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1 Introduction

Corrective taxes, also known as sin taxes, on overconsumed goods, such as cigarettes,

alcohol, soft drink and junk food, are applied in various countries (Cawley et al., 2019;

Wright et al., 2017) and share the goal of increasing social welfare by curbing consumption

and its associated health care costs.

From an economic standpoint, price incentives can be justified as a way to intern-

alize externalities and internalities due to obesity and related chronic diseases, such as

cardio-vascular diseases and diabetes (O’Donoghue & Rabin, 2006). In addition, food and

beverage taxation based on the content of bad nutrients of concern can generate incentives

for reformulating the ingredients. Finally, fiscal revenues from these taxes can be used

to fund public health and to compensate for undesired distributional effects from such

policies. The possibility of extracting such dividends, i.e. correcting static and dynamic

inefficiencies and compensating adverse distributional effects, depends crucially on fiscal

policy design, consumer behavioral reactions, and the distribution of consumption of bad

nutrients in the population. However, unhealthy food taxes remain controversial policy

measures with low political palatability.

One challenge is their appropriate design. In the spirit of Pigovian taxation, the ra-

tionale for policy intervention should be based on the presence of market failures or inef-

ficient market outcomes that lead to excess consumption, and the tax rate should be set

to reduce consumption to a socially optimal level. Another dilemma is whether to tax the

product or the bad nutrient that is causing health problems. Let us consider sugar taxes

as an example. Since damage to health from drinks sweetened with sugar is proportional

to their ”bad” content, (sugar in this case), a sugar tax should be levied directly on sugar

content (Grummon et al., 2019) 1. Linking the tax closely to the source of the external

and internal costs should create incentives for firms to reformulate drink ingredients, and

for consumers to switch from high-sugar to low-sugar drinks (Griffith et al., 2020). In fact,

1A similar design warning applies to other types of sin taxes such as fat taxes (Leicester & Windmeijer,
2004) for example.
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sugar-sweetened drink taxes may be designed as volumetric taxes (i.e. fixed tax per liter

of soft drink) or tiered volume-based taxes (i.e. approximate sugar-based taxes propor-

tional to soft drink sugar content) (WorldBank, 2020). This design does not provide the

maximum possible health benefits, because consumers have no incentive to replace high-

sugar with low-sugar drinks and producers have no incentive to change drink ingredients.

Another objection is that sin taxes are regressive because the poor consume sin goods

disproportionately to the rich, so that the deadweight welfare loss falls more heavily on

lower income than on higher income individuals. This is the prediction of many empirical

studies focusing on foregone sin-good consumption and on the distribution of welfare costs

after a price increase. But it is only part of the story. Allcott et al. (2019b) argue that

the full welfare effects of a sin tax can only be evaluated if both costs and benefits of such

taxes are considered, where the benefits are averted external and internal costs plus public

revenues redistributed by the tax. If lower income individuals consume the most and also

reduce consumption the most after a price increase, sin taxes may imply larger benefits

for disadvantaged social groups. If larger welfare benefits overcome larger welfare costs,

the traditional regressivity argument against taxation of unhealthy foods is undermined.

The trade-off between the welfare costs and benefits of sin taxes is therefore pivotal for

assessing their net welfare and distributional impact.

Here we estimate the net welfare impacts of a fat tax, accounting for both the monetary

value of individuals’ health benefits measured as savings from averted internalities and for

its welfare costs. There is little evidence of welfare impacts of sin taxes net of benefits

(Allcott et al., 2019b); the bulk of the literature focuses either on welfare costs or benefits,

and the benefits are seldom measured in monetary terms. In addition, we are the first to

provide evidence from Italy, where the government proposed introduction of a sugar tax

in 2019.

The dataset we assemble for this research is unique in its scope and it is the result of

a combination of several datasets. We need household spending information on the entire

current consumption bundle to assess how Italian consumers reallocate such bundle follow-
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ing a price change. While individual product’s household scanner data are increasingly used

to estimate rich models of consumer demand (Dubois et al., 2022), no institution offers free

access to such large amount of households scanner data for academic research purposes.

So we first collect nationally representative pooled cross-sections of Italian households

consumption expenditures and associated prices indices. These expenditures and prices,

combined with data on food nutrients released by the European Institute of Oncology

(IEO), are used to estimate a censored Exact Affine Stone Index (EASI) incomplete de-

mand system (Lewbel & Pendakur, 2009) for 16 food groups that allows us to simulate

changes in purchases, in consumer surplus (using the equivalent variation as a money met-

ric measure of consumer surplus variation after a price change), and in weight outcomes

after the introduction of a sin tax based on the saturated fat content of foods. We compute

the 16× 16 matrix of compensated price elasticities. These cross-price elasticities measure

pure substitution (or complementarity) net of any income effect. This is an important

piece of information for evaluating the effectiveness of a sin tax.

To compute savings from averted internalities, we first transform changes in consump-

tion due to the tax into changes in bodyweight (Hall et al., 2011). To transform bodyweight

changes into actual monetary benefits, we match our expenditure-price-nutrient database

with data from the Italian module of the European Health Interview Survey (EHIS) re-

leased by Eurostat, a representative survey on the health and expenditure of Europeans,

and use a two-part model to estimate the impact of the weight variation generated, one

year after implementation of the sin tax, on individual monthly health expenditure. This

is our money metric of internality benefits from the sin tax.

We make the following advances with respect to the existing literature. First, unlike

studies based on household-level purchase data 2, we use a sample of single households3 to

ensure a unique correspondence between an individual, the recorded expenditure on the

2An exception is Dubois et al. (2020) who study purchase decisions made by individuals for immediate
consumption on-the-go. In this study, purchases and consumption are closely aligned.

3According to ISTAT, Annuario Statistico Italiano 2019, at January 1st 2019 one member households
accounted for the largest share of Italian households: 33%.https://www.istat.it/it/archivio/236772

3



different food categories, and the costs and the health benefits of taxation. Our data sug-

gests that the usual picture of poor individuals spending more of their budget on unhealthy

food and drink than the rich is overturned in this case. It is high income persons who over-

consume unhealthy nutrients the most. This distribution of bad nutrient consumption does

not change when households with more than one adult, or with one or two children are

considered. Second, we do not decide a priori which nutrient should be taxed, but adopt a

Pigouvian approach to corrective taxation and tax the bad nutrient, consumption of which

most exceeds WHO guidelines. Our simulated sin tax is therefore country-specific and tar-

gets the level of overconsumption of the various nutrients in the country in question. This

makes it possible to account for prevailing social and cultural norms in designing sin tax

policies. It turns out that if the objective is to tackle socially costly consumption, a sugar

tax (as proposed by the Italian government in 2019) is not the best option for Italy. In the

case of sugar, we find no evidence that most individuals exceed official recommendations

on how much is acceptable. Saturated fat may be a better target for taxation. We choose

the level of taxation necessary to reduce saturated fat consumption to the WHO threshold.

Third, we assess the monetary value of internality benefits associated with the tax by

estimating individual health expenditure averted by weight changes induced by the tax.

Universal health coverage is provided by Italy’s National Health Service (Servizio sanitario

nazionale, or SSN), established in 1978. The SSN automatically covers all citizens and

legal foreign residents. Public funding of Italy’s SSN accounted for 74.2% of total health

spending in 2018, with total expenditure standing at 8.8% of GDP (OECD, 2019). Primary

and inpatient care are free at the point of use. Most preventive screenings are also provided

free of charge. For medicines, prescribed procedures, and specialist visits patients make co-

payments for each prescribed procedure up to a ceiling determined by law. The individual

health expenditures measured in the EHIS and used in this study are, therefore, in excess

of the SSN coverage and borne by the individual. We consider averted health expenditure

in excess of the SSN coverage as our proxy for internality benefits. To accurately measure

the marginal effect of weight changes on healthcare costs we follow Cawley & Meyerhoefer
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(2012) and use a two-part model of medical expenditures (Jones, 2000). The first part

estimates the probability of positive medical expenditures, while the second part estimates

the amount of medical expenditures, if any.

Fourth, we estimate sin tax costs and benefits both in absolute terms and relative to

income. Our findings, previewed here, suggest a reversal of the hypothesis that sin taxes

bring net benefits for lower income individuals (Allcott et al., 2019b; Dubois et al., 2020).

Assuming full pass-through of the tax policy, we find that a fat tax aimed at reducing

saturated fat consumption by 30% results in a small net welfare cost for the average

Italian consumer. In terms of distributional impacts, considering net welfare impacts

relative to total expenditure, low-income individuals experience a larger net loss from the

fat tax, relative to income, than high-income individuals, suggesting regressive relative net

impacts.

Interestingly, we also show that a small increase in the existing value added tax (VAT)

on selected groups of foods results in net welfare and distributional impacts very close to

those of the nutrient tax based on the saturated fat contents of foods.

Our work contributes to two strands of literature that seek to understand the effects

of sin taxes. The first is the empirical literature focused on the impacts of sin taxes using

a demand system approach. Estimation of a complete demand system is the ideal setting

for computation of theoretically grounded price elasticities of quantities demanded, and

for fully accounting the behavioral responses of consumers following a price increase, i.e.

reallocation of consumer spending on the entire consumption basket after a price change.

The associated monetary metric of the variation in welfare after a price change accounts

for said behavioral reactions.

Chouinard et al. (2007); Zhen et al. (2014); Harkanen et al. (2014); Harding & Loven-

heim (2017); Caro et al. (2020) and McCullough et al. (2020) all address the important

aspect of substitution within food groups when assessing the impact of food and beverage

tax policies by estimating a utility-theoretic demand system.

In these studies consumption is measured at household level including that of adults
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and children. Welfare changes caused by the tax are therefore measured at household level

or as per capita averages4. Since health benefits are individual-specific, it is not possible to

ensure a unique correspondence between purchases, consumption, and the health benefits

from taxation for each individual in the household. Indeed, studies in this strand of the

literature focus on welfare costs and/or on health benefits at the household level, and the

health benefits are not expressed in units of dollars.

