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Abstract Agriculture and food production are responsible for a substantial proportion of
greenhouse gas emissions. An emission based food tax has been proposed as one option to
reduce food related emissions. This study introduces a method to measure the impacts of
emission based food taxes at a household level which involves the use of data augmentation to
account for the fact that the data record purchases and not consumption. The method is applied
to determine the distributional and nutritional impacts of an emission based food tax across
socio-economic classes in the UK. We find that a tax of £2.841/tCO2e on all foods would
reduce food related emissions by 6.3 % and a tax on foods with above average levels of
emissions would reduce emissions by 4.3 %. The tax burden falls disproportionately on
households in the lowest socio-economic class because they tend to spend a larger proportion
of their food expenditure on emission intensive foods and because they buy cheaper products
and therefore experience relatively larger price increases.

1 Introduction

Agriculture and food production including transport, processing, packaging, marketing, sales,
purchasing as well as cooking of food are responsible for substantial emissions of greenhouse
gases (GHGs). Emissions may occur directly, for example carbon dioxide emissions from
fossil fuel use on the farm or in the supply chain, nitrous oxide emissions resulting from
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fertiliser application, or methane emissions from animals; or indirectly as a result of land use
change. In the UK, emissions from food consumption are estimated to contribute 27 % of total
GHG (167 Mt. carbon dioxide equivalent (CO2e)) emissions (Berners-Lee et al. 2012).
According to Gilbert (2012) agriculture is responsible for up to 86 % (12,000 mt CO2e) of
all food-related anthropogenic greenhouse-gas emissions, followed by fertilizer production
(575 mt CO2e) and refrigeration (490 mt CO2e). Several studies find that changes in food
consumption behaviour, in particular reduced consumption of meat and dairy foods, can be
effective in reducing emissions (CCC 2010; Dyhr Edjabou and Smed 2013; Weber and
Matthews 2008; Stehfest et al. 2009; Garnett 2011; Vieux et al. 2012; Scarborough et al. 2014).

Taxing agricultural emissions is one way of including climate change related costs in the
market prices of GHG based agricultural products thereby reducing their consumption to socially
optimal levels. Emission taxes, however, can lead to emission leakage and according to
Schmutzler and Goulder (1997) they are not appropriate where monitoring costs are high, where
there are limited options for emission reduction other than by reducing output, or where outputs
are highly substitutable. According to Wirsenius et al. (2010) food production fulfils these
conditions. In particular in the primary sector there are limited options for adapting the production
system to reduce emissions. For example, a change in the ruminant diet, which it would be
difficult to foreseemore than a small proportion of farmers adopting, would achieve a reduction in
methane emissions of only 10 % (Hammond et al. 2014). The economic argument for food taxes
is that the prices paid by consumers do not represent the true social costs of food production.
Consequently, consumption of emission intensive foods is higher than is socially optimal. Recent
studies investigating the mitigation potential of emission based food taxes conclude that they
could reduce emissions, may have beneficial health effects, and are cost-effective.Wirsenius et al.
(2010) simulate the impact of an emission based food tax of €60 per tonne CO2e on ruminant
meat, poultry, pork, eggs and dairy products in the European Union (EU). They predict a 7 %
reduction in food related emissions and conclude that emission based food taxes could change the
average diet and could be a cost effective policy for agricultural emission mitigation. In the
simulation of the tax induced consumption changes the authors use price elasticities obtained
from other studies which they adjust for their purpose, however, some cross price elasticities for
example between fish and animal food are assumed to be zero. To compute food related
emissions they use FAOSTAT food balance sheets. Briggs et al. (2013) examine the impact of
emission based food taxes on health in the UK and conclude that they could significantly reduce
food related GHG emissions whilst at the same time improving population health and generating
substantial tax revenue. The present study uses a similar approach to Briggs et al. (2013) which
involves choosing a tax rate based on information about marginal abatement costs, estimating a
demand system that is more detailed than the one estimated by Wirsenius et al. (2010) including
for example fish and beverages, and estimating price elasticities using household data.

The present study differs from Wirsenius et al. (2010) and Briggs et al. (2013) in two
respects. First, the previous studies provide emission estimates based on changes in the
average diet of the entire population thereby assuming that all households respond to tax
induced price changes in the same manner. In practice, households are likely to respond
differently to the tax depending on how much of a food with a given tax rate they buy, whether
they buy cheap or expensive products in the taxed food categories, and the resources available
to them to compensate for the food price increases. Our approach is therefore to compute the
impacts of the tax at the level of the individual household in our sample. As well as allowing
for differences in responses across households we are able to use this approach to compute the
distributional impacts of the policy. Like carbon taxes on energy (Wier et al. 2005), emission
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based food taxes may be regressive as several studies find an association between socio-
economic status and diet (e.g. Billson et al. 1999; De Irala-Estevez et al. 2000; Turrell and
Kavanagh 2006; Tiffin and Arnoult 2010). To analyse the distributional impacts we must
account for the fact that our data record purchases, not consumption, over a two week period.
An important reason why these may differ is where the household holds food stocks. Where
stocks increase, purchases over-estimate consumption and therefore emissions and the reverse
is true when consumption occurs from stocks. Our second contribution is therefore to show
how a by-product of our estimation algorithm can be used to correct the bias that would arise if
purchases were used to calculate emissions at the household level.

