travel time, and nesting parameters as Θ =

(Π, Σ, ϕ, ρ), and use Yi to denote the observed sequence of household i’s choices, where yijot = 1

if household i chooses beverage option j during purchase opportunity o in month t.

4.3 Retail Market Shares

At the retail level, we use Mt to denote the market size in month t, i.e., the total number of

purchase opportunities experienced that month, obtained as the total number of households in

19A household’s number of store trips per month does not show statistically significant correlation with our de-

mographic variables of interest, and we assume that the number of purchase opportunities is independent of unob-

servable individual characteristics. Such an assumption is necessary for our estimation to be tractable under the BLP

framework, and is one innately imposed by researchers working solely with retail data (i.e., Berry et al. (1995), Nevo

(2000), etc.).
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the market multiplied by the average number of grocery store trips per household in that month

as observed in the household data. We assume a continuum of purchase opportunities of mass

Mt, and the household data is assumed to be a finite sample drawn from it.20

Consider the set of household-specific characteristics that lead to the purchase of beverage

option j in month t, {(Di, zi, vi, ϵ̄ijt)|uijt > uikt ∀k = 0, 1, . . . , Jt}. The distribution of ϵ̄ijt is extreme

value as given in Eq. (4), which leads to household choice probabilities πijt given in Eq. (5). The

distribution of vi is multivariate normal as given in Eq. (2), and the distributions of zi and Di|zi

are obtained from the ACS. Integrating over the distributions of vi, zi, and Di|zi, we obtain the

predicted market share for beverage option j in month t as

sjt =
∫
vi

∫
zi

∫
Di

πijt(xt, pt, ht, Qzi , Di, δt, Θ, vi)dFD(Di|zi)dFz(zi)dFv(vi). (9)

In assuming a continuum of households, as is routine in the literature, and conditioning on ξ,

through δ, the market share in Eq. (9) is deterministic, and the aggregate demand for beverage

option j is obtained as Mtsjt .

5 Identification and Estimation

Our objective is to estimate the parameters α, β, γ, Π, Σ, ϕ, and ρ. While we are not necessarily

interested in the value of δ per se, it is required to recover the mean taste parameters α, β, and

γ. Thus, our estimation proceeds with two steps. First, we maximize a likelihood function using

the retail and household data. This identifies all the parameters except those derived from the

mean utility. Next, to estimate α, β, and γ, we use a two-stage least squares (TSLS) regression

and instrument pjt with a Hausman style instrument (as seen in Nevo (2001)) to control for

correlation with the error term ξjt.21

5.1 Maximum Likelihood

In the first stage of our estimation, for any candidate values of Θ and δ, the density of a house-

hold’s choice history is given by Eq. (8), and the corresponding log-likelihood of the household

data is

L(Y; δ, Θ) =
H

∑
i=1

log[Li(Yi|x, p, h, Qzi , Di; δ, Θ)]. (10)

20Appendix A2 provides details about the case of multiple purchases during a single trip.
21We calculate the average price of each product across all US stores in the NielsenIQ data, excluding those in the

Philadelphia designated market area (DMA) which contains the market of our demand model, and use this average

to instrument the price in our model.
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In theory it is possible to estimate δ directly via maximum likelihood solely with the household-

level data; practically, however, this is computationally infeasible considering the large number

of beverage options available. Instead, we rely upon the work of Berry (1994) who shows that

for any given value of Θ, there exists a unique vector of δ such that the predicted market shares

from Eq. (9), sjt, exactly match those observed in the retail data, Sjt. Consequently, given the

retail market shares, we can treat δ as a known function of Θ.22 Appendix A3 shows in more

detail how a unique vector of δ is obtained from our retail data.

Thereby, the log-likelihood of the household-level data shown in Eq. (10) can be re-written as

L(Y; Θ) =
H

∑
i=1

log[Li(Yi|x, p, h, Qzi , Di, δ(Θ); Θ)], (11)

where δ(Θ) is given by the one-to-one contraction mapping from the retail market share con-

straint. In performing the contraction mapping, we evaluate the integrals of Eq. (9) by Monte

Carlo simulation with 4000 Halton draws, per month, from the distributions of v, z, and D|z
(i.e., 4000 simulated households). Similarly, we use a separate set of 200 Halton draws from the

distribution of v when evaluating the integral in Eq. (8).23 Our estimation proceeds by searching

for the value of Θ that maximizes Eq. (11).24 Finally, we obtain robust standard errors for Θ by

sandwiching the covariance of the household-level gradient between the inverted Hessian at the

optimum of the likelihood function.25

5.2 Mean Utility Coefficients

Given δ̂ resulting from the optimal Θ̂ in the maximum likelihood step, we use the relation ex-

pressed Eq. (3) to determine our mean utility parameters. In practice, we rewrite each product’s

22By assuming the aggregate market shares are derived from a continuum of households, the asymptotic variance of

the shares is zero. Grieco et al. (2022) shows that this assumption has a cost in terms of both efficiency and inference,

unless the household sample size is negligibly small when compared to the size of the market population. This is

similar to the efficiency loss of the standard micro-BLP (Berry et al., 2004). In our model H/N = 0.0007, where H =

867 is the size of the household dataset and N = 1, 247, 049 is the population of households in and around Philadelphia

from which those 867 households were drawn; accordingly, the efficiency loss should be minimal. Furthermore, to

use a mixed data likelihood estimator as suggested in Grieco et al. (2022) would be too computationally burdensome,

as each δjt must be treated as a parameter of interest in the likelihood estimation.
23Results from Train (1999) show simulation variance with 100 Halton draws to be lower than 1000 random draws

in a mixed logit application.
24Our tolerance for the contraction mapping step is set to .5e−12. For the likelihood maximization algorithm, we

set a tolerance of 2e−10 and provide computed numerical gradients. We consider several randomized starting values

when proceeding with the maximization algorithm to rule out local minima.
25See Train (2009), p. 201.
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mean utility from Eq. (3) as:

δjt = x′jtβ + αpjt + h′jtγ + ξjt

= uj + x̃′jt β̃ + αpjt + h′jtγ + ∆ξjt.
(12)

ere, we introduce a time- and location-invariant fixed effect, uj, to account for systematic varia-

tions in preferences across products.26 With this decomposition, x̃jt now includes the subset of

time- and/or location-variant characteristics originally in xjt. The covariates represented in x̃jt,

pjt, and hjt therefore control for the effects of time- and/or location-variant preferences, while

deviations from these are captured by ∆ξjt. To estimate mean utility associated with time- and

location-invariant characteristics, such as product categories and size, we project the estimated

product fixed effects onto the remaining observable product characteristics.

To assess the relationship expressed in Eq. (12), we conduct a Two-Stage Least Squares

(TSLS) regression using a Hausman-style instrument for price, given the likelihood that pjt may

be correlated with the error term ξjt. Specifically, we use the average price of the product across

all regions outside of Philadelphia and its surrounding areas as an instrument for the price

variable in our model. This approach significantly strengthens the estimated price response,

more than doubling its magnitude, which is consistent with the expectation when accounting

for endogenous pricing behavior.

Standard errors for (α̂, β̂, γ̂) are calculated using a two-stage bootstrap procedure, where the

first stage captures the estimation error from the maximum likelihood step and the second stage

captures the typical sampling error. Specifically, we begin by first taking 1000 draws from the

asymptotic distribution of Θ. Next, for each draw Θd, we find its corresponding vector δ(Θd). We

then draw with replacement from the sample {(δ11(Θd), x11, p11, h11), . . . , (δJT T(Θd), xJT T, pJT T, hJT T)}
to create a bootstrapped dataset (of a size equal to the original sample). Given this bootstrapped

sample, we then perform the TSLS regression to estimate (α∗
d, β∗

d, γ∗
d). From the distribution of

(α∗
d, β∗

d, γ∗
d), we find the standard errors of our mean utility parameters.

6 Demand Estimates

Table 3 presents the demand estimates of our preferred specification of the RCNL model using

the two-step procedure outlined above.27 To avoid perfect collinearity, we have dropped the

26An alternative approach would be to allow the product fixed effect to vary over time, effectively turning our

estimation into a difference-in-differences model. However, this approach is not feasible because our product set

includes items that are not available in both locations.
27We considered an alternative nested logit model with the choice between beverages and the outside option at the

highest level and the choices of beverage category and then beverage option at subsequent levels; however such a

model did not improve model fit.
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category pure water. On average, consumer valuation for beverages increases with calories but

decreases with sugar content, and SBs display a lower valuation relative to non-SBs. Additionally,

the negative interaction term for ”Philadelphia” may indicate that consumers perceive Philadel-

phia stores as less desirable shopping locations, potentially due to factors like smaller store

sizes, limited non-beverage offerings, inadequate parking, and higher levels of crowdedness, all

of which can reduce consumer utility. Supporting this, the City of Philadelphia’s Department

of Public Health has released a research report highlighting the scarcity of healthy foods and

produce in many Philadelphia retail food stores, which encourages residents to shop elsewhere

and rely on automobiles for grocery shopping (Hillengas et al., 2019).

Taxation Bias Following the taxation, a change in consumer valuation for Philadelphia SBs

arising from tax-induced price changes should be absorbed by the Price response, but public

awareness of the taxation policy, which results in the same SB being more expensive in Philadel-

phia than outside, has the potential to impact consumer valuation for products beyond the Price

response, for example due to psychological reasons such as perceived inequality/unfairness (We-

ber et al. (2014), Xia et al. (2004), Campbell (1999)). We find that, after the taxation, valuation for

Philadelphia SBs declines as demonstrated by the negative coefficient on the indicator variable

Tax Bias, which equals 1 for Philadelphia SBs in post-tax months. However, this decline in valu-

ation only holds for smaller-size products; we find that Philadelphia SBs with a size greater than

about 10 standard beverage cans (120 ounces) see an increase in average valuation, as shown by

the Tax Bias × Size interaction.

This result is intuitive. Despite larger-size SBs seeing the greatest level of taxation and the

greatest increase in product price, larger-size products are generally cheaper per ounce. There-

fore, we find that a well-publicized local taxation policy shifts consumer preference towards

products that offer the greatest cost-saving benefits.

Demographic Interactions We allow for variation in consumer valuations across observed de-

mographic characteristics, including income status, URM status, and location. The results are

presented in columns 4, 5, and 6 of Table 3. The estimation of Π reveals significant differences

in consumer valuations for beverage options. Compared to non-URM households, URM house-

holds have higher valuations for all inside options (based on the estimates for URM interactions

with the constant and category fixed effects). We also find low-income households have statis-

tically significant reduction in valuation for flavored water, juice, sports drinks and tea. Travel

time and its interaction with demographic characteristics are discussed later in this section.

Furthermore, through examination of estimation results from model specifications with and

without the URM interaction terms, we find that much of the effect of the low-income status

diminishes (many interaction terms become insignificant) with the addition of the URM inter-
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Table 3: RCNL Demand Estimatesa

Mean Standard Demographic Interactions (Π)

(α, β, ϕ) Deviation (Σ) Low-Income URM Non-Phil.

