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Abstract

Taxes on sugar sweetened beverages (SSB) are proposed with the promise to improve public

health outcomes as people curve SSB consumption and thus, sugar intake, with price hikes,

but they also come with an embedded equity concern due to their regressive nature. We

evaluate the soda tax introduced by Berkeley in 2015 with two questions in mind: What has

been the effect of the policy in actual sugar intake, and what are the differences in treatment

effects across income groups. This article is the first to get closer to the aim of the policy

by looking at actual sugar intake, feeding retailer POS data with the matched Nutrition

Fact information on sugar. We find that sugar intake has fallen, but at a lower rate if

compared to liquid content changes, an indication that the policy has provided an incentive

to buy SSBs with higher sugar concentration. Furthermore, the evaluation is incomplete if

equity is not addressed as well, especially when the public health concern affects low-income

households disproportionately. By taking advantage of the richness in POS data, we follow

baskets representing income groups’ SSB consumption. We find that the reduction in sugar

and liquid consumption has been fairly homogeneous across the different baskets, with the

middle income groups’ baskets facing the deepest reduction in consumption of sugar and

liquid and the lowest hike in prices.

∗The current version of this article was written as a preliminary draft to be presented in the Public

Finance and the New Economy Conference to be held at Andrew Young School of Policy Studies, Georgia

State University. April 26-27, 2018.
†Nielsen’s copyright of data: Copyright © 2018 The Nielsen Company (US), LLC. All Rights Reserved.
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1 Introduction

Taxes on sugar sweetened beverages (SSB) are proposed with the promise to improve public

health outcomes as people curve SSB consumption and thus, sugar intake, with price hikes.

In this regard, a SSB Tax (Soda Tax) is a sin tax, as they are levied on goods considered

socially undesirable or to help citizens in their intention to curb consumption. However,

because consumption taxes are perceived as regressive, such policies raise quintessential

concerns over potential trade-offs in efficiency versus equity. These concerns are explored in

this research.

The efficiency of the SSB tax is at least partially motivated by research linking soda SSB

consumption to the prevalence of a diabetes and obesity (Ogden et al., 2014; Colchero et al.,

2016; Han and Powell, 2013). Prior to the 2015 introduction of a SSB tax in Berkeley (CA),

most of the evidence came from international experiences (Berardi et al., 2016; Colchero et al.,

2016), where the introduction of a soda tax has been related to a reduction in consumption;

or by measuring how the changes in sales taxes in general have been accompanied by changes

in soda consumption (Fletcher et al., 2010). More recent research has evaluated this policy

directly with the implementation of the SSB tax in Berkeley for its effect on consumption

of SSBs and SSB prices (in liquid ounces or unit consumption) (Falbe et al., 2016; Silver

et al., 2017). These health effects contribute to costs on the public fisc across all levels

of government. In 2014, U.S. local governments spent $88.5 billion for non-capital hospital

functions and $45.5 billion in public health services, which represented about 8% of total local

expenditures. State governments spent nearly the same amount at $66.9 billion and $44.2

billion for hospital and health, respectively. For comparison, state and local governments

spent a combined $220.7 billion on police, corrections, and judicial administration for the

same period, nearly $25 billion less than those health and non-capital hospital outlays1.

Meaningful impacts on individual consumption choices might represent long-run cost savings

on items that are otherwise difficult for public decision makers to influence.

1Data source: Census of Government Finance, U.S. Census Bureau.
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There is a disconnect, however, between the design of these policies and the goal of re-

ducing sugar intake. Since the policies are often structured on a liquid content basis2, then

there is an untaxed margin on sugar density that leave consumers incentivized to switch to

SSBs with more sugar concentration. An analogous and well-discussed case are fuel taxes

motivated by the negative externalities of carbon, yet such a tax is a less precise instrument

than taxing the carbon content of fuels directly because consumers may switch fuel types.

Even without this substitution in SSB consumption, if the reduction in consumption hap-

pens predominantly from SSBs with low sugar, the effect of the policy’s efficiency would be

somewhat diminished.

The first set of results in this paper disentangles the effect of SSB liquid ounce consump-

tion from consumption of grams of sugar. We find that consumption of SSB liquid ounces

falls by more than sugar intake from SSBs. We find a fall of 13%-17% for the former and a

fall of 11%-13% for the later. We also find that pre-tax sales prices of SSB rose by 2.9%-3.2%

on a per ounce basis, but it didn’t change on per sugar grams basis.

The second part of the paper explores concerns of the regressive nature of excise taxes

(Hines, 2007b) both in price and consumption effects. First, low income consumers spend a

higher share of their income, consumption charges are likely to be regressive. However, in

the case of sugar, the public health concern from diabetes and sugar affects the poor dispro-

portionately (Ogden et al., 2014; Han and Powell, 2013). If the reduction in consumption is

experienced only by the high income individuals it would constitute a shift in the burden of

the provision of public services to the poor.

To take advantage of the richness of our retailer point-of-sale (POS) data we construct

“baskets” of consumption across income groups to ask what happens to quantities and prices

of this baskets that represent income groups. The analysis suggests that the sugar intake

reduction has been somewhat homogeneous across the different baskets, as we cannot reject

that changes are different across them. However, we document the heterogeneity: the dif-

ference in consumption reduction across income groups range from 1 to 4 percentage points,

2The Berkeley Soda Tax charges 1¢/Lq(oz) at the distribution level.
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from a tenth of the total reduction in liquid content, to a quarter of the total effect on sugar

intake. Middle income baskets have experienced the deepest drops, whereas the high income

group has experienced the least reduction in consumption.

The article is structure as follows: After this introduction, we provide a brief review of

the literature evaluating Soda Taxes. The third sections presents our data sources and how

we use it to create our units of analysis. Section 4 presents our identification strategy and

how we will conduct the statistical analysis. The following section presents the results and

the final section discusses and concludes.

2 Literature Review

As mentioned above, Sin Taxes are excise taxes levied on goods that are considered socially

undesirable. Such taxes are levied on other products such as alcohol and tobacco and the

main intention is to help consumers curb their consumption of potentially harmful goods.

Standard economic theory would predict that the burden of introducing such a tax would be

split between consumers and producers based on relative elasticities of supply and demand.

