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Abstract

Using a novel dataset, we study household demand for soft drinks, especially sugar-

sweetened beverages (SSB) for a representative sample of U.S. households. The data

cover all channels of soft drink purchases, including at-home, on-the-go, and in restau-

rants. We nonparametrically estimate a random coefficient nested logit model and

account for preference heterogeneity across SNAP participants, nonparticipant poor,

higher income households, households with children, and high sugar consuming house-

holds. By simulating its impacts, we find that a soda tax is effective in reducing SSB

demand at-home. That is not the case away-from-home because households overall

are less price sensitive away-from-home. The soda tax will be regressive, even account-

ing for the away-from-home segment. SNAP participants and high sugar consuming

households have smaller reductions in SSB demand in percentage terms even though

the total reductions in volume is large. The impact is similar for households with or

without children.
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1 Introduction

It is well known that sugary drinks can have negative impacts on health, including a correlation

with diabetes, heart disease, and childhood obesity (Janet 2009, Janet, DellaVigna, Moretti, and

Pathania 2010, Gortmaker, Long, and Wang 2009, Griffith, O’Connell, Smith, and Stroud 2020,

Cutler, Glaeser, and Shapiro 2003). In the developed world, it has been suggested that sugar

consumption is far in excess of the recommended level. The resulting individual and social costs

of the internalities and externalities of sugar consumption have attracted policymakers’ concern.

Many countries have implemented sugar-sweetened beverage (SSB) taxes in order to discourage

soft drink consumption.1 Soft drinks are also a main contributor to the sugar consumption of

vulnerable individuals like the young, high sugar consumers, and the poor. Whether soda taxes

can be effective in reducing sugar consumption and improving welfare depends crucially on how

demand responses vary across different demographic groups and how such responses can also vary

across consumption locations (at-home versus away-from-home).

Our contribution in this paper is to assess whether soda taxes are effective at lowering the sugar

consumption of households taking into account all channels (at-home, on-the-go, and restaurants)

of households’ SSB consumption. We account for heterogeneity in household taste for SSB and

price sensitivity in different channels in order to comprehensivity and precisely estimate the

demand responses of households who are targeted by the policy (i.e., households with children,

high sugar consumers, SNAP participants, and nonparticipant poor). We reveal new evidence

on the important but understudied away-from-home segment (on-the-go and restaurants) of the

market. With noval data, we estimate a model of consumer choice at both at-home and away-

from-home segments; we uncover household preferences in each segment; and we simulate the

impacts of a soda tax, allowing for different pass-through rates in each segment.

We show that a soda tax is effective in reducing SSB consumption in the at-home segment, but

not in the away-from-home segment. One reason is that households across all income distributions

are less price sensitive in the away-from-home segment. The other reason is that SSBs purchased

away-from-home are usually small bottles and a soda tax is levied per ounce. So the price

increase for those bottles is relatively small. These findings imply that ignoring the away-from-

home segment will overestimate the impact of an SSB tax. Furthermore, we find that setting

different pass-through rates between the at-home and away-from-home segments does not alter

the results much.

In terms of heterogeneity of the effects of an SSB tax, we find that SNAP participants behave

very differently from nonparticipant poor. For example, even though they have similar reduc-

tions in ounces consumed, the nonparticipant poor have much larger reductions in percentage

consumed. They also are more price sensitive than SNAP participants. The reductions in SSB

demand in percentage terms for SNAP participants is as low as that of high income households.

It is highly plausible that SNAP benefits, which allow sugary drinks, distort participants’ taste

1See Allcott, Lockwood, and Taubinsky (2019) for a summary of countries that implement sugar-sweetened beverage taxes.
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or budget constraints such that they buy more than they would without SNAP. In terms of in-

come, there is a negative almost linear relationship between household income and the decrease

in SSB demand. In other words, low income households are more price sensitive and reduce SSB

consumption much more than high income households at-home. Because all income groups have

similar close to zero changes in SSB demand away-from-home, these findings imply that after

accounting for the away-from-home segment, a soda tax burden will mainly fall on low income

households and the soda tax will be regressive.

For the other two groups that the policymakers target, i.e., the young/households with chil-

dren and high sugar consuming households, we find that a soda tax has a larger impact on

households without children than households with children, even though both groups reduce

their SSB consumption at-home to a large extent. On the other hand, there is a linear positive

relationship between the reductions in SSB demand in ounces and household total sugar intake,

but a linear negative relationship between the reductions in SSB demand in percentage terms and

household total sugar intake. That compared to low sugar households, the high sugar consuming

households will reduce by a great amount their SSB consumption after the tax, but still a small

amount compared to their pre-tax consumption.

Relative to the existing literature, we make two main advances in this paper. First, we study

SSB purchase decisions made by households for consumption at-home, for immediate consumption

on-the-go, and in restaurants. SSB consumption away-from-home constitutes a large fraction of

household expenditures. For example, Americans drink 52% of SSB calories at-home and 48% of

SSB calories away-from-home.2 Thus, there are several important channels by which ignoring SSB

purchases away-from-home can lead to biased policy implications. First and the most important

reason is targeting.3 Policymakers want to target an SSB taxes on those who drink the most SSB

and thus create the largest negative externalities. Missing drinks consumed away-from-home

information can lead to poorly targeted policies if the households’ total drinks demand is largely

composed of drinks away-from-home. The situation is even worse if there is a strong correlation

between total SSB drink demand and drinks purchased away-from-home. Consumers who mainly

buy drinks for at-home consumption might be different from consumers who frequently purchase

drinks away-from-home. They may have different price elasticities and respond differently to a

uniform an SSB tax. Second, the composition of products consumed at-home may be different

from away-from-home products, so consumers are faced with different choices at different purchase

locations. Third, for the consumer who buys the same SSB product, e.g., a 250ml Pepsi, there

might be different price elasticities when it is in the grocery store versus when it is in a restaurant.

We can think of location as adding an additional characteristic to a single product. Hence, the

product itself might be assigned different prices depending on its purchase location. Fourth,

some of the reductions in SSB consumption at-home can be offset by households’ switching to

away-from-home drinks. So the overall impact of the tax is ambiguous. Studies that ignore the

2See Kit BK, Fakhouri TH, Park S, Nielsen SJ, Ogden CL. Trends in sugar-sweetened beverage consumption among youth and
adults in the United States: 1999-2010. Am J Clin Nutr. 2013;98(1):180-188.

3See Griffith (2022) on the argument of an effective public policy and the targeting view.
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away-from-home segment would overestimate the reductions in sugary drink consumption in that

case.4 Finally, the tax pass-through rates may be different for at-home versus away-from-home

SSBs. We simulate different tax pass-through rates for soda taxes in a food store versus eating

places.

Second, we model consumer preferences accounting for heterogeneity in household taste in

different segments by using the random coefficient nested logit model. We estimate the model

nonparametrically in order to avoid potential biased policy implications due to functional form

assumptions. Consistent with previous findings, we find no evidence that households make con-

sumption decisions jointly in different segments. In other words, the dependence of SSB con-

sumption at-home versus away-from-home is weak. The other papers that also use consumer-side

scanner data include Aguiar and Hurst (2007), Lin (2020), and Dubois, Griffith, and Nevo (2014).

However, they study only food-at-home and ignore food away-from-home. One of the few papers

that studies SSB demand away-from-home is Dubois, Griffith, and O’Connell (2020). They use

noval panel data on U.K. individuals and focus on the on-the-go market, but they ignore restau-

rants. By estimating a model of consumer choices that uncovers individual-specific preferences,

they simulate the impact of soda taxes; they find that the tax effectively targets the young and

low-income households. However, their data only include food on-the-go; it misses important

restaurant purchases which account for 40-50% of household total SSB expenditures for high-

income households and 20-40% for low to middle-income households in FoodAPS.5 According to

the U.S. Department of Agriculture, beverages are increasingly consumed in restaurants, where

roughly 40% of U.S. food dollars are spent and where SSBs are widely available and heavily pro-

moted.6. We are able to show a more comprehensive picture of household overall SSB demand,

heterogeneity in SSB consumption across different markets (at home, on-the-go, and restaurants)

and hence to make more precise policy suggestions on an SSB taxes. The other related paper is

O’Connell and Smith (2020); they study the role of market power in the optimal design of soda

taxes and use both at-home and on-the-go data from the U.K.. They model the two segments

independently but ignore soda purchases in restaurants. In the FoodAPS sample, households

that make soda purchases in restaurants alone account for 27.81 percent and those that make

purchases in both restaurants and at-home account for 25.7 percent of the total. In contrast,

households that make soda purchases only at-home and on-the-go account for only 5.01 percent in

the FoodAPS sample. Hence, the analyses in O’Connell and Smith (2020) miss many important

soda purchases in restaurants.

The other paper that studies disaggregated food demand at-home and away-from-home is

Okrent and Alston (2012). They use the same dataset as we do in this paper. By estimating

the demand for 43 disaggregated food at-home and away-from-home using a 2-stage budgeting

framework, they find that predicted changes from their estimates including all goods and services

4We use segments to refer to purchases at-home, on-the-go, and in restaurants. We aggregate on-the-go and restaurants into one
segment such that in total we have two segments in the demand model.

5The numbers are according to the authors’ calculation.
6U.S. Department of Agriculture. Food Expenditures. Last updated January 26, 2016 Available at https://www.ers.usda.gov/data-

products/food-expenditures/foodexpenditures/#Food%20Expenditures. Accessed April 16, 2018.
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versus those estimates that contain only a subset of foods differ substantially. They point out

that any evaluations of health or nutrition policies based on elasticities of demand for only a

subset of goods may be misleading.