Constant -5.876***
(0.270)

1.669***
(0.097)

0.400
(0.279)

2.127***
(0.360)

Price -0.427***
(0.034)

0.080***
(0.009)

0.020
(0.014)

-0.052***
(0.017)

Taxation Bias -0.242***
(0.021)

Taxation Bias × Size 0.026***
(0.005)

Calories 0.025**
(0.010)

Sugar -0.157***
(0.025)

0.212***
(0.016)

0.020
(0.017)

0.150***
(0.022)

Diet -0.116
(0.085)

Size 0.152***
(0.014)

0.060***
(0.004)

-0.005
(0.006)

-0.060***
(0.009)

Size2 -0.003***
(<0.001)

SB -0.368***
(0.055)

0.613***
(0.044)

0.036
(0.074)

0.347***
(0.093)

Carb. Soft Drinks 2.243***
(0.244)

-0.354
(0.295)

-1.415***
(0.326)

Coffee 0.300
(0.361)

-0.710
(0.472)

-0.880**
(0.436)

Energy Drinks 0.702
(0.485)

0.721
(0.446)

-0.617
(0.593)

Flavored Water 0.239
(0.349)

-0.710*
(0.389)

-0.204
(0.442)

Juice 1.981***
(0.254)

-0.895***
(0.290)

-0.956***
(0.283)

Sports Drinks 1.745***
(0.275)

-0.618*
(0.324)

-1.870***
(0.356)

Tea 1.687***
(0.239)

-0.923***
(0.301)

-1.306***
(0.296)

Philadelphia -0.931***
(0.084)

0.949***
(0.054)

Travel Time -0.168***
(0.012)

0.011***
(0.005)

0.019*
(0.010)

0.018*
(0.010)

0.067***
(0.020)

Category Nesting (ρ) 0.614***
(0.024)

***p<.01, **p<.05, *p<.1
aStandard errors are reported in parentheses. Estimates for the nesting parameter, travel time, random coeffi-

cients, and demographic interactions are obtained from the maximum likelihood estimation with 867 house-

holds and 273,943 household observations over 48 months. Parameter values for price, tax amount, calories,

and sugar are obtained from the projection of δ onto these characteristics, product fixed effects, and time-

category fixed effects. The remaining mean utility estimates are obtained from the projection of estimated

product fixed effects onto the observable characteristics.
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action terms. Given that low-income and URM are correlated, this finding suggests that works

which fail to account for the URM status might incorrectly attribute the effect of the URM status

to the low-income status, due to omitted variable bias. By including URM interactions in our

work, we help to better capture the complexities and nuances of consumer choice, particularly

in contexts where URM status may significantly influence choice and outcomes.

Travel Time In measuring responsiveness to travel time, we allow for a rich set of heteroge-

neous model parameters. Disutility from travel time is greater for high-income households, in

line with prior transportation research (e.g., Hymel et al. (2010)) which finds that high-income

households have a higher valuation of their time. In addition, we find URM households have

lower disutility for travel time.

Taking the average of the ratio of travel time responsiveness to price responsiveness across all

simulated households, we find that on average an extra minute of travel time to reach the store

is equivalent to adding 28.5¢ (7%) to the product price (averaging $3.88 per product), suggesting

travel time plays a significant role in households’ willingness to cross-border shop.28

Additionally, the interaction term between travel time and non-Philadelphia households

shows that non-Philadelphia households have a lower disutility for travel time than Philadel-

phia households. While Philadelphia households live in an urban setting, non-Philadelphia

households are largely suburban or rural, and the finding that their responsiveness to travel

time differs noticeably is intuitive. Through the inclusion of this non-Philadelphia interaction

term, we are accounting for how differences in urbanization, population density, job location,

and store accessibility may impact a household’s willingness to travel.

Random Coefficients and the Nesting Parameter We include in our model a rich set of random

coefficient parameters (Σ), all of which exhibit statistical significance and sensible results. For

instance, the standard deviation of the random coefficient on sugar content suggests that 49%

of households who identify as URM experience an increase in utility from higher sugar content,

whereas only 23% of high-income, non-URM households experience the same. Regarding the

distribution of household disutility for travel time, we see that households hold a negative val-

uation of travel time, regardless of their demographic status. This result fits with what prior

transportation research suggests. Finally, the nesting parameter ρ is estimated very precisely,

and implies that households show a strong correlation in preferences across beverages within

the same category. To corroborate this point, consider the price elasticity of demand.

Price Elasticities Table 4 provides the price elasticity of demand by household location, re-

porting own- and cross-elasticities averaged at the location level and category-location level.

28Our travel time variable measures the time needed to travel to a store in the alternative location, so for example

purchasing at a store 10 minutes away would involve a 20-minute round trip.
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Cross-elasticities of demand are reported for beverage options from the same category, same

category and same location, same category and different location, and all beverage options.

For own-elasticity of demand averaged at the category-location level, estimates show that

households have elastic demand for beverages in their home location, with the elasticity ranging

from −1.40 to −2.16. When considering a household’s non-home location, the own-elasticity of

demand varies from −0.10 to −0.62. Differences in own-elasticities between home and alternative

locations make intuitive sense: individuals purchasing beverages while traveling outside their

home location are already engaging in a costly activity, and thus are likely less sensitive to

increased product prices in the alternative location.

Further, we find Philadelphia households are about four times more sensitive than non-

Philadelphia households to own-price changes in their non-home location. This is primarily a

result of household-specific travel times. Nearly half of all Philadelphia households live within

a 10-minute drive from the border, whereas only a quarter of non-Philadelphia households live

within a 10-minute drive from the border. Differences in own-elasticities of demand for the non-

home location thus reflect the differences in travel times and the overall willingness to cross-

border shop.

Finally, considering cross-elasticity of demand, we see that it is higher between beverages

in the same category, and furthermore it is generally higher between beverages in the same

category and same location when compared to beverages in the same category but different

locations. These results delineate a clear order of preference in terms of substitution.

7 Pass-Through, Substitution Patterns, and Consumption Changes

In the remainder of this paper, we study the effects of Philadelphia’s SB tax by using our demand

estimates to evaluate various counterfactual scenarios. Comparing the outcome under taxation

to the counterfactual scenario of no tax, this section examines households’ substitution patterns

and consumption changes brought about by the tax, while the next section analyzes the welfare

implications and regressivity of the tax. Then in Section 9 we consider the effects of alternative

tax rates, alternative tax coverages, and changes in travel time.

A major consideration in these subsequent analyses is the responsiveness of beverage com-

panies to our counterfactual taxation schemes and other counterfactual scenarios. Consequently,

we specify a simple supply-side pricing model and use it to predict how prices would change at

the product level. We assume a competitive Bertrand model where each month beverage com-

panies strategically set prices across all products within their brand portfolio (e.g. the Coca-Cola

company also controls Sprite, Fanta, Dasani, Powerade, Honest Tea, among others). This as-

sumption allows coordination in pricing across products in various categories, all falling under
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Table 4: Price Elasticity of Demand by Household Location

Average Level Own-Elasticity Cross-Elasticity

Same Category
All Bev.

Options
All Bev. Same Different

Options Location Location

Ph
il

ad
el

ph
ia

H
ou

se
ho

ld
s

Phil. Bev. Options -2.1137 0.0123 0.0214 0.0033 0.0020

Carbonated Soft Drinks -2.1153 0.0046 0.0080 0.0013 0.0020

Coffee -2.0855 0.0379 0.0670 0.0089 0.0020

Energy Drinks -2.0716 0.0193 0.0331 0.0055 0.0020

Flavored Water -2.0684 0.0751 0.1239 0.0263 0.0021

Juice -2.1618 0.0060 0.0106 0.0015 0.0020

Pure Water -2.1269 0.0228 0.0402 0.0056 0.0020

Sports Drinks -1.9567 0.0351 0.0610 0.0093 0.0019

Tea -2.0922 0.0121 0.0212 0.0031 0.0020

Non-Phil. Bev. Options -0.4067 0.0025 0.0032 0.0018 0.0004

Carbonated Soft Drinks -0.3910 0.0008 0.0011 0.0006 0.0004

Coffee -0.4253 0.0077 0.0094 0.0059 0.0004

Energy Drinks -0.6197 0.0058 0.0075 0.0040 0.0006

Flavored Water -0.5072 0.0181 0.0250 0.0113 0.0005

Juice -0.3957 0.0011 0.0014 0.0008 0.0004

Pure Water -0.4569 0.0048 0.0060 0.0036 0.0004

Sports Drinks -0.2729 0.0048 0.0062 0.0034 0.0003

Tea -0.338 0.0019 0.0025 0.0014 0.0003

N
on

-P
hi

la
de

lp
hi

a
H

ou
se

ho
ld

s

Phil. Bev. Options -0.1324 0.0008 0.0005 0.0010 0.0001

Carbonated Soft Drinks -0.1287 0.0003 0.0002 0.0004 0.0001

Coffee -0.1365 0.0025 0.0019 0.0030 0.0001

Energy Drinks -0.1051 0.0010 0.0007 0.0012 0.0001

Flavored Water -0.1014 0.0036 0.0022 0.0050 0.0001

Juice -0.1395 0.0004 0.0003 0.0005 0.0001

Pure Water -0.1377 0.0015 0.0011 0.0019 0.0001

Sports Drinks -0.1382 0.0025 0.0017 0.0033 0.0001

Tea -0.1419 0.0008 0.0006 0.0011 0.0001

Non-Phil. Bev. Options -1.6751 0.0096 0.0185 0.0005 0.0016

Carbonated Soft Drinks -1.7026 0.0038 0.0072 0.0002 0.0016

Coffee -1.6146 0.0293 0.0566 0.0020 0.0016

Energy Drinks -1.4019 0.0129 0.0249 0.0009 0.0014

Flavored Water -1.4807 0.0541 0.1060 0.0021 0.0015

Juice -1.7247 0.0048 0.0093 0.0003 0.0016

Pure Water -1.6202 0.0173 0.0334 0.0012 0.0016

Sports Drinks -1.6651 0.0302 0.0591 0.0013 0.0016

Tea -1.7409 0.0101 0.0197 0.0005 0.0017
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brands controlled by the same beverage company. Beverage companies then compete to maxi-

mize their respective profits, as consumers face various counterfactual scenarios influencing their

demand for beverage products. Unlike prior works exploring SB taxation, our counterfactual es-

timates incorporate consumer heterogeneity in beverage preference, travel costs, and locational

and categorical substitution. For further information, Appendix A4 details how firms’ marginal

costs and counterfactual prices are obtained.

As a first step in our counterfactual analyses, we explore product prices under a no-tax simu-

lation. Specifically, we remove the per-product tax from each product’s corresponding marginal

cost, and remove the disutility associated with taxation from the consumer’s utility function. We

then obtain each firm’s set of profit-maximizing counterfactual product/month-level prices.

7.1 Pass-Through Rate

After obtaining counterfactual prices under the no-tax scenario, we first explore the pass-through

rate of the tax, based on the difference between observed and counterfactual prices at the per-

ounce level.

Studying Philadelphia’s SB tax, several authors have conducted analyses on this topic. Caw-

ley et al. (2018) and Roberto et al. (2019) find pass-through rates of 55% and 68%, respectively,

while Bleich et al. (2020) and Cawley et al. (2020) find higher pass-through rates of 120% and

105%, respectively. More recently, Seiler et al. (2021) find a pass-through rate of 97%, rely-

ing upon their finding that the region within the four 3-digit ZIP Code prefixes surrounding

Philadelphia but more than 6 miles away from Philadelphia does not exhibit an increase in SB

sales in response to Philadelphia’s SB tax. They proceed by treating that region as their control:

it is close enough to Philadelphia to experience similar marketing and demand shocks while

uninfluenced by cross-border shopping.

However, unlike the reduced form methods used in the above studies, we generate our pass-

through rate through simulating, based on the structural demand and marginal costs estimates,

firms’ counterfactual prices in the no-tax scenario. Thus, our findings offer a unique perspective

in the analysis of the Philadelphia SB tax’s pass-through rate, one that adds to the growing body

of literature that analyzes SB taxation.