Previous empirical evidence from retail taxes (Poterba, 1996) has shown that consump-

tion taxation has a near one to one pass through. However, in the particular case of sin

taxes of alcohol and tobacco, research on the topic has found that consumption decreases,

but that it is accompanied by over-shifting, a result in which after-tax prices increase by

more than what would be expected theoretically by the introduction of the tax (Hines,

2007a; Dutkowsky and Sullivan, 2014). The reason for which this empirical anomaly is ob-

served is unknown, however Hines (2007a) offers some potential explanations: demand and

supply spillovers under general equilibrium and imperfectly competitive markets.

Several theoretical studies motivate the introduction of Sin Taxes under settings in which

rational behavior is limited by self-control problems in consumption (O’Donoghue and Ra-

bin, 2003, 2006; Haavio and Kotakorpi, 2011). These studies establish models in which

consumers vary on their degree of self-control, as measured by the parameters in present-
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biased preferences that discounts inter-temporal consumption. They provide a theoretical

justification for the introduction of the taxes, in which a paternalist government is trying to

help its citizens contain their self-control problems and they also provide an explanation for

the implied high elasticities implied by the empirical literature.

Most of the studies on the effects of Sin Taxes focus in consumption and incidence in the

United States focus on tobacco and alcohol (Fletcher, 2012; Dutkowsky and Sullivan, 2014).

However some studies tried to address the potential effects of introducing an exclusive soda

tax by trying to calculate the elasticities from soda consumption taking advantage of the

variability in retail taxes that pertain to soda consumption Fletcher et al. (2010). Most of

the direct evidence on soda taxes and its effect on consumption has been from international

implementations of the policy, for instance Colchero et al. (2016) analyze the Mexico Soda

Tax, and Berardi et al. (2016) evaluates the Soda Tax in France. In general, all these studies

find that the introduction of a Soda Tax lead to a decrease in consumption as price rises

with a complete or near to complete pass-through to consumers.

In the US direct evaluations have been conducted after the introduction of the Berkeley

Soda Tax of 1¢ per liquid ounce in 2015 for beverages that have added sugar content to water,

this includes juices which are not fresh, sodas and flavored waters. Exempted are those low-

calorie beverages which have no sugar content, fresh natural juice and dairy products.3 Falbe

et al. (2015) document that three months after the implementation of the policy 67% of the

tax had been passed to consumers in soda, and 47% in SSBs in average. They conduct the

study following data across 71 stores in and outside of Berkeley. Falbe et al. (2016) conduct

a cross-sectional survey comparison before and after the introduction of the policy and finds

that consumption of SSBs measured in liquid content decreased in 21% in the city of Berkeley

after the introduction of the tax, while it increase in 4% in neighboring comparison cities.

Finally, Silver et al. (2017) find that SSB liquid ounce consumption fell 9.6% on average

using POS retail information, whereas the pass-through to consumers varied depending on

the kind of retailer.

3A full description of the policy can be found in this link:https://www.cityofberkeley.info/
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This study contributes to the literature in several ways. First, it gets closer by getting

a step closer to the good that society has deemed as harmful, sugar, in comparison to the

beverages that the policy affects. This way of collecting the tax might have an unintended

consequence as there is a margin which consumers can explode to avoid, at least partially,

the tax. This has already happened and documented in tobacco taxation, where consumers

shifted towards cigarettes with higher nicotine concentration (Adda and Cornaglia, 2006).

We evaluate if such a substitution is also going on in Soda Taxes. We find that sugar intake

is reduced by the tax, but some substitution towards higher concentration of sugar happens

as the reduction is lower relative to the fall in liquid content of SSBs.

Furthermore, we also evaluate the extent to which the policy affected income groups

differently. It has been found that intake from sugar and the prevalence of health issues

with diabetes and obesity is higher among low income households (Ogden et al., 2014; Han

and Powell, 2013). We would worry that all the reduction in consumption would come

from higher income groups in this health problems are less common. In such a case the

introduction of the policy would could still be justified as a user-fee, as the tax would be

born by the affected population, but it would shift the burden of government towards low

income households. Our findings suggest that the decrease in consumption of SSBs and in

sugar intake from SSBs has been relatively similar across the different income groups we

analyze.

3 Data

3.1 Nielsen Data

We use information from the Nielsen4 Consumer Panel Data (Household Panel) and the

Nielsen Scanner Retail Scanner Data (Retail Scanner) both provided by the Kilts Center for

Marketing. The former dataset comprises a representative panel of households that use in-

4Results in this article are calculated (or Derived) based on data from The Nielsen Company (US),
LLC and marketing databases provided by the Kilts Center for Marketing Data Center at The University of
Chicago Booth School of Business.
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home scanners to record UPC codes for all of their purchases intended for personal consump-

tion. The latter, on the other hand, captures information from scanner based points-of-sale

in participating stores across the US. We pull product categories which contain UPC codes

affected by the tax on SSBs Berkeley introduced: Soft drinks, canned or bottled beverages,

including juices and carbonated and non-carbonated beverages. If they are affected by the

policy depends on their total sugar content, as some of this beverages have no sugar. From

this first approximation we exclude water, but we keep other kind of low calorie drinks. Not

all UPCs in our data are subject to the tax, as it will depend on the contained sugar of the

drink.

The Household Panel, thus, provides data on product characteristics and expenditures for

the households’ purchases, whereas the Retail Scanner provides information about the sales

happening at the store level. This allows us to perform of purchasing patterns measured by

expenditures and total ounces for SSBs, following households on the one hand and following

retail stores on the other.

The data has some limitations that are important to consider. First, the Household Panel

only provides information about household purchases from retailers, and does not include

expenditures at other types of establishments. Furthermore, households might consume

foods they did not purchase or purchase foods they do not ultimately consume. A second

limitation concerns underreporting described in Oster (2017), who states that not all the

purchases subject to be scanned are reported to the Nielsen Consumer Panel. She compares

purchases of food and beverages from Nielsen with those reported in the National Health and

Nutrition Examination Survey (NHNES), concluding that Nielsen information represents 80

percent of the calorie intake reported in the NHNES.