We depart from these studies by using single-household data to ensure alignment of

purchases, consumption, welfare costs and welfare benefits at individual level, and by

estimating health benefits in monetary terms. Allcott et al. (2019b) and Dubois et al.

(2020) suggest that, although sin taxes are in generally found to be regressive, the effect

could be reduced or eliminated by considering future overconsumption costs averted and

future savings in out-of-pocket healthcare costs.

Our study also connects to the set of papers focusing on money metric estimation of

health benefits from sin taxes. Recent studies from high-income countries including Aus-

tralia, Canada and the USA report equal or greater health benefits in monetary terms

for lower income groups (Kao et al., 2020; Lal et al., 2017; Wilde et al., 2019). In these

studies, the monetary values of health benefits is computed as healthcare expenditures

saved, based on the predicted reduction in mortality and morbidity from a set of diseases

associated with overconsumption of the unhealthy nutrient targeted for taxation (a proxy

for averted externalities), plus the saving in out-of-pocket healthcare costs, i.e. healthcare

costs paid for by individuals, including medicines, medical services, medical practitioners

and hospital costs, used as a proxy for averted internalities. These studies assume zero

substitution between the group of goods targeted for taxation and the other food or bever-

age groups. In addition, elasticities used to estimate changes in weight and BMI driving

the predicted reduction in mortality or morbidity are imported from outside sources. As a

result, consumer costs and benefits could be to some extent misaligned. We depart from

4An exception is Xiang et al. (2018) who estimate welfare costs of a SSB tax for different household
types including single households. However, the demand system here is highly aggregated and does not
allow for substitutions within food groups.
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this strand of the literature in two ways. First, both own- and cross-price elasticities are es-

timated for our sample of individuals, and the consumer surplus change associated with the

tax takes into account all complementarities and substitutions that occur as a consequence

of the introduction of the tax. We measure pure substitutions (or complementarities) by

computing compensated cross-price elasticities, net of any income effect. Second, for each

individual in our sample, we proxy averted internalities by estimating expected savings

in out-of-pocket healthcare costs resulting from predicted weight changes one year after

introduction of the tax.

Very few papers have linked consumer costs and benefits to assess the full impact

of sin taxes (Allcott et al., 2019a; Dubois et al., 2020). Allcott et al. (2019a) are the

first to provide a tractable theoretical and empirical framework for evaluating an optimal

sugar-sweetened beverages (SSBs) tax for the USA in the presence of internalities and

externalities. Their study accounts the three key elements for evaluating welfare bene-

fits from sin taxes: correcting consumer bias, externalities and revenue recycling through

income transfers. Measures of consumer bias are computed adopting a “counterfactual

normative consumer” strategy to predict consumption in the case that people had nutri-

tion information from dietitians and nutritionists and perfect self-control. The “Internality

Correction” is the increase in (money-metric) welfare due to the change in consumption

resulting from the tax. Their results suggest positive and slightly regressive net gains.

Dubois et al. (2020) use the estimates of internalities of Allcott et al. (2019a) and, under

lump-sum redistribution, find that a sugar tax in the UK would be only mildly regressive.

Our ambition is to contribute to this research cluster by providing new empirical evidence

about a fat tax and about Italy, a country characterized by the Mediterranean diet, a

recognized balanced model of healthy eating rooted in cultural and gastronomic tradition,

where adult consumption patterns may reflect these specific social norms.

The rest of the paper is organized as follows. Section 2 describes the different data

sources. Section 3 describes the demand model, the estimation procedure and the

elasticities derived. In Section 4 we discuss the welfare costs and distributional implications
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of our counterfactual sin tax simulations. Section 5 delves into the monetary value of

averted internalities and assesses the net consumer welfare and distributional impact of

the simulated tax policy. Section 6 concludes.

2 Data

2.1 Expenditures

We use data on household characteristics and food consumption expenditure from the

Household Budget Survey (HBS) released by the Italian National Statistical Office (ISTAT)

each year5. Each annual cross-section includes monthly consumption expenditures of about

23,000 Italian households (the exact number varies from year to year) in approximately 480

Italian municipalities (the smallest Italian administrative territorial grouping). ISTAT uses

a weekly diary to collect expenditure data on frequently purchased items and face-to-face

interview to collect data on large and durable expenditures. Two weeks in each month are

randomly selected. Households sampled each month are divided into two groups of equal

number and assigned to one of the two randomly selected weeks. Current expenditures

are classified into about 280 elementary goods and services, the exact number changing

from year to year due to minor adjustments in the list of items. The survey also includes

detailed information on household structure and sociodemographic characteristics (such

as regional location, number, gender, age, education and employment condition of each

household member). All annual samples are drawn independently according to a two-stage

design6. Since the survey only provides expenditures at the household level, we select

households with only one member to avoid any ambiguity in consumption. A unique

correspondence between individuals and recorded expenditure on each food category is of

crucial importance here, as our aim is to match costs and benefits of the simulated tax

5https://www.istat.it/it/archivio/180341
6Details on the sampling procedure used to collect data in the first year of this survey can be found

in: ISTAT File Standard-Indagine sui Consumi delle Famiglie-Manuale d’uso, anno 2014. Downloadable
at http : //www.istat.it/it/archivio/4021.
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policy for each individual.

The above survey design makes it impossible to track individuals over time and to use

panel data. We therefore use the series of independent cross-sections of micro-data for the

period January 2014 - December 2018.

Our final sample includes a total of 12,369 single households. The households are

classified into 21 regions and three urban types (metropolitan areas, medium-size cities

and small cities). The household food consumption module assembles data on expenditure

for about 200 items based on seven-day recall. We aggregate the food items into 16 food-

at-home groups and one food away-from-home (food afh) item for a total of 17 aggregates

based on the typical composition of Italian meals and the nutritional characteristics of

foods. The 17 groups are alcoholic drinks; bread and pasta; cereals and rice; eggs and

milk; fat and cheese; fish; food afh; fruit; oil; drinks other than sweetened or alcoholic

beverages; processed meat; poultry; red meat; sugar-sweetened beverages; snacks and

sweets; vegetables; other. The latter category is used to define a composite numeraire good,

which in addition to the residual food items (such as condiments and spices), includes all

non-food current consumption expenditures. We use this aggregate as a numeraire in our

incomplete demand system (LaFrance & Hanemann, 1989; Hanemann & Morey, 1992). For

most food categories, at least 5% of households in the data did not record any purchase,

and those zero values give rise to econometric issues that we discuss in the next section.

The HBS also provides data on household non-food expenditure, which we use to cal-

culate household total current consumption expenditure (i.e. expenditure on food and

non-food items) and budget shares on a monthly basis. We report descriptive statistics for

the average budget share of each food group and log prices in Table B1, Appendix B.

One limitation of this data is that we do not know the exact composition of food afh,

which accounts for 22% of total food consumption in our sample, and includes food and

drink from bars, restaurants and on-the-go (e.g. purchases from vending machines and food

stalls). We therefore cannot calculate bad nutrient consumption from these sources. We

can, however, disaggregate the budget share of food afh over total food consumption into
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its three largest categories: on-the-go (0.07); bars and pastry shops (0.006); restaurants and

taverns (0.145). This shows that although consumption on-the-go might be an important

segment of food away from home consumption, especially among children and adolescents

(Dubois et al., 2020) and high in bad nutrients, in our sample of adults, consumption

on-the-go and from bars and pastry shops does not cover more than 7.6% of total food

and drink expenditure. We also show (Section 3.2) that although an increase in the price

of fat and cheese, sweets and snacks, or sweetened beverages causes substitution towards

food away from home, such substitutions are small in magnitude.

2.2 Prices

Since the HBS does not provide information on prices paid by consumers, we use monthly

consumer price indices (100 in 2015) from January 2014 to December 2018, also supplied by

ISTAT. These disaggregated price indices are the inputs used to build the overall Harmon-

ised Consumer Price Index (HCPI) compiled by Eurostat to monitor inflation in Europe.

We need to associate each expenditure category in the HBS with its own price index. Ag-

gregation of the items in the HBS is constrained by the HCPI breakdown by type of good,

according to COICOP (Classification of Individual Consumption by Purpose) developed by

the United Nations Statistics Division to classify and analyze individual consumption ex-

penditure incurred by households. To aggregate expenditure items in the HBS we conform

to the COICOP, using 5 digits. This provides a very granular disaggregation of prices to

be matched with our selected HBS expenditure categories. One concern is the small vari-

ation in and high collinearity of prices, which occurs in estimations of highly disaggregated

demand systems on pooled cross-sectional data. To address this concern and to increase

variation in prices, we compute Stone-Lewbel prices (Lewbel, 1989) for the food groups in

our demand system. With the assumption of constant expenditure shares within a group,

the prices of the single goods within each group are weighted with their expenditure shares

in the commodity group. Since these shares vary for every household in our sample, price
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variation increases with the use of Stone-Lewbel prices 7.

2.3 Nutrients

We convert quantities of each food item purchased into its nutritional components (cal-

ories, fats and sugar) by applying conversion factors from the 2015 edition of the Food

Composition Database for Epidemiological Studies in Italy (Banca Dati di Composizione

degli Alimenti per Studi Epidemiologici in Italia) released by the European Institute of

Oncology (EIO) 8. This unique database allows us to calculate nutrient values per kilo-

gram of each food group 9. Table 1 shows the sugar, saturated fat and calorie content per

kg of final product. As expected, sugar content is exceptionally high for sweets and snacks

and sweetened beverages. Saturated fat is high in fat and cheese, oil, and processed meat.