2 Data

2.1 Consumption data

We use data from the 2011 UK Living Costs and Food survey (LCF 2011). The data are a cross-
section of 5691 households which are chosen using multi-stage stratified random sampling to
ensure that the sample is representative of the UK population. Data on food expenditures and
quantities purchased for consumption at home are collected from each household over a twoweek
period and these periods are distributed across the year for different households. Because we are
interested in the distributional impacts as well as how the tax affects the diets of households with
low socio-economic status which tend to consist of less healthy foods (Darmon and Drewnowski
2008; Harding and Lovenheim 2014), we group households according to socio-economic class as
follows: higher managerial & professional (SEC1), lower managerial & professional (SEC2),
intermediate, small employers & own account workers (SEC3), lower supervisory & technical,
semi-routine & routine (SEC4), and occupations not stated, not classifiable for other reasons
(OTHER). Sample characteristics are reported in Table 4 in the appendix as well as each group’s
population equivalent as computed by the household specific population weights. OTHER has the
highest average pensioner income and number of pensioners per household and it contains mostly
older household member who are economically inactive. For our analysis this means that the
households in OTHER are heterogeneous in terms of SEC, they are included in the analysis to
ensure that the sample is representative.

2.2 Carbon conversion factors

To compute emissions we use conversion factors (Table 1) obtained by using estimates of
GHG emissions up to the point of sale at a mid-sized supermarket chain in the northwest of
England with 26 stores. Thus, it is assumed that the GHG emissions embodied in this
supermarket chain’s product range are representative of those sold by all other food retailers
in the country. The calculation of embodied GHG emissions follows the principles of the
Greenhouse Gas Protocol (World Business Council for Sustainable Development and World
Resource Institute 2004) and draws upon a range of secondary sources of life cycle analysis
studies. The carbon conversion factors include components for farming and manufacturing,
transport, packaging, storage and supermarket operations. The latter includes transport to store
as well as energy consumption, staff business travel, postage and courier services, waste
disposal, paper, printing and other office and marketing consumables. Emissions from land
use change are taken into consideration by using carbon conversion factors that factor them in
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for key foods such as beef. The methodology used for the input–output analysis is described in
detail by Berners-Lee et al. (2011) and for the derivation of the carbon conversion factors the
reader is referred to Berners-Lee et al. (2012).

The conversion factors vary between groups for some food categories because they are
weighted averages of several conversion factors. For example, the conversion factor of the
other milk category is a weighted average of factors for yoghurt and fromage frais, ice
cream and desserts. The weights are the average expenditure shares of the constituent
food categories. The carbon conversion factors are applied to the (latent) quantities to
compute food related GHG emissions as described in Section 3.2 and for each
household the product of quantity and conversion factor is multiplied by a household
specific population size weight to produce a population estimate of food related GHG
emissions. The weights ensure that the sample matches the UK population in terms of
region, age group and sex.

Table 1 Carbon conversion factors (in kgCO2e/kg)

SEC1 SEC2 SEC3 SEC4 OTHER

Milk 2.508 2.500 2.521 2.789 2.090

Other milk products 3.182 3.378 3.400 3.331 3.379

Cream 5.770 5.770 5.770 5.770 5.770

Cheese 13.546 13.546 13.546 13.546 13.546

Eggs 4.903 4.903 4.903 4.903 4.903

Pork 10.291 10.291 10.291 10.291 10.291

Beef 25.127 25.127 25.127 25.127 25.127

Poultry 4.055 4.055 4.055 4.055 4.055

Lamb 15.528 15.528 15.528 15.528 15.528

Other meat 10.048 10.618 10.710 11.212 11.475

Fish 1.453 1.364 1.209 1.362 1.013

Breads and starches 7.746 7.783 7.906 8.081 7.961

Cakes, buns, pastries, biscuits 0.843 0.816 0.890 0.993 0.868

Animal fats 10.958 10.958 10.958 10.958 10.958

Vegetable fats 2.303 2.303 2.303 2.303 2.303

Sugar and preserves 2.545 2.545 2.545 2.545 2.545

Sweets 4.354 4.354 4.354 4.354 4.354

Tinned/dried fruit & nuts 1.597 1.433 1.364 1.319 1.701

Fresh fruit 1.656 1.702 1.699 1.724 1.689

Potatoes 0.498 0.498 0.498 0.498 0.498

Canned veg 2.945 2.910 2.895 2.898 2.922

Fresh veg 2.987 3.185 3.162 3.193 3.247

Fruit juice 1.607 1.607 1.607 1.607 1.607

Soft drinks & water 0.855 0.867 0.866 0.870 0.869

Tea & Cocoa 6.780 6.780 6.780 6.780 6.780

Coffee drinks 18.070 18.070 18.070 18.070 18.070

Beer 1.347 1.347 1.347 1.347 1.347

Wine 2.408 2.408 2.408 2.408 2.408

Other alcohol 3.157 3.157 3.157 3.157 3.157
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3 Method

3.1 Demand model estimation

We adopt a hierarchical approach to the estimation of the price elasticities which requires a
number of separability assumptions to keep the dimensions of the estimated models manage-
able. Foods are grouped into nutritionally meaningful categories and according to their
embedded emissions (see Fig. 1 in appendix). The model at the top level represents the
household’s decision to allocate overall food expenditure between broad food categories
including drinks (see Table 5). Next, seven models represent the household’s decision to
allocate expenditure between the dairy & eggs through to the alcohol categories. Below this,
the starches, fats and beverages categories each have a model explaining the budget allocation
between a further disaggregation, for example, into coffee and tea & cocoa drinks. A Quadratic
Almost Ideal Demand System (QUAIDS) (Deaton and Muellbauer 1980; Banks et al. 1997) is
estimated for each of the eleven demand systems each of which has m equations. The
QUAIDS was chosen because it allows for non-linear Engel curves which means expenditure
elasticities can vary with expenditure levels. The estimation method we employ is detailed in
Tiffin and Arnoult (2010) and has subsequently been applied by others including Kasteridis
et al. (2011). Our accounts for censoring in the expenditure shares (see Online Resource 1) by
adapting the model to incorporate infrequency of purchase (Cragg 1971; Blundell and Meghir
1987). A system of probit and demand equations is estimated

y*

s*

� �
¼ X 1 0

0 X 2

� �
β1

β2

� �
þ u

v

� �
ð1Þ

where y* is a vector of latent probit variables, s* is a vector of latent expenditure shares (see
also Section 3.2), X1 is a vector of constants, X2 is a matrix of prices and household
expenditure. Expenditure shares are expressed as follows

S*ih ¼ αi þ
Xm
i¼1

γijln pjh
� �

þ βi
eh
a pð Þ
� �

þ λ
b pð Þ ln

eh
a pð Þ
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2

Xm
i¼1
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j¼1

γijln pihð Þln pjh
� � !