There are many empirical papers that study households’ eating habits away-from-home and

their determinants. For example, Griffith, Jin, and Lechene (2021) document the conflicting fact

that the share of home-cooked food in the diet of U.K. households has declined from the 1980s

while the prices of food ingredients have decreased overtime. By using a simple model of food

consumption and time use, they attribute the reason for this to be the increasing wages of the

second earner. Saksena et al. (2018) also show a similar trend in the U.S. that food away-

from-home spending surpassed spending at-home for the first time in 2010. They find that these

changes are not uniform across different socioeconomic groups or business types. For example,

higher income households and the young spend more on food away-from-home. Quick-service

restaurants can expand quickly and drive the food industry’s growth. Subramanian, Rimm, and

Bleich (2019) find that dining at a top fast food restaurant and ordering a combination meal or

from the kid’s menu are positively associated with purchasing a SSB. We complement this strand

of literature by developing a structural model of demand for both SSB at-home and away-from-

home in order to fully account for households’ different price elasticities for SSB consumption at

these two segments and to make more reliable policy suggestions.

There are broadly two strands of literature that study an SSB taxes.7 The first exploits

specific an SSB tax implementation or reforms, which are used as natural experiments, in order

to estimate the effects of those reforms on household SSB expenditures (Seiler, Tuchman, and Yao

2020, Rojas and Wang 2017, Bollinger and Sexton 2018). Most of these studies use retailer-side

scanner data in order to study the overall impact of an SSB taxes on prices and consumption.

Their findings speak to the effect of the specific reform and there are different results for different

places. For example, Seiler, Tuchman, and Yao (2020) find that a soda tax in Philadelphia is

passed through at an average rate of 97% and demand decreases by 46%. However, accounting

for cross-border shopping reduces the demand response by 20%. Rojas and Wang (2017) compare

an SSB tax pass-through rates and volume sales in Washington DC and Berkeley CA and find

that both retail price and volume sales in Washington react sharply while in Berkeley retail price

reacts only marginally with no effect on volume sales. Yet, these empirical studies do not provide

any mechanisms that explain the conflicting findings or allow further re-valuation of alternative

reforms in order to derive the most effective policy.

In contrast, our paper belongs to the strand of literature that includes papers with structural

models of household demand for SSB and that simulates counterfactual exercises of alternative tax

policies. Dubois, Griffith, and O’Connell (2020) estimate individual preferences using the U.K.

on-the-go Homescan dataset; they find that an SSB taxes are effective at targeting the young and

low-income households but not households with high total dietary sugar. Wang (2015) studies

the impact of soda taxes on consumer welfare by building a dynamic demand model that accounts

7See Allcott, Taubinsky, and Lockwood (2019) for an overview of the theory and evidence of an SSB tax.
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for storability and persistent taste heterogeneity. She finds that static models overestimate the

own-price elasticity. Her results imply that soda taxes will raise revenue but are unlikely to

substantially impact soda consumption. Bonnet and Réquillart (2012) propose a methodology

to evaluate the impact of taxation of a food market, taking into account the strategic price

response of both manufacturers and retailers. By simulating the impacts of ad valorem and excise

taxes, they find that an excise tax is overshifted to consumer prices while an ad valorem tax is

undershifted to consumer prices. Harding and Lovenheim (2014) estimate a Quadratic Almost

Ideal Demand System (QAIDS) of 33 product-nutrition groups, defined through machine learning

techniques, mainly cluster analysis, in order to simulate the role of product taxes (like soda, SSB,

and snacks) compared to nutrition taxes (like fact, sugar, and salt). They find that a nutrition

tax has a significantly larger impact on nutrition than an equivalent product tax because these

are broader-based taxes. ChernoZhukov, Hausman, and Newey (2019) uses LASSO to mitigate

the curse of dimensionality in estimating the average soda expenditure share functions. Allcott,

Taubinsky, and Lockwood (2019) employs a sufficient statistics approach to derive the optimal

an SSB tax formula and apply it to the Nielsen Homescan dataset.

The rest of this paper is structured as follows. In Section 2 we introduce the data and describe

the soft drinks market. In Section 3 we present the demand model and discuss the estimates of

the model. In section 4 we simulate the counterfactual tax exercise and discuss the implications.

Section 5 concludes.

2 SSB purchases at-home, on-the-go, and in restaurants

We start by documenting household budget shares on SSB at-home, on-the-go, and in restaurants.

We show how the allocations vary by household income, age, families with or without children,

and overall dietary sugar.

2.1 FoodAPS

The Food Acquisition and Purchase Survey (FoodAPS) was fielded from April 2012 through

January 2013. The FoodAPS data collect information on foods that all household members

acquired over a 7-day period, for a sample of 4,826 US households. These include all foods and

drinks brought into the home as well as those got outside the home, giving us comprehensive

information on the food purchasing behavior of households. To our knowledge, the FoodAPS

away-from-home survey is unique. Participating households record all purchases of foods and

drinks that are obtained and consumed away from the home, including those made in bars and

restaurants. Our main interest is behavior recorded in the food at-home and food away-from-

home surveys.

In both the food at-home and food away-from-home surveys we know what products (at the
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item level)8 were purchased, the product attributes and the transaction price. We also observe

information on the household and individual attributes, such as household size and composition,

demographic characteristics, income, and participation in food assistance programs. In total the

sample contains 3, 556 households who make any SSB pruchases during the data collection week.

We measure the SSB consumption as the sum of all purchases of SSB in ounces during the data

collection week. Similarly, we measure the SSB expenditure as the total spending on SSB during

a seven-day period. We further construct the fraction of SSB expenditures spent at food at-home

events, restaurants, and on-the-go respectively, given by the SSB expenditures at each of the

three place types divided by the total SSB expenditures. The deciles of income are constructed

using the household average monthly income.9

In our estimation, we use information on the food at-home and food away-from-home purchase

of 4,683 households. We define a choice occasion as a trip in which a household makes a purchase

of any good (including SSB drinks, non-SSB drinks or foods) at either the food at-home segment or

the food away-from-home segment. When purchasing drinks for consumption at home, households

choose a single item 51 percent of the time, whereas for consumption outside the home, 83 percent

of the time the households choose a single item. On the remaining choice occasions, the household

chooses more than one type of drink product. We treat multiple purchases as separate choice

occasions. We observe households on an average of 9.7 choice occasions in our estimation sample.

In total, the sample contains 46,921 choice occasions. For over 95 percent of households we

observe more than five choice occasions.

Table 2.1 describes the distribution of place types where households purchase SSB. More

than 50 percent of households purchase SSB only in one of the at-home, restaurant, or on-the-go

segments within a week. When purchasing in two of the segments, most of households make

at-home and restaurant purchases. Only 11 percent of households purchase SSB from all three

segments.

Table 1: Place Types

At-home Restaurant On-the-go At-home At-home Restaurant At-home
+ Restaurant + On-the-go + On-the-go + Restaurant

+ On-the-go

Number of households 745 989 124 914 178 212 394
Percent of sample 20.95 27.81 3.49 25.7 5.01 5.96 11.08

Notes: The table shows different place type combinations at which households make any SSB purchases during the data
collection week. Columns 1 to 3 show the number of households who purchase SSB in only one of the three place types.
Columns 4 to 6 show the number of households who purchase SSB in two out of the three place types. The last column
is the number of households who purchase SSB in all three place types.

8Households were asked to scan barcodes on foods, save their receipts from stores and restaurants, and write information in their
food books. For food-at-home acquisitions, the scanned barcodes were intended to be the primary source of item-level descriptions. For
food-away-from-home acquisitions, the phone calls were intended to be the main source of item descriptions, details about the event,
and price/expenditure information.

9We did the same exercise using household equivalized income. It does not lead to significant difference.
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2.2 Places, Prices, and Products

2.2.1 Places

The retailers will be different for consumers shopping at-home, on-the-go, or in restaurants. It

implies that the prices and choice sets that they are faced with in a choice occasion will also

differ.

Table 2 lists retailers and the share of drinks spending that they account for in each segment.

In total, away-from-home segment accounts for 46% of spending and at-home segment accounts

for 54% of spending. Previous literature that ignore away-from-home drinks spending miss a large

fraction of household spending on drinks. Under away-from-home segment, convenience store,

vending machine, and retail store can be classified as on-the-go segment. They together account

for only 18% of spending in the away-from-home segment. It suggests that previous literature

like Dubois, Griffith, and O’Connell (2020) and O’Connell and Smith (2020) who only study SSB

at-home or on-the-go overlook 38% of household total SSB spending in restaurants and cafes.

Table 2: Expenditure share (%)

Away-from-home 46% At-home 54%

Convenience store 10% Combination grocery/other 3%
Retail store 6% Dollar store 4%
Coffee shop and cafe 15% Convenience store 4%
Fast-food outlet 34% Gas station/market 2%
Restaurants 31% Grocery store, large 1%
Drinking place 1% Grocery store, medium 1%
Vending machine 2% Pharmacy 2%
Other store and farmers market 0% Super store 44%

Supermarket 35%
Club stores 4%

Notes: Numbers are % of drinks spending, in at-home and away-from-
home segments, by retailer.

We do not model household choices over which place to shop in. We assume that the decision

is driven by factors such as the proximity of nearby super stores or restaurants and overall

preferences for different segments and place types (for which we control in demand). We assume

away from the possibility that consumers choose places in order to search for a temporarily low

price for a specific drink. The assumption is reasonable because we find that consumers tend to

choose nearby places to shop in FoodAPS. Previous evidence also shows that fixed shopping costs

lead consumers to undertake their grocery shopping in one or a small number of stores. Similar

assumption is also made in O’Connell and Smith (2020).