On this regard, the Retail Scanner information is an improvement, as the reporting

from individual stores comes directly from their POS, and the transfer of information comes

at a minimum cost for the participating stores, so underreporting, and specially selective

underreporting is not an issue. Furthermore, each of the stores in a locality encompass more

information than the individual households followed in the Panel data.
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3.2 Nutrition Facts

With respect to the sugar information, as mentioned before we obtained it scrapping in the

web the Nutritional Facts tables in on-line stores that have provide that information. From

the UPCs provided in the Nielsen data we complete the commercially used UPC by including

the verification number and any remaining zeros to the left of the number to transform them

into complete 12-digit UPCs. Ultimately, we obtain the nutrition information for 20.6 million

transactions observed in the Panel data, which represents 62 percent of the transactions of

identifiable observations5. However, even after accounting for those identifiable observations

we are still missing 12.7 million transactions from the identifiable observations, so our sugar

content analysis represents a subset of households that appear in our expenditure analysis.

Ultimately, it is likely that the sources of underreporting and missing expenditures conse-

quently understate the level of expenditures and sugar consumption. However, our analysis

emphasizes comparisons across groups. The implicit assumption is that these underreporting

differences are not systematically correlated with the groups of study to a degree significant

enough to alter the substantive inferences drawn. Unfortunately, there is no means of testing

this assumption.

3.3 Setting up the data and defining a unit of analysis

Once we have linked the scrapped sugar information to the Nielsen datasets, we start by an-

alyzing the Retail Scan information and performing difference in difference approach (DiD),

as it will be described in 5.1. Following this approach we can answer our first question of

what is the effect of the Soda Tax on sugar consumption, relative to liquid consumption.

We perform the analysis collapsing the information at the store level, to gain computing

efficiency, as it allows to reduce our sample from more than 100 million, UPC, store, month

reports to 600,000 store monthly reports. However, when we want to evaluate the hetero-

geneity across income groups and take advantage of the richness of the retail information

5Not all transactions are identifiable, as retailer brands are anonymized to protect retailers’ identities.
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Table 1: Nielsen Data Units with information 2014-2015

Households Stores UPCs
2014 2015 2014 2014

United States 60569 58364 5311 1482
California 5020 4835 3025 448
San Francisco (DMA) 1008 950 440 447
Berkeley 11 10 10 379

Note: Information with available information for the UPCs re-
maining after the screen scrape of Nutrition Facts.

we have, we need to consider a different approach as we don’t observe the actual income

group purchasing the goods listed in the retail report. If it was the case that we want to

follow the household information in the panel data, we lack the necessary variation to con-

duct the analysis, as it is shown in Table 1. The Table shows the number of households

with information that the Nielsen Panel data follows for different geographic units. Despite

that the dataset follows approximately 60 thousand households per year, once we focus on

Berkeley, we only observe consumption across 11 households in Berkeley, it is not enough

variation to perform a statistical analysis. Furthermore, we are aware of the limitations of

the self-reporting approximation in information collection of the Household Panel mentioned

before.

In addition to the Household Panel limitations, the richness of the Scanner Retail infor-

mation is attractive in its own as it provides a more solid ground to evaluate our hypotheses.

In spite that the data only covers 10 stores in the Berkeley area for the previous year to

the introduction of the policy, the average store in the Scanner Retail data had SSB sales of

$640 thousand in 2014.

To study the differences of our interest and take advantage of the richness of the data

we focus on the constructed ”baskets” of SSBs consumed by different income groups. We

transform the data from the Scanner Retail to account for baskets using weights obtained

from the Household Panel information. Figure 1 summarizes the procedure: We first ob-

serve the item consumption of household income groups in the Household Panel data, we

extrapolate to the whole area of San Francisco to obtain a wider range of households in our

8
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Figure 1: Consolidation of Baskets per Income Group

sample (Table 1). We observe their consumption in different UPCs from which we obtain

the shares in the total basket of the income group. From the shares, we construct a vector

of weights containing the individual UPC shares consumed by income group i (wi). We can

do this for any of the income groups we will follow. Once we have obtained the vector of

UPC weights, we apply each one of them to each of the UPC retail reports in the Scanner

data (Ysth = wh · Yst). From a single store report (Yst) we are able to obtain, by applying

these weights, different baskets to follow (Ysti, Ystj...), and as many as vectors of weights we

have.

In our first sample, when we are tracking the overall changes of the policy we will have a

store-period time series. On our second sample, to answer our second hypothesis we will have

a store-basket-period time series, where we will test if there is any heterogeneous changes

across income group baskets. I provide an example of how the baskets are calculated in the

Appendix A. It is worth mentioning that the main source of relevant variation that identifies

the heterogeneity comes from two sources, first the change in the UPC demanded, but also

from the difference in the weights across groups, if the weights in the basket are the same,

whey will be discarded when we include the income group fixed effect.
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The main contribution of this approach is twofold: it captures changes in demand and

in prices of the given basket we define, and it allows to get separate units of analysis out of

only one report vector from a store.

4 Methodology

4.1 The Effect of the Policy

Previous studies have approached the estimation of causal effects of Soda taxes by introduc-

ing a control group in a Difference and Difference setting (Silver et al., 2017). We start by

corroborating their results in our sample of stores, by analyzing how outcomes varied after

the introduction of the policy. We will use this framework to answer our first hypothesis.

We will follow quantities and prices, but more importantly, sugar. Considering that the tax

is levied on the liquid ounces content of the beverage, if sugar consumption from SSB has

decreased less than liquid ounce consumption varied in spite of decreases in consumption of

SSB, that would indicate a shift to beverages where sugar is more concentrated. To identify

the changes in consumption attributable to the policy we estimate the following model:

yst = β(Ds · Postt) + ηt + ηz + ηs + εst (1)

The effect over the store’s outcome in a given month (yst) will be captured by the coefficient

β, as it will state the difference between the treatment group (Ds = 1, for Berkeley stores)

and the control group, after the introduction of the policy (Postt = 1, for months after March

2015). As mentioned in the introduction to the policy, we disregard the transition period

in which not all liquids or stores implemented the policy. To capture any time invariant

difference across stores or geographic locations we introduce, store (ηs) and 3-digit zip codes

(ηz) fixed effects. They fully capture the status of treatment and control groups. We also

include period fixed effects (ηt) to account for any seasonal effects of period specific effects.