; b pð Þ ¼ Π
m

i¼1
pβii ð3Þ

Pih is the price faced by household h for food category i, eh is food expenditure of household h,
and α and β are the coefficients to be estimated. Adding up, symmetry, homogeneity and
concavity are imposed in the estimation. Because the covariance matrix is singular we drop one
of the share equations, obtaining estimates that are invariant to which equation is dropped
(Barten 1969). Food categories are aggregated using the EKS quantity index (Elteto and Koves
1964; Szulc 1964), which is a multi-lateral version of the superlative Fisher Ideal index, which
is used to compute the implicit price index. A superlative index (Diewert 1976) offers some
mitigation towards the concerns over the potential endogeneity of prices.
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We use Markov Chain Monte Carlo (MCMC) methods to sample from the posterior
distribution of the parameters. MCMC methods are commonly used to sequentially draw
values from an approximation to the posterior density which is proportional to the product of
the likelihood function and prior distributions of the parameters. Because the distribution of a
sampled draw depends only on the last value drawn, the draws form a Markov Chain and
under the right conditions these draws converge to represent draws from the full posterior. We
use Gibbs sampling to draw subsets of parameters using their conditional posterior distribu-
tions (Gelman et al. 2014).

The data is censored and we therefore use the infrequency of purchase model (Cragg 1971;
Blundell and Meghir 1987) which separates the discrete buying decision from the
continuous decision on how much to buy. Accordingly, two types of latency arise.
Both stem from the fact that observed purchases differ from consumption when
households consume from stocks. The first type of latency arises where a purchase
is observed and it must be deflated to yield an estimate of the latent quantity
consumed:

q*ih ¼ qihΦih ð4Þ

where qih is the observed purchase and Φih ¼ P qih > 0ð Þ ¼ P y*ih > 0
� 	 ¼ Φ x1hβ1ið Þ is the

probability that a purchase is made. Using the estimate of latent consumption the latent share is
obtained:

s*ih ¼
pihq

*
ihX

i∈C
pihq

*
ih

ð5Þ

where C is the set of observations that are not censored. Where food is consumed from stocks
but no purchase is observed the second type of latency occurs. We treat this as an incomplete
data problem and replace the censored values using data augmentation (Tanner and Wong
1987). Thus, where household h makes no purchase of food category i the observed zero is
replaced with a latent share sih

* drawn from the conditional distribution:

s*ih




β1;β2;Σ;DeN μih;V ið Þ ð6Þ

where μih and Vi are the conditional mean and conditional variance respectively and D is
observed and latent data. Observed shares are scaled using an adapted Wales and
Woodland (1983) procedure as described in Tiffin and Arnoult (2010) to ensure that
adding up holds.

We draw 12,000 MCMC samples and discard the first 2000 draws to ensure convergence.
The remaining 10,000 draws taken from the posterior provide the basis for inference. As
convergence diagnostics we use trace plots and the Geweke test (Geweke 1992) which
compares the means from the first and second half of the Markov chain.

Unconditional price elasticities (Online Resources 2) are computed for each group
(Edgerton 1997) as the mean of the household specific elasticities within the group (Online
resource 3). These assume that a price change of one of the food categories changes food
expenditure available to all other food groups. The elasticities are used to compute the changes
in food consumption. Changes in nutrient intake are computed using the corresponding
nutrient conversion factors provided by the LCF survey.
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3.2 Computing food related emissions

Previous studies have computed food related emissions based on food purchases. This is
problematic when the frequency of purchase differs across socio-economic groups. Consider
two households that eat steak once a week and which are representative of two different socio-
economic groups. One household shops for steak once every three weeks and the other shops
once a month. The level of emissions that we compute depends on which households happened
to shop in the two week period in which the data is collected. The latent quantities which are
computed in the course of estimating the model offer a solution to the problem. Because these
have been adjusted taking into account the probability that a purchased occurred in the survey
period, a true representation of emissions can be obtained. For cases where no purchase is made
and the latent share is obtained using Eq. 6, the latent share may be negative. Where this occurs
we assume that consumption is zero and therefore no emissions arise. Overall, emissions gih are:

gih ¼ q**ih Fi if s*ih > 0
0 if s*ih≤0

�
ð7Þ

where

q**ih ¼
s*ih
X

i∈C
pihq

*
ih

pih
ð8Þ

and Fi is the carbon conversion factor of food category i.

3.3 Determining the tax rate and proportional price increases

Table 2 shows the tax rate for each food category and the resultant proportional price changes
for Scenario Awhich imposes a tax on all foods according to their emission content. Because
the administrative costs of taxing foods with low emissions would be disproportionately high,
we also simulate a tax only on foods with above average levels of emissions (Scenario B).