Category-specific pass-through rates are presented in Table 5. Recall the tax is equal to 1.5¢

per ounce. Thus, a Price Difference of 1.5 would denote a full pass-through, and dividing the

Price Difference by 1.5 provides the pass-through rate in percentage terms. Results in Table 5 are

based on average monthly price for all taxed products by category. Across all taxed products,

the average pass-through rate is 100%, while category-level estimates range from 99% to 107%,

falling within the range of pass-through rates seen in prior research (Cawley et al. (2018), Roberto

et al. (2019), Bleich et al. (2020), Cawley et al. (2020), and Seiler et al. (2021)).
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Table 5: Pass-Through Rate of SB Tax, by Category

SB Category

Carb. Soft Dr. Coffee Energy Dr. Flav. Water Juice Sports Dr. Tea

Price Difference (in Cents) 1.483 1.607 1.52 1.485 1.501 1.502 1.505

Pass-Through Rate 99% 107% 101% 99% 100% 100% 100%

Prices without the presence of taxation are the result of a no-tax counterfactual analysis. Average differences between

observed and counterfactual product prices represent the impact of SB taxation; from this, we can obtain category-

specific average price increases and pass-through rates. The category pure water is excluded as that category contains

no taxed products.

7.2 Substitution Patterns

Next, we examine how the SB tax induces categorical and locational substitution. To perform

this analysis, we simulate 100 draws from the distribution of ϵ̄ijt for each combination of sim-

ulated household i, beverage option j, and post-taxation month t = 25, . . . , 48 (January 2017 to

December 2018).29 We then determine product-level utility with and without the SB tax holding

the ϵ̄ijt draws constant. That is, product-level utility takes the form

uwith tax
ijt = δwith tax

jt + µwith tax
ijt + ϵ̄ijt, and (13)

uwithout tax
ijt = δwithout tax

jt + µwithout tax
ijt + ϵ̄ijt. (14)

Thus, beverage choice with and without the tax is given by the maximal value of the utilities

found in Eqs. (13) and (14), respectively.

In both equations, the coefficients are the estimated coefficients from our demand estimation,

and the household and beverage option characteristics are the observed characteristics. In Eq.

(13), the prices are the observed prices, while in Eq. (14), the prices are obtained according to the

no-tax counterfactual simulation.

Holding ϵ̄ijt to be the same between the two equations when examining beverage choices with

and without the tax allows us to isolate the effects of the tax on households’ beverage choices. In

comparison, tracking how the households in our household dataset actually change their choices

from the pre-taxation period to the post-taxation period would not paint an accurate picture of

the tax-induced substitution patterns, because households’ idiosyncratic preferences ϵ̄ijt, product

availability, and demand shocks all have changed between the two periods. Likewise, relying on

the retail data would not allow us to track how households switch from one category to another

and/or from one location to the other as a result of the tax.

We report our findings in Table 6. The first column of the table provides the category market

shares for Philadelphia SBs under the counterfactual scenario of no taxation, averaged across

29In accordance with the methodology presented in Wang and Ye (2024), we simulate draws from a nested logit

distribution.
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Table 6: Model Predicted Substitution Patterns

Choice w/o Tax Top Four Choices with Tax

Phil. SBs 1st Choice 2nd Choice 3rd Choice 4th Choice

Carb. (41.38%) P Carb. S (59.91%) NP Carb. S (16.41%) Outside Op. (13.09%) P Carb. NS (6.02%)

Coffee (2.36%) P Coffee S (74.97%) Outside Op. (9.92%) NP Coffee S (9.72%) P Coffee NS (3.19%)

Energy (7.09%) P Energy S (77.65%) NP Energy S (10.86%) Outside Op. (9.61%) P Water NS (1.15%)

Flav. (3.14%) P Flav. S (70.91%) NP Flav. S (14.06%) Outside Op. (10.30%) P Flav. NS (1.93%)

Juice (19.05%) P Juice S (55.00%) P Juice NS (18.73%) Outside Op. (10.33%) NP Juice S (10.16%)

Sports (8.23%) P Sports S (66.36%) NP Sports S (14.90%) Outside Op. (14.69%) P Water NS (1.82%)

Tea (18.75%) P Tea S (62.9%) Outside Op. (15.06%) NP Tea S (15.05%) P Tea NS (1.95%)

P, NP, S, and NS denote Philadelphia, non-Philadelphia, SB, and non-SB, respectively.

the 24 post-taxation months. The next four columns provide the first, second, third and fourth

location × category × SB status choices with taxation, given the household would have chosen

the leftmost item of that row without taxation. For example, without taxation, sweetened car-

bonated soft drinks would have made up 41.38% of the market share for Philadelphia SBs; with

taxation, 59.91% of the households who would have chosen sweetened Philadelphia carbonated

soft drinks continue to choose the same (no substitution), 16.41% choose sweetened carbonated

soft drinks in the non-Philadelphia location (geographic substitution), 13.09% choose the out-

side option (consumption reduction), and 6.02% choose non-sweetened carbonated soft drinks

in Philadelphia (product substitution). Information like this can be particularly useful to poli-

cymakers for understanding people’s behavior patterns in response to the implementation of a

public policy.

As expected, for all SB categories, the primary choice with taxation remains the same as that

without. We observe that the categories of Philadelphia SBs that are the most responsive to tax-

ation are juice, carbonated soft drinks, tea, and sports drinks, as measured by the proportion of

households who switch away. Excluding tea, juice, and coffee, the primary choice of substitution

is the same category of SBs in the alternative location, followed by the outside option. For juice,

the primary choice of substitution is non-SB juice in the same location; this is an intuitive result,

as many non-SB juice products are similar in terms of sugar content through the use of juice

concentrates. For Philadelphia SBs, the proportion of households who transfer their consump-

tion to the same category of SBs in the alternative location is either larger than (carbonated soft

drinks, energy drinks, flavored water, and sports drinks) or very close to the proportion of those

who switch to the outside option. This provides clear evidence towards consumers’ willingness

to cross-border shop in the presence of an SB tax.

The Philadelphia SB categories of coffee and energy drinks retain the greatest proportion of

original consumers. We hypothesize that this pattern is due to the heterogeneous interaction

of taxation policy with product size. Coffee and energy drink products are primarily sold in
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Table 7: Simulated Market Shares by SB Status, Size, and Location

SB Status × Size × Bev. Location Without Tax With Tax Difference % Change

Philadelphia Bev. Options
Non-SB × Small 0.37% 0.51% +0.14 26.97%
Non-SB × Medium 1.01% 1.48% +0.47 25.27%
Non-SB × Large 0.76% 0.91% +0.15 12.46%
SB × Small 3.46% 3.01% -0.45 -13.09%
SB × Medium 4.38% 2.60% -1.78 -40.70%
SB × Large 1.94% 0.58% -1.36 -70.25%

Non-Philadelphia Bev. Options
Non-SB × Small 0.61% 0.63% +0.02 3.29%
Non-SB × Medium 2.77% 2.86% +0.09 3.20%
Non-SB × Large 1.65% 1.68% +0.03 1.33%
SB × Small 3.90% 4.23% +0.34 8.67%
SB × Medium 7.68% 8.28% +0.59 7.73%
SB × Large 3.91% 4.18% +0.27 7.00%

Outside Option 67.56% 69.07% +1.51 2.24%

small, single-serving containers with relatively high per-ounce prices. Thus, the price increase

due to the tax is proportionally smaller than those observed in other categories, where products

on average come in larger sizes with lower per-ounce prices.

Supportive evidence is provided in Table 7, which displays simulated market shares for SBs

and non-SBs by size categories (small, medium, and large) and location with and without taxa-

tion. We define small products as those less than 24 ounces, medium products as those greater

than or equal to 24 ounces but less than 120 ounces, and large products as those greater than

or equal to 120 ounces. Unlike Table 6, for Table 7 we do not need to keep track of how each

simulated household switches from one choice to another in response to the tax, and so the

market shares reported in Table 7 are found by averaging the choice probabilities of the original

Halton draws across the 24 post-taxation months without directly simulating product choices.

The “without tax” counterfactual is conducted with the effect of taxation removed from the

individual-level utility.

From Table 7 we observe that the effect of the SB tax is heterogeneously distributed among

differently sized SBs. The tax decreases the market shares of small, medium, and large Philadel-

phia SBs, with large Philadelphia SBs seeing the biggest drop followed by medium then small.

SBs in the non-Philadelphia location experience an increase in market share regardless of size;

so do non-SBs in Philadelphia.

These are intuitive results. Consider Philadelphia SBs, which are subject to the SB tax. Com-

pared to small products, large products are typically sold at a “quantity discount” and have

a lower per-ounce price. Consequently, the SB tax—levied at 1.5¢ per ounce—results in pro-

26



portionally larger price increases for large products, thereby having a more negative impact on

their market shares. Some of the market share that leaves large Philadelphia SBs goes to small

Philadelphia SBs due to their proportionally smaller price increases and relatively high substi-

tutability, leading to a significantly smaller decrease in the market share of small Philadelphia

SBs.

7.3 Effects of SB Tax on Beverage Consumption

We now consider the effects of Philadelphia’s SB tax on households’ beverage consumption, as

well as their cross-border shopping and tax avoidance behavior. For each simulated household

in each post-taxation month, we compute the household’s expected consumption (in ounces) of

Philadelphia SBs, Philadelphia non-SBs, non-Philadelphia SBs, and non-Philadelphia non-SBs,

respectively, based on the model predicted choice probabilities and adjusting the amounts to

account for the expected numbers of products and units purchased per trip and the expected

number of trips in that month. We then sum over the 24 post-taxation months and compute

the average per household over all households, Philadelphia households, and non-Philadelphia

households, respectively.30 We do this twice, without tax and with tax, then calculate the differ-

ences. The results are reported in Table 8.

One may notice that our counterfactual “Without Tax” simulation suggests that compared to

non-Philadelphia households, (1) Philadelphia households consume a smaller amount of bev-

erages overall, and (2) Philadelphia households are significantly more likely to cross-border

shop. First, we hypothesize that differences in consumption result from Philadelphia house-

holds having greater access to products at non-retailer vendors such as restaurants, fast-food

outlets, bodegas, etc. Considering fast food, for instance, there should be no surprise that inner-

city consumers exhibit differences in consumption behavior when compared to those living in

more rural regions. One primary reason for such differences arises from consumers’ proximity

to fast-food establishments. Rahkovsky et al. (2018) find that urban regions have 10 times more

fast-food outlets within a one-mile radius than rural regions, and urban households consume

20% more fast food each week than rural households. These differences in consumption habits

lead to differences in purchasing behavior and highlight a limitation of our analysis (common

to prior works). Namely, we only measure consumption at grocery stores, discount stores, and

drug stores, and cannot account for consumption at non-retailer vendors such as restaurants,

fast-food outlets, bodegas, etc.

Next, we find that Philadelphia households are significantly more likely to cross-border

30The same procedure for computing the expected amount for each simulated household and then averaging

across simulated households is used in subsequent analyses when we compute the average amount of tax paid, loss

in consumer surplus, and sugar and caloric consumption.
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Table 8: Average Beverage Consumption per Householda

Bev. Location × SB Status Without Tax With Tax Difference % Change

All Households

Philadelphia Non-SBs 2,168 2,653 +485 22.37%
Philadelphia SBs 3,940 1,840 -2,100 -53.30%

Non-Philadelphia Non-SBs 4,833 4,910 +77 1.59%
Non-Philadelphia SBs 7,285 7,825 +540 7.41%

Philadelphia Households

Philadelphia Non-SBs 4,194 5,184 +990 23.61%
Philadelphia SBs 7,624 3,673 -3,951 -51.82%

Non-Philadelphia Non-SBs 1,352 1,472 +120 8.88%
Non-Philadelphia SBs 2,187 3,030 +843 38.55%

Non-Philadelphia Households

Philadelphia Non-SBs 321 344 +23 7.17%
Philadelphia SBs 578 167 -411 -71.11%

Non-Philadelphia Non-SBs 8,009 8,047 +38 0.47%
Non-Philadelphia SBs 11,937 12,199 +262 2.19%

aIn ounces; aggregate amount over the post-taxation period January 2017 to December 2018.

shop. This is supported by our household-level data, which suggests that compared to non-

Philadelphia households who live within a 10-minute drive of Philadelphia, Philadelphia house-

holds who live within a 10-minute drive of the surrounding region are about twice as likely to

crosser-border shop. Further, nearly half of Philadelphia households live within a 10-minute

drive of the surrounding region, whereas only a quarter of non-Philadelphia households live

within a 10-minute drive of Philadelphia. Finally, we hypothesize that the greater willingness

to cross-border shop by Philadelphia households is driven by the greater availability of stores in

the non-Philadelphia region. Compared to Philadelphia, the non-Philadelphia region contains

2.5 times more grocery stores, twice as many discount stores, and 30% more drug stores despite

the number of households living in Philadelphia and in the surrounding region being roughly

the same. This greater willingness to cross-border shop by Philadelphia households has a direct

impact on the effectiveness of Philadelphia’s SB taxation policy.