7Figure B.1 in Appendix B shows monthly log price indices over time.
8http://www.bda-ieo.it/wordpress/en/
99The calorie, fat and sugar contents of food afh are not calculated. Without information on the

detailed food items of each meal purchased, the nutrient components for food afh cannot be assessed.
However, the estimated elasticities reveal small complementarity or substitution effects between food afh
and the other food groups. We therefore presume that ignoring nutrients in food afh has little impact on
our findings.
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Table 1: Nutrients (g) and Kcal per kg by food group

Food category N Sugar Saturated Kcal

fats

Vegetables 10,638 0.0 1.4 647

Fruit 10,638 30.6 18.0 1762

Pasta and Bread 10,638 0.0 5.2 2899

Cereals and Rice 10,638 0.0 4.8 2938

Eggs and Milk 10,638 12.5 34.9 1710

Fish 10,638 3.3 11.3 1228

Poultry 10,638 0.1 25.4 1675

Red Meat 10,638 0.3 29.5 1515

Processed Meat 10,638 2.5 71.4 2788

Fat and Cheese 10,638 0.0 160.5 3453

Oil 10,638 1.4 216.6 8660

Sweets and Snacks 10,638 113.7 30.6 3056

Sweetened beverages 10,638 37.6 0.1 414

Other drinks 10,638 2.8 9.8 860

We take 30 g/day for sugar and saturated fat intakes as a reference value, as recom-

mended by the WHO (WHO (2018), and WHO (2015)), and we compute overconsumption

as the difference between the average sugar and saturated fat consumed per day by the

individuals in our sample and the reference value, excluding fruit (Griffith et al. (2016)).

Figure 1: Sugar and saturated fat overconsumption by income quintile
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Figure 1 shows that there is no overconsumption of sugar for individuals below the

fourth quintile of the income distribution. The sugar consumption sample average (28

g/day) is also below the threshold recommended by the WHO (30 g/day). In 2019, led by

the 5-star Movement, the Italian Government proposed a tax of about 3 cents for a 330 ml

can of soft drink of average sugar content, a figure similar to that applied in France and

Great Britain. The Italian sugar tax never came into force, but it was unlikely to promote

reformulation of drink ingredients. Our data also fails to show any excess consumption

of added sugar among single adults. The Italian measure, as conceived in 2019, would

certainly have raised cash, but would have been of little use for reducing the amount of

sugar per can or for protecting health.

By contrast, the average intake of saturated fats is almost 40 g/day, exceeding the

30 g/day threshold recommended by the WHO by about 33%. Excess consumption in-

creases with income, individuals in quintiles above the first displaying larger consumption

excesses. This data suggests that in Italy the usual situation of lower income individuals

showing higher consumption of unhealthy nutrients than higher income people is inverted.

Although Figure 1 refers to one-member households, very similar patterns hold for larger

households. Figure A1 in Appendix A shows the distribution of consumption of harmful

nutrients in households with two adults, two adults and one child, two adults and two chil-

dren. Although we cannot assess the intra-household allocation of consumption, Figure A1

suggests that in line with the distribution of consumption in single households studied here,

families in higher quintiles of the income distribution consume more unhealthy nutrients

than those in lower quintiles.

2.4 Health expenditures and body weight

Data on individual body weight in our sample comes from the 2015 Italian module of EHIS,

a survey on the health of the population of EU member states conducted every four years.

To match health expenditure from HBS data with data on individual body weight, we

apply the matching method developed by Rubin (1986) and Moriarity & Scheuren (2003).
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The two-step matching procedure is detailed in Appendix E.

3 The Demand Model

We estimate an incomplete EASI (Lewbel & Pendakur, 2009) demand system with 16

food groups and a composite numéraire that incorporates all other consumption goods and

services plus a residual food category. The estimated parameters of incomplete demand

systems can be used to provide exact and correct measures of changes in welfare, unlike

those of conditional demand models (LaFrance & Hanemann, 1989; Hanemann & Morey,

1992). Conditional demand systems also underestimate the degree of substitution among

expenditure groups after a price change (Zhen et al., 2014), because weak separability

between food expenditure and that of all other consumption implies that only substitutions

among food groups are taken into account. An incomplete demand system, on the other

hand, produces unconditional predictions of demand responses to a simulated price change.

The EASI demand system has several additional benefits with respect to the popular

Quadratic Almost Ideal Demand (QAID) system (Banks et al., 1997). First, it makes it

possible to specify and test for Engel curves that are more flexible than quadratic ones.

This is an important characteristic when estimating a highly disaggregated demand system

such as the present, and it may have an impact on price coefficient estimates. Second, the

EASI error term can be interpreted as unobserved consumer heterogeneity that is seldom

explained by observed demographic and price changes alone. These unobserved preference

heterogeneity parameters show up both in the budget-share and cost functions, and are

therefore relevant factors for predicting demand and assessing welfare variations after a

price change.

One potential problem in estimating a demand system with household level data is

the existence of zero observations due to infrequent purchase of highly disaggregated food

categories. Tractable multi-stage estimation procedures of censored demand models have

been developed since Heien & Wesseils (1990) proposed their two-steps estimation. In
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the first step, a probit equation is estimated to model the binary decision to consume

an item and, in a second step, the demand equations are augmented by the inverse Mills

ratios extracted from the first-step regressions. Shonkwiler & Yen (1999) pointed out at an

internal inconsistency of the Heien & Wesseils (1990) model and proposed the alternative

two-step procedure that we adopt here.

After modifying the EASI incomplete demand system to account for censoring, the

implicit Marshallian budget shares equations to be estimated are:

wj = Φ(v
′

λj)

[ R
∑

r=1

bjr(y)
r +

T
∑

t=1

g
j
t zt +

J
∑

k=1

ajklnpk
]

+ τ jφ(v
′

λj) + εj (1)

(y)r =

(

lnx−

J
∑

j=1

wjlnpj +
1

2

J
∑

j=1

J
∑

k=1

ajklnpjlnpk
)

(2)

where wj is the budget share of commodity j; J is the number of goods with the J th good

being the composite numéraire; y is real household income; R is the highest order of the

polynomial in y to be determined empirically; pk is the price index of the kth good; T is the

number of exogenous demand shifters; zt is the tth demand shifter where z1 is a constant;

bjr, g
j
t and ajk are parameters to be estimated; and εj is the error term. Denoting the

vector of predictors of positive consumption and the vector of their associated parameters

by v and λ for equation j, Φ(v
′

λj) and φ(v
′

λj) are the normal cumulative distribution

and probability density functions, respectively, related to the first-stage probit equations

introduced to correct the bias in the coefficients of the EASI model caused by censoring.

Finally, x in (2) is nominal total consumption expenditure.

To ensure integrability of the demand equations we impose the theoretical restrictions

of homogeneity:
∑K

k=1 a
jk = 0 for all j = 1, ..., J ; symmetry: ajk = akj; and adding up.

Adding up requires that the sum of the J coefficients associated with the constant of each

share equation (denoted z0) is equal to one:
∑J

j=1 g
1
0 = 1; and that the sum of the J

coefficients associated with any other variable in the budget shares equations is equal to

zero:
∑J

j=1 a
jk = 0, k = 1, ..., J ;

∑J

j=1 b
j
r = 0, r = 1, ..., R;

∑J

j=1 g
j
t = 0, t = 1, ..., T .
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The EASI demand system is nonlinear and endogenous. Nonlinearity arises from the

fact that br multiplies a power of y. Endogeneity is due to the budget-shares wj, j =

1, ..., J being on both sides of the system of equations. Estimation is further complicated

by the presence of censoring. However, like the QAID, the EASI demand system can

be approximated using equations linear-in-the-parameters. This property allows us to

circumvent the difficulties of simultaneously accommodating censoring of demands and

estimation of non-linear equations. The approximated model replaces y with ỹ = lnx −

∑J

j=1 w
jlnpj, where ỹ is the log nominal expenditures deflated by the Stone price-index.

Lewbel & Pendakur (2009) show that the linearized version of the model estimated by OLS

performs almost as well as fully-efficient nonlinear estimation.

To correct for endogeneity due to the introduction of budget shares into log real total

expenditure, in line with Lewbel & Pendakur (2009), we create an instrument for y con-

structed as logx deflated by a modified Stone price index where w̄j, the sample-average

budget share for food group j, replaces wj: ŷ = lnx−
∑J

j=1 w̄
jlnpj.

In addition to a constant, we specify the vector of demand shifters zk to include the

following binary and categorical variables: a dummy for gender (1= male); the level of

education in 5 classes (1= no formal education, 2= primary school, 3= lower middle school,

4= high school diploma, 5= undergraduate or postgraduate degree); marital status in 5

classes (1= single, 2=married, 3= married but not co-habiting, 4= legally separated, 5=

divorced, 6 = widowed); employment status in 7 classes (1= employed, 2= in search of first

employment, 3=unemployed, 4= student, 5= housewife, 7= other employment position,

8= retired; age in 9 classes (1= between 18 and 24 years, 2= between 25 and 29 years,

3= between 30 and 34 years, 4 = between 35 and 39 years, 5= between 40 and 44 years,

6=between 45 and 49 years, 7 = between 50 and 54 years, 8 = between 55 and 59 years,

9= between 60 and 64 years); three Census regions (metropolitan area, medium size city,

small town). Descriptive statistics for these demand shifters are shown in Table B2 in

Appendix B.
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3.1 Estimation and elasticities

We estimate the model in (1) using seemingly unrelated regression methods. Figures C1

and C2 in Appendix C plot the Engel curves for our 16 commodities. Inspection of these

Figures suggests that the Engel curve shapes cannot be adequately represented by a linear

or quadratic function. To determine the degree of the income polynomials, we add a degree

at a time starting from L = 2 and tested the joint significance of the bL coefficients by

minimum distance (Wooldridge, 2010). Under the null hypothesis that the Lth degree

of polynomial is excludable, the test statistic is asymptotically distributed as χ2
(J−1). At

L = 5 the test statistic still rejects the null hypothesis. We therefore, decided that a fifth

polynomial in y was sufficient to capture the curvature of the Engel curves.

Behavioral reactions after a price change are measured by own and cross-price elasti-

cities. Cross-price elasticities, in particular, highlight substitutions and complementarities

among food products, i.e. changes in the quantities of other food products purchased after

a price change. Appendix D shows the equations for the Marshallian price elasticities of

quantities, the Marshallian expenditure elasticities, and the Hicksian price elasticities of

quantities derived from the EASI demand model. Standard errors of the elasticities are

bootstrapped by 200 replications.