The tax rate is computed using the agriculturemarginal abatement cost curve (MACC) provided
by the Department for Environment, Food and Rural Affairs (Moran et al. 2008) which suggests
that investment of £24.10/tCO2e (£28.41/tCO2e, 2011 prices) can reduce UK agricultural GHG
emissions by 16.2 %, and from the Stern Review’s (Stern 2007) social cost of carbon which is
calculated as £22–£26/tCO2e (2011 prices) emitted to maintain global atmospheric concentration
of carbon dioxide equivalents at 450–550 ppm. The marginal external cost is assumed to be
£2.841/tCO2e per 100 g of product (Moran et al. 2008). The next most cost-effective abatement
strategy suggested by the MACC (Moran et al. 2008) is £205.40/tCO2e at 2011 prices and is
prohibitive. The tax rate chosen is therefore a compromise between the practicality of abatement
and societal costs. To obtain the tax rate we multiply the carbon conversion factor by the marginal
external cost of emissions of £2.841/tCO2e. The proportional price changes are obtained by
comparing the average price per 100 g of food with the new price after the tax has been added.
This is done for each food category and also for each group because average prices differ between
groups. Households that buy cheaper products of a given food category and therefore have lower
average expenditure per food unit, experience larger proportional price increases, and vice versa.
For example, SEC4 tends to have the smallest unit values for many food categories and therefore
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experiences the largest proportional price increases in most cases. By contrast, SEC1 has the
smallest proportional price increases as people working in higher managerial & professional
functions are expected to have a higher income (see Table 4) and spend more on food (see
Table 5) which is likely to translate into them buying more expensive products.

Table 2 Average tax rate (in pence/gramme) and resultant proportional price changes (in %)

Food category Tax rate SEC1 SEC2 SEC3 SEC4 OTHER

Scenario A Milk 0.007 10.00 10.13 10.32 11.94 8.74

Other milk 0.009 4.15 4.51 4.83 4.95 4.78

Cream 0.016 4.61 4.67 4.70 4.82 4.85

Cheese 0.038 5.26 5.55 5.73 6.02 5.68

Eggs 0.014 0.07 0.07 0.08 0.09 0.08

Pork 0.029 4.44 4.62 4.98 5.39 4.95

Beef 0.071 10.63 11.18 11.45 12.41 11.27

Poultry 0.012 2.16 2.26 2.51 2.81 2.65

Lamb 0.044 5.08 5.69 6.64 6.21 5.61

Other Meat 0.031 4.93 5.54 6.22 7.17 6.80

Fish 0.004 0.46 0.50 0.48 0.61 0.37

Bread etc. 0.022 8.34 8.32 9.53 10.22 10.44

Cakes etc. 0.003 0.50 0.50 0.59 0.69 0.60

Animal fats 0.031 6.83 6.49 7.14 7.25 7.10

Veg. fats 0.007 1.87 2.00 2.22 2.40 2.28

Sugar etc. 0.007 3.66 3.82 4.68 4.91 4.33

Sweets 0.012 1.48 1.57 1.65 1.75 1.71

Tinned/dried fruit & nuts 0.004 0.90 0.84 0.96 1.01 1.41

Fresh fruit 0.005 2.08 2.38 2.49 2.77 2.45

Potatoes 0.001 0.91 0.87 0.99 1.02 1.09

Canned veg 0.008 3.33 3.47 3.59 4.24 4.09

Fresh veg 0.009 3.23 3.72 3.91 4.31 4.30

Fruit juice 0.005 3.24 3.67 3.81 4.35 3.85

Soft drinks 0.002 4.45 4.68 4.88 4.65 4.67

Tea & Cocoa 0.019 2.49 2.75 2.98 3.07 3.06

Coffee drinks 0.051 2.99 3.24 3.61 3.49 3.42

Beer 0.004 1.84 1.89 1.95 2.09 2.09

Wine 0.007 0.96 1.05 1.13 1.18 1.12

Other alcohol 0.009 0.66 0.73 0.73 0.81 0.73

Scenario B Cheese 0.038 5.26 5.55 5.74 6.02 5.68

Pork 0.029 4.44 4.62 4.98 5.39 4.95

Beef 0.071 10.63 11.18 11.45 12.41 11.27

Lamb 0.044 5.08 5.69 6.64 6.22 5.61

Other Meat 0.028 4.93 5.54 6.22 7.16 6.80

Bread etc. 0.022 8.34 8.32 9.53 10.22 10.44

Animal fats 0.031 6.84 6.49 7.14 7.25 7.10

Tea & Cocoa 0.019 2.49 2.75 2.98 3.07 3.06

Coffee drinks 0.051 2.99 3.24 3.61 3.49 3.42
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The impact of the tax also depends on the proportion of food expenditure that a specific
socio-economic group devotes to food categories that are emission intensive and therefore
attract a higher tax rate. The expenditure shares show that the OTHER group tends to
have the largest expenditure shares for emission intensive food categories such as
milk, pork, beef, lamb, other meat and therefore its tax burden will be higher. By
contrast, SEC1 has larger expenditure shares for less emission intensive foods such as
fresh fruit, fresh vegetables, and fruit juice, and both SEC1 and SEC2 have smaller
expenditure shares for meat and dairy foods. Thus, higher SECs will be less affected
by the tax because they buy relatively more foods with low emission intensity while
SEC4 will be most affected because it consumes relatively more emission intensive
foods and experiences larger proportional price increases.

4 Results

4.1 Changes in food consumption and nutrients

The estimated change in the consumption of a given food category depends the own and cross
price elasticities, (Online Resources 2), the magnitude of the proportional price increases, and
the expenditure share. For example, in Scenario A (see Table 6) eggs are taxed and
all groups reduce their consumption by 4–7 %. In Scenario B eggs are not taxed but
consumption is also reduced by 3–7 % because of a strong complementarity between
eggs and cheese, which is taxed in both scenarios. In the case of vegetable fats,
consumption increases in Scenario A for all groups except SEC4 despite being tax.
This is because of the strong substitution effect between vegetable fat and the bread
etc. and cakes etc. categories. The changes in fruit and vegetable purchases are also
of note. Their consumption falls in both scenarios although they are not taxed in
Scenario B. This is because of complementary relationships that exist between the
fruit and vegetable categories and other food categories.