2.2.2 Prices

Figure 1 reports the average prices of SSB purchased at-home, on-the-go, or in restaurants by

demographic characteristics. First, panel (a) shows that overall, SSB prices are the highest in

restaurants, second highest on-the-go, and the lowest at-home. There is a positive relationship
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between prices and income in all three segments. The relationship is the strongest for SSB

purchased in restaurants. That is, richer households pay much higher prices for SSB products

in restaurants. Second, panel (b) shows that the age of the primary respondent is positively

correlated with SSB prices in restaurants while negatively correlated with SSB prices on-the-go.

Together with panel (a), this implies that richer and older households pay much higher price for

SSB products in restaurants. Lastly, SSB price is negatively correlated with weekly added sugar

from SSB in all three segments. In other words, those with higher dietary sugar buy cheaper SSB

products, no matter at-home, on-the-go, or in restaurants.

2.2.3 Products

Table 3 shows our definition of products, the percentage, and the average price across choice oc-

casions. We clarify millions of UPCs (universal barcode) into ten product categories: soft drinks,

fruit drinks, sport and energy drinks, sweetened coffee and tea, diet drinks, fruit and vegetable

juice, unsweetened coffee and tea, flavored milk, flavored water, and water. SSB products tar-

geted by the current an SSB tax include the first four categories: soft drinks, fruit drinks, sport

and energy drinks and sweetened coffee and tea.10

We further classify whether a product is purchased at-home or away-from-home (either on-

the-go or in restaurants). We call them segments. We also allow products to differ by packaging

formats (regular, large, and multi-pack).11 As a result, a product used in the final demand

estimation is defined as either a category-package-segment, or a category-segment combination12.

From Table 3, we find that households in our sample on average purchase an SSB product

in 34 percent of choice occasions. Among them, at-home purchases of SSB products account for

around 16 percent of choice occasions, while away-from-home purchases of SSB products account

for around 18 percent of choice occasions. The most frequently purchased product is the regular

soft drinks away-from-home, which account for 9.4 percent of choice occasions. When consumers

do not purchase any of the drinks during a choice occasion, we assume them to choose the “outside

options”: either the household purchases other food (e.g. meat or snacks) if it was a trip to a

food store, or the household purchases a meal without ordering drinks if it was a trip to an eating

place.

10Our definition of SSB products is consistent with a soda taxable non-alcoholic beverages determined in the city and county
websites. See, e.g., https://www.seattle.gov/license-and-tax-administration/business-license-tax/other-seattle-taxes/
sweetened-beverage-tax..

11Regular size is defined as a container size smaller than 32 ounces. Large size is defined as a container size larger than 32 ounces.
12As in Duboise, Griffith and O’Connell (2020), for fruit juice, unsweetened coffee and tea, flavored milk and water, we aggregate

across different sizes. In total, these non-SSB beverage categories account for under 16 percent of the market.

9

https://www.seattle.gov/license-and-tax-administration/business-license-tax/other-seattle-taxes/sweetened-beverage-tax.
https://www.seattle.gov/license-and-tax-administration/business-license-tax/other-seattle-taxes/sweetened-beverage-tax.


(a) By deciles of household annual income (b) By age of the primary respondent

(c) By total added sugar from SSB

Figure 1: Average price of SSB

Notes: The figure shows how purchase price varies across households with or without children, age
groups, and total added sugar from SSB. In plot (a), the household annual income is equivalized by the
OECD-modified equivalence scale. In plot (b), age groups are classified according to the same cutoffs as
in the FoodAPS dataset. Plot (c) is restricted to households who have positive amount of added sugar
from SSB. The cutoff levels are the terciles of the total sugar from SSB.
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Table 3: Products

Product Percentage Price Product Percentage Price
(dollar) (dollar)

AH Regular Soft Drinks 1.387 1.457 AFH Regular Soft Drinks 9.409 1.505
AH Large-Bottle Soft Drinks 3.335 1.337 AFH Large-Bottle Soft Drinks 1.176 1.684
AH Pack Soft Drinks 3.097 3.507 AFH Fruit Drinks 1.703 2.055
AH Regular Fruit Drinks 1.473 1.294 AFH Large-Bottle Fruit Drinks 0.102 2.201
AH Large-Bottle Fruit Drinks 2.630 2.141 AFH Regular Sport and Energy Drinks 0.663 1.974
AH Pack Fruit Drinks 1.174 2.611 AFH Large-Bottle Sport and Energy Drinks 0.051 3.069
AH Regular Sport and Energy Drinks 1.552 1.171 AFH Regular Sweetened Coffee and Tea 4.288 2.097
AH Pack Sport and Energy Drinks 0.460 6.406 AFH Large-Bottle Sweetened Coffee and Tea 0.258 1.682
AH Regular Sweetened Coffee and Tea 0.431 1.624 AFH Regular Diet Drinks 2.421 1.506
AH Large-Bottle Sweetened Coffee and Tea 0.810 2.485 AFH Large-Bottle Diet Drinks 0.318 1.528
AH Pack Sweetened Coffee and Tea 0.104 5.000 AFH Fruit and Vegetable Juice 0.825 1.703
AH Regular Diet Drinks 0.603 1.359 AFH Unsweetened Coffee and Tea 4.245 1.666
AH Large-Bottle Diet Drinks 1.147 1.486 AFH Flavored Milk 1.023 2.095
AH Pack Diet Drinks 0.961 3.970 AFH Flavored and Enhanced Water 0.151 1.728
AH Fruit and Vegetable Juice 3.331 3.064 AFH Water 2.231 1.245
AH Unsweetened Coffee and Tea 0.311 1.997
AH Flavored Milk 0.654 2.471 Outside Options 43.592 0.000
AH Flavored and Enhanced Water 1.485 1.439
AH Water 2.596 2.506 Total Number of Choice Occasions 46921 46921

Notes: At-home segment is abbreviated as AH. Away-from-home segment is abbreviated as AFH. Regular size is defined as a container
size smaller than 32 ounces. Large size is defined as a container size larger than 32 ounces. Multi-pack is defined as a pack with more
than one unit of bottles/cans. AH (AFH) outside options refer to any foods or drinks except for nonalcoholic bevarages that are obtained
from AH (AFH) segment. The second column shows the percentage of choice occasions where the indicated product is purchased, based
on transactions made by the 4,683 households in the estimation sample. Prices are averaged across choice occasions.

Unlike most of the previous literature where a product is defined as a brand-size combination

(e.g., Dubé 2005, Marshall 2015, Duboise, Griffith and O’Connell 2020), we abstract away from

the substitutions between brands since the majority items have missing UPC and brand is not

available in the away-from-home segment in the FoodAPS. We aim to measure how consumers

substitute between regular coke and diet coke rather than between regular Cola and regular Pepsi.

2.3 Demographics

2.3.1 Income

Figure 2 shows that income is negatively correlated with household shares of SSB expenditures on

food at-home while positively correlated with household shares of SSB expenditures on restau-

rants. This pattern mainly reflects two commonly found evidence in the empirical literature.

First, poor people are more likely to have a less healthy diet, like high dietary sugar. Second,

income and restaurant expenditures are positively correlated. Figure 2 also shows that household

SSB expenditure shares on-the-go do not vary much across the deciles of household income.

This finding has significant implications on how current literature on SSB consumption could

go wrong by using only data on food at-home. For papers that only use food at-home SSB ex-

penditures, they will miss the important asymmetry of income and SSB expenditures. First, they

will mistakenly conclude that higher-income households purchase more SSB than lower-income

households. Second, their elasticities estimates for high SSB expenditure households will over

represent the low-income households while that for low SSB expenditures households will under

represent the high-income households. For papers that only use on-the-go SSB expenditures, like
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Dubois, Griffith, and O’Connell (2020)., they will not find any income effect in SSB demand,

which is certainly not true from the evidence of Figure 2. Moreover, on-the-go SSB consumption

constitutes very small shares, only 10%, of households overall SSB expenditures.

Another important implication from Figure 2 is related to the regressivity of an SSB taxes,

which is a very important topic in an SSB taxes literature (e.g., Allcott , Lockwood, and Taubins-

dky 2019). Empirical evidence suggests that poor households spend more on SSB than richer

households.13 This implies that a an SSB tax will fall disproportionately more on the poor. How-

ever, we see that high-income households actually spend more on SSB in restaurants than poor

households. So the overall regressivity of an SSB taxes is unknown when we account for both

food at-home and food away-from-home.

Figure 2: Average share of SSB expenditures with respect to income

2.3.2 SNAP Poor and Non-SNAP Poor

FoodAPS dataset have direct information on SNAP participation and income. They classify

households into four types: SNAP participants, SNAP nonparticipant poor, medium and higher

income households. Table 4 reports the descriptive statistics for each group. First, in terms of

SSB consumption, we find that SNAP households have the largest volume consumption, SSB

expenditures, and total grams of added sugar from SSB. In contrast, nonparticipant poor have

the lowest value for all the previous three variables. In other words, SNAP participants eat the

least healthy while SNAP nonparticipant poor eat the most healthy, even compared to higher

income households. This finding contradicts with previous evidence that low-income households in

13For example, Allcott , Lockwood, and Taubinsdky (2019) find that in the Nielsen Consumer Panel dataset, households with annual
income below $10,000 purchase about 101 liters of SSBs per adult each year, while households with income above $100,000 purchase
only half that amount.
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general eat less healthy than higher income households. However, this evidence is possibly driven

by the fact that a large fraction of low income households are SNAP participants and SNAP

benefits cover soft drink purchases. Previous literature find that SNAP households’ shopping

cart consist of lots of soda.14

Second, non-SNAP rich households turn out to have the second highest SSB consumption

in volume and expenditures, as well as total added sugar from SSB. This finding is also very

different from previous analyses that only look at consumption at-home. They normally find

rich households to spend less on SSB. Rich households turn out to eat healthy at-home but

unhealthy away-from-home. This finding highlights the importance of accounting for away-from-

home consumption in order to evaluate households’ overall diet quality and sugar intakes.