Our structural model estimates lead to a 16x16 matrix of 256 estimated price elasticit-

ies. Table D1 and Table D.1 in Appendix D show the full set of compensated (Hicksian)

and uncompensated (Marshallian) elasticity point estimates, respectively. The full set of

standard errors is available from the authors. Figure 2 focuses on own-price compensated

elasticities and expenditure elasticities. Both are reported for each food group. The top

bar in each aggregate indicates own-price compensated elasticity and the bottom bar, ex-

penditure elasticity.

All estimated own-price elasticities have the expected negative sign and all except

two are statistically significant at 1%. Among the food groups, sweets and snacks show

the largest own-price elasticity (-3.770), implying that a 1% increase in their price would

decrease the quantity purchased by about 3.8%. The quantity of fat and cheese purchased
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Figure 2: Own-price compensated and expenditure elasticities.

is also elastic to its price (-1.432). The own-price elasticity for sweetened beverages is

-0.805, which falls in the range -0.8 to -0.10 of the literature (Finkelstein et al., 2010).

Studies such as Allcott et al. (2019a), focusing only on soft drinks, find higher own-price

elasticities (-1.37). Expenditure elasticities are all positive and significant at 1%, except

for cereals. Most food groups are necessities with an expenditure elasticity less than one.

Fruit, fish, fat and cheese, red meat, sweets and snacks are luxuries with an expenditure

elasticity greater than one. Table D1 shows the full set of compensated (Hicksian) and

expenditure (last row) elasticities at the sample mean. Since compensated elasticities are

utility-constant, cross-price elasticities provide information on net complementarities or

substitutions, i.e. on the percentage change in the quantity demanded of good i after an

increase in the price of good j, net of any income effect.

In other words, our elasticities in Table D1 measure pure substitution after a price

change, which is the information we are looking for. The cells of each row show the price

elasticity of the food group of the row due to a change in price of the food group of the
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column. Cross-price elasticities can be read in the last row of the table. For example,

the third entry in the first column (0.228) is the percentage change in the demand for

bread and pasta following a 1% increase in the price of vegetables. Positive and significant

cross-price elasticities indicate substitutions, while negative and significant ones indicate

complementarities. We are particularly interested in complementarities and substitutions

that arise when the price of fat and cheese, sweets and snacks and sweetened beverages

increases, as these are the food groups most affected by our counterfactual fat tax. An

increase in the price of sweets and snacks causes substitutions with vegetables (0.202),

alcohol (0.199), and food afh (0.181), and complementarities with eggs and milk (-0.139),

cereals (-0.411), sweetened beverages (-0.462), and other drinks (-0.182). An increase in

the price of sweetened beverages causes substitution with fruit, fish, food afh (0.096, 0.019,

0.181) and complementarities with oil, sweets and snacks, other drinks (-0.160, -0.112, -

0.160). An increase in the price of fat and cheese causes substitution with bread and

pasta (0.091) and complementarity with fruit (-0.064). We also find substitution between

poultry and processed meat, between poultry and vegetables (0.133) and poultry and fat

and cheese (0.098). One concern is the substitution of food categories higher in fats and

sugar (fat and cheese, sweets and snacks, and sweetened beverages) with food afh, because

we cannot assess the bad nutrient content of the latter. Inspection of Table D1 shows

substitution of fat and cheese, sweets and snacks, and sweetened beverages with food afh,

but these substitutions are small (0.032, 0.181, and 0.023, respectively). Finally, increasing

the price of red meat reduces the quantity of eggs and milk, poultry, processed meat and

alcohol purchased (-0.226, -0.609, -0.177, -0.213). Similar complementarities arise when

the price of processed meat is increased with an additional complementarity with other

drinks (-0.293).
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Table 2: Compensated price elasticities and expenditure elasticities - sample means.

Vegetables Fruit Pasta and bread Cereals and Rice Eggs and Milk Fish Poultry Red meat Processed meat Fat and Cheese Oil Sweets and snacks Sweetened beverages Other drinks Alcohol Fafh

Vegetables -1.883*** -0.002 0.133*** 0.000 0.092*** -0.131*** 0.005 0.087*** 0.055** 0.007 -0.030* 0.202*** -0.016* 0.020 -0.070*** 0.117***

Fruit -0.003 -2.186*** 0.032 -0.104*** -0.002 -0.028 0.010 0.060 0.120*** -0.064* -0.016 0.044 0.096*** 0.033 0.157*** 0.348***

Pasta and Bread 0.228*** 0.037 -0.773*** -0.034 -0.004 -0.069 -0.098* 0.011 -0.239*** 0.091** -0.004 -0.045 0.007 -0.013 -0.044 0.162***

Cereals and Rice -0.002 -0.558*** -0.155 -0.165 0.114 -0.076 -0.087 -0.256 0.207 -0.017 -0.190* -0.411** -0.066 -0.009 0.388* 0.396**

Eggs and Milk 0.208*** -0.003 -0.005 0.033 -1.003*** -0.131** 0.054 -0.226*** -0.290*** 0.066 -0.037 -0.139** 0.006 0.022 0.039 0.185**

Fish -0.236*** -0.034 -0.072 -0.017 -0.104** -1.491*** -0.006 -0.036 0.066 0.020 -0.042 0.074 0.049* -0.045 -0.072 0.161*

Poultry 0.013 0.019 -0.164* -0.031 0.068 -0.009 0.202 -0.609*** -0.086 -0.139 -0.245*** 0.161* -0.050 0.027 -0.101 -0.060

Red Meat 0.147*** 0.068 0.011 -0.055 -0.168*** -0.034 -0.359*** -0.770*** -0.162** -0.068 0.052 -0.008 -0.018 -0.103* -0.162** -0.029

Processed meat 0.101** 0.149*** -0.257*** 0.048 -0.235*** 0.068 -0.055 -0.177** -0.324*** -0.098 -0.054 -0.062 -0.011 -0.233*** -0.090 0.045

Fat and Cheese 0.013 -0.079* 0.098** -0.004 0.053 0.021 -0.089 -0.074 -0.098 -1.432*** 0.041 -0.044 -0.011 -0.069 -0.036 0.134*

Oil -0.152* -0.056 -0.010 -0.121* -0.081 -0.118 -0.430*** 0.154 -0.149 0.113 -0.582*** -0.056 -0.160*** 0.164* -0.050 0.208*

Sweets and snacks 0.275*** 0.041 -0.036 -0.071** -0.083** 0.056 0.077* -0.006 -0.046 -0.033 -0.015 -3.770*** -0.112*** -0.107** 0.122** 0.555***

Sweetened beverages -0.090* 0.364*** 0.024 -0.047 0.016 0.153* -0.099 -0.061 -0.034 -0.034 -0.179*** -0.462*** -0.805*** -0.388*** 0.045 0.293***

Other drinks 0.046 0.052 -0.017 -0.003 0.023 -0.057 0.022 -0.141* -0.293*** -0.086 0.076* -0.182** -0.160*** -1.048*** -0.053 0.192*

Alcohol -0.154*** 0.235*** -0.057 0.109* 0.038 -0.088 -0.079 -0.213** -0.108 -0.044 -0.022 0.199** 0.018 -0.050 -0.680*** -0.377***

Fafh 0.052*** 0.104*** 0.042*** 0.022** 0.036** 0.040* -0.009 -0.008 0.011 0.032* 0.018* 0.181*** 0.023*** 0.037* -0.076*** -2.772***

Expenditures 0.998*** 1.117*** 0.597*** 0.010 0.767*** 1.398*** 0.488*** 1.182*** 0.805*** 1.180*** 0.982*** 1.877*** 0.953*** 0.604*** 0.602*** 0.994***

∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors bootstrapped with 200 replications.
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Table D2 in Appendix D shows compensated own-price elasticities and expenditure

elasticities at low and high levels of total current consumption expenditure, our proxy for

income. Low income individuals react more (larger own-price elasticities) than high income

persons after a price change in vegetables, bread and pasta, cereals and rice, fish, red meat,

sweets and snacks, sweetened beverages, food afh and fruit. Interestingly, however, we find

that high income individuals, who are the highest consumers of fat and cheese, show greater

own-price elasticity for fat and cheese (-1.633 against -1.088 for low income persons). Since

this is the food aggregate highest in saturated fats, the narrative that poorer individuals

consume more bad nutrients and react more than the rich to a price increase is inverted in

Italy.

Expenditure elasticities identify luxuries and necessities. We do not find much variation

in relation to income distribution. The only exception is cereals and rice which are luxury

items for high-income (expenditure elasticity 1.203) but not for low-income consumers.

Red meat and soft drinks are luxuries for low-income but not for high income individuals.

Tables D3 and D4 in Appendix D show compensated own-price elasticities and expenditure

elasticities, respectively, both by macro-region.

4 Counterfactuals

In the main counterfactual experiment we use our demand estimates to simulate the intro-

duction of a specific (s) tax (τ) that is proportional to the saturated fat content of a food

group. Let ηj denote the saturated fat content of one kg of food group j. We assume that

the post-tax price of commodity j, pj1,s, is related to pre-tax price p
j
0 according to:

p
j
1,s = p

j
0 + τηj (3)

As explained in Section 2 we detect in our sample an average excess consumption of sat-

urated fat of about 30%. We therefore select the rate of tax that results in a 30% fall

21



in saturated fat purchased assuming a 100% pass-through of taxes to prices10. For each

commodity (i.e. food group) j, j = 1, ..., J , the specific tax on saturated fat is:

τηj =
−0.30

ǫj
p
j
0η

j (4)

where ǫj is the own-price compensated elasticity of quantity for commodity j.

We also separately simulate an easy to implement and to administer increase in the

existing Value Added Tax (VAT) on the food groups richest in saturated fat: fat and cheese,

processed meat and sweets and snacks11. The results of this additional counterfactual

experiment are shown in Appendix F. Here we focus on the effects of the specific fat tax.