In both tax scenarios, SEC4 and OTHER decrease their food consumption the most. SEC4
and OTHER differ in that OTHER includes mostly pensioners who have diverse socio-
economic backgrounds and as a result their preferences and responses to price changes are
more varied. Although SEC4 and OTHER both have low incomes, the differences in price
elasticity between the two groups imply that they are very different in their food preferences
and in their food shopping behaviours and therefore in their responses to the tax.

In addition to the substitution effects arising through differences in the relative prices of
food, the imposition of a tax brings about a general price rise and hence a reduction in real
expenditure on food. Consequently the tax also causes an overall reduction in food consump-
tion. In Scenario A (see Table 6), SEC4 reduces its food consumption in most instances by the
largest amount because it has the largest price elasticities and often experiences the largest
proportional price increases. SEC1 and SEC2 tend to decrease consumption to lesser extents.
In Scenario B (see Table 7) SEC4 also strongly decreases consumption as well as SEC2 which
decreases coffee drinks, canned and fresh veg and lamb consumption because of it having
complementary relationships between these food categories and the taxed food categories. A
detailed discussion of the consumption changes is given in Online Resource 5.

For both tax scenarios, changes in average daily intake of selected nutrients are reported in
Table 8 (absolute quantities in Online Resource 4). The impact of the tax on diet quality is
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mixed. Households reduce consumption of energy, fat, sugar and salt but they also reduce
consumption of fibre as a result of the reduction in fruit and vegetables. The proportionate
reductions in fruit and vegetable intake are slightly below those in energy, fat, sugar and salt
intake which could be interpreted as a marginal improvement in the balance of the diet.

4.2 Greenhouse gas emissions and tax revenue

Using the carbon conversion factors, we compute per capita household emissions for the
average diet. SEC1 and SEC3 have the most emission intensive diets with 4.17 gCO2e/kcal
and 4.15 gCO2e/kcal, respectively. These are followed by SEC2 (4.12 gCO2e/kcal) and SEC4
(3.91 gCO2e/kcal) while OTHER has the least emission intensive diet (3.91 kgCO2e/kcal).
The apparent contradiction with the fact our earlier statement that OTHER spends the largest
share of total expenditure on emission dense food is explained by the fact that this group
consumes smaller absolute quantities of these foods.

Table 3 shows that estimated total emissions from food consumed at home are 126
MtCO2e. This constitutes 22 % of total the UK GHG emissions of 577.3 MtCO2e for 2012
(Webb et al. 2014). In comparison, Audsley et al. (2010) estimate that the supply of food and
drink for both at home and away consumption for the UK results in direct emissions of 152
MtCO2e, and Berners-Lee et al. (2012) estimate the amount of GHGs embodied in the UK’s
food supply to account for 27 % of total emissions.

Taxing all foods (Scenario A) reduces food related emissions to 118 MtCO2e (118 to 120
MtCO2e 95 % credible intervals) which constitutes an average decrease of 6.3 % (8 ktCO2e).
The contribution by food and agriculture to UK total emission is reduced from 22 % to 20.5 %
using emission estimates by Webb et al. (2014) for the year 2012. An above average contribu-
tion to this reduction is made by SEC4 which reduces emissions by 7.3%, followed by OTHER
which reduces emissions by 6.5 %. The lowest reduction in emissions is achieved by SEC1 and
SEC2 (−5.4 % and −5.5 % respectively). Annual tax revenue from an emission based food tax
on all foods is estimated be £6.06 billion (£5.97 to £6.40 billion, 95 % credible intervals).

Table 3 Annual food emissions in ktCO2e

Before tax After tax Change

Mean 95 % CI Mean 95 % CI Mean 95 % CI

A SEC1 16,869 16,831 16,983 15,961 15,918 16,089 −5.38 −5.43 −5.26
SEC2 23,865 23,816 24,001 22,541 22,485 22,700 −5.55 −5.59 −5.42
SEC3 17,868 17,826 17,991 16,717 16,657 16,890 −6.44 −6.55 −6.12
SEC4 30,405 30,346 30,580 28,195 28,131 28,381 −7.27 −7.30 −7.19
OTHER 37,626 37,551 37,844 35,197 35,124 35,407 −6.46 −6.46 −6.44
Total 126,634 126,369 127,399 118,611 118,315 119,468 −6.34 −6.37 −6.23

B SEC1 16,869 16,831 16,983 16,292 16,251 16,412 −3.42 −3.45 −3.36
SEC2 23,865 23,816 24,001 23,020 22,966 23,171 −3.54 −3.57 −3.46
SEC3 17,868 17,826 17,991 17,058 17,004 17,216 −4.53 −4.61 −4.31
SEC4 30,405 30,346 30,580 28,894 28,833 29,073 −4.97 −4.99 −4.93
OTHER 37,626 37,551 37,844 35,878 35,806 36,083 −4.65 −4.65 −4.65
Total 126,634 126,369 127,399 121,142 120,860 121,955 −4.34 −4.36 −4.27
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After introducing a tax on foods with above average levels of emissions (Scenario B),
emissions are reduced to 121 MtCO2e (120 to 122 MtCO2e, 95 % credible intervals) which
constitutes a decrease by on average of 4.3 % (5.5 ktCO2e). Using emission estimates by
Webb et al. (2014), this means that the contribution to UK total emission decreases from 22 %
to 20.1 %. As in Scenario A, SEC4 reduces emissions the most but its reduction is closely
followed by OTHER and SEC3 with all three household groups reducing emissions by around
4 %. By contrast, SEC1 and SEC2 reduce emission by around 3 % which is similar to the
reduction achieved in Scenario A. The revenue from a tax on foods with above average
emissions levels is estimated to be £3.61 billion (£3.55 to £3.77 billion, 95 % credible
intervals).