Table 4: Descriptive Statistics by SNAP Status

SNAP Non-SNAP Poor Non-SNAP Medium Non-SNAP Rich
Mean S.D. Mean S.D. Mean S.D. Mean S.D.

Equivalized household annual income 12725.10 11461.10 6863.13 3208.24 15261.88 2634.37 43886.84 29479.16
Age of the primary respondent 42.92 15.51 44.95 16.96 48.10 19.25 47.33 16.59
Number of children 1.36 1.47 0.91 1.36 0.89 1.32 0.67 1.03
Household size (adult equivalents) 3.23 1.77 2.78 1.72 2.72 1.70 2.67 1.37
Total grocery expenditure 114.29 109.26 85.36 81.43 89.57 78.74 124.07 109.95
Total SNAP EBT amount reported 60.85 89.36 0.00 0.00 0.00 0.00 0.00 0.00
SSB volume consumption (ounce) 65.39 100.17 45.94 76.33 49.95 75.91 51.38 88.30
SSB expenditure (dollar) 2.68 3.64 1.98 2.51 2.18 2.77 2.64 3.41
Added sugar from SSB (gram) 184.54 282.57 129.65 214.08 140.07 212.77 141.35 254.04

Observations 1536 318 820 2009

Notes: Grocery expenditure is the total dollar amount a household spent during a one week period in stores for at-home consumption.
SNAP EBT amount reported is the total SNAP EBT amount reported by respondent or corrected by value observed on receipt when SNAP
EBT payment is used for acquisition. SSB volume consumption, SSB expenditure and added sugar from SSB are measured at a per adult
equivalent level.

Figure 2.3.2 shows that SNAP households consume the highest ounces of SSB per adult

equivalent per week at-home. Non-SNAP poor have similar SSB consumption at-home as higher

income households. In terms of SSB consumed in restaurants, higher income households have

higher ounces purchased. These findings suggest that the main difference in SSB consumption

between SNAP and non-SNAP poor is driven by at-home purchases. Again, this can be driven

by the fact that SNAP benefits can be spent on soft drinks.

14See O’Connor (2017) https://www.nytimes.com/2017/01/13/well/eat/food-stamp-snap-soda.html
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Figure 3: SSB volume consumption with respect to targeted group

2.3.3 Age, Existence of Children, and Overall Dietary Sugar

Figure 4 shows the average share of SSB expenditures at-home, on-the-go, and in restaurants by

whether households have children, the age of the primary respondent, and overall dietary sugar.

First, compared with households without children, households with children spend slightly

larger shares (50%) of SSB at-home and slightly smaller shares (41%) of SSB in restaurants.

Both groups spend 9% of SSB expenditure on-the-go. Second, there is an increasing trend of the

age of the primary respondent with respect to SSB shares at-home, while a decreasing trend of

that with respect to SSB shares on-the-go. There is barely any significant relationship between

SSB shares in restaurants and primary respondent’s age. Lastly, on average, households with

a higher dietary sugar are more likely to spend SSB budget shares at home while less likely to

spend SSB shares in restaurants. Combined with previous evidence that lower-income households

consume more at home than in restaurants, the finding here simply reflects that poor households

spend larger expenditure shares at home, eat less healthy diet, tend to have higher dietary sugar,

and are more likely to purchase SSB at home. There is little variation in SSB purchases on-the-go

across groups of overall dietary sugar.

2.3.4 Demographics and SSB Consumption in Volume

Figure 5 plots the average purchased volume of SSB per adult equivalent per week with respect

to household income and the age of the primary respondent.

Similar to Figure 2, income and SSB volume consumption are still negatively correlated.

However, different from Figure 2, there is much smaller in magnitude the increasing trend between
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(a) By households with or without children (b) By age of the primary respondent

(c) By total added sugar from SSB

Figure 4: Average share of SSB expenditures allocated at-home, on-the-go, and in restaurants

Notes: The figure shows how average share of SSB expenditures allocated at different places varies across
households with or without children, age groups, and total added sugar from SSB. In plot (b), age groups
are classified according to the same cutoffs as in the FoodAPS dataset. Plot (c) is restricted to households
who have positive amount of added sugar from SSB. The cutoff levels are the terciles of the total sugar
from SSB.
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income and SSB volume consumption in restaurants. It implies that the steeper positive trend

between income and SSB budget shares in restaurants in Figure 2 is mainly due to the price

effect. That is, richer households buy slightly more SSB products in restaurants but much more

expensive products there.

Panel (b) in Figure 5 turns out to be very different from Figure 4. First, across all age groups,

the volume consumption of SSB in restaurants is much lower than that at-home. Combined with

the similar budget shares of SSB at-home and in restaurants in Figure 5, this finding implies

that prices should be much higher for SSB products in restaurants than at-home. Second, there

is an inverted U-shape relationship between the age of the primary respondent and SSB volume

purchased at-home. In other words, middle age families buy the most SSB at-home. There is a

decreasing trend between age and SSB volume purchased in restaurants. This is consistent with

the evidence found in Martin et al. (2020).

(a) By deciles of household annual income (b) By age of the primary respondent

Figure 5: SSB volume consumption at-home, on-the-go, and in restaurants

Notes: The figure shows weekly SSB purchases (in oz.) per adult equivalent at different places varies by
distribution of household equivalized income and age groups. In plot (a), the household annual income
is equivalized by the OECD-modified equivalence scale. In plot (b), age groups are classified according
to the same cutoffs as in the FoodAPS dataset.

2.4 Composition

Table 5 shows the average share of non-alcoholic beverage expenditures allocated at each type of

products. For SSB purchased at-home, the top three purchased products, measured by shares of

total beverage expenditures, are soft drinks (26.7%), fruit and vegetable juice (18.1%), and fruit

drinks (17.7%). For SSB purchased away-from-home, the top three purchased products are soft

drinks (42.6%), sweetened coffee and tea (18.9%), and unsweetened coffee and tea (12.7%). In

total, SSB (the first four types) accounts for 54.4% of beverage expenditures in at-home market

segment and it accounts for 72.4% in away-from-home purchases.

Tables 6-9 show the share of beverage expenditures in different products at-home or away-

from-home by demographic groups. We find that different demographic groups have very different
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basket of goods under at-home and away-from-home categories. For example, Table 6 shows that

households with no children purchase more diet drinks at-home and unsweetened coffee and tea

away-from-home than households with children. This suggests that households with children

have stronger taste for sugary drinks. Table 7 shows that demand differ by age, and different

patterns for at-home and away-from-home products. For at-home segment, younger households

purchase more soft drinks and fruit drinks at-home while older households purchase more fruit

and vegetable juice. For away-from-home segment, all households like soft drinks but older

households don’t purchase much fruit drinks as younger households and tend to drink more

unsweetened coffee and tea. Table 8 shows that households with different level of sugary diet also

have different baskets. The higher the total added sugar from SSB a household has, the more soft

drinks and fruit drinks this household purchases. Instead, low sugary diet households purchase

more diet drinks and water at-home. They also purchase more sweetened and unsweetened coffee

and tea away-from-home than high sugary diet households.

Table 5: Average Share of Non-alcoholic Beverage Expenditures Allocated at Different Products

At-home Away-from-home

Soft drinks 0.267 0.426
Fruit drinks 0.177 0.083
Sport and energy drinks 0.054 0.026
Sweetened coffee and tea 0.046 0.189
Diet drinks 0.098 0.065
Fruit and vegetable juice 0.181 0.022
Unsweetened coffee and tea 0.010 0.127
Flavored milk 0.029 0.036
Flavored and enhanced water 0.034 0.004
Water 0.105 0.022

Notes: The table shows how share of non-alcoholic beverage
expenditures are allocated at ten product types for at-home
and away-from-home, respectively. The expenditure shares
are averaged across all households.