We cluster our standard error at the store level, the unit of our analysis.

10
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The comparison between control and treatment groups is the source of our identification.

Thus, we consider three different groups: the first one considers all different stores in the

remaining 3-digit zip codes in California. A separate control group considers other 3-digit

zip codes different from neighboring to Berkeley. By separating neighbour groups we want

to control for any cross-border effects between the localities. We evaluate the quality of the

controls by testing the common pre-trend assumption in a full event model, a more general

specification relative to Equation 1, where we allow the effect of the policy, the interaction

of the treatment and time vary in each single month. However, considering that every-day

life in the San Francisco bay area is considerably intertwined, we build a final control group

with all the zip codes in California outside of the Bay Area. Accordingly, we estimate:

yst =
∑
t

(
βt(Ds · ηt)

)
+ ηt + ηz + ηs + εst (2)

Equation 2 allows, not only evaluate the common pre-trend assumption, but also we can

characterize the timing of the effects after the introduction of the Soda Tax as we will unveil

difference in treatment effects for different periods.

4.2 Treatment Effect across Income Group Baskets

To test our second hypothesis and assess if there has been any heterogeneous effects across

income groups, we evaluate the changes in prices and sugar intake from baskets as constructed

in Section 3.3. From one store report we then arrive to four different observations, one per

income group, once we apply the transformation that weights consumption according to the

participation of each income group basket. Once we have applied this transformation we

have a different unit of analysis, as we will have an income group basket per store each

11



D
RAFT. Plea

se
do

n’
t cit

e

month. The triple difference (DDD) estimate will be derived from:

ysth =
∑
h

(
βDPh(Ds · Postt · ηh)

)
+

βDP

(
Ds · Postt

)
+
∑
h

[
βDh

(
Ds · ηh

)]
+
∑
h

[
βPh

(
Postt · ηh

)]
ηt + ηz + ηs+ ηh + εsth (3)

Equation 3 has the interactions of the policy effects and the income group baskets. We are

interested in the linear combination of the β coefficients, that specifically affected by the

policy and by the different income groups: βDPh and βPh. This coefficients capture the full

effect over a sub-population basket, as they represent the separate differences across income

groups, once the variation from the treatment groups and time has being stripped away. The

total effect of the policy over an individual income group basket is given by 4:

∆h = ∆ysth(Post = 1) = βDPh + βPh + βDP (4)

With the linear combination from Equation 4 we can compare the measure across income

groups using a Wald Test to assess the difference. In Section 5 we will use the lowest level

of income as the reference. Given two income group baskets, h = (i, j), we want to know if

the difference in an outcome as a function of the policy (∆hysth(Post = 1)), is equal to zero.

Equation 5 allows us to test our hypotheses. This is equivalent to test that the treatment

effect difference across two single baskets is zero, or:

H0 :∆i −∆j = 0

Where, ∆i −∆j =
(
βPi + βDPi

)
−
(
βPj + βDPj

)
,

h = (i, j) ∈ H = {1, ..., 4} and i 6= j (5)

The full-event estimation in Equation 6 is somewhat more complex in DDD as there
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will be multiple of this linear combinations. However, we can think on the β coefficients as

vectors which can be represented in a time plot. There will be one of this vectors for each

income group minus one. The inclusion of the individual periods, also interacts with the

other two variables and multiplies the number of parameters to estimate. Nevertheless, we

will be able to evaluate trends previous to the introduction of the policy across income group

baskets and also the effects of the introduction of the policy. Future work will consider this

estimation.

ytsh =
∑
t

∑
h

(
βth(Ds · ηt · ηh)

)
+

∑
t

[
βDt

(
Ds · ηt)] +

∑
h

[
βDh

(
Ds · ηh

)]
+
∑
t

∑
h

[
βth
(
ηt · ηh

)]
ηt + ηz + ηs+ ηh + εsth (6)

The next section presents the results, first for the standard DiD, where we will capture the

overall effects of the policy, followed by the DDD results, where we will measure relative

changes across income groups.

5 Results

Following the identification strategy described above, we organize this section by presenting

the results in the same order: first, the standard difference in difference (DiD) estimation to

evaluate the effects of the policy over the consumption of sugar from SSB, the total liquid

consumption of SSB and prices for both units. This requires the estimation of Equations 1

and 2. We follow by presenting the evaluation of heterogeneous effects across income group

baskets by estimating Equations 3 and 6.

13
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5.1 The Overall Effect of the Policy

In this section we present the treatment effects of the introduction of the Soda Tax. We

find that sugar content decreases about 12% while liquid consumption falls around 15%,

indicating that a shift in consumption is happening towards SSBs where sugar is more

concentrated. On the other hand, prices per liquid ounce are increasing 3%, but prices per

gram are not increasing.

The evidence presented here suggests that the policy has achieved its main goal of reduc-

ing sugar intake from SSBs. However, reduction in sugar intake does not parallel reduction

in liquid content, indicating that there is a behavioral reaction from consumers shifting their

demand towards SSBs with more concentrated sugar. This is consistent with the results we

find in price changes, as price per liquid ounce is increased after the introduction of the Soda

Tax whereas price per unit of sugar didn’t change, at least during the first three quarters

after the introduction of the Soda Tax.

5.1.1 Sugar Content from SSB Consumption

Table 2: Treatment Effect (DiD) - Ln(SSB Sugar Content(gr))

(1) (2) (3) (4)
ln(Sg.gr) ln(Sg.gr) ln(Sg.gr) ln(Sg.gr)

Dst = 1 · P = 1 -0.113** -0.119*** -0.125*** -0.128***
(0.035) (0.035) (0.035) (0.035)

R2 0.978 0.977 0.976 0.979
N 76,651 68,502 60,889 58,928

N. Clusters 3,018 2,702 2,411 2,293

Control Group
Remaining CA X

CA-No Neighbor 3D-Zip X
CA-No Bay Area X
Neighbor States X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

We start presenting our results of the estimation of Equation 1, evaluating the change

in sugar consumption from SSB in Table 2. Each one of the columns represents a different

14
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control group, and we present the coefficient of the interaction between treatment condition

(Berkeley, 3-digit zip code) and the time of the implementation of the policy, disregarding the

transition period between policy passage and implementation (January to March of 2015).