Turning now to the percentage change in consumption with and without taxation, our coun-

terfactual simulation shows that Philadelphia’s SB tax reduces an average household’s purchase

of Philadelphia SBs by 53%. 26% (= 540/2, 100) of this reduction is offset by an increase in the

purchase of non-Philadelphia SBs, leading to a net reduction equivalent to 40% of the purchase

of Philadelphia SBs in the no-tax scenario. These findings differ from that of Seiler et al. (2021),

however they reflect the outcomes seen in Roberto et al. (2019) which we discuss in greater detail

later in this section.

Of course, considering only the average household does not provide a full picture. Instead,
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a primary benefit of our structural estimation using a combination of retail and household data

is the ability to explore how the taxation policy affects households’ behavior conditional on the

location of their residence.

As expected, Philadelphia households on the whole favor Philadelphia beverage options. In

the case without taxation, 78% of Philadelphia households’ SB purchase is for SBs sold within the

city limits. The implementation of the SB tax reduces their purchase of Philadelphia SBs by 52%

and increases their purchase of non-Philadelphia SBs by 39%. Since Philadelphia households’

purchase of non-Philadelphia SBs without taxation is relatively small, a 39% increase in their non-

Philadelphia purchase offsets only 21% of the reduction in their Philadelphia purchase. When

considering the change in SB purchase in the two locations combined, Philadelphia households

experience an average reduction of 32%.

Non-Philadelphia households also prefer beverage options in their home location. In the

case without taxation, the purchase of Philadelphia SBs accounts for only 5% of non-Philadelphia

households’ SB purchase. Furthermore, compared to Philadelphia households, non-Philadelphia

households’ purchase of Philadelphia SBs is more responsive to the SB tax: they reduce their

purchase of Philadelphia SBs by 71% and offset 63% of this reduction through an increase in non-

Philadelphia SB purchase. This is an intuitive result, as non-Philadelphia households already

live in a region without taxation and travel carries an inherent cost. When considering non-

Philadelphia households’ SB purchase in the two locations combined, we find that the tax leads

to a drop of only 1.2%.

Finally, from Table 2 we know that non-Philadelphia households comprise 52.3% of all house-

holds in our market, and from Table 8 we find that relative to Philadelphia households, non-

Philadelphia households display a greater tendency to transfer their SB purchase from Philadel-

phia to the surrounding region in response to the SB tax. It is then not surprising that 25% of

the increase in the purchase of non-Philadelphia SBs comes from non-Philadelphia households

avoiding the taxed region, rather than cross-border shopping by Philadelphia households. Prior

studies of SB taxation consider the increase in SB sales in the surrounding untaxed region to

be a result of cross-border shopping by residents of the taxed region. Our results highlight the

multiple sources of such an increase and suggest that SB taxation may be more effective than

previously thought, if we consider that the tax’s intended target is those households residing

within the city limits.

Two prior papers, Roberto et al. (2019) and Seiler et al. (2021), also use retail scanner data

to examine the Philadelphia SB tax. There exist several similarities and dissimilarities between

our works. In particular, our counterfactual simulation finds a decrease in volume sales of

Philadelphia SBs greater than that suggested by either prior paper. Roberto et al. (2019) find

that volume sales of Philadelphia taxed beverages decline by 51% after the taxation policy and
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that 24% of this reduction is offset by an increase in volume sales in the surrounding region

for a net reduction of 38%, while Seiler et al. (2021) find a decrease of 46% in volume sales of

Philadelphia taxed beverages, with 52% of this reduction offset by an increase in volume sales in

the surrounding region for a net reduction of 22%. In comparison, we find that the SB tax results

in a 53% reduction in volume sales of Philadelphia taxed beverages, with an increase in volume

sales in the surrounding region offsetting 26% of this reduction for a net reduction of 40%.

Differences in the estimated impact of the SB tax can result from a multitude of factors.

Firstly, to the best of our knowledge, our paper is the first to analyze the effects of an SB tax in a

structural context where geographic substitution plays a primary role in determining consumers’

choices. The works of Roberto et al. (2019), Cawley et al. (2020), and Seiler et al. (2021), among

others, employ reduced form estimations that consider the change from pre-taxation to post-

taxation SB volume sales. Using a structural model, we complement prior works by forming our

counterfactual estimation directly on the post-taxation months and incorporating the presence

of shocks unrelated to changes in tax policy; thus, we model purchase as it would have been in

the post-taxation period barring the presence of taxation. Secondly, both Roberto et al. (2019)

and Seiler et al. (2021) use data obtained from IRI whereas our data is provided by NielsenIQ;

differences in the retail stores covered by the different data sources can contribute to differences

in the expected outcome. Differences in weighting procedures, controls, sample distributions,

and cleaning methods may also contribute to overall discrepancies in findings. Finally, to more

accurately account for households’ heterogeneous responsiveness, we rely upon both retail and

household data, which is another potential source for differing results between our work and

those of others.

8 Welfare Implications

In this section, we examine the welfare effects of the soda tax on consumers shopping at grocery

stores, drug stores, and discount stores, focusing on both the tax burden on households and

the subsequent changes in their consumer surplus. To provide a nuanced understanding of

the welfare impacts of localized soda taxation, we decompose these changes across multiple

dimensions, exploring the broader and more comprehensive effects of such fiscal measures on

overall welfare.

Following this, we delve into the implications of deadweight loss resulting from localized

taxation, comparing it to a counterfactual scenario where all regions are uniformly taxed. This

comparison highlights the significant role of localized taxation and cross-border shopping in

generating economic distortions. Finally, we revisit the changes in consumer surplus, but this

time decompose them according to household demographic characteristics rather than location.
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Table 9: Loss in Consumer Surplus per Householda

All Households Phil. Households Non-Phil. Households

Expected CS Loss $56.59 $112.06 $5.98

- Tax Paid $27.80 $55.52 $2.51

- Travel Cost $16.21 $46.34 -$11.28

- Product Substitution $3.24 $6.61 $0.16

- Consumption Reduction $6.85 $11.31 $2.79

- Residual Loss $2.49 -$7.72 $11.80

aAggregate amount over the post-taxation period January 2017 to December 2018.

This allows us to examine the differential effects of the tax on various demographic groups,

providing a more granular understanding of the impact of the tax and shedding light on the

varying consequences of localized taxation in different segments of the population.

8.1 Consumer Surplus Changes by Household Location

We begin by evaluating the average amount of tax paid and loss in consumer surplus per house-

hold during the 24 post-taxation months. Under a nested-logit framework, loss in consumer

surplus is the difference between the expected utility (the “inclusive value” Iit in Eq. (7)) without

and with taxation divided by the household’s marginal utility of money αi.

To decompose the loss of consumer surplus across multiple dimensions, we employ the

Monte Carlo simulation described in Subsection 7.2 to evaluate changes in expected choice utility.

Specifically, we simulate draws from the distribution of ϵ̄ijt, holding them constant while assess-

ing product-level utilities with and without taxation. The maximum value of the product-level

utilities in each scenario determines the beverage choice, allowing us to calculate the correspond-

ing changes in consumer surplus. The Monte Carlo simulation error is minimal, with the derived

change in consumer surplus demonstrating a difference of less than 1% relative to the change in

consumer surplus obtained from the standard two-level nested logit expression.

Table 9 presents our findings averaged across all households, Philadelphia households, and

non-Philadelphia households, respectively. We decompose the loss of expected consumer surplus

into five primary dimensions: tax paid, travel cost, product substitution, consumption reduction,

and residual loss. The sum of these dimensions equals the total loss in expected consumer

surplus associated with Philadelphia’s tax policy from January 2017 through December 2018.

Expected Consumer Surplus Loss Across all households identified as living in or within the

region substitutable with Philadelphia, the expected loss in consumer surplus is $56.59. This

loss represents the dollar amount the government needs to pay a household for them to reach

their pretax utility level. As expected with localized taxation, households with the greatest
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loss in surplus are those living within the city limits, with an average Philadelphia household’s

reduction in consumer surplus 19 times that of an average non-Philadelphia household. This

difference follows from non-Philadelphia households’ lower demand for Philadelphia SBs (as

discussed in Subsection 7.3) and the fact that they can purchase in the untaxed location without

incurring travel costs. For all consumers, this loss in expected surplus is decomposed along

multiple dimensions.

Tax Paid First, we examined the loss in consumer surplus associated with the dollar amount

paid in taxes by households. As Philadelphia’s soda tax is applied to retailers, the amount

households pay is dependent on the pass-through rate. The pass-through rate for most bever-

age options is about 100%, as such this measure is also similar to the total tax generated per

household.

We find that about half of the expected loss in consumer surplus is generated from the tax

paid. For example, for Philadelphia households, tax paid makes up about 49% of the expected

loss in consumer surplus. Although this loss of consumer surplus due to the tax paid is less

than that suggested by Wang (2015), it is intuitive given the localized nature of Philadelphia’s

taxation policy. Demand for SBs remains high despite taxation, and to purchase these products,

consumers face two choices: pay the post-tax price or travel. Many choose to pay and some

choose to travel.

Travel Cost For those who choose to change their travel due to the post-tax price, they in-

cur a change in their expected surplus. This can either be a loss in surplus from Philadelphia

households incentivized to purchase non-Philadelphia SBs post-tax, or a gain in surplus from

non-Philadelphia households avoiding a more costly trip. Focusing first on Philadelphia house-

holds, we find that loss in surplus from post-tax travel cost is nearly as large as that due to the

tax paid. Whereas, for non-Philadelphia consumers, there is a gain in surplus associated with

travel. Again, these results are intuitive.

High demand for SBs encourages those who wish to avoid the tax to purchase in the untaxed

region. For Philadelphia households, this avoidance of taxation, yet continued desire for SBs,

leads some to incur costly travel in favor of costly taxation. However, for non-Philadelphia

households who wish to avoid taxes while still consuming SBs, their solution is simple: avoid

Philadelphia and shop near home. Thus, non-Philadelphia households experience a gain in

surplus from reducing their travel.

Product Substitution Next, we consider the loss in surplus from those who would forgo tax-

ation and travel changes in favor of substitution from taxed SBs to untaxed beverages within

Philadelphia. In this, our analysis is unique when compared to similar works, as Philadelphia’s

soda tax extends to both sugar-sweetened and diet products.
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For example, Wang (2015) decomposes the loss in utility associated with soda taxation, and

finds that the loss in consumer surplus from product switching due to a penny-per-ounce tax is

about 21% to 29% of the total reduction in utility, dependent on income status. However, our

work suggests that the loss in surplus due to product switching is on average $3.24, or about 6%

of the total loss in consumer surplus. This difference arises due to the differences in tax policies

between the hypothetical one explored in Wang (2015) and that realized in Philadelphia.