Table 3 shows the vector of percentage price variation after the introduction of the

specific fat tax.

10Griffith et al. (2019) review the pass-through of soft-drink taxes to prices finding that a 100% pass-
through is the most common finding. Dubois et al. (2020), study the on-the-go segment of the UK market
and add to the previous evidence suggesting a soda tax pass-through close to 100%

11Current VAT on food products in Italy is 4% for necessities (vegetables, fruit, bread and pasta, fat and
cheese and oil) and at 10% for non-necessities (cereals and rice, meat, fish, sweet and snacks, sweetened
beverages and other beverages).
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Table 3: Percentage price variation under specific fat tax

Food groups Price variation

Vegetables 0.021

Fruit 0.245

Pasta and Bread 0.201

Cereals and Rice 0.000

Eggs and Milk 1.036

Fish 0.224

Poultry 0.000

Red Meat 1.124

Processed Meat 6.409

Fat and cheese 3.328

Oil 11.070

Sweets and Snacks 0.241

Sweetened beverages 0.003

Other drinks 0.278

Alcohol 0.000

Food away from home 0.000

The effectiveness of a fat tax can be evaluated by how much consumers decrease their

fat consumption after the tax. Figure 3, shows that the variation in saturated fat con-

sumption (grams) per month after application of the tax varies across the distributions

of age and total monthly expenditure (our proxy for income). The age groups are 1=18-

24, 2=25-29, 3=30-34, 4=35-39, 5=40-44, 6=45-49, 7=50-54, 8=55-59 and 9=60-64 years.

Figure 3 shows that the fat tax achieves relatively large reductions in fat consumption

among individuals with average (orange column) and high levels of total expenditure (grey

columns), but it is not successful at targeting individuals in the lowest quintile of the ex-

penditure distribution (blue columns). High-income individuals are the most likely to be

fat consumers (and are therefore affected by the tax), and they show the largest reductions

in saturated fat consumption. Across the age distribution, young consumers are equally

likely to be affected by the policy as adults.
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Figure 3: Reduction in saturated fat consumption (grams)

4.1 Consumer-Welfare Costs and Redistribution

We use our demand estimates to compute the compensating variation (CV), a monetary

metric measure of welfare change after a price change, defined as the minimum sum of

money necessary to fully compensate a consumer after the price change. If w0 is the

baseline level of the welfare before any price change, CV is the sum of money necessary to

render an individual indifferent to the change in tax policy: CV = c(w0,p1) − c(w0,p0)

where c(w0,p0) is the minimum cost of achieving w0 at prices p0, and c(w0,p1) is the

minimum cost of attaining utility w0 at the price vector p1. To calculate the CV, we use

the True Cost of Living (TCOL) index (Deaton & Muellbauer, 1980), the ratio of the cost

of achieving a given level of economic welfare after a price change to the cost of achieving

the same level of economic welfare before the price change: TCOL = c(w0,p1)
c(w0,p0)

. The CV and

the TCOL are clearly related to each other: CV = c(w0,p0)× (TCOL− 1).

The EASI log change in the TCOL index (Lewbel & Pendakur, 2009) is calculated as:

ln

(

x1

x0

)

= (p1 − p0)
′

w0 + 0.5(p1 − p0)
′

Γ(p1 − p0) (5)

where x1 is the post-tax income necessary to maintain utility at the pre-tax level, p1 is the
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J×1 vector of new log prices after the tax is imposed, and Γ is a J×J matrix of parameters

whose element Γij equals a
jk in equation 1. Equation 5 captures two welfare effects of the

fat tax on welfare. The first term on the right-hand-side is the Stone price effect that

ignores any changes in budget shares of the taxed goods. By using observed rather than

predicted budget shares, any unobserved heterogeneity absorbed into the error term during

estimation is incorporated in the welfare analysis (Lewbel & Pendakur, 2009). The second

term measures the effect of changing budget shares as a consequence of substitution. The

total effect will be smaller than the Stone price effect if budget shares of the taxed goods

decrease in response to the tax. Figure 4 illustrates the consumer-welfare effects of the

specific fat tax. The welfare loss is progressively distributed since it increases with income.

At the mean income, CV per month is 13.40 e. Relative to income, proxied by total

monthly consumption expenditure, the welfare loss has a mildly regressive distribution.

The CV provides a money value of the welfare cost to consumers resulting from the tax.

However, if some consumers impose internalities on themselves, the compensating variation,

based on revealed preferences, provides an incomplete picture of the welfare effects of the

tax (Gruber & Koszegi, 2004).

5 Monetary value of averted internalities

One potential consequence of excess saturated fat consumption is weight gain. We proxy

the monetary value of averted internalities with the value of health benefits associated

with weight loss. The literature on the relationship between weight loss and health benefits

calculates weight reduction after tax, starting from the variation in harmful nutrient intake

after imposition of the tax (Hall et al., 2011; Lin et al., 2011; Harkanen et al., 2014; Xiang

et al., 2018).

This is shown in Figure 3 as a function of age and across the distribution of total

consumption expenditure (our proxy for disposable income). As explained in the previous

Section, the tax achieves relatively large fat reductions among those individuals with an
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Figure 4: Compensating Variation (CV)
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average and high level of total expenditure, but it is not successful at targeting individuals

in the lowest quintile of the expenditure distribution. We therefore expect health benefits

to be progressively distributed, i.e. to be larger at higher incomes. The impact of the tax on

food consumption can be calculated by multiplying the matrix of uncompensated demand

elasticities (Table D1 in Appendix D) by a vector containing the percentage changes in

consumer prices. Table 4 shows these relative demand changes, computed as
(qj

1
−q

j
0
)

q
j
0

=

ǫj ×
(pj

1
−p

j
0
)

p
j
0

, for each food group j.

To calculate individual weight change in response to reduction in fat consumption,

we adopt the approximate rule of thumb proposed by Hall et al. (2011) for an average

overweight adult, based on dynamic simulation models predicting individual weight changes

resulting from energy balance interventions: every 100 kJ/day change in energy intake will

lead to a bodyweight change of about 1 kg (or 10 kcal/day per pound of weight change)
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Table 4: Changes in quantities purchased (left); changes in body weight (kg) and daily
energy intake (kJ) one year after imposition of the tax (right)

Variable Change

Vegetables -0.037

Fruit -0.441

Pasta and Bread -0.137

Cereals and Rice 0

Eggs and Milk -1.714

Fish -0.439

Poultry 0

Red Meat -1.776

Processed Meat -7.313

Fat and Cheese -5.251

Oil -15.222

Sweets and Snacks -0.830

Sweetened beverages -0.004

Other drinks -0.476

Alcohol 0

Food afh 0

Change in body weight (kg)

Mean Min Max

1st quintile -0.89 -5.01 0.17

Sample mean -1.72 -8.52 0.00

5th quintile -2.11 -9.65 0.00

Change in daily kJ

Mean Min Max

1st quintile -179.045 -1001.83 34.55121

Sample mean -342.487 -1704.23 0

5th quintile -427.682 -1943.13 0

with half the weight change achieved in about 1 year and 95% in about 3 years12. Table

4 shows the average reduction in body weight (in kg) one year after introduction of a

fat tax aimed at reducing saturated fat consumption by 30% and the average change in

energy intake (kJ/day). We obtain an average body-weight loss of 1.72 kg one year after

introduction of the tax.

To translate body-weight variation into monetary benefits we use a two-part model

(2PM) of monthly health expenditures at the individual level (Jones, 2000), as adopted by

Cawley & Meyerhoefer (2012). The first part of the two-part model estimates the probab-

ility of positive health expenditure, while the second part estimates health expenditure, if

any.

12We also computed the effect of changes in energy intake on body weight using the approach proposed
by Dall et al. (2009) and applied in Harkanen et al. (2014). We obtained slightly larger bodyweight changes.
The results are available from the authors upon request.
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Monthly health expenditure at individual level is included in the HBS data. Expendit-

ures included are for general practitioners, specialist examinations, dentists and dental

services, nurses and other paramedical services, clinical analysis, diagnostic tests, hospit-

alization in clinics and hospitals. The HBS data also includes expenditure on prescription

and non-prescription drugs and sanitary articles such as medicines, plasters, syringes, first

aid kits, bandages and the like, vitamins, minerals and homeopathic products. Health

expenditure is not distributed evenly across respondents. In particular, health expenditure

for the first quintile of the expenditure distribution is only 20% less than that of the fifth

quintile. Although there is a national healthcare system in Italy that provides free med-

ical care by general practitioners and accessible costs for medical specialists, high-income

classes may prefer to pay specialists directly to avoid long waiting lists. As a result, the

first quintile of the income distribution spends less on healthcare than the fifth quintile.

Since the HBS data does not include information on weight, BMI or the health status

of households, we match HBS data with the 2015 Italian module of the European Health

Survey Interview (EHSI) by the matching procedure of Rubin (1986). Table E.2 in Ap-

pendix E shows the descriptive statistics for the variables resulting from the matching,

used in our empirical analysis.

Let hei denote monthly health expenditures (in Euro) by household i. Let α be the

constant term and let Xi denote a vector of explanatory variables including the age (9

classes), gender, education level (5 classes), employment position (4 classes: 1= manager,

2= unskilled worker, 3= entrepreneur, 4=self-employed); employment status (8 classes),

marital status (5 classes), macro-region (5 classes), income quintile and weight (kg) of each

individual. Let εi be the idiosyncratic error term. Our base regression specification for

estimating the marginal impact of weight on health expenditures is:

hei = α + β
′

Xi + εi (6)

Table 5 lists regression results for the sample resulting from the matching. The cells of
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the table indicate the marginal effects (reflecting both parts of the two-part model) and

the standard errors of the marginal effects at the sample mean, for the first quintile, and

for the fifth quintile of the expenditure distribution. The table indicates that weighing

an additional kilogram raises health expenditure by 0.01 e per month (which is not

statistically significant) for individuals in the first quintile of the expenditure distribution,

by almost 3e per month on average, and by 4.30 e per month for individuals in the fifth

quintile of the expenditure distribution. Conversely, losing one kilogram decreases monthly

health expenditure by the same amounts.