All models show a negative coefficient indicating that there has been a significant reduc-

tion in sugar sales across stores in Berkeley since the full implementation of the Soda Tax.

The reduction ranges from 11.3%, when comparing to all other CA (column 1), to 12.8%

when comparing to neighboring states (column 4).

Figure 2 shows the full event model as described in Equation 2 for the four controls we

are evaluating. Focusing in the coefficients since 2014, not all the pre-trends’ coefficients are

different from zero, in controls for California. The best control group, as per the common pre-

trend assumption, is observed for neighboring states, which is pictured in the bottom right

panel of Figure 2. It is also the counterfactual group in which the effect of the introduction

of the soda tax is statistically significant in most of the months of the post period. The

evidence gathered so far suggests that sugar consumption has decreased on average 12% in

Berkeley following the introduction of the soda tax.

5.1.2 SSB Liquid Ounces

Table 3 presents the estimates of the treatment effect over SSB liquid ounces consumption

following Equation 1 specification. We find that the consumption of SSB has decreased

as measured by its liquid content. This fall ranges from 13.5%, when compared to other

California stores outside of Berkeley, up to 17.2% when compared to stores in neighboring

states. These results corroborate the findings of previous studies although with different

magnitudes. For instance, Silver et al. (2017) finds that SSB liquid ounce consumption fell

by 9.6% in average for the taxed SSBs according to point of sale information similar to the one

we observe in the Nielsen data. So far we are not making a distinction across SSB subgroups,

although that is accounted considering the sugar contribution of each transaction as measured

in the previous subsection. Currently, we include SSBs that have zero sugar content. In an

extension we will consider include other beverages and also, potential substitutes of sugar
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Figure 2: DiD Estimation - Full Event - Ln(SSB Sugar Content(gr))
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Note: Plot of the different coefficients, βt from Equation 2. 95% Confidence intervals.

provision, such as candies, chocolate bars and cereals. On the other hand, Falbe et al. (2016)

find that SSB consumption fell by 21% comparing repeated cross-sections of consumers self-

reported consumption.

Relative to sugar consumption, the fact that the sales of liquid beverages fall at a higher

rate reflect a shift in consumption within SSBs from lower sugar content to a higher sugar

content in relative terms. In other words, the average sugar per liquid ounce content was

lower before the introduction of the policy. This is expected considering that the tax is levied

at the liquid ounce level and not at the sugar content level. This shift is an unintended

consequence of the policy, as consumers adapt their behaviour in their craving for sugar to

avoid, at least marginally, the tax.

Figure 3 presents the full event model estimation according to Equation 2. Again the

pre-trend that best complies with the common pre-trend assumption is the one in which
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Table 3: Treatment Effect (DiD) - SSB Liquid Content(oz)

(1) (2) (3) (4)
ln(Lq.oz) ln(Lq.oz) ln(Lq.oz) ln(Lq.oz)

Dst = 1 · P = 1 -0.135*** -0.139*** -0.145*** -0.172***
(0.0356) (0.0357) (0.0357) (0.0357)

R2 0.986 0.985 0.985 0.987
N 76,651 68,502 60,889 58,928

N Clusters 3,018 2,702 2,411 2,293

Control Group
All remaining CA X

CA - No Neighbor 3-dgZip X
CA - No Bay Area X

Neighboring States no CA X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

the control group is formed by localities outside of California in neighboring states. Our

point estimate for the decrease in SSB liquid content consumption is above 20% in June and

December of 2015.

5.1.3 Effect on prices

Finally, we present the results of the treatment effects estimation over prices. In this case,

we have two different outcomes: the price per liquid ounce and the price per sugar gram.

Table 4 presents the β coefficient of Equation 1 only keeping results for two control groups,

no Bay Area California, and neighboring states.

The first two columns correspond to the effect over the price per liquid ounce. Our

estimates indicate that prices have changed between 2.87% and 3.15%. However, changes

in prices seem to be more volatile considering that the coefficients are only significant at

the 5% confidence level and not at the 0.1%, as the previous outcomes were. Using 3% as

the benchmark, the estimates suggest that a 20 ounce SSB with a pre-tax price of $1 would

increase to $1.03 as a consequence of the tax. This result is half of the 6.14% increase found

in Silver et al. (2017), which reports an increase of 0.81 cents over a baseline of 13.2 cents

per liquid ounce.
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Figure 3: DiD Estimation - Full Event - Ln(SSB Liquid Content(oz))
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Note: Plot of the different coefficients, βt from Equation 2. 95% Confidence intervals.

On the other hand, the price per sugar gram doesn’t seem to have changed in the same

proportion. Columns (3) and (4) of Table 4 show the coefficients of Equation 1 and they

are not significant under any of the control groups considered. When Berkeley is compared

with localities in neighboring states, the coefficient is rather negative. This is another piece

of evidence to seem to point towards the substitution within SSBs towards beverages where

sugar is more concentrated. Future work will consider the price variation across beverages

of different level of sugar concentration.

Figure 4 presents the full event estimation of Equation2 for the two price outcomes when

the control group includes localities in neighboring states. The left panel presents the price

per liquid ounce and the right panel present the price per sugar gram. With some exceptions,

in both cases the null of parallel pre-trend cannot be rejected, however, in the period after

the introduction of the policy the price changes seem to be still on their way, and that only
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Table 4: Treatment Effect (DiD) - SSB Price (US cents per Unit)

(1) (2) (3) (4)
ln(cts/oz) ln(cts/oz) ln(cts/sg) ln(ctz/sg)

Dst = 1 · P = 1 0.0287* 0.0315** 0.00812 -0.0126
(0.0118) (0.0118) (0.0204) (0.0203)

R2 0.906 0.915 0.870 0.870
N 60,889 58,928 60,889 58,928

N Clusters 2,411 2,293 2,411 2,293

Control Group
CA - No Bay Area X X

Neighboring States no CA X X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Figure 4: DiD Estimation - Full Event - Ln(SSB Price (cents/unit)
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Note: Plot of the different coefficients, βt from Equation 2. 95% Confidence intervals.

at the end of our sample, by the fourth quarter of 2015, prices changed by more than 10%

per liquid ounce, and by more than 15% per sugar gram in SSBs.