Extending the soda tax to both sugar-sweetened and artificially-sweetened (diet) products

eliminates the primary alternative consumers would consider under a typical soda taxation pol-

icy. With high demand for SBs and few close substitutes available, it is no surprise that con-

sumers would view product substitution as an undesirable alternative. Hence, they do not incur

large deadweight losses along this channel. This is further supported by the fact that surplus

loss associated with a reduction in consumption is greater than that of product substitution.

Consumption Reduction After travel costs, consumption reduction—where households switch

from purchasing Philadelphia sugary beverages to opting out post-tax—emerges as the third-

largest contributor to the decline in consumer surplus. This outcome is intuitive. As previously

mentioned, the inclusion of diet products within the sugary beverage taxation policy leaves few

close substitutes for most taxed beverages. Consequently, those who choose neither to travel

nor to pay the tax are more likely to opt for no purchase at all rather than substitute with less

desirable alternatives.

Residual Loss We define all changes in consumer surplus not captured by the previously de-

fined channels as ”residual loss.” This encompasses, but is not limited to, changes in surplus due

to substitution between taxed products, utility changes resulting from counterfactual price ad-

justments, and utility shifts beyond travel costs from switching to untaxed products in alternative

regions.

8.2 Deadweight Loss

Overall, our findings suggest that Philadelphia’s localized taxation policy is highly inefficient.

The reductions in consumer surplus beyond the tax paid represents consumer deadweight loss,

with over half of the total loss in consumer surplus attributable to factors other than the tax

itself. The localized nature of the policy significantly contributes to this distortion, as travel costs

alone account for 29% of the total consumer surplus loss across all households, rising to 41%

when considering only those residing within the city limits.

Table 10 examines the counterfactual scenario where all locations are taxed. In this scenario,

deadweight loss decreases significantly while the share of Consumer Surplus Loss attributed

to the Tax Paid dimension increases from 49% to 71%. These findings reinforce the idea that
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Table 10: Loss in Consumer Surplus per Household: All Regions Taxed Counterfactuala

All Households Phil. Households Non-Phil. Households

Expected CS Loss $123.95 $109.85 $136.82

- Tax Paid $87.53 $79.33 $95.01

- Travel Cost -$8.84 -$15.75 -$2.54

- Product Substitution $9.71 $5.64 $13.43

- Consumption Reduction $21.44 $27.00 $16.37

- Residual Loss $14.11 $13.63 $14.55

aAggregate amount over the post-taxation period January 2017 to December 2018.

localized taxation is highly inefficient when travel time to untaxed regions is small, as cross-

border shopping contributes significantly to deadweight loss.

This result is consistent with existing findings. Agarwal (2012) argues that uniform tax rates

within a region can lead to substantial distortions along borders, especially when neighboring

regions have significantly lower prices. To mitigate the resulting deadweight loss, he proposes

that state planners could implement tax rates that decrease as they approach the border. How-

ever, Philadelphia’s relatively small geographic size likely limits the feasibility of such a strategy,

and instead faces significant reductions in deadweight loss.

8.3 Sugar and Caloric Consumption by Household Location

All is not bad for consumers of SBs. We next consider how the taxation policy reduces sugar and

caloric consumption—a “side benefit” of the SB tax, whose stated primary goal is to generate

tax revenue. According to the US Center for Disease Control and Prevention, SBs are the leading

source of added sugars in the American diet, and frequent consumption of sugary drinks is

associated with obesity, type 2 diabetes, heart disease, and kidney diseases, among a plethora of

other negative health effects.31 Table 11 presents the changes in sugar and caloric consumption

from beverages during the 24 post-taxation months, averaged across all households, Philadelphia

households, and non-Philadelphia households, respectively.

We find that, for an average household living in Philadelphia and the surrounding region,

there is an expected reduction in the consumption of sugar by 12%. This effect is strongest

for Philadelphia households, who have an average reduction of 26%, whereas non-Philadelphia

households—who are not the targeted population of the SB tax—experience an average reduc-

tion of 1%. To put this reduction in context, we consider the expected caloric reduction. For

Philadelphia households, the implementation of the SB tax translates to a decrease in caloric

intake equal to 23,609 calories—approximately 12 days’ worth of caloric intake (under a 2,000-

calories-a-day diet). The sizable reduction in sugar and caloric consumption among Philadelphia

31See https://www.cdc.gov/nutrition/data-statistics/sugar-sweetened-beverages-intake.html.
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Table 11: Average Sugar and Caloric Consumption from Beverages per Householda

Without Tax With Tax Difference % Change

All Households

Sugar (g) 25,395 22,380 -3,015 -11.87%

Calories (Cal) 103,984 92,162 -11,822 -11.37%

Philadelphia Households

Sugar (g) 23,216 17,198 -6,018 -25.92%

Calories (Cal) 94,069 70,460 -23,609 -25.10%

Non-Philadelphia Households

Sugar (g) 27,383 27,108 -275 -1.00%

Calories (Cal) 113,032 111,962 -1,070 -0.95%

aAggregate amount over the post-taxation period January 2017 to December 2018.

households attests to the substantial public health benefits of the SB tax. Note that our results

only consider the decrease in sugar and caloric consumption from beverages purchased at gro-

cery stores, discount stores, and drug stores; overall reduction will be larger when considering

other avenues of purchase. Also note that our analysis does not consider substitution to sugary

non-beverage alternatives.

8.4 Differences between High- and Low-Income Households

We now consider to what extent households with different income status differ in their amount

of tax paid, loss of consumer surplus, and reduction in sugar and caloric consumption. This will

in turn inform us about the degree to which the taxation policy exhibits regressive tendencies,

which is particularly relevant in this context, as a primary concern for opponents of Philadel-

phia’s SB tax was its potential impact on the city’s poor—households who, as found in past

studies, generally display a greater demand for SBs, the products to be taxed.

From our structural setup, there are several mechanisms by which low-income households

may react differently to the implementation of an SB tax. This includes differences in preference

for product categories, price, travel time, etc.; a full accounting is found in Table 3. For example,

our results suggest that low-income households incur less disutility from travel time, which may

result in a greater willingness to cross-border shop. Additionally, price sensitivity may differ

between those with means and those without.

Price Elasticity of Demand We begin by considering price elasticity of demand by income sta-

tus. Table 12 presents our findings. Unlike in Table 4, here we consider own- and cross-elasticities

of demand averaged only at the “all beverage options” level to highlight the differences between

high- and low-income households in terms of their responsiveness to price increases. As before,

cross-elasticities of demand are reported for beverage options from the same category, same
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Table 12: Price Elasticity of Demand by Income Status

Average Level Own-Elasticity Cross-Elasticity

Same Category
All Bev.

Options
All Bev. Same Different

Options Location Location

High-Income

All Bev. Options -1.0276 0.0058 0.0103 0.0013 0.0010

Low-Income

All Bev. Options -1.1686 0.0072 0.0120 0.0023 0.0011

Table 13: Average SB Consumption per Household, by Location and Income Statusa

Income Status × SB Location Without Tax With Tax Difference % Change

Philadelphia Households

High-Income

Philadelphia SBs 7,951 3,763 -4,188 -52.67%

Non-Philadelphia SBs 1,928 2,735 +807 41.86%

Low-Income

Philadelphia SBs 7,208 3,558 -3,650 -50.64%

Non-Philadelphia SBs 2,517 3,406 +889 35.32%

Non-Philadelphia Households

High-Income

Philadelphia SBs 510 141 -369 -72.35%

Non-Philadelphia SBs 12,022 12,259 +237 1.97%

Low-Income

Philadelphia SBs 811 258 -553 -68.19%

Non-Philadelphia SBs 11,649 12,000 +351 3.01%

aIn ounces; aggregate amount over the post-taxation period January 2017 to December 2018.

category and same location, same category and different location, and all beverage options.

We find that low-income households display a greater price sensitivity than high-income

households, with respect to both own-elasticity and cross-elasticities. For example, low-income

households’ own-elasticity of demand is 14% greater than high-income households’. This find-

ing is intuitive, as one would expect those with less income to display a greater sensitivity to

changes in price. However, despite their greater price elasticity, regardless of location low-income

households still display less sensitivity to SB taxation, as demonstrated in Table 13.

SB Consumption Table 13 considers SB consumption by location and income status with and

without taxation during the post-taxation period. Interestingly, we find that high-income house-

holds consume more SBs than low-income households. In data we observe that high-income

households drink substantially more tea and juice, including the SB varieties, while low-income
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households drink considerably more sweetened carbonated soft drinks.

Table 13 shows that low-income households are less responsive to the taxation policy than

high-income households. Among Philadelphia households, low-income households reduce their

consumption of Philadelphia SBs by 51% in response to the tax, 2 percentage points lower than

their high-income counterparts, while among non-Philadelphia households, low-income house-

holds reduce their consumption of Philadelphia SBs by 68% in response to the tax, 4 percentage

points lower than their high-income counterparts.

When considering the net reduction in Philadelphia SB consumption (i.e., after accounting

for the offset by cross-border shopping) among Philadelphia households, we see that low-income

households experience a net reduction of 38% (with the increase in cross-border shopping off-

setting 24% of the reduction in Philadelphia SB consumption), whereas high-income households

experience a bigger net reduction at 43% (with the increase in cross-border shopping offsetting

only 19% of the reduction in Philadelphia SB consumption).

Table 13 also shows that among both Philadelphia households and non-Philadelphia house-

holds, and both without tax and with tax, low-income households exhibit a greater tendency

to cross-border shop than high-income households. These two types of households’ geographic

distribution may go towards explaining the discrepancies between their cross-border shopping

behavior. Figure 2 shows the percentage of high-income households for each ZIP Code in and

around Philadelphia. We observe that within Philadelphia, low-income households tend to live

along the city’s western edge, through the city center, and up to the northern city limits. Out-

side Philadelphia, we see that low-income households tend to live near the western portion of

the city border. It is along these western and northern city limits—with high population den-

sity and where some of Philadelphia’s most vulnerable low-income households reside—that we

observe some of the highest rates of cross-border shopping. In comparison, especially among

non-Philadelphia households, high-income households find it more beneficial to avoid cross-

border shopping since their saving of travel costs would be higher, both because they have

greater disutility from travel time and because they tend to live farther from the border in less

population-dense regions. Such a pattern therefore offers an explanation for the greater tendency

among low-income households to cross-border shop.

Amount of Tax Paid and Loss in Consumer Surplus Following directly from the differences

in purchasing behavior, we consider the differences between high- and low-income households

in the amount of tax paid and loss in consumer surplus. Table 14 presents these results.

Within Philadelphia, high-income households pay 6% more taxes than their low-income

counterparts, while outside Philadelphia, low-income households pay 83% more taxes than their

high-income counterparts. Among Philadelphia households, the difference in tax paid arises

primarily from the pattern that high-income households have a greater preference for tea and
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Figure 2: Percentage of High-Income Households by ZIP Codea

aThe city of Philadelphia is the area outlined in red. Total map area consists of those ZIP codes included in

model estimation.

Table 14: Average Tax Paid and Loss in Consumer Surplus per Household, by Location
and Income Statusa

All Households Phil. Households Non-Phil. Households

High-Income

Tax Paid $23.71 $56.44 $2.11

∆CS -$47.83 -$112.78 -$4.96

Low-Income

Tax Paid $35.58 $53.37 $3.87

∆CS -$-75.83 -$112.93 -$9.72

aAggregate amount over the post-taxation period January 2017 to December 2018.

juice SBs and tend to purchase more of these SBs with or without taxation, thus driving up their

overall consumption of taxed products. Among non-Philadelphia households, in addition to the

greater preference for SBs displayed by low-income households, another factor that contributes

to the difference in tax paid is a household’s home location. As shown in Figure 2, outside

Philadelphia, low-income households tend to live close to the city border. Their proximity to

Philadelphia coupled with their lower disutility from travel time contributes to their much larger

purchase of Philadelphia SBs, with or without taxation, than their high-income counterparts (as

shown in Table 13). This, in turn, is the primary driver behind the difference in the amount of

tax paid between high- and low-income non-Philadelphia households.