Table 6: Average Share of Non-alcoholic Beverage Expenditures Allocated at Different Products,
by Households with or without Children

At-home Away-from-home

No Children Have Children No Children Have Children

Soft drinks 0.241 0.290 0.386 0.465
Fruit drinks 0.149 0.203 0.072 0.093
Sport and energy drinks 0.044 0.064 0.022 0.029
Sweetened coffee and tea 0.052 0.040 0.197 0.181
Diet drinks 0.119 0.078 0.082 0.048
Fruit and vegetable juice 0.208 0.155 0.020 0.025
Unsweetened coffee and tea 0.013 0.007 0.166 0.091
Flavored milk 0.026 0.032 0.033 0.039
Flavored and enhanced water 0.042 0.026 0.003 0.006
Water 0.105 0.105 0.020 0.024

Notes: The table shows how share of non-alcoholic beverage expenditures are allocated at
ten product types for at-home and away-from-home, respectively. The expenditure shares
are averaged across households with or without children.
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Table 7: Average Share of Non-alcoholic Beverage Expenditures Allocated at Different Products,
by Age of the Primary Respondent

At-home Away-from-home

Age group [16,19] [20,35] [36,59] [60,70] >70 [16,19] [20,35] [36,59] [60,70] >70

Soft drinks 0.333 0.274 0.282 0.228 0.190 0.400 0.477 0.419 0.360 0.313
Fruit drinks 0.307 0.197 0.178 0.121 0.168 0.145 0.086 0.089 0.057 0.053
Sport and energy drinks 0.024 0.064 0.056 0.037 0.030 0.045 0.038 0.024 0.007 0.001
Sweetened coffee and tea 0.008 0.048 0.043 0.060 0.035 0.220 0.180 0.193 0.194 0.184
Diet drinks 0.029 0.077 0.099 0.135 0.129 0.035 0.042 0.070 0.094 0.102
Fruit and vegetable juice 0.171 0.172 0.158 0.242 0.271 0.044 0.020 0.024 0.020 0.021
Unsweetened coffee and tea 0.003 0.012 0.009 0.013 0.002 0.085 0.095 0.112 0.220 0.270
Flavored milk 0.000 0.030 0.029 0.025 0.037 0.013 0.032 0.041 0.028 0.039
Flavored and enhanced water 0.042 0.025 0.038 0.040 0.028 0.000 0.004 0.006 0.002 0.001
Water 0.083 0.102 0.109 0.099 0.110 0.014 0.025 0.022 0.018 0.016

Notes: The table shows how share of non-alcoholic beverage expenditures are allocated at ten product types
for at-home and away-from-home, respectively. The expenditure shares are averaged across households of
different age groups.

Table 8: Average Share of Non-alcoholic Beverage Expenditures Allocated at Different Products,
by Total Added Sugar from SSB

At-home Away-from-home

Total added sugar level Low Medium High Low Medium High

Soft drinks 0.168 0.268 0.409 0.436 0.472 0.492
Fruit drinks 0.155 0.208 0.214 0.089 0.094 0.088
Sport and energy drinks 0.052 0.075 0.057 0.020 0.032 0.032
Sweetened coffee and tea 0.041 0.044 0.064 0.233 0.195 0.189
Diet drinks 0.142 0.074 0.053 0.052 0.047 0.048
Fruit and vegetable juice 0.210 0.172 0.087 0.020 0.017 0.017
Unsweetened coffee and tea 0.011 0.011 0.008 0.101 0.089 0.073
Flavored milk 0.046 0.022 0.018 0.030 0.030 0.036
Flavored and enhanced water 0.048 0.025 0.022 0.003 0.003 0.006
Water 0.128 0.101 0.067 0.015 0.019 0.018

Notes: The table shows how share of non-alcoholic beverage expenditures are
allocated at ten product types for at-home and away-from-home, respectively.
The expenditure shares are averaged across households of different levels of
total added sugar from SSB.
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Table 9: Average Share of Non-alcoholic Beverage Expenditures Allocated at Different Products,
by Household Annual Income

At-home Away-from-home

Income level Low Medium High Low Medium High

Soft drinks 0.339 0.276 0.192 0.492 0.439 0.369
Fruit drinks 0.167 0.182 0.179 0.081 0.080 0.087
Sport and energy drinks 0.048 0.054 0.060 0.025 0.029 0.023
Sweetened coffee and tea 0.043 0.047 0.046 0.152 0.189 0.212
Diet drinks 0.074 0.095 0.122 0.055 0.064 0.072
Fruit and vegetable juice 0.161 0.182 0.196 0.033 0.019 0.019
Unsweetened coffee and tea 0.010 0.009 0.010 0.108 0.113 0.155
Flavored milk 0.027 0.023 0.040 0.029 0.040 0.036
Flavored and enhanced water 0.020 0.031 0.048 0.005 0.005 0.003
Water 0.109 0.101 0.107 0.020 0.022 0.023

Notes: The table shows how share of non-alcoholic beverage expenditures are
allocated at ten product types for at-home and away-from-home, respectively.
The expenditure shares are averaged across households of different income
groups.

To summarize, prices of SSB are the highest in restaurants, middle on-the-go, and the lowest

at-home. Higher income households purchase more expensive soda drink in all three segments

and buy drinks in restaurants more frequently. SNAP participants buy more SSBs compared to

nonparticipant poor, whose spending on SSB is even lower than higher-income households. Heavy

sugar consumers tend to be lower income households and purchase less expensive soda drinks in

all three segments. Once we account for drinks away-from-home, the regressivity concern of soda

taxes becomes less serious because higher income households will be taxed more in restaurants

while lower income households will be taxed more at-home. Who bares the most tax burden is

ambiguous unless we have a demand model that accounts for all three segments.

Previous literature normally focus on the poor, children, and heavy sugar consumers as the

main targets of soda taxes. For these three types of households, restaurants purchases seem to

be less important for them compared to at-home purchases. However, these households still buy

certain amount of soda drinks away-from-home. We may underestimate the effect of taxes on

their total SSB demand if we ignore away-from-home purchases. On the other hand, they can

have different price elasticities in the at-home and away-from-home segment. For example, if

they are more price sensitive in the at-home segment, then we may overestimate the effectiveness

of taxes because they may still buy a certain part of SSB from the away-from-home segment.

The other main critical benefit of including restaurants data in the analysis is the finding that

higher income households will also be largely affected by an SSB taxes because they purchase

more SSB, and potentially more expensive SSB, in restaurants. This finding suggests that the

regressivity concern of an SSB taxes may be less serious than we expect. We will calculate the

regressivity in the next chapters by predicting households’ counterfactual SSB expenditure shares

in terms of total expenditures on food and drinks in the three segments when we simulate tax

incidences.
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3 Model and Estimated Coefficients

In this section we estimate a structural model of non-alcoholic beverage demand. We employ

random coefficients nested logit model to create more flexible substitution patterns.15 We then

use the model to evaluate counterfactual tax policies that could reduce SSB consumption.

3.1 A Model of Non-Alcoholic Beverage Demand

We index consumers by i ∈ {1, · · · , N}. Each consumer visits a retailer r ∈ {1, · · · , R} at time t

and makes a transaction or incurs choice occasion τ ∈ {1, · · · , T }. Let r(τ) and t(τ) denote the

specific retailer and time that the consumer visits the retailer. Notice that the retailer here can

be grocery stores, convenience stores, vending machines, or restaurants.

We index the non-alcoholic beverage products by j ∈ {1, · · · , J}, as those defined in Table 3.

Each product has κj drink products (UPCs) indexed k = 1, ..., κj. We denote the price paid for

each UPC as pkj(i, r(τ), t(τ)) and the price index for each product group j as pjr(τ)t(τ). We will

talk about the construction of the product-level price index in the next section.

When making a decision, the choice set facing consumers contains purchasing options that

are available to the consumers on each specific trip. This means that when a consumer visits

a grocery store, she only consider drinks available at the store. Similarly, on a trip to the food

at-home place, the choice sets facing the consumer only include food at-home drink products.

We denote the choice set by Ωr(τ).

We allow for the possibility that a consumer instead chooses either other non-beverage prod-

ucts like meat or snacks in a store, or purchases a meal without ordering any drinks in a restaurant.

We refer to these as “outside options”. We indicate outside options by j = 0, and the choice set

Ωr(τ) includes the outside option. 16

We partition the choice set Ωr(τ) to two disjoint subsets denoted by C0 and C1. They are

also called nests. C0 is the nest of outside options. C1 is the nest of all available products in the

choice set. The indirect utility of a consumer i on choice occasion τ from product j in the nest

Cg where g ∈ {0, 1} is given by

Uijτ = Vijτ + εijτ (1)

where

Vijτ = αipjr(τ)t(τ) + ηisj + x′
ijβ, (2)

and the utility obtained from choosing the outside options is

Ui0τ = εi0τ . (3)

15Domencich and McFadden (1975), Heckman and Willis (1977), and Hausman and Wise (1978) introduced flexible specifications
for discrete choice models, while the random coefficients logit model was proposed by Boyd and Mellman (1980) and Cardell and Dunbar
(1980).

16Our definition of outside options is most close to that of Marshall (2015), assuming the outside option is chosen when a shopping
trip is observed with no purchase of any inside goods.
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The term pjr(τ)t(τ) denotes the price of product j, which varies over time t and across retailer

types r. The variable sj is an indicator variable of an SSB product. xij is a vector of observed

product characteristics (including the constant term) and their interactions with household de-

mographics. Specifically, xij include package size (measured in ounces), an indicator variable

of products in pack, indicator variables of drink categories, time fixed effects, and retailer-drink

category fixed effects.17 εijτ is an error term following the generalized extreme value distribution,

with cumulative distribution of the following form

exp

−
1∑

g=0

∑
j∈Cg

e−εijτ/λ

λ
 ,

which gives rise to the nested logit model. For this distribution of εijτ , the idiosyncratic error

terms are correlated within a given nest. For any two products belonging to different nests,

the error terms are uncorrelated. The nest parameter λ measures dissimilarity among products

within a nest. A value of λ = 1 indicates that εijτ are uncorrelated within nests and the model

degenerates to the standard logit model. As λ decreases, the correlation within nests rises.

The nested logit assumption implies that products in the same nest are closer substitutes than

products in different nests. The nests here are outside options and all available products in the

choice set, respectively in at-home and away-from-home segment.

Allowing for preference heterogeneity is essential in capturing realistic demand features. The

demand model here is flexible in that it incorporates preference heterogeneity through two aspects.