5.2 Treatment effects across income groups baskets of SSB

In this section presents the results from the evaluation of our second hypothesis: the het-

erogeneity of the changes in consumption and prices of SSB due to the policy across income

groups. As previously discussed, the motivation of the policy is mitigating diabetes and the

obesity epidemic, specially among low income groups as these diseases affect them dispro-

portionately (Ogden et al., 2014; Han and Powell, 2013). If the there is no change in sugar

19



D
RAFT. Plea

se
do

n’
t cit

e

intake from the basked consumed by low income families, and all the effect found in Section

5.1 is driven by changes in consumption from the higher income groups, the policy would

have affected diabetes and obesity by little, while shifting disproportionately the burden of

the government towards the low-income, in the way of taxes.

The real outcome remains an empirical question, and we are trying to solve it, by tracking

changes in sugar and liquid content, as well as real prices of the different group baskets, as

constructed following Section ??. In this first approximation, we find that the demand for

low income SSBs is slightly more elastic than for higher income groups. However, the changes

we found previously remain fairly constant across the constructed baskets and we cannot

conclude that there are differences across income group baskets.

5.2.1 Sugar Consumption

Table 5: Heterogeneous Treatment Effects Test - Log(Sugar Content(gr))

Control ηh(h =) Treat. Eff.
IC 95%

Wald Test - Relative to

Income Group 1
Upp Low F-Test df(r) df(m) p-value

Remaining
California

Stores - No
Bay Area

Stores

1
-0.1414

-0.053 -0.229(0.0449)

2
-0.144

-0.063 -0.225 0.153 1 2416 0.6953
(0.0411)

3
-0.1435

-0.055 -0.232 0.171 1 2416 0.6794
(0.0453)

4
-0.1303

-0.032 -0.229 1.172 1 2416 0.2792(0.0503)

Neighboring
States
Stores

1
-0.1325

-0.045 -0.220(0.0449)

2
-0.1351

-0.055 -0.216 0.153 1 2295 0.6953
(0.0411)

3
-0.1346

-0.046 -0.223 0.171 1 2295 0.6794
(0.0453)

4
-0.1214

-0.023 -0.220 1.172 1 2295 0.2792(0.0503)

Regression coefficients are presented in the Appendix B, in Table 11. From those results

we construct two related linear combinations and we present them in Table 5. The first
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result labeled treatment effect presents the overall change in the income group basket from

the policy, as obtained from Equation 4. We assess their difference relative to the low income

basket performing a Walt test as described in Equation 5.

Relative to other stores in California outside of the Bay Area, the low income basket

(<$20K) decreased its total sugar content in grams by 14.1%, when the control group are

the other California different than bay area stores; this fall is 13.3% when the comparison

group is the neighboring states stores. The lowest fall was experience by the middle low

income group basket ($20K-$50K), with a reduction between 13.5% and 14.4%, depending

on the comparison group. The lowest reduction was experienced by the high income group

(<$100K), where sugar intake from SSB fell by 12.1% to 13.0%. Despite these results and

according to the Wald test, none of the difference is significant, in relation to the low income

group. The range across the lowest and the highest change oscillates around 1.4 percentage

points, a tenth of the total measure, however the statistical power we have rejects our

null hypothesis. The results are shown graphically in Figure 5, where we can see that the

estimated change across income groups is pretty much the same.

Figure 5: E(∆Ln(Sugar(gr)) in different Income Groups
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Note: Plot of the linear combination of β’s from Equation 4, plus the mean Income Group Fixed

Effect. 95% Confidence intervals.

Some caveats about our results. The baskets have a considerable overlap in several goods

and are not mutually exclusive, thus the average change between the coefficients shown here

and the coefficients presented as the overall effect of the policy in Section 5.1.1 are not
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comparable. We expect to conduct additional robustness checks to assess the robustness of

this initial finding.

5.2.2 SSB Liquid Ounces

Table 6 presents the analogous results for the demand of liquid content after the Soda Tax

was introduced. The total set of coefficients for the relevant interaciton is presented in the

Appendix B. Assessing the difference across income group baskets on the quantities of sugar

demanded after the Soda Tax was introduced, we find that the low income group basket

(<$20K) reduces its consumption between 14.6% and 14.4%. This measure is slightly higher

than the change in sugar grams (13.11% and 14.1%), indicating some degree of uneven

switching across SSBs according to their sugar density. The lowest fall is found again for the

mid-low income group basket($20-$50K), and the smallest drop is found for the high income

group basket(<$100K). The Figure are presented in the Appendix C.

Table 6: Heterogeneous Treatment Effects - Log(Liquid Content(oz))

Control ηh(h =) Treat. Eff.
IC 95%

Wald Test - Relative to

Income Group 1
Upp Low F-Test df(r) df(m) p-value

Remaining
California

Stores - No
Bay Area

Stores

1
-0.1416

-0.059 -0.224(0.042)

2
-0.1445

-0.061 -0.228 0.059 1 2416 0.8087
(0.0427)

3
-0.1568

-0.071 -0.242 2.467 1 2416 0.1164
(0.0436)

4
-0.11

-0.006 -0.214 1.369 1 2416 0.2421(0.0531)

Neighboring
States
Stores

1
-0.1438

-0.062 -0.226(0.042)

2
-0.1466

-0.063 -0.230 0.059 1 2295 0.8087
(0.0427)

3
-0.1589

-0.073 -0.245 2.467 1 2295 0.1164
(0.0436)

4
-0.1122

-0.008 -0.216 1.369 1 2295 0.2421(0.0531)
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5.2.3 Effect over prices

Finally, we present the results fort the changes in prices per unit. Table 7 presents these

outcomes, in its top panel it presents the changes in prices per sugar gram, and the bottom

panel presents the changes in prices per liquid ounce.