Table 5: Marginal effects of weight on monthly health expenditures

Variable Sample mean 1st quintile 5th quintile

Probit GLM Probit GLM Probit GLM

Weight 0.02* 2.923** 0.020*** 0.010 0.022* 4.307***

(0.009) (0.821) (0.005) (0.375) (0.011) (1.054)

Sex (1=male) 0.766*** 66.903*** 0.814*** -0.820 0.826*** 108.939***

(0.155) (14.024) (0.145) (10.319) (0.229) (20.956)

Age group 0.058*** 3.797*** 0.027 4.814** 0.068*** 5.089***

(0.01) (1.324) (0.030) (1.865) (0.020) (3.054)

Location 0.053*** -5.657** 0.125*** -6.371** -0.009 -11.800**

(0.013) (1.924) (0.043) (2.921) (0.027) (4.371)

Income quintile 0.339*** 34.380***

(0.015) (2.131)

Education -0.068** -4.662 -0.134 -6.263 -0.030 -6.192

(0.025) (3.437) (0.093) (3.517) (0.047) (4.305)

Marital status -0.024 -5.589** -0.020 -0.853 -0.019 -12.912**

(0.016) (2.020) (0.053) (3.912) (0.027) (4.630)

Empl. position -0.028* -7.545*** -0.087 -1.667 -0.041 20.492**

(0.018) (2.043) (0.058) (6.881) (0.027) (17.155)

Empl. status -0.027 -8.658** -0.221* 0.000 0.155* 0.000

(0.066) (6.542) (0.112) (0.000) (0.112) (0.000)

Constant -3.554*** -306.319*** -2.723*** 16.812 -2.374** -265.869**

(0.769) (73.764) (0.640) (42.900) (1.033) (104.761)

#obs 7,781 7,781 640 640 2,499 2,499

∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors in parenthesis.
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As expected, individuals in the first quintile do not benefit from losing weight, as

their health expenditure is significantly lower than that of those in the highest quintile.

Interestingly, in the first-step probit regression, the weight coefficient is significant at 5%

and positive for the first and fifth quintiles, with an implied elasticity close to 0.07 for

all groups. So the probability of positive health expenditure increases for individuals in

the lowest quintile if they gain an extra kilogram, even if they do not benefit from a one-

kg reduction in the case that their health expenditure is already positive. To obtain the

monetary value of health benefits we multiply the vector of marginal effects in Table 5 by

the vector of weight variations resulting from the tax (right hand side of Table 4). Benefits

(measured as reduction in monthly health expenditure across different total expenditure

groups) are shown in Figure 5: no benefits emerge for low income individuals. Benefits are

progressively distributed, with high income individuals benefiting more than individuals

at the sample mean of the expenditure distribution.

5.1 Net Welfare Impacts

We combine the results of Section 4 with the empirical estimates of the monetary value of

internalities averted to compute the net welfare impacts from the simulated tax.

The welfare effects can be decomposed into three distinct components: they are plotted

in Figure 6a across the distribution of total expenditure. “Redistributed Revenues” are

public revenues from the fat tax equally redistributed as lump-sum transfers. “Internality

Correction” is the (money-metric) welfare benefit due to the weight loss resulting from the

tax. “Welfare cost” is the compensating variation, i.e. the amount of money that makes

the choice between an increase in their income or introduction of the tax indifferent to

consumers. “Net Welfare Impact” is the difference between welfare costs and benefits.

Welfare costs are higher than benefits for all groups. In addition, net impacts result

in small and progressively distributed losses. This is different from the results of Allcott

et al. (2019a), who found, in the context of a sugar tax, small but regressive net benefits.

The lump sum returns only marginally offset the welfare costs of the tax.
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Figure 5: Health benefits

(a) Health benefits (e/month)

(b) Health benefits/total expenditure

Figure 6b shows costs and benefits as a fraction of total expenditure, our proxy for

income. Relative to total expenditure, the fat tax generates small and regressively dis-

tributed welfare losses, in line with Allcott et al. (2019a). In order to check whether an

easy-to-implement ad valorem tax would lead to different results, we also simulate the

introduction of an alternative ad valorem tax reducing consumption of saturated fat by

30% and resulting in an increase in the price of food categories high in saturated fats (pro-

cessed meat, snacks and sweets and fat and cheese). The results are shown in Appendix
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Figure 6: Net Welfare Impacts

(a) Benefits and Costs (e/month)

(b) Benefits and Costs/total expenditure

Notes: figure (a) decomposes welfare changes resulting from the fat tax across the distribution of total
expenditure. “Welfare costs” are measured by the compensating variation (e/month). ”Health benefits”
are calculated as savings in health expenditures (e/month) due to weight lost after the introduction of
the tax. ”Lump sum return” is public revenues (e/month) from the fat tax redistributed equally across
the distribution of total expenditure. ”Net welfare effect” is the difference between ”Welfare costs” and
”Health benefits”. Figure (b) decomposes costs, benefits and net impacts relative to total expenditure.

F. Again, benefits are lower than costs for all groups. Compared to the specific tax, ad

valorem taxation implies slightly smaller benefits for individuals in the highest quintile of

the expenditure distribution. The net welfare effects from the two tax policies are very
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similar.

6 Summary and Conclusion

Modern economies often rely on excise taxation to reduce socially costly consumption.

While it is quite common to investigate the potential welfare costs of such new tax policies,

it is much less common to assess the welfare impacts net of potential benefits. This is,

however, an important step in welfare change evaluations, as benefits assessment may

enhance the social and political acceptability of the new tax policies. Our paper adds

to the very scant literature by endeavoring to assess the net welfare impacts of taxes on

unhealthy foods. By focusing on a fat tax, we investigate its individual benefits, proxied

by averted internalities, and its individual costs.

We restrict the analysis to single adults to ensure close alignment of expenditure, con-

sumption, costs and benefits of taxation. We focus on Italy, where a sugar tax was proposed

in 2019. Our results predict that high-income individuals would lower their fat consumption

more than persons of low income in response to a fat tax. As a consequence, individuals

in the highest quintile of the expenditure distribution are the ones who lose out most in

terms of direct consumer surplus loss due to the tax, but they are also the ones who benefit

most from the tax. The prediction that sin taxes bring net benefits, especially for those

with lower incomes, is inverted in this case. Instead we find that an Italian fat tax would

result in progressive (i.e. larger for high-income individuals) net losses.

These findings should be taken with caution. One limit of our study is that we only

consider obesity a potential consequence of excess saturated fat consumption. We ignore

disability-adjusted life-years averted. The effects on other health outcomes, such as type

2 diabetes and cardiovascular disease, and the secondary effects of obesity, such as cancer

and arthritis, are not modelled. Another limit is that we do not count savings from any

averted externalities (such as lower public costs of healthcare). So our estimated benefits

from sin taxation should be regarded as a lower bound of the true benefits.
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Finally, we only consider single adults, in spite of the fact that child obesity is an

increasing concern in Italy (Crudu et al., 2021).

Despite these weaknesses, we trust that the results of our study, together with those

of other researchers, will help shift the discussion of sin taxes from mere welfare-cost

calculation to a more comprehensive assessment.
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Appendix

A Excess consumption of sugar and fat

In this appendix we use data on food consumption expenditure in the Household Budget

Survey (ISTAT) combined with nutrients data from the Composition Database for Epi-

demiological Studies in Italy (EIO). Figure A.1 documents excess consumption of added

sugar and saturated fats in households with more than one member (i.e. two adults,

two adults and one child, two adults and two children) across income quintiles. For each

household type, excess consumption of added sugar and saturated fats increases along the

distribution of income, consistently with what we observe for singles.
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Figure A1: Consumption of sugar and saturated fats in households of different sizes

Two adults

Two adults, one child

Two adults, two children
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B Descriptive Statistics
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Table B1: Summary Statistics

Variable Obs. Mean Std.Dev. Min Max

Exp Share

Alcohol 12,369 0.010 0.018 0 0.223

Bread 12,369 0.009 0.010 0 0.191

Cereals & rice 12,369 0.003 0.005 0 0.092

Eggs & Milk 12,369 0.010 0.010 0 0.133

Fat & Cheese 12,369 0.012 0.012 0 0.176

Fish 12,369 0.013 0.018 0 0.278

Fafh 12,369 0.051 0.064 0 0.671

Fruit 12,369 0.015 0.014 0 0.183

Oil 12,369 0.005 0.009 0 0.243

Other 12,369 0.816 0.105 0.240 1

Otherdrinks 12,369 0.010 0.010 0 0.309

Pasta 12,369 0.004 0.006 0 0.076

Processed meat 12,369 0.012 0.014 0 0.159

Poultry 12,369 0.007 0.010 0 0.145

Red meat 12,369 0.014 0.018 0 0.203

Sweet drinks 12,369 0.004 0.006 0 0.102

Sweets & snacks 12,369 0.017 0.015 0 0.180

Vegetables 12,369 0.023 0.021 0 0.267

Log Prices

Alcohol 12,369 -0.658 0.271 -1.609 0.889

Bread 12,369 0.004 0.004 -0.001 0.014

Cereals & rice 12,369 -3.437 0.272 -4.256 -2.773

Eggs & Milk 12,369 -1.670 0.188 -2.867 1.240

Fat & Cheese 12,369 -0.818 0.177 -1.686 -0.276

Fish 12,369 -1.190 0.227 -1.991 -0.609

Fafh 12,369 0.191 0.229 -0.797 0.826

Fruit 12,369 -0.400 0.243 -1.589 0.112

Oil 12,369 2.658 0.309 -3.636 -1.568

Other 12,369 3.075 0.269 1.737 4.114

Otherdrinks 12,369 -1.996 0.192 -2.639 -1.596

Pasta 12,369 0.002 0.014 -0.013 0.041

Processed meat 12,369 -1.472 0.169 -2.037 -0.967

Poultry 12,369 0.010 0.013 -0.004 0.038

Red meat 12,369 -1.162 0.186 -1.980 -0.688

Sweet drinks 12,369 -2.779 0.253 -3.494 -1.957

Sweets & snacks 12,369 0.710 0.315 -1.026 1.391

Vegetables 12,369 1.623 0.534 -0.757 3.04838



Table B2: Summary Statistics cont’ed

Variable Obs. Mean Std.Dev. Min Max

Control variables

Total monthly expenditure 12,369 1869,209 1090.125 110 9697.53

Gender 12,369 1.465 0.499 1 2

Education 12,369 3.831 0.828 1 5

Marital status 12,369 2.315 1.786 1 6

Employment position 12,369 2.011 1.971 1 8

Age 12,369 6.008 2.209 1 9

Metropolitan area 12,369 0.154 0.361 0 1

Medium city 12,369 0.294 0.456 0 1

Small city 12,369 0.551 0.497 0 1

Table B3: Share of food expenditures by education level.