The first is through the idiosyncratic error component εijτ , as we previously discussed. The second

is through the taste heterogeneity for product attributes. Specifically, we let taste parameters

like αi and ηi be functions of household characteristics. Mathematically, we define the marginal

(dis)utility of price and taste for SSB as the following18

αi = α0 + v′
iα1 + µi

ηi = v′
iη1,

where µi ∼ F (µ).

vi denotes observed household demographics, and µi is a random coefficient and captures

unobserved preference related to prices. By allowing αi and ηi to depend on both observed

and unobserved household characteristics, we allow different consumers to have different price

sensitivity when making purchases for at-home and away-from-home consumption and different

tastes for SSB products.

The observed household demographics vi include a joint variable of household income and

SNAP participation, the age of the primary respondent, whether the household has children, and

17Retailers are defined in Table 2. Drink categories are defined in Table 5.
18We do not put a constant term η0 in the ηi function because xij contains indicator variables of drink categories, which leads to

the mean level of the taste coefficient for SSB η0 unidentified due to perfect collinearity problem.
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the household’s overall sugar intake. The random coefficient µi can include individual house-

hold information that affects the purchasing decision, yet unobservable to econometricians. Prior

empirical work on random coefficients logit model usually make parametric assumptions on the

distribution of the random coefficient F (µ), e.g., a normal distribution. We will relax this as-

sumption and estimate F (µ) nonparametrically.

Conditional on the unobservable µi, the joint probability of a consumer choosing a product j

is

Pijτ(µi) = Pijτ |Cg
(µi)PiCgτ(µi),

where Pijτ |Cg
(µi) is the probability of choosing a product j conditional on a product in the nest

Cg being chosen. PiCgτ(µi) is the marginal probability of choosing a product in the nest Cg,

conditional on the unobservable µi. As shown in McFadden (1978), the joint probability of

choosing product j ∈ Cg (conditional on µi) takes the nested logit formula

Pijτ(µi) =
eVijτ (µi)/λ

(∑
k∈Cg

eVikτ (µi)/λ
)λ−1

∑1
l=0

(∑
k∈Cl

eVikτ (µi)/λ
)λ . (4)

The unconditional probability of consumer i choosing product j ∈ Cg in a choice occasion τ is

Pijτ =

∫ eVijτ (µ)/λ
(∑

k∈Cg
eVikτ (µ)/λ

)λ−1

∑1
l=0

(∑
k∈Cl

eVikτ (µ)/λ
)λ dF (µ).

3.2 Prices

In the dataset, we observe the transaction price for each UPC pkj. However, we need to construct

price index pj for each product defined in Table 3 for later demand estimation. To do that, we

average the transaction prices of all UPCs belonging to a particular product in a given month in

a specific retailer across all consumers. The resulting price index for each product is a product-

month-retailer tuple. For example, assume the total number of transactions under product j

happened in a month m in a retailer r is Tjr(τ)m(τ), we compute the product price index as

pjr(τ)t(τ) =
1

Tjrt

Tjrt∑
τ=1

Kj∑
k=1

pkj(i, r(τ), t(τ))

If there are no transactions happened for a product-month-retailer tuple, we impute the price

index using the average price of the same product in the same retailer in last month. If a product-

retailer type involves no transactions in all time periods, we treat the price as a missing value.

For example, purchases of large-bottle fruit drinks are never observed in drinking places. In the

later section where we introduce the demand model, we will assume that products with missing

prices are not included in consumers’ choice set. In the previous example, this assumption implies

that if a consumer visits a drinking place, large-bottle fruit drinks are not on the menu.
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A typical problem faced by researchers in discrete choice demand estimation is that the prices

of products not chosen by the consumers are not observed. Using the mean prices to proxy for

these unobserved prices may induce measurement error problem. Schennach (2013) proposes a

solution to fix the measurement error in prices in continuous demand models. However, we are

not aware of any methods that can be applied to the discrete choice framework. This is an

interesting research question that is worth future research.

3.3 Identification

The main identification challenge is to isolate the causal effect of price on demand for at-home

and away-from-home products. That is, the parameter vector α. We rely on two sources of

variation to identify the price effects. First, conditional on time and retailer-drink type effects,

we exploit the variation in prices of the same product in different retailer types across time. The

identification assumption is that consumers do not choose retailers when they make consumption

choices for a specific product. Instead, the consumption decision of drink products is more driven

by convenience factors like distance to school and workplace. Second, we utilize price variation

for the same product in the same retailer at the same time but across different containers and

sizes. Our identification is similar to Dubois, Griffith, and O’Connell (2020) except that we only

know retailer types as those in Table 2 rather than specific retailers. We do not know brand

information and hence we don’t have the price variation across brands.

3.4 Estimation

Following recent literature, we estimate the at-home and away-from-home segment separately and

obtain distinct preferences parameters for these two segments.19 We refer to the method of Fox,

Kim and Yang (2016) to nonparametrically estimate the random coefficients. The method has the

advantage of computational simplicity. Consider a fixed grid MR = (µ1, · · · , µR), where R is the

number of grid points. We assume each µi is a draw from the set of values (µ1, · · · , µR) and each

grid point µr occurs with probability γr, for r = 1, · · · , R. Given the choice of MR, we estimate

the weights γ = (γ1, · · · , γR) on the grid points. We impose the constraints 0 ≤ γr ≤ 1,∀r, and∑R
r=1 γ

r = 1, such that µ has a well-defined distribution.

For each grid point µr, we can rewrite choice probability (4) by replacing µi with µr:

Pijτ(µ
r) =

eVijτ (µ
r)/λ
(∑

k∈Cg
eVikτ (µ

r)/λ
)λ−1

∑1
l=0

(∑
k∈Cl

eVikτ (µr)/λ
)λ .

Let α = (α0, α1) and η = η1. Denote by θ = (α, β, η, γ) the vector of preference parameters.

19Connell and Smith (2020) model consumer choice for at-home consumption and for on-the-go consumption separately. They
conduct a dependence test across the at-home and on-the-go segments and reject the dependence between them. This is consistent with
the findings in Dubois et al. (2020), who, following Browning and Meghir (1991), test for non-separabilities between the two segments
and find no evidence of demand dependence. We have also tried to estimate the two segments jointly but the computation is extremely
time consuming and the results are very counter-intuitive.
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Using choice probabilities defined above, we calculate the likelihood function defined by

L(θ) =
∑
i

∑
τ

∑
j∈Ωr(τ)

dijτ log

(
R∑
r=1

γrPijτ(µ
r)

)
,

where θ is the vector of parameters to be estimated and dijτ is an indicator variable equal to

one if consumer i chose product j on choice occasion τ and zero otherwise. The parameters are

estimated using maximum likelihood estimator.

3.5 Estimated Coefficients and Elasticities

Table 10 and 11 show the estimated preference parameters for the at-home and away-from-home

segment respectively. Notice that the nesting parameter λ is 1 in the at-home segment. This

implies that the nests are not significant and the demand model becomes a random coefficients

logit model without nest structure. The interpretation is that when consumers shop in the at-

home segment (e.g., grocery store), they are equally likely to switch from one drink product to

another drink product or switch to buy other grocery food like meat, dairy, etc. The nesting

parameter λ is 0.832 in the away-from-home segment. The value implies that when consumers

visit the away-from-home segment (e.g., restaurants), they are more likely to switch between

drink products than to switch from drink products to a dish.

We interact the price and the taste for SSB with four demographic variables. They are income

and SNAP participation joint variable (SNAP participants, nonparticipants low income house-

holds, medium, and high income households), the age of the primary respondent, an indicator

variable for households with children, and household total added sugar intake (from SSB) groups

(zero sugar households, low, medium, and high sugar consuming households). So the baseline

group in the coefficient of α and η is SNAP participants without children with zero sugar intake.

For the at-home segment (Table 10), the estimated parameter is -2.853 for the baseline house-

holds. Nonparticipants low income and medium income households are even more price sensitive

than the baseline households, as suggested by the coefficient value -0.742 and -0.376. In contrast,

the positive coefficient value 0.716 of high income households implies that they are less price

sensitive compared to the baseline group.

For the away-from-home segment, (Table 11), the baseline group has extremely large negative

marginal disutility of price (-5.153), suggesting that SNAP participants are highly price sensitive.

Nonparticipants low income households are slightly even more price sensitive than participants (-

0.314). Medium and high income households are both less price sensitive than the baseline group

(0.788 and 1.304). Overall, households across all demographic groups are more price sensitive in

the away-from-home segment than the at-home segment since the estimated α within each group

is larger in magnitude in the away-from-home segment.

The effect of age on the marginal disutility of price is -0.085 at home and 0.411 away-from-

home. The interpretation is that a one year increase in the age of the primary respondent is
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associated with an increase of disutility of price by 0.085 at-home and a decrease of that by

0.411 away-from-home. Households with children are less price sensitive both at-home (0.558)

and away-from-home (0.261) than the baseline group.

Lastly, there is a decreasing linear relationship between price sensitivity and household total

sugar intake at-home. The coefficients of the interaction between price and household sugar intake

is 0.439 for low sugar consumers, 1.372 for medium sugar consumers, and 2.568 for high sugar

consumers. In other words, The difference in the marginal disutility of price between high and

low sugar households is as large as 2.1 (2.568 minus 0.439). In contrast, the difference becomes

very small across households away-from-home (ranging from 1.304 to 1.472 for low and higher

sugar households).

In terms of consumers’ taste for SSB η, first, we find that there is a decreasing relationship

between the taste for sugar and household income, both at-home and away-from-home. This

is suggested by the negative coefficients of the interaction between SSB and household income

and SNAP participation status (-0.226 to -0.481 at-home and -0.02 to -0.164 away-from-home).