This border proximity also helps explain the significantly larger loss in consumer surplus
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observed for non-Philadelphia households who are low-income. For them, compared to their

high-income counterparts who tend to live farther away from the city and have a lower preference

for SBs, Philadelphia SBs are more likely to be the most preferred among all options in their

choice set when there is no tax, and therefore the imposition of a tax on Philadelphia SBs has a

more negative impact on their consumer surplus. Finally, considering households living within

Philadelphia, we find that the loss in consumer surplus from taxation is nearly equal between

high- and low-income households.

Regressivity of the SB Tax by Income Status Although low-income Philadelphia households

on average incur a loss of consumer surplus similar to that for their high-income counterparts,

and their average taxation amount is slightly less, the large income difference between these two

groups of households needs to be taken into account when assessing the regressivity of the SB

tax.32 According to data from the 2018 ACS, the average annual income for low-income Philadel-

phia households is $17,330, whereas their high-income counterparts have a much higher average

of $93,245. These numbers, together with the loss-in-consumer-surplus numbers reported in Ta-

ble 14, show that when measured as a percentage of annual income, low-income Philadelphia

households on average incur a loss of consumer surplus 5.39 times as large as their high-income

counterparts’, suggesting that the tax is highly regressive. Similarly, among those living out-

side the city limits, low-income households have an average annual income of $20,264, whereas

high-income households have a much higher average of $125,060. Therefore, when measured

as a percentage of annual income, low-income non-Philadelphia households again incur a much

larger loss of consumer surplus than their high-income counterparts. We will explore the regres-

sivity of SB taxation in greater detail in Subsection 8.5, where we consider the joint distribution

of income and representation status.

Changes in Sugar and Caloric Consumption Lastly, we consider changes in sugar and caloric

consumption from beverages for high- and low-income households by home location. We find

that among Philadelphia households, high-income households on average consume less sugar

and fewer calories and experience a greater percentage reduction in their consumption, while

among non-Philadelphia households, high-income households on average consume less sugar

and fewer calories but experience a smaller percentage reduction in their consumption. Detailed

results are reported and discussed in Appendix A5.

32Joint distribution of average income and low-income status is obtained from the PUMA ACS for those ZIP Codes

pertaining to our sample of interest.
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Table 15: Price Elasticity of Demand by Representation Status

Average Level Own-Elasticity Cross-Elasticity

Same Category
All Bev.

Options
All Bev. Same Different

Options Location Location

Non-URM

All Bev. Options -0.9026 0.0049 0.0089 0.0009 0.0008

URM

All Bev. Options -1.3928 0.0087 0.0145 0.0028 0.0013

8.5 Differences between URM and Non-URM Households

Similar to above, we now consider to what extent households with different representation status

differ in their amount of tax paid, loss of consumer surplus, and reduction in sugar and caloric

consumption. This will in turn inform us about the degree to which the taxation policy exhibits

regressive tendencies among some of the most vulnerable communities. Again, this is particu-

larly relevant in this context, as a primary concern for opponents of Philadelphia’s SB tax was

its potential impact on the city’s most vulnerable.

From our structural setup, there are several mechanisms by which URM households may

react differently to the implementation of an SB tax. This includes differences in preference for

product categories, price, travel time, etc.; a full accounting is found in Table 3. For example, our

results suggest that URM households incur less disutility from travel time, which may result in a

greater willingness to cross-border shop. Additionally, the price sensitivity of URM households

is greater than that of non-URM households.

Price Elasticity of Demand We begin by considering price elasticity of demand by represen-

tation status. Table 15 presents our findings. Unlike in Table 4, here we consider own- and

cross-elasticities of demand averaged only at the “all beverage options” level to highlight the

differences between URM and non-URM households in terms of their responsiveness to price

increases. As before, cross-elasticities of demand are reported for beverage options from the

same category, same category and same location, same category and different location, and all

beverage options.

We find that, with respect to both own-elasticity and cross-elasticities, URM households dis-

play a noticeably greater price sensitivity than non-URM households. For example, URM house-

holds’ own-elasticity of demand is 54% greater than non-URM households’. This difference is

significantly larger than that between low- and high-income households (Table 12), suggesting

that representation status plays a much larger role in choice behavior than income status.

Similar to low-income households, despite their greater price sensitivity, regardless of loca-
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Table 16: Average SB Consumption per Household, by Location and Representation
Statusa

Rep. Status × SB Location Without Tax With Tax Difference % Change

Philadelphia Households

Non-URM

Philadelphia SBs 7,592 3,464 -4,128 -54.37%

Non-Philadelphia SBs 1,673 2,390 +717 42.86%

URM

Philadelphia SBs 7,656 3,871 -3,785 -49.44%

Non-Philadelphia SBs 2,674 3,637 +963 36.01%

Non-Philadelphia Households

Non-URM

Philadelphia SBs 467 124 -343 -73.45%

Non-Philadelphia SBs 11,886 12,103 +217 1.83%

URM

Philadelphia SBs 1,025 342 -683 -66.63%

Non-Philadelphia SBs 12,139 12,585 +446 3.67%

aIn ounces; aggregate amount over the post-taxation period January 2017 to December 2018.

tion URM households display less sensitivity to SB taxation, as demonstrated by Table 16.

SB Consumption Table 16 considers SB consumption by location and representation status

with and without taxation during the post-taxation period. We find that URM households con-

sume more SBs than non-URM households. Considering consumption at the category level,

regardless of location, URM households consume less water, less tea, and significantly more

juice. Further, considering juice consumption, non-URM households drink a nearly even ratio

of SB and non-SB juice, whereas URM households prefer SB juice—these products make up

two-thirds of their total juice consumption.

Regardless of household location, URM households reduce their consumption of Philadel-

phia SBs by a smaller proportion in response to the tax. Among Philadelphia households, URM

households reduce their consumption of Philadelphia SBs by 49% in response to the tax, 5 per-

centage points lower than their non-URM counterparts. Among non-Philadelphia households,

the two types of households exhibit an even greater discrepancy, with URM households reduc-

ing their consumption of Philadelphia SBs by 67% in response to the tax, 6 percentage points

lower than their non-URM counterparts. As with the price elasticity of demand, we observe that

the difference in behavior between URM and non-URM households is greater than that between

low- and high-income households, again suggesting that representation status plays a stronger

role in determining consumer behavior than income status.

When considering the net reduction in Philadelphia SB consumption (i.e., after accounting
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for the offset by cross-border shopping) among Philadelphia consumers, we see that URM house-

holds experience a net reduction of 37% (with the increase in cross-border shopping offsetting

25% of the reduction in Philadelphia SB consumption), whereas non-URM households experi-

ence a bigger net reduction at 45% (with the increase in cross-border shopping offsetting only

17% of the reduction in Philadelphia SB consumption). Overall, URM households are less re-

sponsive to the tax and are more likely to cross-border shop than non-URM households.

Geographic distribution may go towards explaining the differences between URM and non-

URM households’ cross-border shopping behavior. Figure 3 shows the percentage of URM

households for each ZIP Code in and around Philadelphia. We observe that within Philadel-

phia, URM households tend to live along the city’s western edge, through the city center, and up

to the northern city limits. Outside Philadelphia, we see that URM households tend to live near

the western portion of the city border. It is along these western and northern city limits—with

high population density and where some of Philadelphia’s most vulnerable groups reside—that

we observe some of the highest rates of cross-border shopping.

Comparing Figure 3 to Figure 2, which presents the geographic distribution of high-income

households, we observe that the concentration of URM households along the Philadelphia city

border is greater than that of low-income households. This, in turn, suggests that URM house-

holds may display a greater willingness to cross-border shop as compared to low-income house-

holds. This hypothesis is confirmed by comparing Table 16 to Table 13, both with and without

taxation.

Considering non-Philadelphia households, given the geographic distribution of households

observed in Figure 3, it is of no surprise that URM households are more likely to shop within

Philadelphia than non-URM households, both with and without taxation. To a large extent, the

majority of URM households live either within Philadelphia or close to the city limits. This

raises concerns that vulnerable communities such as URM households may bear the brunt of

Philadelphia’s SB taxation, which we examine next.

Amount of Tax Paid and Loss in Consumer Surplus Following directly from the differences

in purchasing behavior, we consider the differences between URM and non-URM households in

the amount of tax paid and loss in consumer surplus. Table 17 presents these results.

We find that URM households bear the largest tax burden. Within Philadelphia, URM house-

holds pay 12% more taxes than their non-URM counterparts, while outside Philadelphia, URM

households pay an astounding 176% more taxes than their non-URM counterparts. Among

Philadelphia households, the difference in tax paid arises primarily from URM households’

stronger preference for SBs and hence their tendency to purchase more of these products with or

without taxation. Among non-Philadelphia households, in addition to the greater preference for

SBs displayed by URM households, another factor that contributes to the difference in tax paid
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Figure 3: Percentage of URM Households by ZIP Codea

aThe city of Philadelphia is the area outlined in red. Total map area consists of those ZIP codes included in

model estimation.

Table 17: Average Tax Paid and Loss in Consumer Surplus per Household, by Location
and Representation Statusa

All Households Phil. Households Non-Phil. Households

Non-URM

Tax Paid $19.73 $51.95 $1.86

∆CS -$37.89 -$98.56 -$4.25

URM

Tax Paid $42.25 $58.06 $5.13

∆CS -$92.59 -$126.37 -$13.30

aAggregate amount over the post-taxation period January 2017 to December 2018.

is home location.

As shown in Figure 3, outside Philadelphia, URM households tend to live close to the city

border. Their proximity to Philadelphia coupled with their lower disutility from travel time

contributes to their much larger purchase of Philadelphia SBs, with or without taxation (as

shown in Table 16). This, in turn, is the primary driver behind the difference in the amount of

tax paid between URM and non-URM non-Philadelphia households.

This border proximity also helps explain the significantly larger loss in consumer surplus

observed for URM non-Philadelphia households. For them, compared to their non-URM coun-

terparts who tend to live farther away from the city and have a lower preference for SBs, Philadel-

phia SBs are more likely to be the most preferred among all options in their choice set when there
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is no tax, and therefore the imposition of a tax on Philadelphia SBs has a more negative impact

on their consumer surplus.

Finally, considering consumers living within Philadelphia, we find that the loss in consumer

surplus is greater for URM households, primarily driven by their stronger preference for SBs.

Burden of the SB Tax Within Philadelphia, URM households comprise 52% of the households

and pay 12% more taxes than their non-URM counterparts. Outside Philadelphia, URM house-

holds comprise only 20% of the households and pay 176% more taxes than their non-URM coun-

terparts. Taking into consideration total taxes paid and household distributions, we find that

URM households, despite comprising only 35% of the households in and around Philadelphia,

generate 54% of the tax revenue. This disparity is even worse when we consider that URM house-

holds on average earn $49,454 a year, whereas non-URM households on average earn $98,886 a

year—a 100% increase. These results suggest that disadvantaged and underrepresented com-

munities pay the greatest share of the tax revenue generated, exacerbating the existing racial

disparity among households.