Expenditure share no education primary lower high undergraduate

school middle school school or postgrad. degree

Alcohol 0.013 0.01 0.012 0.010 0.009

Bread & pasta 0.022 0.014 0.011 0.008 0.006

Cereals & rice 0.008 0.020 0.016 0.013 0.010

Eggs & Milk 0.017 0.014 0.012 0.01 0.008

Fat & Cheese 0.015 0.017 0.014 0.012 0.01

Fish 0.015 0.015 0.013 0.012 0.011

Fafh 0.024 0.021 0.041 0.05 0.064

Fruit 0.018 0.020 0.017 0.015 0.012

Oil 0.006 0.007 0.005 0.004 0.003

Other 0.740 0.754 0.788 0.822 0.859

Otherdrinks 0.014 0.013 0.011 0.01 0.008

Processed meat 0.014 0.017 0.015 0.004 0.009

Poultry 0.016 0.012 0.009 0.012 0.005

Red meat 0.023 0.022 0.017 0.007 0.01

Sweet drinks 0.003 0.005 0.004 0.014 0.003

Sweets & snacks 0.003 0.018 0.018 0.004 0.015

Vegetables 0.003 0.034 0.026 0.022 0.018
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Table B4: Share of food expenditures by geographic area.

Expenditure share North Centre South Islands

Alcohol 0.011 0.009 0.011 0.009

Bread & pasta 0.011 0.014 0.016 0.017

Cereals & rice 0.002 0.003 0.004 0.003

Eggs & Milk 0.009 0.010 0.012 0.011

Fat & Cheese 0.012 0.012 0.014 0.011

Fish 0.009 0.013 0.016 0.019

Fafh 0.061 0.046 0.038 0.044

Fruit 0.013 0.016 0.017 0.017

Oil 0.004 0.004 0.005 0.006

Other 0.840 0.820 0.779 0.793

Otherdrinks 0.008 0.009 0.012 0.014

Processed meat 0.011 0.013 0.015 0.012

Poultry 0.006 0.007 0.010 0.08

Red meat 0.011 0.016 0.018 0.018

Sweet drinks 0.004 0.009 0.004 0.005

Sweets & snacks 0.016 0.015 0.019 0.016

Vegetables 0.020 0.024 0.027 0.025

N 5954 2434 3148 833
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Table B5: Share of food expenditures by gender

Expenditure share Female Male

Alcohol 0.006 0.014

Bread & pasta 0.013 0.013

Cereals & rice 0.003 0.003

Eggs & Milk 0.011 0.009

Fat & Cheese 0.013 0.012

Fish 0.013 0.012

Fafh 0.036 0.064

Fruit 0.016 0.014

Oil 0.005 0.004

Other 0.820 0.815

Otherdrinks 0.010 0.009

Processed meat 0.012 0.013

Poultry 0.007 0.007

Red meat 0.014 0.015

Sweet drinks 0.004 0.004

Sweets & snacks 0.018 0.016

Vegetables 0.025 0.021

N 5756 6613
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Table B6: Share of food expenditures across the distribution of total
expenditure

Expenditure share 1st quintile Central quintiles 5th quintile

Alcohol 0.009 0.010 0.011

Bread & pasta 0.021 0.013 0.007

Cereals & rice 0.004 0.003 0.002

Eggs & Milk 0.015 0.010 0.006

Fat & Cheese 0.015 0.013 0.009

Fish 0.013 0.013 0.011

Fafh 0.025 0.054 0.068

Fruit 0.018 0.016 0.012

Oil 0.005 0.005 0.004

Other 0.780 0.815 0.863

Otherdrinks 0.012 0.010 0.008

Processed meat 0.015 0.013 0.009

Poultry 0.012 0.008 0.005

Red meat 0.015 0.014 0.010

Sweet drinks 0.004 0.004 0.003

Sweets & snacks 0.018 0.017 0.014

Vegetables 0.029 0.023 0.017

N 2474 7421 2474

1st quintile: between 110 and 1022 Euro/month; Central quintiles: between 1123
and 2542 Euro/month; 4th: between 2543 and 9697 Euro/month.
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As shown in Figure B1, for some food groups the series of monthly price indices display

little variation over time. This differential price variation over time coupled with no cross-

sectional variation provides our motivation for using Lewbel prices.

Figure B1: Monthly price indices, logs (2014-2018)
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C Engel curves

Figure C1: Kernel estimation of expenditure shares on log total expenditure
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Figure C2: Kernel estimation of expenditure shares on log total expenditure
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D Elasticities

Marshallian price elasticities of quantities, expenditure elasticities, and Hicksian price elast-

icities of quantities derived from the EASI demand system are computed as (Irz, 2017):

∂lnqi

∂lnpj
=

aij

wi
+ w̄j − δij − wj

[ R
∑

r=1

birr

(

ŷ

)r−1

+
1

wi
+ 1

]

(7)

∂lnqi

∂lnx
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ŷ

)r−1]
1

wi
+ 1 (8)

∂lnqi

∂lnpj

∣

∣

∣

∣

ū

=
aij

w̄i
− δij + w̄j (9)

where δij = 1 if i = j and 0 otherwise13. Standard errors of elasticities are bootstrapped

with 200 replications.

13When estimated at the sample mean, Marshallian price elasticity of quantities are computed as ∂lnqi

∂lnpj =

aij

w̄i − δij −
w̄j

w̄i

[

∑R
r=1

birr

(

ˆ̄y

)r−1]
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Table D1: Uncompensated price elasticities - sample means.

Vegetables Fruit Pasta & bread Cereals & Rice Eggs & Milk Fish Poultry Red meat Processed meat Fat & Cheese Oil Sweets & snacks Sweetened beverages Other drinks Alcohol Fafh

Vegetables -1.906*** -0.017 0.120*** -0.003 0.082*** -0.143*** -0.003 0.073** 0.043* -0.005 -0.035** 0.185*** -0.020** 0.010 -0.080*** 0.066*

Fruit -0.028 -2.203*** 0.018 -0.108*** -0.013 -0.042 0.001 0.045 0.106*** -0.078** -0.022 0.026 0.091*** 0.022 0.146*** 0.291***

Pasta & bread 0.215*** 0.028 -0.781*** -0.035 -0.010 -0.076 -0.103* 0.003 -0.246*** 0.084* -0.006 -0.055 0.005 -0.019 -0.050 0.132**

Cereals & and Rice -0.003 -0.558*** -0.156 -0.165 0.114 -0.076 -0.087 -0.256 0.207 -0.017 -0.190 -0.411*** -0.066 -0.009 0.388** 0.396*

Eggs & milk 0.191*** -0.014 -0.016 0.031 -1.011*** -0.141** 0.048 -0.236*** -0.299*** 0.056 -0.040 -0.151*** 0.003 0.015 0.031 0.146*

Fish -0.267*** -0.056 -0.091* -0.021 -0.118** -1.509*** -0.017 -0.055 0.049 0.003 -0.048 0.051 0.043 -0.058 -0.086 0.090

Poultry 0.002 0.011 -0.170* -0.033 0.063 -0.015 0.198 -0.616*** -0.092 -0.145 -0.247*** 0.153* -0.052 0.022 -0.106 -0.085

Red meat 0.120** 0.050 -0.004 -0.058 -0.180*** -0.049 -0.369*** -0.786*** -0.176** -0.083 0.046 -0.028 -0.023 -0.114* -0.174*** -0.089

Processed meat 0.083* 0.137*** -0.267*** 0.046 -0.244*** 0.058 -0.062 -0.187** -0.334*** -0.108* -0.058 -0.076 -0.014 -0.241*** -0.098 0.004

Fat & cheese -0.013 -0.097** 0.083* -0.007 0.041 0.006 -0.098* -0.090 -0.113* -1.447*** 0.036 -0.064 -0.016 -0.080 -0.048 0.074

Oil -0.174** -0.071 -0.023 -0.123 -0.091 -0.130 -0.438*** 0.141 -0.161 0.100 -0.587*** -0.072 -0.164*** 0.155 -0.060 0.158

Sweets & snacks 0.232*** 0.012 -0.061* -0.076*** -0.102*** 0.032 0.062 -0.032 -0.069 -0.056 -0.024 -3.801*** -0.119*** -0.125** 0.103** 0.459***

Sweetened beverages -0.112** 0.350*** 0.012 -0.050 0.006 0.141* -0.106 -0.074 -0.046 -0.045 -0.184*** -0.478*** -0.809*** -0.397*** 0.035 0.244**

Otherdrinks 0.032 0.043 -0.025 -0.004 0.017 -0.065 0.017 -0.149* -0.300*** -0.094 0.073 -0.192** -0.162*** -1.054*** -0.059 0.161*

Alcohol -0.168*** 0.226*** -0.065 0.107** 0.032 -0.096 -0.083 -0.221** -0.116 -0.051 -0.025 0.189** 0.015 -0.056 -0.686*** -0.408***