Comparing SNAP participants and nonparticipant poor, we find that the latter has weaker taste

for sugar, both at-home (-0.017) and away-from-home (-0.093). SNAP participants turn out to

have the strongest taste for SSB no matter at-home or away-from-home. This is consistent with

the empirical evidence that SNAP participants buy a lot of SSB because SNAP benefits are

allowed to be spent on SSB.20

Households with older primary respondent have a distaste for SSB both at-home (-0.032) and

away-from-home (-0.099) compared to the baseline group. In contrast, households with children

have a very strong taste for SSB at-home (0.284) and a relatively weaker but also a positive taste

for SSB away-from-home (0.089) compared to the baseline group.

In terms of the relationship between the taste for SSB and household total sugar intake, we

find that for the at-home segment, there is an increasing relationship between household sugar

intake and the taste for SSB. The difference in the marginal utility from SSB between high and

low sugar households is as large as 1.57. For the away-from-home segment, we find that across

all sugar intake groups of households, they all have very large positive marginal utility from

SSB (coefficients ranging from 4.889 to 5.548) compared to the at-home segment. high sugar

consuming households still have slightly larger marginal utility of SSB compared to low sugar

consumers.

Multi-pack has a negative impact on households marginal utility (-0.341) at-home. Package

size has a positive effect (0.623) on households marginal utility at-home but a large negative

effect away-from-home (-3.658). This finding is intuitive as we expect that consumers prefer

small convenient package size on-the-go or in restaurants compared to in the grocery stores.

Table 12 shows the estimated random price coefficients µ for the away-from-home segment.

For around 80% of the households, their estimated price coefficient is −5.153 + (−1) = −6.153.

The rest 20% of the households have a price coefficient ranging from −5.931 to −5.264.

20The article ”In the Shopping Cart of a Food Stamp Household: Lots of Soda” can be found on
https://www.nytimes.com/2017/01/13/well/eat/food-stamp-snap-soda.html
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The price coefficient we obtained in both segments is quite small in magnitude compared

to prior work.21 However, this can be explained by two facts. The first is that the nesting

parameter rescales all demand parameters. Grigolon and Verboven (2014) note that to make

the price coefficient in a nested logit model comparable to the ones from standard logit model,

the price parameter should be rescaled by α/λ. Thus, with a nesting parameter less than 1, the

rescaled price coefficient should be larger in magnitude than those reported in Table 10 and 11.

The second main reason is due to our definition of “products”. Instead of choosing among specific

brands or narrowly defined products, the “products” in our analysis are indeed drink categories

such as regular soft drinks, diet soft drinks, juice, etc.

Table 10: Random Coefficients Nested Logit Demand Estimates, At-Home

Estimate SE Estimate SE

α β
Price -2.853 0.109 Constant -2.791 0.048
Price × non-SNAP poor -0.742 0.034 Multi-pack -0.341 0.024
Price × non-SNAP med -0.376 0.017 Package size 0.623 0.018
Price × non-SNAP rich 0.716 0.037
Price × age -0.085 0.020
Price × child 0.558 0.025 λ
Price × sugar low 0.439 0.084 Nesting parameter 1.000 0.008
Price × sugar med 1.372 0.084
Price × sugar high 2.568 0.082 µ

Range of the fixed grid [-1, 1]
η Number of grid points (R) 10
SSB × non-SNAP poor -0.017 0.029
SSB × non-SNAP med -0.226 0.023
SSB × non-SNAP rich -0.481 0.027 Drink category FE Yes
SSB × age -0.032 0.008 Retailer-drink category FE Yes
SSB × child 0.284 0.027 Time FE Yes
SSB × sugar low 1.014 0.059
SSB × sugar med 1.778 0.052
SSB × sugar high 2.584 0.051 Number of choice occasions 23384

Notes: Prices are divided by 10 in the estimation. We estimate demand on a sample of 4,679 households on
23,384 At-home choice occasions. Consumers choose from the products in At-home segments including the
outside options. The reference group is SNAP households that consumed zero added sugar from SSB within
a week. The coefficients of interaction between price and other demographic groups represent the change
relative to the baseline level. Non-SNAP income group indicators are constructed by ERS, using household
income measures and adjusted by poverty guidelines. The level of sugary diet is constructed based on weekly
total added sugar from SSB a household has. We include a random coefficient for price. The fixed grid MR
is an evenly spaced vector over the interval [−1, 1]. The estimated weights γ are omitted from the table.

21Using supermarket data in a developing country, Marshall (2015) reports an average marginal (dis)utility of price of −6.15. Dubois
et al. (2020) uses data in UK covering on-the-go purchases to study soda demand. Their estimate of mean level of price preference is
−3.15,
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Table 11: Random Coefficients Nested Logit Demand Estimates, Away-From-Home

Estimate SE Estimate SE

α β
Price -5.153 0.310 Constant -0.903 0.044
Price × non-SNAP poor -0.314 0.066 Package size -3.658 0.086
Price × non-SNAP med 0.788 0.063
Price × non-SNAP rich 1.304 0.073
Price × age 0.411 0.037
Price × child 0.261 0.076 λ
Price × sugar low 1.304 0.083 Nesting parameter 0.832 0.019
Price × sugar med 1.336 0.064
Price × sugar high 1.472 0.079 µ

Range of the fixed grid [-1, 1]
η Number of grid points (R) 10
SSB × non-SNAP poor -0.093 0.047
SSB × non-SNAP med -0.020 0.035
SSB × non-SNAP rich -0.164 0.026 Drink category FE Yes
SSB × age -0.099 0.008 Retailer-drink category FE Yes
SSB × child 0.089 0.024 Time FE Yes
SSB × sugar low 4.889 0.196
SSB × sugar med 5.336 0.201
SSB × sugar high 5.548 0.204 Number of choice occasions 23539

Notes: Prices are divided by 10 in the estimation. We estimate demand on a sample of 4,679 households on
23,539 away-from-home choice occasions. Consumers choose from the products in away-from-home segments
including the outside options. The reference group is SNAP households that consumed zero added sugar from
SSB within a week. The coefficients of interaction between price and other demographic groups represent
the change relative to the baseline level. Non-SNAP income group indicators are constructed by ERS, using
household income measures and adjusted by poverty guidelines. The level of sugary diet is constructed based
on weekly total added sugar from SSB a household has. We include a random coefficient for price. The fixed
grid MR is an evenly spaced vector over the interval [−1, 1]. The estimated weights γ are omitted from the
table.

Table 12: Random Coefficients Estimates, Away-From-Home

Fixed grid µ Weights γ

-1.000 0.791
-0.778 0.051
-0.556 0.045
-0.333 0.010
-0.111 0.102
0.111 0.000
0.333 0.000
0.556 0.000
0.778 0.000
1.000 0.000

We proceed to calculate the aggregate price elasticities of demand. They are presented in

Table 13. We simulate a one percent increase in the price of SSBs in the at-home segment and

away-from-home segment separately. The elasticities are then the change in quantity demand

with respect to the price change. Panel A reports the elasticities for the at-home segment and

panel B reports those for the away-from-home segment. Several interesting patterns arise for

the own demand effect. First, for each income and SNAP participation group, consumers have

larger (in absolute value) own price elasticities and cross price elasticities at-home than away-
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from-home. Second, in each segment, higher-income households have lower price elasticities

than lower-income households. Both patterns are consistent with our analyses on the estimated

parameters previously. Third, the positive cross price elasticities (column two) imply that SSB

and non-SSB products are substitutes. Fourth, comparing SNAP participants to nonparticipant

poor, we find that the latter households have larger own and cross price elasticities no matter

at-home or away-from-home.

Our estimated elasticities for SSB at-home are of a similar magnitude to the existing literature

on SSB demand with highly aggregated level of products. For example, Lopez and Fantuzzi (2012)

estimate an own price elasticity of −0.58 for all caloric carbonated soft drinks (these are SSBs

in our paper but excluding juice, energy drink, and sweetened tea and coffee). Andreyeva et al.

(2010) collect own price elasticities for soft drink categories from 14 studies. The mean own price

elasticities across the 14 studies is −0.79, with a 95% confidence interval of [−0.33,−1.24].22

On the other hand, the demand for an aggregate-level category defined as in Table 13 here

would in general be less elastic than the demand estimated from more disaggregated brand-

level individual products. For example, Bonnet and Requillart (2013) report a brand specific

own price elasticities to be between −2.13 and −3.95. Dubé (2005) estimates a brand-level own

price elasticities ranging between −2 and −4. The reason is that compared to a broadly defined

category, there is now more competition between individual brands and thus it leads to a higher

level of substitution.

Table 13: Aggregate-Level Price Elasticity

Effect of 1 percent increase in the price of SSB on

Own demand effect Cross demand for non-SSB

Panel A: At-home
SNAP -0.267 0.130
Non-SNAP poor -0.473 0.161
Non-SNAP medium -0.374 0.126
Non-SNAP rich -0.233 0.063

Panel B: away-from-home
SNAP -0.335 0.197
Non-SNAP poor -0.396 0.202
Non-SNAP medium -0.233 0.136
Non-SNAP rich -0.194 0.089

Notes: We simulate the effect of a 1 percent price increase for all SSB at the At-
home market segment and all SSB at the away-from-home segment, respectively. In
column 1, we report the change in demand for those products. In column 2 we report
the effect on demand for non-SSB products. Elasticities are computed separately by
SNAP status and are averaged across markets. (...TODO: The standard deviation is
calculated across the markets.)

22Their definition of soft drink categories are slightly different from ours. Their narrowest definition is carbonated soft drinks, and
the broadest definition is non-alcoholic beverages.
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4 Counterfactual Analysis

4.1 Effects of a Soda Tax

Based on our demand estimates, we study the impact of a soda tax on household SSB consumption

at-home and away-from-home. We will show that the reductions in SSB purchases in response

to the price rise varies across both demographic groups and segments.