5 Discussion

In this study we use conversion factors which are UK specific and closely match the food
categories that are estimated in the demand systems. Our study differs methodologically in that
is uses household data and latent quantities to compute emissions where no purchases are
made, thereby giving an accurate measure of baseline emissions which is larger than it would
be if zero purchases were treated as zero consumption. The study also differs in that it
estimates the QUAIDS and it accounts for censoring in the estimation procedure. We find
that an emission based food tax in the UK on all foods reduces GHG emissions from food
consumed at home by on average 6.3 % (−8.023 MtCO2e) and a tax on foods with above
average levels of emission alone would reduce emission on average by 4.3 % (−5.492
MtCO2e).

In comparison, Briggs et al. (2013) estimate an emission based food tax of £2.719/tCO2e
on foods with above average emissions and find a reduction potential of 7.5 %. Our lower
estimates are largely due to our conversion factors being smaller.1 These differences influence
the results in three ways: i) because the emission tax is a levy per unit of food, smaller carbon
conversion factors imply lower tax rates; ii) smaller carbon conversion factors imply less
emissions computed from the total quantity of food consumed; and iii) for Scenario B different
conversion factors imply that different types of foods are classed as having above average
levels of emissions. Differences between conversion factors are difficult to explain because
their derivation is not explained in detail, but the emissions factors used in this study were
selected on the basis of reliability and transparency of their derivation meaning they can be
traced back to peer reviewed papers which include detailed methodologies and transparent
descriptions of their derivation (see Hoolohan and Berners-Lee 2012 for details).

Compared to Wirsenius et al. (2010) who report a 7 % reduction of GHG emissions in the
EU by taxing animal foods, our estimates appear to be considerably larger given that our tax
rate is about 15 times lower than theirs. Our conversion factors capture emissions not only
from agriculture but also from manufacturing, transport, packaging, storage and supermarket
operations. More importantly the difference in predicted emission reductions is due to
differences in the estimated price elasticities with our price elasticities being generally larger
which indicates that households are more responsive to the tax than previously suggested. The
difference in price elasticities could be explained by differences in aggregation schemes.

1 For example, in case of beef, lamb, other meat and animal fats, Briggs et al. use factors of 68.8 kgCO2e, 35.9
kgCO2e and 35.6 kgCO2e respectively.
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Whilst Wirsenius et al. estimate elasticities for 7 categories excluding fish, fruits and drinks,
our demand system has 29 categories including non-alcoholic drinks, alcohol, fish and fruits.
Higher disaggregation leads to larger elasticities because there are fewer opportunities for
substitution within a given food category. Also, there are differences in the time periods
covered and model specifications.

In both tax scenarios the tax burden disproportionately falls on households in the lower
SECs which makes emission based food taxes regressive. SEC4 is most affected followed by
the socio-economically heterogeneous group OTHER. SEC4 is more affected because its
households tend to buy cheaper products and therefore experience larger proportional price
increases. At the same time, SEC4 has the lowest average weekly income and therefore has
fewer resources to absorb higher food prices. OTHER is more affected because its households
have the largest expenditure shares for emission intensive food categories such as meat and
dairy and also starches. By contrast, households in higher SECs tend to have diets with less
meat and dairy foods and more fruit and vegetables and therefore they are less affected by the
tax. These households also buy more expensive products and therefore experience smaller
proportional price increases. SEC1 has the highest household income and experiences the
smallest proportional price increases for most food categories which means it is least affected
by the tax, followed by SEC2. This is in line with research by Feng et al. (2010) who
investigate the distributional effects of climate change taxes on households belonging to
different income and lifestyle groups and find them to be regressive.

The impact of the GHG tax on dietary quality is mixed. The positive health impact from
reducing the intake of fat, sugar and salt maybe offset by a reduction in fibre, fruits and
vegetables in particular in case of SEC4. The tax is not efficient in the sense that it does not
incentivise households with emission intensive diets to reduce their emissions relatively more
because income and cross price effects between all food categories confound its impact.

5.1 Limitations

Some caution is warranted when interpreting these findings. First, due to data limitations this
study estimates unconditional elasticities only for food, thereby assuming that total expendi-
ture on food stays constant. In practice, households may compensate for food price increases
by shifting some of their non-food expenditure towards food. Our estimated reductions in food
consumption and GHG emissions therefore may constitute upper boundaries. Second, we
assume that the tax is passed on in its entirety to consumers. Retailers, however, may spread
the increased cost of the taxed products over other products thereby attenuating the effect of
the tax; or retailers may use their market power to pressure suppliers to reduce costs in their
production process such as costs for labour or animal welfare. For example, in the case of a tax
on sugar-sweetened beverages, Cawley and Frisvold (2015) find that prices rose by less than
half of the amount of the tax. Third, consumers may respond to the tax by increasingly buying
bulk and special offers or cheaper or lower quality products to compensate for higher prices.
Our data show that higher SECs buy more expensive food products which means they have
some capacity to absorb price rises by switching to cheaper products within the same emission
intensive food category. The effect of this kind of inter food category substitution on emissions
is uncertain because it depends on the emission intensity of the substitutes. Fourth, the
conversion factors are subject to uncertainties as they are derived in relation to a specific case
study UK supermarket supply chain the characteristics of which may differ from other UK
supermarket supply chains. Fifth, the use of population size weights to scale quantities up for
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the entire population means that food consumption patterns and responses to price changes by
sample households are assumed to be representative of all households in the population who
have the same characteristics. Sixth, the response by households to a tax may differ from their
response to a price change. Finally, while our method of computing food related emission
from latent shares accounts for the uncertainty surrounding the sources of zero
purchases in the data, it is computationally intensive and therefore may not be
suitable for larger demand systems. To simplify the estimation of the demand system
we have not included socio-economic variables which would allow to the probability of
purchase to vary within each SEC.