In sugar prices, the highest increases in pre-sales tax prices were exhibited by the highest

income group, where demand was relatively inelastic (3.8%) and the lowest increase, of only

1.6% were exhibited in the mid-low income group were demand was most responsive as we

saw in the previous section. Despite the fact that the difference in price changes relative to

the first income groups are not significant, the change in price for the high income basket in

terms of sugar is double the change for the mid-low income basket, indicating some degree

of heterogeneity in this change.

Table 7: Heterogeneous Treatment Effects - Log(Prices / Unit)

Control ηh(h =) Treat. Eff.
IC 95%

Wald Test - Relative to

Income Group 1
Upp Low F-Test df(r) df(m) p-value

Price/Sugar(gr)

Neighboring
States Stores

1
0.0268

0.068 -0.014(0.0209)

2
0.0168

0.061 -0.028 1.877 1 2295 0.1708
(0.0227)

3
0.006

0.046 -0.034 1.211 1 2295 0.2712
(0.0206)

4
0.0389

0.143 -0.065 0.073 1 2295 0.7875(0.0531)
Price/Liquid(oz)

Neighboring
States Stores

1
0.0381

0.070 0.007(0.0161)

2
0.0283

0.058 -0.002 1.217 1 2295 0.270
(0.0152)

3
0.0304

0.057 0.004 0.837 1 2295 0.360
(0.0137)

4
0.0297

0.078 -0.018 0.176 1 2295 0.675(0.0244)

When focusing on the change in liquid content prices we observe the same sorting across

income groups, but there is no such a big gap in unit prices changes as the one exhibited in

23



D
RAFT. Plea

se
do

n’
t cit

e

sugar prices. Some groups have shifted away from sugar more in relative terms than other,

and their share of the market makes retailers/producers more responsive. From the Nielsen

Household Panel information we know that the share of the mid-low income group in the

market is close to 50%, so how elastic they are, probably is more likely to affect producer

behavior, if compared to the high income group basket, that only takes 2% of the market in

San Francisco.

6 Discussion and Conclusion

This research finds that SSB taxes in Berkeley have been successful on curbing consumption,

but they were more successful in reducing liquid consumption than actual sugar intake from

SSB. The tax of one cent per liquid ounce introduced by Berkeley increased the price per

ounce but not the price per sugar gram. As a policy recommendation derived from this

result, if the aim of the policy is to reduce sugar intake then the tax should be levied on the

sugar content instead of the current basis of liquid ounces. This better aligns the policy with

the motivating medical research that links diseases such as obesity and diabetes to sugar

consumption (Ogden et al., 2014; Han and Powell, 2013).

The other concern we address was if there was any difference on how the burden of the

tax affected different income groups. Measuring changes on demand of pre-policy consump-

tion we see that consumption has been reduced in all income groups baskets, a decrease of

12% to 15% in sugar, and of 11% to 16% in liquid content of SSB. These findings are not

statistically distinguishable, which lessens the concern that the policy has redistributed the

cost of government services in a regressive manner. However, the precision of the differences

is somewhat low, so we cannot reject that the gap is actually very large. For point estimates,

it is never the lowest income group that demonstrates the largest drop in consumption, but

rather the middle income groups. Furthermore, the gap in responses between lowest and the

highest drops in consumption is just 1.1 percentage points for sugar in the point estimates,

a tenth of the change, and 4 percentage points for liquid SSBs, a quarter of the change.
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A Example of basket construction

To illustrate how we transform data from the stores to income group baskets, we present an

example, underlying the changes we want to capture. Table 8 illustrates how we obtain the

weights from observed consumption in the panel data, we could assume the shown figures

represent the consumption and the sugary content of a set of UPCs. We obtain the weights

from the fluid ounce participation. It is important to notice that UPC No.1 has a higher

sugar content than the other two items, and this will be relevant when we track how the

weights allow to track differences in sugar content across realizations of consumption.

Table 8: Obtaining Household Weights

t=2014 - Houehold Weights
UPC Lq. Oz Weights (Oz) Sugar (gr) Sg/oz

1 30 0.50 20 0.667
2 20 0.33 10 0.500
3 10 0.17 1 0.100

Total 60 1.00 31

The next step is to apply such weights to the retail reports, the left panel of Table

9 shows how the observed sugar content changes after applying the weights underlined in

Table 8. This is the sugar content in terms of the baskets identified in the household panel

for a particular sub-population. With this measure we are answering the question how

many baskets of this vector of weights composition there are in the retail report of UPC

transactions. Now we follow the changes for the next period,with the intention of making a

proof of concept we keep the liquid ounces constant, but we change the composition of the

total quantity observed in term of liquid ounces. On the right panel of Table 9 of we show

two scenarios for potential changes, one in which consumption of the high sugar content item

decreases (top) and another one in which consumption in such item decreases (bottom). It

is straight forward that both the observed and weighted records of sugar content show an

increase or a decrease in sugar content. However, we kept the same direction as the observed

unit. The final step, not shown here is to multiply all these measures by a constant that

relates the average basket to the number of sugar grams, we do this to gain back the unit of

analysis, but keeping the proportional relationships untouched.

The main contribution of this approach is that we can make comparisons of the baskets

of the sub-populations of interest with only one retailer report. In fact, we will be following

a limited set of reports for stores under treatment, and we want to measure the changes in

sugar intake from the baskets of the different income groups. Table 10 who our transformed

variable can actually approximate this comparison. First, we create two different sets of

weights, one that takes a relative higher proportion from sugary UPCs and another one that
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Table 9: Tracing changes in sugar content

t=2015 - Retail Report
Scenario 1 - Same Lq Less Sugar

Liquid Oz Sugar (gr)
UPC Observed Observed Weighted

1 300 200 100
t=2014 - Retail Report 2 300 150 50
Liquid Oz Sugar (gr) 3 300 30 5

UPC Observed Observed Weighted 900 380 155
1 500 333 167 Relative to ’14 -29.0%
2 300 150 50
3 100 10 2

900 493 218 t=2015 - Retail Report
Scenario 2 - Same Lq More Sugar

Liquid Oz Sugar (gr)
Observed Observed Weighted

1 580 386.7 193.3
2 260 130.0 43.3
3 60 6.0 1.0

900 522.7 237.7
Relative to ’14 8.9%

does the exact opposite (left panel). However, we only observe one report from the retailer in

the Nielsen data, with the content measured in liquid ounces and we enrich it with the sugar

information we scrapped from different sources. Once we apply the weights to this unique

report we have the sugar content in terms of the basket of each of our sub-populations of

interest, and we observe that the relative difference across each one of them comes from their

differences in the composition of their baskets. In this second example, we can see how the

representation of basket 1 has 31.3% more sugar than the representation of basket 2.