As of 2022, seven cities and counties in the United States have introduced an SSB taxes. The

level of current excise taxes on SSB ranges from 1 to 2 cents per ounce, with five out of the seven

cities being 1 cent per ounce. In our baseline counterfactual exercise, we apply a tax rate of 1

cent per ounce to all SSB products.

Let ΩSSB denote the set of SSB products, r a soda tax rate and qj the volume in ounce. We

assume the post-tax prices, ppostj are given by

ppostj =

pprej + rqj ∀j ∈ ΩSSB

pprej ∀j /∈ ΩSSB

pass-through rates can be different for SSBs at-home and away-from-home. We try the same

pass-through rates of 100 percent for both segments and also try setting the pass-through rates

for the away-from-home segment to be 70 percent, which is commonly found in the empirical

literature.23 We simulate a soda tax incidence and report results by three types of households

that the policy targets: households by income and SNAP status, households with or without

children, and high versus low sugar households. The results are reported respectively in the

following subsections. In each figures below, panel (a) and (b) refer to the same pass-through

setting while panel (c) and (d) refer to the different pass-through setting.

4.1.1 Target Group

Figure 6 shows the reductions in SSB demand by SNAP status and income level. Panel (a)

shows that the decrease in the level of SSB consumption (in ounces) is negatively correlated with

household income for SSB consumption at-home. The drop is as large as 8 ounces per adult

equivalent per week for low income households. For medium and high income households, the

drop is only 6 and 4 ounces respectively. SNAP participants and nonparticipant poor have similar

drop in SSB demand. Panel (b) shows that in terms of percentage reductions, nonparticipant

poor and medium income households have the largest drop in SSB demand (20% to 25%), while

SNAP participants and rich households decrease SSB demand by around 15%.

In contrast, for SSB away-from-home, a soda tax has much smaller effect on all income groups,

in terms of both changes in ounces or changes in percentage terms. The decrease in ounces is

23Previous studies have found various effect of tax pass-through to prices in restaurants. For example, Cawley et al. (2020) find
a pass-through rates of 71.1% on taxed drinks in Boulder, Colorado using hand-collected retail store data and 74.2% using restaurant
data. On the other hand, Marinello et al. (2021) find similar price increases (82%) of bottled regular soda and diet soda in fast-food
restaurants in Oakland, CA.
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only 1 for all income groups. The decrease in SSB demand in percentage terms is around 5% to

6%. These findings are consistent with our previous estimated demand parameters, which show

that households are more price sensitive at-home and less price sensitive away-from-home.

Comparing panels (c) and (d) to panels (a) and (b), we do not find significant large differences

in the outcomes. The percentage drop in SSB demand away-from-home is 2% larger when the

pass-through rates is 100% compared to 70%. The finding implies that changing the pass-through

rates for the away-from-home segment does not alter household demand responses or implications

much. This is because households overall are less price sensitive in the away-from-home segment.

The results above suggest that soda taxes are effective in the at-home segment but not in the

away-from-home segment because households regardless of the income level are less price sensitive

away-from-home. The total decrease in household SSB consumption will then be mainly from

the drop in consumption at-home. There is an almost linear negative relationship between the

decrease in SSB consumption (in ounces) at-home and household income. In terms of percentage

change, SNAP participants’ reductions in SSB demand is not as large as nonparticipant poor and

medium income households. This might be due to the reason that SNAP participation distorts

their taste or budget constraint such that they use the free stamps to buy more soda drinks than

they would without stamps.
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(a) Level reductions, at-home 100% pass-through, away-
from-home 100% pass-through

(b) Percentage reductions, at-home 100% pass-through,
away-from-home 100% pass-through

(c) Level reductions, at-home 100% pass-through, away-
from-home 70% pass-through

(d) Percentage reductions, at-home 100% pass-through,
away-from-home 70% pass-through

Figure 6: Reductions in SSB Purchases by SNAP Status and Income Level

Notes: Figures show how average reductions in SSB consumption varies across SNAP status and income
groups. In all figures, the pass-through rates is 100 percent in the at-home segment. Figures (a) and (b)
show the results with 100 percent pass-through rates in away-from-home, and (c) and (d) are 70 percent
pass-through rates in away-from-home.

4.1.2 Households With or Without Children

Figure 7 shows the reductions in SSB demand for households with or without children. For the

at-home segment, panel (a) shows that there is a one ounce difference in the drop of SSB demand

between households with and without children. The picture looks similar in terms of percentage

reductions (panel b). Households with children decrease SSB demand by 15% and households

without children decrease that by over 20%. The decrease in SSB demand away-from-home is

much smaller for both households. And there is no difference in the change of SSB demand away-

from-home between these two groups. The results are also very similar if we set the pass-through

rates away-from-home to be 70% (panel c and d).
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(a) Level reductions, at-home 100% pass-through, away-
from-home 100% pass-through

(b) Percentage reductions, at-home 100% pass-through,
away-from-home 100% pass-through

(c) Level reductions, at-home 100% pass-through, away-
from-home 70% pass-through

(d) Percentage reductions, at-home 100% pass-through,
away-from-home 70% pass-through

Figure 7: Reductions in SSB Purchases by Households with or without Children

Notes: Figures show how average reductions in SSB consumption varies across households with or without
children. In all figures, the pass-through rates is 100 percent in the at-home segment. Figures (a) and (b)
show the results with 100 percent pass-through rates in away-from-home, and (c) and (d) are 70 percent
pass-through rates in away-from-home.

4.1.3 High vs low sugar consumers

Figure 8 shows the reductions in SSB demand by household total sugar intake. For the at-home

segment, there is a linear negative relationship between the change of SSB demand in ounces and

household total sugar intake. Low sugar households decrease total ounces per adult equivalent

per week by 4 ounces while high sugar consumers decrease that by 10 ounces. However, if we

look at the percentage reductions (panel b), the picture is reversed. There is a linear positive

relationship between the change in SSB demand and household total sugar intake. Low sugar

households decrease SSB consumption by 25% while high sugar consuming households decrease

that by only 10%. For the away-from-home segment, again the effect of tax is small no matter

in ounces or in percentage terms reductions. And the effect is similar across households by total
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sugar intake. The picture is very similar if we change the pass-through rates away-from-home to

be 70% (panel c and d).

(a) Level reductions, at-home 100% pass-through, away-
from-home 100% pass-through

(b) Percentage reductions, at-home 100% pass-through,
away-from-home 100% pass-through

(c) Level reductions, at-home 100% pass-through, away-
from-home 70% pass-through

(d) Percentage reductions, at-home 100% pass-through,
away-from-home 70% pass-through

Figure 8: Reductions in SSB Purchases by Weekly Added Sugar Intake

Notes: Figures show how average reductions in SSB consumption varies across level of sugary diet. In
all figures, the pass-through rates is 100 percent in the at-home segment. Figures (a) and (b) show the
results with 100 percent pass-through rates in away-from-home, and (c) and (d) are 70 percent pass-
through rates in away-from-home.

5 Conclusion

Beyond the focus on alcohol, tobacco, and gambling, sin taxes recently have been focused on the

promotion of healthy eating. That is, the government has extended taxes to food and drinks.

There is one main question related to assessing an effective an SSB tax. Who are most affected

by a soda tax, and who bears the most of a soda tax burden. This question is critical in assessing

the effectiveness of an SSB tax in deterring excess levels of sugar intake and the welfare change

of consumers due to a soda tax.
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In this paper, we study these by exploiting a novel dataset that covers household SSB de-

mand from all channels (at-home, on-the-go, and in restaurants) for a representative sample of

U.S. households. Another distinguishing feature of our dataset is its high coverage of low in-

come households and its precise information on SNAP participants and nonparticipating poor.

We utilize both features to precisely nonparametrically estimate household SSB demand using a

flexible random coefficient nested logit model. We obtain several interesting and unique findings.

First, we find that SNAP participants and nonparticipating low income households have very

different SSB demand responses to the tax. Specifically, SNAP participants have a similar reduc-

tion in ounces but a much smaller reductions in percentage terms. The nonparticipant poor are

more price sensitive than SNAP participants overall. Second, we find that households overall are

much less price sensitive away-from-home than at-home. an SSB taxes are effective in reducing

SSB consumption at-home but not away-from-home. This implies that the total reductions in

SSB consumption will come mainly from the reductions at-home. Third, we find that there is a

negative almost linear relationship between household income and the decrease in SSB demand:

low income households are much more price sensitive and reduce SSB consumption much more

than high income households. Both results imply that even after accounting for the away-from-

home segment, a soda tax burden will mainly fall on low income households and the soda tax

will be regressive. Fourth, a soda tax is effective in reducing SSB consumption in households

with children even though SSB consumption drops more in households without children. Finally,

there is a linear negative relationship between the decrease in SSB consumption in ounces and

total total sugar intake but a positive relationship between the decrease in SSB consumption in

percentage terms and household total sugar. In other words, even though high sugar consumers

decrease their SSB consumption a lot, the reductions is still small relative to their pre-tax SSB

consumption.

Even though a soda tax is found to be regressive, recent evidence has shown that the health

benefits due to the reductions in SSB consumption should be taken into account too. On the

other hand, firms will respond by adjusting their product types, pricing, advertising, the invention

of new products, etc. Our results therefore only speak to the short to medium term effect of an

SSB tax. Future research on incorporating the firm side responses into the picture will be very

interesting and worth exploring.
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