5.2 Policy implications

While emission based food taxes could make an important contribution to the reduction of
GHG emissions in the UK, they may be difficult to impose in practice because the tax burden
falls disproportionately on households in lower SECs. Unintended health consequences can
also arise as the tax fails to take into account that some individuals may benefit from
consuming emission intensive foods such as milk. Equally taxing foods according to their
emission content can create perverse incentives with energy dense foods such as sweets and
soft drinks attracting lower tax rates than more nutritious foods. One might argue that despite
the inefficiencies that arise with the tax, the revenue raised could be used to expedite low
emission innovations in food production. However, if this is the goal, revenue should be raised
in the most efficient and least regressive way. Government should not confound the revenue
raising objective of a fiscal instrument with behaviour change.

Other ways of reducing food related emissions should also be considered such as the
reduction of food waste in food processing, distribution, retail and the home, or the use of
carbon labelling or nudges to alter households’ food shopping behaviour.

6 Conclusions

This study investigates the GHG emission reductions that would be achieved by introducing
an emission based food tax in the UK. To analyse the distributional impacts we use household
level purchase data. In the computation of food related emissions we account for the fact that
emissions are based on food consumption which we infer from the purchase data by using the
outputs from the data augmentation procedure in our estimation algorithm. We find that an
emission based food tax would affect households in the lowest SEC the most because they
spend a larger proportion of their food expenditure on emission intensive foods such as meat
and dairy even though they buy smaller absolute quantities. Households in the lowest SEC also
buy cheaper products and therefore experience larger proportional price increases. An emis-
sion based food tax is therefore regressive and may require some form of compensatory
mechanism to make it socially acceptable. For example, a tax schedule akin to the British
Columbia carbon tax which achieves carbon emission reductions by taxing carbon and using
the revenue to lower income and corporate taxes (The Economist 2014) could be implemented.
We also find that the impact of the policy on dietary quality is ambiguous. Consumption of
undesirable nutrients will fall but healthy components of the diet, in particular fruit and
vegetables, also decline. Overall, we conclude that whilst an emissions based food tax could
reduce GHG emissions, there are some significant risks associated with such a policy.

Climatic Change (2016) 137:121–141 133



Appendix

Dairy & Eggs

Milk

Other milk 
products

Cream

Cheese

Eggs

Meat & Fish

Pork

Beef

Poultry

Lamb

Other meat

Fish

Fats & Starches

Starches

Bread, cereals, 
flower, etc.

Cakes, buns, 
pastries

Fats
Animal fats

Vegetable fats
Sugar & 

Preserves

Sweets

Fruits & Nuts

Tinned & dried 
fruit

Fresh fruit

Veg

Potatoes

Canned veg

Fresh veg

Non-Alcoholic 
drinks

Fruit Juice

So� Drinks

Beverages
Tea & Cocoa

Coffee drinks

Alcohol

Beer

Wine

Other

Fig. 1 Estimated demand system
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Table 5 Expenditure shares (in %) and weekly food expenditure (in £)

SEC1 SEC2 SEC3 SEC4 SEC5

Milk 0.036 0.037 0.039 0.041 0.042

Other milk 0.037 0.038 0.039 0.042 0.043

Cream 0.004 0.004 0.004 0.004 0.004

Cheese 0.035 0.036 0.038 0.040 0.041

Eggs 0.010 0.011 0.011 0.012 0.012

Pork 0.050 0.051 0.054 0.054 0.058

Beef 0.032 0.033 0.035 0.035 0.038

Poultry 0.038 0.038 0.041 0.041 0.044

Lamb 0.012 0.012 0.013 0.013 0.014

Other Meat 0.040 0.041 0.043 0.043 0.047

Fish 0.042 0.043 0.046 0.046 0.049

Bread etc. 0.103 0.110 0.113 0.123 0.117

Cakes etc. 0.049 0.053 0.054 0.059 0.056

Animal fats 0.006 0.006 0.007 0.007 0.007

Veg. fats 0.016 0.018 0.018 0.020 0.019

Sugar etc. 0.007 0.007 0.007 0.008 0.008

Sweets 0.034 0.036 0.037 0.041 0.039

Tinned/dried fruit & nuts 0.015 0.014 0.013 0.010 0.013

Fresh fruit 0.067 0.060 0.057 0.045 0.059

Potatoes 0.030 0.030 0.029 0.028 0.027

Canned veg 0.052 0.052 0.050 0.048 0.046

Fresh veg 0.078 0.079 0.075 0.072 0.069

Fruit juice 0.019 0.019 0.021 0.021 0.017

Soft drinks 0.033 0.034 0.036 0.038 0.030

Tea & Cocoa 0.008 0.009 0.009 0.009 0.008

Coffee drinks 0.010 0.010 0.011 0.011 0.009

Beer 0.026 0.022 0.019 0.017 0.016

Wine 0.090 0.079 0.068 0.058 0.056

Other alcohol 0.021 0.018 0.016 0.014 0.013

Weekly food expenditure 82.30 72.27 65.44 59.27 51.80
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Table 6 Scenario A- consumption change (in %)