Regressivity of the SB Tax by Income and Representation Status Examination of the tax rev-

enue by income and representation status groups further demonstrates an amplification of dis-

parity resulting from the adverse consequences of taxation. Specifically, low-income URM house-

holds (which are the lowest income group within our research and on average earn $1,000 less

than low-income non-URM households) comprise 18% of the households in and around Philadel-

phia but generate 28% of the total tax revenue. In contrast, low-income non-URM households

make up 15% of the households and generate only 14% of the total tax revenue.

Focusing solely on Philadelphia, URM households on average earn $43,663 a year, 42% less

than non-URM households, whose average annual income is $75,748. The regressivity of SB

taxation is exacerbated when considering the joint distribution of income and representation sta-

tus: within Philadelphia, low-income URM households on average earn $17,129 a year and pay

$55.64 in SB taxes, whereas high-income non-URM households on average earn $105,819 a year

and pay $53.23 in SB taxes. Taken as a whole, the consideration of representation status serves

to widen the disparity in outcome observed in Subsection 8.4 between high- and low-income

households. When measured as a proportion of their respective annual incomes, low-income

URM Philadelphia households pay 6.5 times more in SB taxes and see a reduction in consumer

surplus 7.6 times greater than their high-income non-URM counterparts. These findings high-

light the regressive nature of the SB tax: those who bear the greatest burden from the tax are

underrepresented communities with the least means.

Changes in Sugar and Caloric Consumption Lastly, we consider changes in sugar and caloric

consumption from beverages by home location and representation status. We find that among

44



Philadelphia households, non-URM households on average consume less sugar and fewer calo-

ries and experience a greater percentage reduction in their consumption, while among non-

Philadelphia households, non-URM households on average consume less sugar and fewer calo-

ries but experience a smaller percentage reduction in their consumption. Detailed results are

reported and discussed in Appendix A6.

9 Alternative Scenarios

In this section, we examine several alternative scenarios to further our understanding of Philadel-

phia’s SB tax. We first vary the tax rate to identify the one that maximizes the tax revenue. We

then consider the changes in sugar and caloric consumption, consumer surplus, and the revenue-

maximizing tax rate if diet products are not subject to taxation (as in the original proposal of the

Philadelphia SB tax). We also consider the impact of taxation on SB consumption and consumer

surplus if not only Philadelphia but also its surrounding region are subject to the same tax (as

would be the case if the tax is implemented in a broader region, for instance at the state or fed-

eral level). Lastly, we consider how reduction in travel time (resulting from improved roads, for

example) would affect SB consumption and cross-border shopping behavior.

9.1 Revenue-Maximizing Tax Rate

Here, we use our estimates of beverage demand and taxation responses to predict outcomes

under counterfactual tax rates. Counterfactual prices under hypothetical tax rates are obtained

based on the supply-side model described in Section 7. As mentioned earlier, unlike prior works,

our estimates of demand responsiveness to taxation account for consumer heterogeneity in terms

of beverage preferences, travel costs, and locational and categorical substitution.

Given any counterfactual tax rate and the corresponding counterfactual beverage prices, we

calculate the average amount of SB tax payment per household during the 24 post-taxation

months for each income status/representation status/location combination. We use these av-

erages and the demographic distribution of households provided in Table 2 to obtain the total

tax revenue for each combination. Summing over all such combinations provides the total tax

revenue for the given tax rate.

We obtain a revenue-maximizing tax rate of 2.51¢ per ounce—much closer to the initially

proposed tax rate of 3¢ per ounce than the actual tax rate of 1.5¢ per ounce. We find that the

actual tax rate generates a revenue of $34.4 million during the 24 post-taxation months, which

equals 94% of the $36.7 million that would be generated at the revenue-maximizing tax rate,

whereas the initially proposed tax rate of 3¢ per ounce would generate a revenue more than

99% of the maximal revenue. We note that these revenue figures account for revenue generated
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at the stores in our sample, namely grocery stores, discount stores, and drug stores; we do

not consider revenue from other sources such as supercenters, gas stations, dollar stores, and

non-retailer vendors such as restaurants, fast-food outlets, and theaters.

Furthermore, we find that the revenue-maximizing tax rate demonstrates even bigger re-

gressive tendencies, with 30.4% of the tax revenue coming from low-income URM households,

compared to 28.2% under the actual tax rate. Additionally, the revenue-maximizing tax rate

would lead to an average consumer surplus loss of $72.14, constituting a 27% increase when

compared to the actual tax rate’s average loss of $56.99.

Differences between the revenue-maximizing tax rate found in our work and those found in

other research likely arise from differences in the structure of the demand curve. Of particular

note is Seiler et al. (2021), who find a revenue-maximizing tax rate of 1.63¢ per ounce for Philadel-

phia’s SB tax, when assuming a linear demand curve. Our findings, in comparison, are derived

from our demand estimates based on the RCNL modeling structure. We contend that our higher

revenue-maximizing tax rate is driven primarily by the persistent consumption of Philadelphia

SBs by a subset of Philadelphia households who lack inexpensive substitutes for SBs within their

home region, many of these households facing large travel costs and high SB preferences. This

pattern leads to such households’ low price sensitivity with respect to Philadelphia SBs, which

in turn gives rise to a higher figure for the revenue-maximizing tax rate.

In terms of structural modeling, Allcott et al. (2019) consider the optimal SB tax rate for

a government with preferences for wealth redistribution. They determine an optimal tax rate

between 1¢ and 2.1¢ per ounce. Differing from their work, our analysis is concerned with the

revenue-maximizing tax rate rather than the socially optimal tax rate. Furthermore, they fo-

cus on a national SB tax imposed on sugar-sweetened beverages only, whereas our analysis is

concerned with the city of Philadelphia and includes diet products containing artificial sweeten-

ers. A more appropriate comparison between our work and Allcott et al. (2019) is found in the

next subsection, where we report a revenue-maximizing tax rate of 1.90¢ per ounce under the

assumption that diet products are excluded from the tax.

9.2 Additional Counterfactuals

Next we consider three additional counterfactual scenarios. Detailed results are reported in Table

18; here we summarize the main findings.

We find that removing diet products from the tax (column 4 of Table 18) induces a greater

reduction in households’ sugar and caloric consumption and reduces households’ tax paid and

loss in consumer surplus, both of which are beneficial for households. The main intuition here

is that sugary beverages and their diet counterparts are good substitutes for some households,

therefore when diet products are excluded from the tax, these households are able to switch from

46



sugary beverages to their diet counterparts in order to avoid the tax, rather than having to travel

for cross-border shopping or switch to less substitutable products. Correspondingly, we see that

cross-border shopping is reduced, illustrating the inverse relationship between product substitu-

tion and geographic substitution. Additionally, the relatively high substitutability between taxed

products and their untaxed diet counterparts results in a significantly lower revenue-maximizing

tax rate of 1.90¢ per ounce, compared to 2.51¢ per ounce when diet products are also taxed.

If the SB tax is levied upon both Philadelphia and its surrounding region (column 5 of Table

18), there is a more significant reduction in households’ sugar and caloric consumption, and

households experience a larger amount of tax paid and a bigger loss in consumer surplus. Inter-

estingly but intuitively, the consumption of Philadelphia SBs is reduced by a noticeably smaller

proportion in response to the SB tax. The removal of the option to buy untaxed SBs in the

non-Philadelphia location results in some households choosing to pay the heightened prices and

continue buying Philadelphia SBs.

If the travel time experienced by all households is reduced by 25% of the baseline (column 6 of

Table 18), cross-border shopping is much more active, offsetting a significantly larger proportion

of the reduction in the consumption of Philadelphia SBs. The reduction in sugar and caloric

consumption is diminished, and the amount of tax paid and the loss in consumer surplus are

reduced.

Together, our counterfactual analyses show that when designing local taxation policies, pol-

icymakers need to pay careful attention to the scope of the tax—in terms of product and geo-

graphic coverage—as well as households’ ability and tendency for cross-border shopping, as they

are shown to have significant impact on households’ responses and the consumption and wel-

fare consequences of the tax. Furthermore, the structural approach that we use in our analyses

provides a useful framework for policymakers in their policy development and evaluation.

10 Conclusion

In this work, we employ a structural modeling framework that combines both retail and house-

hold data to study the relationship between local taxation and households’ tax avoidance be-

havior including cross-border shopping and product substitution, focusing on Philadelphia’s SB

tax.

We find that travel time to the untaxed region surrounding Philadelphia plays an important

role in determining households’ substitution patterns. In response to the implementation of an

SB tax, our results quantify households’ reduction in the consumption of taxed beverages in

Philadelphia and their willingness to seek untaxed products in locales beyond the city border.

Accounting for household location, we find that 26% of the rise in SB sales in the surrounding
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Table 18: Additional Counterfactuals

Actual No Dieta Both Loc.
Taxed

Travel Time
Reduced

%
∆

Ph
il

.S
B

s All Households -53.30% -60.19% -45.20% -58.71%

URM -50.36% -56.31% -41.69% -57.09%

Non-URM -56.26% -64.76% -48.79% -60.35%

Low-Income -51.68% -58.16% -43.06% -58.00%

High-Income -54.42% -61.64% -46.70% -59.21%

%
O

ff
se

t
by

C
ro

ss
-B

or
de

r
Sh

op
pi

ng

All Households 25.72% 17.54% - 50.89%

URM 28.28% 20.64% - 56.23%

Non-URM 23.39% 14.42% - 45.75%

Low-Income 27.44% 19.34% - 55.22%

High-Income 24.57% 9.85% - 47.95%

%
∆

Su
ga

r All Households -11.87% -14.76% -37.04% -8.16%

URM -14.97% -18.35% -34.07% -9.63%

Non-URM -9.82% -12.36% -39.01% -7.18%

Low-Income -14.96% -18.56% -36.97% -9.85%

High-Income -10.36% -12.87% -37.08% -7.32%

%
∆

C
al

or
ie

s All Households -11.37% -13.75% -35.81% -7.68%

URM -14.38% -17.26% -32.69% -9.07%

Non-URM -9.42% -11.48% -37.83% -6.79%

Low-Income -14.45% -17.63% -35.78% -9.36%

High-Income -9.90% -11.90% -35.82% -6.88%

Ta
x

Pa
id

All Households -$27.60 -$18.67 -$89.21 -$24.40

URM -$42.25 -$31.64 -$96.23 -$36.53

Non-URM -$19.73 -$11.72 -$85.43 -$17.90

Low-Income -$35.58 -$25.00 -$89.40 -$30.93

High-Income -$23.71 -$15.59 -$89.11 -$21.23

∆
C

S

All Households -$56.99 -$42.67 -$164.16 -$25.87

URM -$92.59 -$74.68 -$190.24 -$39.25

Non-URM -$37.89 -$25.48 -$150.16 -$18.69

Low-Income -$75.83 -$58.01 -$169.31 -$30.94

High-Income -$47.83 -$35.20 -$161.66 -$23.41

aThe No Diet scenario removes diet beverages from being taxed, and the reported relative changes in

consumption and cross-border shopping pertain to sugar-sweetened beverages only.

region is due to an avoidance of Philadelphia SBs by those residing in the surrounding region,

rather than cross-border shopping by Philadelphia households.

Our model and estimation allow for heterogeneous consumer behavior based on their de-

mographic characteristics and proximity to the city border. Taking into account consumers’
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heterogeneous responses to the tax, we show that the actual tax rate of 1.5¢ per ounce is well

below the revenue-maximizing tax rate of 2.51¢ per ounce. Our results suggest that, without

readily available substitutes and facing large travel costs associated with cross-border shopping,

a subset of Philadelphia households are persistent in their consumption of Philadelphia SBs,

willing to pay the higher prices resulting from the tax. Their low price sensitivity with respect

to Philadelphia SBs is a main factor behind the high revenue-maximizing tax rate.