Table 10: Comparison across sub-populations

Retail Report
+Sugar -Sugar Lq Oz Sugar
Weight 1 Weight 2 UPC Obs Obs Weight1 Weight2 Diff. (1-2)

0.45 0.25 1 300 200 90 50 40
0.3 0.3 3 300 150 45 45 0
0.25 0.45 5 300 30 7.5 13.5 -6
1 1 900 380 142.5 108.5 34

Once we have decided to keep track of the store reports by UPC, while tracking the

overall changes of our baskets, we divide the analysis in two. From Nielsen reports we obtain

a database that contains 100 million monthly reports of prices and units of the UPCs we
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follow we would like to declare our statistical analysis at this level and include UPC fixed

effects. However, that extension will be left for future work, as to master the information

and produce experimental results we decided to start with a collapse dataset that takes on

the collapsed information by store.

B Heterogeneous Treatment Regression Coefficients

Table 11: Heterogeneous Treatment Regression Coefficients - Log(Sugar Content(gr))

(1) (2) (3) (4)
ln(Sg.gr) ln(Sg.gr) ln(Sg.gr) ln(Sg.gr)

Dsth · Psth -0.123** -0.136** -0.141** -0.132**
(0.0449) (0.0448) (0.0449) (0.0449)

Psth · η1(<$20K) -0.00580*** -0.00757*** -0.00781*** 0.00168*
(0.0009) (0.0008) (0.0008) (0.0007)

Psth · η3($50K−$100K) -0.0101*** -0.0117*** -0.0142*** 0.00753***
(0.0016) (0.0018) (0.0019) (0.0018)

Psth · η4(>100K) 0.0229*** 0.0268*** 0.0288*** 0.0140***
(0.0019) (0.0018) (0.0020) (0.0022)

Dsth · Psth · η2($20K−$50K) 0.00313 0.00491 0.00514 -0.00435
(0.0069) (0.0069) (0.0069) (0.0069)

Dsth · Psth · η3($50K−$100K) 0.00794 0.00958+ 0.0120* -0.00965+
(0.0054) (0.0054) (0.0055) (0.0054)

Dsth · Psth · η4(>100K) -0.0118 -0.0157 -0.0177+ -0.0029
(0.0104) (0.0104) (0.0104) (0.0104)

Control Group
Remaining CA X

CA-No Neighbor 3D-Zip X
CA-No Bay Area X
Neighbor States X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 12: Heterogeneous Treatment Regression Coefficients - Log(Liquid Content(oz))

(1) (2) (3) (4)
ln(Lq.oz). ln(Lq.oz). ln(Lq.oz). ln(Lq.oz).

Dsth · Psth -0.129** -0.136** -0.142*** -0.144***
(0.0420) (0.0420) (0.0420) (0.0420)

Psth · η1(<$20K) -0.00757*** -0.00809*** -0.00781*** -0.00418***
(0.000697) (0.000692) (0.000748) (0.000751)

Psth · η3($50K−$100K) -0.00348** -0.00376** -0.00470*** 0.00265*
(0.00116) (0.00122) (0.00133) (0.00121)

Psth · η4(>100K) 0.0201*** 0.0226*** 0.0244*** 0.0123***
(0.00172) (0.00176) (0.00192) (0.00200)

Dsth · Psth · η2($20K−$50K) 0.00476 0.00528 0.00499 0.00136
(0.0116) (0.0116) (0.0116) (0.0116)

Dsth · Psth · η3($50K−$100K) -0.0117 -0.0114 -0.0104 -0.0178+
(0.00970) (0.00971) (0.00973) (0.00971)

Dsth · Psth · η4(>100K) 0.0115 0.00907 0.00725 0.0193
(0.0271) (0.0271) (0.0271) (0.0271)

Control Group
Remaining CA X

CA-No Neighbor 3D-Zip X
CA-No Bay Area X
Neighbor States X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 13: Heterogeneous Treatment Regression Coefficients - Log(Price/Unit)

(3) (4) (3) (4)
ln(cents/sg(gr)) ln(cents/sg(gr)) ln(cents/lq(oz)) ln(cents/lq(oz))

Dsth · Psth 0.0331 0.0268 0.0334* 0.0381*
(0.0209) (0.0209) (0.0161) (0.0161)

Psth · η1(<$20K) 0.000344 -0.00257*** 0.000344 0.00329***
(0.000677) (0.000556) (0.000280) (0.000253)

Psth · η3($50K−$100K) 0.0171*** -0.0000393 0.00765*** 0.00485***
(0.00131) (0.00114) (0.000345) (0.000343)

Psth · η4(>100K) -0.00464*** -0.00131 0.00000287 0.000309
(0.00126) (0.00132) (0.000601) (0.000640)

Dsth · Psth · η2($20K−$50K) -0.0103 -0.00737 -0.0101 -0.0131
(0.00729) (0.00728) (0.00888) (0.00888)

Dsth · Psth · η3($50K−$100K) -0.0379* -0.0207 -0.0154+ -0.0126
(0.0189) (0.0189) (0.00848) (0.00848)

Dsth · Psth · η4(>100K) 0.0168 0.0135 -0.00843 -0.00873
(0.0451) (0.0451) (0.0201) (0.0201)

Control Group
CA-No Bay Area X X
Neighbor States X X

Standard errors clustered at the store level in parentheses

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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C Linear Combination of Parameters Graphs

Figure 6: E(∆(Liquid(oz)) in different Income Groups
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Note: Plot of the linear combination of β’s from Equation 4, plus the mean Income Group Fixed

Effect. 95% Confidence intervals.

Figure 7: E(∆(Prices/Unit) in different Income Groups
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