Fafh 0.029* 0.089*** 0.029* 0.019* 0.026* 0.027 -0.017 -0.021 -0.001 0.020 0.014 0.165*** 0.019** 0.027 -0.086*** -2.822***

∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors boot-
strapped with 200 replications.
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Table D2: Compensated own price and expenditure elasticities at different
levels of total expenditure

1st quintile 5th quintile

Price Expenditure Price Expenditure

Vegetables -2.566*** 1.178*** -1.651*** 1.638***

Fruit -2.260*** 1.709*** -1.819*** 1.348***

Pasta & Bread -0.866*** 0.838*** -0.768*** 0.722***

Cereals & Rice 1.214* -0.062 -0.804*** 1.618***

Eggs & Milk -0.822*** 0.737* -1.294*** 1.052***

Fish -1.719*** 1.862*** -1.649*** 1.476***

Poultry 0.128 0.733 -0.704*** 0.717**

Red Meat -1.019*** 2.027*** -1.076*** 0.915**

Processed Meat -0.301 0.892 -0.689*** 0.926***

Fat & Cheese -0.938*** 1.231*** -1.561*** 1.219***

Oil -0.324 1.103 -1.004*** 0.63

Sweets & Snacks -4.792*** 2.128*** -3.004*** 2.591***

Sweetened beverages -1.172*** 1.912** -0.407*** 0.316

Other drinks -0.781** 0.695 -1.240*** 0.315

Alcohol 0.15 -0.173 -1.468*** -0.448

Fafh -2.569*** -0.179 -2.361*** -0.348

N 2474 2474 2474 2474

1st quintile: between 110 and 1022 Euro/month; 5th quintile: between 2543 and
9697 Euro/month. ∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors
bootstrapped with 200 replications.
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Table D3: Compensated own price elasticities by geographic area

North Centre South Islands

Alcohol -1.386*** -0.541* 0.255 -1.003*

Bread & pasta -0.932*** -0.548*** -0.766*** -0.587*

Cereals & rice -0.794*** 0.299 0.239 -0.931

Eggs & Milk -1.044*** -0.855*** -0.906*** -1.805***

Fat & Cheese -1.621*** -0.993*** -1.297*** -1.545***

Fish -1.451*** -1.674*** -1.487*** -1.352***

Fafh -2.974*** -2.524*** -2.471*** -2.789**

Fruit -2.215*** -2.044*** -2.149*** -2.543***

Oil -0.888*** -0.574** -0.456** 0.486

Otherdrinks -1.346*** -0.481* -0.995*** -1.197*

Processed meat -0.758*** -0.746*** 0.252 0.185

Poultry -0.306 0.362 0.575* 0.844

Red meat -0.949*** -0.780*** -0.596*** -0.373

Sweet drinks -0.974*** -0.604*** -0.731*** -0.739***

Sweets & snacks -3.944*** -3.551*** -3.716*** -3.484***

Vegetables -1.887*** -1.885*** -2.081*** -2.272***

∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors boot-
strapped with 200 replications.
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Table D4: Expenditure elasticities by geographic area

North Centre South Islands

Alcohol 0.362** 0.730* 0.259 1.640**

Bread & pasta 0.728*** 0.641*** 0.376** 0.755**

Cereals & rice 0.325 -0.468 0.183 2.513*

Eggs & Milk 0.688*** 0.575*** 0.771*** 1.930***

Fat & Cheese 1.146*** 1.012*** 1.104*** 1.282***

Fish 1.309*** 1.228*** 1.327*** 2.342***

Fafh 0.761*** 0.952*** 1.012*** 1.205**

Fruit 1.172*** 1.237*** 0.979*** 1.579***

Oil 1.074* 0.294 1.206** 0.953

Otherdrinks 1.015*** 0.677* 0.497 0.643

Processed meat 0.893*** 0.690*** 0.526** 0.992*

Poultry 0.635** 0.369 0.463 0.098

Red meat 1.215*** 1.050*** 1.150*** 1.26

Sweet drinks 1.227** 0.543 0.990*** 0.903

Sweets & snacks 1.859*** 1.839*** 1.972*** 2.581***

Vegetables 1.155*** 0.858*** 0.979*** 1.123****

∗ = p < 0.10; ∗∗ = p < 0.05; ∗ ∗ ∗ = p < 0.01. Standard errors boot-
strapped with 200 replications.
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E Statistical Matching

We follow Alpman (2016)’s two-step procedure to implement Rubin (1986) statistical

matching between two datasets. In particular, if dataset 1 contains the variable weight,

dataset 2 contains the variable health expenditures, and 1 and 2 contain a set of common

variables, X, statistical matching allows the creation of a new dataset containing health

expenditures, weight and X for all respondents. Health expenditures are included in the

Household Budget Survey (HBS), and weight of each individual is included in the European

Health Survey Interview (EHSI) for 2015. Variables shared by the two datasets are: num-

ber of family members, age, gender, income quintile, geographic location, education level

and employment status of the respondent.

The purpose of the matching is to obtain a new dataset that includes health expendit-

ures, individual weight and a set of control variables. We use the dataset resulting from

the matching to estimate equation 6 in our paper. The first step of the procedure generates

the predicted weight and health expenditure values for each observation of the incomplete

original dataset as a function of the assumed partial correlation between weight and health

expenditures, conditional on the control variables. In the second step, each unit in the

EHSI for which health expenditures is missing is matched with the corresponding unit in

the HBS with the closest predicted value of health expenditures calculated in step 1, con-

ditional on the set of control variables. Similarly, each unit in the HBS for which weight is

missing is matched with the corresponding unit in the EHSI database that has the closest

predicted value of weight as calculated in step 1, conditional on the control variables. We

allow the partial correlation, ρ, between health expenditures and weight, conditional on

the variables, to vary between 0.1 and 1. We run our regressions considering multiple

imputations of health expenditures and weight using all values of ρ between 0.1 and 1.

As suggested by Alpman (2016), multiple imputation reduces the risk of downward bias

in the estimated standard errors. 14 Consistently with our main empirical analysis, we

consider single households aged less than 65 years. Summary statistics of both the initial

14In Stata, we used mi impute and mi estimate commands.
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and matched datasets are shown below.

Table E1: Summary statistics, original datasets (EHSI and HBS)

Variable Obs Mean Std. dev. Min Max

EHSI

Weight (Kg) 1,964 71.79 14.02 40 130

Gender (1=male) 1,977 1.44 0.50 1 2

Age 1,977 5.82 2.25 1 9

Geographic area 1,977 2.56 1.29 1 5

Income quintile 1,977 3.49 1.34 1 5

Employment position 1,474 2.38 1.28 1 4

Education 1,977 3.87 0.84 1 5

Marital status 1,977 1.90 1.23 1 4

Employment status ( 1=employed) 1,977 3.49 1.34 1 5

HBS

Health expenditures (Euro) 12,419 61.14 132.31 0 2855.47

Gender (1=male) 12,419 1.47 0.50 1 2

Age 12,419 6.00 2.21 1 9

Geographic area 12,419 2.62 1.31 1 5

Income quintile 12,419 3.26 1.39 1 5

Employment position 11,607 1.91 1.02 1 4

Education 12,419 3.83 0.83 1 5

Marital status 12,419 1.90 1.26 1 4

Employment status ( 1=employed) 12,419 3.26 1.39 1 5
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Table E2: Descriptive statistics, matched dataset

Variable Obs Mean Std. dev. Min Max

Imputed health expenditures (Euro) 14,159 61.67 126.23 0 2855.47

Imputed weight (Kg) 8,774 71.63 12.62 40 130

Gender (1=male) 14,396 1.46 0.50 1 2

Age 14,396 5.98 2.22 1 9

Geographic area 14,396 2.61 1.31 1 5

Income quintile 14,396 3.29 1.39 1 5

Education 14,396 3.84 0.83 1 5

Marital status 14,396 1.90 1.25 1 4

Employment position 13,081 1.96 1.06 1 4

Employment status ( 1=employed) 14,396 0.74 0.44 0 1

As shown in Table E2, the original EHSI dataset has 1964 observations on weight

of individuals under 65. The Rubin procedure adds 6810 new observations for which a

matching with the HBS is possible, which leads to 8774 observations on imputed weight in

the final dataset. For health expenditures the original HBS dataset has 12419 observations,

increased to 14159 by the matching algorithm (which found 1740 matches). The final

dataset with health expenditures, weight and a common set of control variables contains

8774 observations.
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F Ad valorem tax

In addition to the main counterfactual experiment, we simulate an easy to implement

increase in the existing Value Added Tax (VAT) on fat and cheese, processed meat and

sweets and snacks (i.e. the food groups highest in saturated fat) that would cut fat con-

sumption by 30%, resulting in a 4.3% increase in their initial prices. This amounts to the

introduction of an ad valorem (av) fat tax (t), such that the after-tax price of a taxed food

group j, pj1,av, is:

p
j
1,av = p

j
0(1 + tηj) (10)

Since fat and cheese, processed meat and sweets and snacks differ both in the per kg content

of saturated fat and in the compensated price elasticity of quantity, we compute the ad

valorem tax that brings about a 30% decrease in saturated fat consumption as:

tη̄ =
−0.30

ǭ
η̄ (11)

where ǭ is the average of the own-price compensated elasticities of the three taxed food

groups, and η̄ is the average of the saturated fat content per kg of fat and cheese, processed

meat, sweets and snacks.

Figure F1 shows the distribution of the compensating variation from the ad valorem

tax in Euro (a) and as a share of total expenditure (b). Figure F2 shows the distribution

of benefits and Figure F3 shows the net consumer welfare impact.
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Figure F1: Compensating Variation, ad valorem tax

(a) CV (e/month)

(b) CV/total expenditure
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Figure F2: Health benefits, ad valorem tax

(a) Health benefits (e/month)

(b) Health benefits/total expenditure
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Figure F3: Net welfare effects, ad valorem tax
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