Based on our demand estimates, we calculate the average amount of tax paid and loss in con-

sumer surplus for households at different locations and with different income and representation

status. Taking into account travel costs and the switch to less preferred products, Philadelphia

households on average incur a loss in consumer surplus more than twice the amount of tax paid,

with low-income URM households bearing the largest burden. When measured as a percentage

of annual income, low-income URM Philadelphia households on average pay 6.5 times more in

SB taxes and incur a loss in consumer surplus 7.6 times greater than their high-income non-URM

counterparts, suggesting that the tax is highly regressive.

These findings are especially relevant for governmental entities weighing the benefits of a

revenue-generating, healthy-habit-inducing tax against the drawbacks of a strongly regressive

taxation policy. Additionally, through counterfactual analyses in which we vary the geographic

coverage of the tax as well as travel times to the alternative region, we provide supportive ev-

idence for the notion that policymakers must carefully consider geographic coverage and geo-

graphic substitution when designing and evaluating local policies.

Lastly, our model’s applicability extends beyond the context studied in this work. Any lo-

cal tax or subsidy susceptible to cross-border shopping offers an opportunity for study under

our framework, which facilitates rich modeling and sensible estimation of individuals’ hetero-

geneous travel costs and substitution patterns, as well as the policy’s potentially vastly different

impact on different individuals.
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Online Appendix

A1 SB Sales in the Region Surrounding Philadelphia

To assess the exclusion of stores beyond the 20-minute band surrounding Philadelphia, we ex-

amine SB sales in stores within the 3-digit ZIP Code prefixes (080, 181, 189, 190, 191, 192 and 194)

pertaining to Philadelphia and its surrounding region. Specifically, we estimate the impact of the

SB tax on SB sales within Philadelphia and the surrounding region by travel time. In addition

to the 196 stores in the “city + 20 minutes” region referenced in Section 3.1, we also observe the

sales of 57 stores 20–30 minutes from the city, and 49 stores 30+ minutes from the city. SB sales

are aggregated at the store-week level for estimation purposes.

Results in Table A1 provide evidence that stores 20+ minutes from the city border are not

affected by cross-border shopping, as their SB sales do not demonstrate a positive response

to the Philadelphia SB tax. The first regression, Column (1), treats stores 20+ minutes from

Philadelphia as our control group. We find a positive and significant change in SB ounces sold

among stores within the 20-minute region surrounding Philadelphia, suggesting the presence of

cross-border shopping. Column (2) acts as a test of the validity of our “city + 20 minutes” cutoff.

Specifically, we treat stores 30+ minutes from Philadelphia as our control group, and find no

significant response in sales among stores 20–30 minutes from Philadelphia.

Table A1: Regression of SB Volume Salesa

Dependent Variable: Weekly SB Sales (in Ounces) (1) (2)
Post-Tax × Philadelphia -57109.64*** -56072.88***

(1795.76) (2194.39)
Post-Tax × (0–10 minutes from Philadelphia) 63887.86*** 64924.60***

(2876.15) (3140.52)
Post-Tax × (10–15 minutes from Philadelphia) 16812.08*** 17848.84***

(2158.95) (2500.33)
Post-Tax × (15–20 minutes from Philadelphia) 21004.13*** 22040.88***

(2025.41) (2385.98)
Post-Tax × (20–25 minutes from Philadelphia) – 3369.40

(2762.45)
Post-Tax × (25–30 minutes from Philadelphia) – 208.57

(2920.85)
Store FEs Y Y
Week FEs Y Y
Observations 63,067 63,067
Weeks 209 209

***p<.01, **p<.05, *p<.1
aRobust standard errors reported in parentheses. SB sales aggregated at the store-week level.
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A2 Multiple Purchases During a Single Trip

During some observed purchase opportunities, households buy multiple units of the same prod-

uct or buy multiple different products. However, in our retail data, information pertaining to

individual-level purchase variety and amounts is unavailable—we only observe aggregate store

sales. To make our model tractable under a discrete choice framework, and to reconcile with

the retail data, assumptions are required. In cases where we observe the purchasing of multiple

units or multiple products during a single trip, we treat them as arising from multiple purchase

opportunities. Finally, we test for and do not find multiple purchase occurrences to be correlated

with our demographic variables of interest.

Current literature involving the purchase of multiple units or multiple products under the

BLP framework considers bundling units of the same or different goods together as a sort of

composite product (e.g., Wang (2021)). This approach would be computationally infeasible in

our case given the large number of beverage products. As such, our approach described above

(1) simplifies our estimation, (2) makes the model tractable under the BLP framework, and (3) is

simply following the assumptions innately made by researchers working solely with retail data

(i.e., Berry et al. (1995), Nevo (2000), etc.).

A3 Estimation Procedure During the Retail Data Step

Provided a candidate draw of Θ, for each month t = 1, . . . , T we need to solve for δt =

(δ1t, . . . , δJtt)
′ such that

sjt(δt; Θ) = Sjt, for j = 1, . . . , Jt, (A1)

where sjt(·) is the predicted retail market shares from Eq. (9) and Sjt is the observed retail market

shares. In solving this system of equations, we require two steps.

We start by calculating the left-hand side of (A1). In practice, we rely upon Monte Carlo

integration where Equation (9) is approximated by

sjt(δt; Θ) =
1
R

R

∑
r=1

πrjt(xt, pt, ht, Qzr , Dr, δt, Θ, vr). (A2)

Each simulated household r = 1, . . . , R is represented by Halton draws of vr, zr, and Dr from the

distributions of v, z, and D|z, respectively. We draw R = 4000 simulated households per month

to compute Eq. (A2).

Next, to obtain δt, we need to invert our system of equations (A1). For the RCNL model,

this system of equations is non-linear and is solved numerically. Grigolon and Verboven (2014)

provides the contraction mapping algorithm for the random coefficients logit model with nesting

A2



parameters. In the case of a one-level nested model, the algorithm iteratively computes

δk+1
t ≡ δk

t + (1 − ρ)[ln(St)− ln(st(δ
k
t ; Θ))], k = 1, 2, . . . ,

where St = (S1t, . . . , SJtt)
′ and st = (s1t, . . . , sJtt)

′,
(A3)

until the relative difference between δk+1
t and δk

t is less than our tolerance of .5e−12. Once the

inversion has been completed for each t = 1, . . . , T, a unique δ(Θ) has been obtained, and we

proceed to the evaluation of our household-level log-likelihood.

A4 Supply-Side Model

In this appendix, we detail how we obtain counterfactual prices based on the estimates found

in Section 6. First, under the assumption that product prices are set optimally at the firm level,

product marginal costs are inferred from observed prices and market shares and expected price

sensitivity. Specifically, we assume that, independently across each month, firms set their prices

to maximize their expected monthly profits. The first-order condition with respect to the price

of product j in the set of products J f t sold by firm f in month t is

0 =
∂π f t

∂pjt
=

∂

∂pjt
∑

n∈J f t

Snt(pnt − mcnt) = Sjt + ∑
n∈J f t

∂Snt

∂pjt
(pnt − mcnt),

which can be rewritten in vector form, for each month t, as

0 = St + ∆′
t(pt − mct), (A4)

where St = (S1t, . . . , Sjt, . . . , SJtt)
′, pt = (p1t, . . . , pjt, . . . , pJtt)

′, mct = (mc1t, . . . , mcjt, . . . , mcJtt)
′,

and ∆t is a Jt × Jt matrix with the (n, j) element equal to ∂Snt
∂pjt

if n and j are owned by the same

firm, and zero otherwise. Thus, the vector of marginal costs for all products for month t is

mct = (∆′
t)
−1St + pt. (A5)

Once the vector of marginal costs has been obtained, we can proceed to predict the impact of

our counterfactual scenarios of interest. We do so by incorporating the counterfactual changes

into our model of demand and supply. Take, for instance, a counterfactual increase in the tax rate.

An increase in the tax rate increases the marginal costs for taxed products, which induces firms

to re-optimize the prices that they set, which in turn changes the equilibrium market outcome.

Provided a gradient vector comprising the first-order conditions for profit maximization, we

find the profit-maximizing price vector p̂ f t for each firm f in each month t. In application, for

each month t, we iterate over the firms, maximizing each firm’s profits given the other firms’

choice of prices. We continue iterating until p̂ f t converges for each firm.A1

A1Our tolerance for convergence is set to 1e-7.
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Table A2: Average Sugar and Caloric Consumption from Beverages per Household, by
Location and Income Statusa

Without Tax With Tax Difference % Change

Philadelphia Households
High-Income
Sugar (g) 22,745 16,504 -6,241 -27.44%
Calories (Cal) 93,137 68,444 -24,693 -26.51%
Low-Income
Sugar (g) 23,817 18,083 -5,734 -24.08%
Calories (Cal) 95,260 73,034 -22,226 -23.33%

Non-Philadelphia Households
High-Income
Sugar (g) 27,035 26,798 -237 -0.88%
Calories (Cal) 112,433 111,509 -924 -0.52%
Low-Income
Sugar (g) 28,603 28,196 -407 -1.42%
Calories (Cal) 115,169 113,600 -1,569 -1.36%

aAggregate amount over the post-taxation period January 2017 to December 2018.

A5 Changes in Sugar and Caloric Consumption for Households by

Income Status

Table A2 reports changes in sugar and caloric consumption from beverages for households by

home location and income status. We find that among Philadelphia households, high-income

households on average consume less sugar and fewer calories and experience a greater percent-

age reduction in their consumption. The pattern is different for non-Philadelphia households,

where high-income households on average consume less sugar and fewer calories but experience

a smaller percentage reduction in their consumption. Differences in these outcomes in response

to the taxation are best explained by Table 13, where we observe that, in terms of the total vol-

ume of Philadelphia and non-Philadelphia SBs consumed, low-income Philadelphia households

are less responsive to the tax compared to their high-income counterparts, but the opposite is

true for low-income non-Philadelphia households, who experience a larger reduction in SB con-

sumption, and therefore a larger reduction in sugar and caloric consumption, compared to their

high-income counterparts.
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Table A3: Average Sugar and Caloric Consumption from Beverages per Household, by
Location and Representation Statusa

Without Tax With Tax Difference % Change

Philadelphia Households
Non-URM
Sugar (g) 19,564 13,502 -6,061 -30.99%
Calories (Cal) 79,807 55,790 -24,017 -30.09%
URM
Sugar (g) 26,679 20,701 -5,978 -22.41%
Calories (Cal) 107,588 84,366 -23,222 -21.58%

Non-Philadelphia Households
Non-URM
Sugar (g) 25,658 25,433 -225 -0.88%
Calories (Cal) 106,449 105,572 -877 -0.82%
URM
Sugar (g) 34,305 33,824 -481 -1.40%
Calories (Cal) 139,426 137,577 -1,849 -1.33%

aAggregate amount over the post-taxation period January 2017 to December 2018.

A6 Changes in Sugar and Caloric Consumption for Households by

Representation Status

Table A3 reports changes in sugar and caloric consumption from beverages for households by

home location and representation status. We find that among Philadelphia households, non-

URM households on average consume less sugar and fewer calories and experience a greater

percentage reduction in their consumption. The pattern is different for non-Philadelphia house-

holds, where non-URM households on average consume less sugar and fewer calories but ex-

perience a smaller percentage reduction in their consumption. Differences in these outcomes in

response to the taxation are best explained by Table 16, where we observe that, in terms of the to-

tal volume of Philadelphia and non-Philadelphia SBs consumed, URM Philadelphia households

are less responsive to the tax compared to their non-URM counterparts, but the opposite is true

for URM non-Philadelphia households, who experience a larger reduction in SB consumption,

and therefore a larger reduction in sugar and caloric consumption, compared to their non-URM

counterparts.

A5
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