SEC1 SEC2 SEC3 SEC4 OTHER

Milk −10.038* −8.911* −8.935* −10.407* −8.274*
Other milk −4.465* −4.839* −4.618* −8.224* −4.600*
Cream −3.610* −4.284* −5.583* −6.092* −4.105*
Cheese −3.873* −6.847* −5.088* −5.107* −4.098*
Eggs −7.901 −8.384* −8.198 −6.737* −4.749*
Pork −5.108* −5.169* −4.953* −7.185* −5.500*
Beef −6.051* −5.539* −7.435* −10.526* −10.183*
Poultry −1.736* −2.106* −2.254* −3.874* −3.082*
Lamb −7.394* −9.622* −8.685* −6.983* −6.502*
Other Meat −4.159* −7.512* −5.222* −10.155* −8.216*
Fish −4.235* −5.224* −6.699* −15.954* −8.395*
Bread etc. −6.997* −6.047* −7.999* −8.258* −8.176*
Cakes etc. −0.172 0.381 −0.096 0.326 −0.243
Animal fats −2.982* −4.659* −4.061* −3.600* −5.551*
Veg. fats 2.395* 0.698 1.528* −1.424 0.096

Sugar etc. −5.639* −3.706* −27.995* −3.428 −1.066
Sweets −11.950* −7.603* −22.067* −5.722* −7.810*
Tinned/dried fruit & nuts −2.267* −2.131* −1.273 −2.269* −1.895*
Fresh fruit −2.301* −2.754* −2.911* −4.108* −1.844*
Potatoes −0.974* −0.811* −1.913* −4.626* −2.169*
Canned veg −3.371* −3.949* −4.073* −3.949* −6.775*
Fresh veg −4.145* −4.689* −3.974* −4.159* −4.020*
Fruit juice −3.028* −5.234* −3.440* −7.454* −3.422*
Soft drinks −4.094* −4.608* −4.041* −4.885* −7.173*
Tea & Cocoa −1.386 −2.283* −2.051* −2.020* −6.282*
Coffee drinks −2.551* −4.320 −4.386* −3.046* −3.765*
Beer −1.985* −2.313 −3.857 −1.781* −2.191*
Wine −1.589 −0.959 −1.416 0.258 −0.985
Other alcohol −2.410 −2.903 −3.602 0.875 −1.194

*95 % credible interval excludes zero
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Table 7 Scenario B- consumption change (in %)

SEC1 SEC2 SEC3 SEC4 OTHER

Milk −0.192 −0.313* −0.470 −0.935* −0.574*
Other milk −0.383 −0.290* −0.134 −2.241* −0.379*
Cream −0.399 −0.171 −0.122 −0.075 −0.019
Cheese −3.902* −6.376* −4.847* −5.080* −4.312*
Eggs −3.990 −7.056* −3.576 −3.873* −1.310
Pork −5.121* −5.149* −5.186* −6.963* −5.463*
Beef −6.045* −5.392* −7.652* −10.452* −10.159*
Poultry 0.042 0.011 −0.135 −0.710* −0.390*
Lamb −7.313* −9.519* −8.710* −6.977* −6.509*
Other Meat −4.165* −7.268* −5.272* −10.054* −8.213*
Fish −3.619 −3.552* −7.877* −12.545* −7.023*
Bread etc. −6.730* −5.820* −8.012* −8.182* −8.206*
Cakes etc. 0.385 0.974* 0.557 1.139* 0.368

Animal fats −2.858* −4.064* −3.468* −3.567* −5.170*
Veg. fats 4.143* 2.778* 3.546* 1.298 2.341*

Sugar etc. −2.649 −1.678 −22.799* −0.691 2.257*

Sweets −8.007 −3.402 −17.874* −2.244 −4.882*
Tinned/dried fruit & nuts −1.302 −2.061* −0.823 −1.447* −1.115
Fresh fruit −0.830 −1.381* −0.888 −1.622* −0.481
Potatoes −0.414* −0.356* −0.830* −2.591* −1.103*
Canned veg −0.564* −0.931* −0.745* −0.685* −2.106*
Fresh veg −0.976* −1.100* −0.398* −0.675* −0.477*
Fruit juice −0.058 −0.797 −0.004 −0.008 −0.633*
Soft drinks −0.014 −0.258 0.034 −0.122 −2.926*
Tea & Cocoa −2.040* −2.846* −2.072* −2.082* −5.266*
Coffee drinks −3.446 −5.255* −4.422* −3.125* −3.195*
Beer −0.078 −0.432 −1.102 0.056 −0.029
Wine −0.763 −0.281 −0.472 0.250 −0.049
Other alcohol −1.441 −1.424 −1.550 0.319 −0.124

*95 % credible interval excludes zero

138 Climatic Change (2016) 137:121–141



Compliance with ethical standards

Funding Information Peter Scarborough is funded by an Intermediate Basic Science Research Fellowship
from the British Heart Foundation (FS/15/34/31656).
Adam Briggs is funded by the Wellcome Trust, grant number 102730/Z/13/Z.

Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International
License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and repro-
duction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons license, and indicate if changes were made.

References

Audsley E, Brander M, Chatterton JC, Murphy-Bokern D, Webster C, and Williams AG (2010) How low can we
go? An assessment of greenhouse gas emissions from the UK food system and the scope reduction by 2050.
Report for the WWF and Food Climate Research Network. Technical report, WWF - UK

Banks J, Blundell RW, Lewbel A (1997) Quadratic Engel curves and consumer demand. Rev Econ Stat 79(4):
527–539

Barten A (1969) Maximum likelihood estimation of a complete system of demand equations. Eur Econ Rev 1:7–73
Berners-Lee M, Howard DC, Moss J, Kaivanto K, Scott WA (2011) Greenhouse gas footprinting for small

businesses - The use of input-output data. Sci Total Environ 409(5):883–891
Berners-Lee M, Hoolohan C, Cammack H, Hewitt CN (2012) The relative greenhouse gas impacts of realistic

dietary choices. Energy Policy 43:184–190
Billson H, Pryer JA, Nichols R (1999) Variation in fruit and vegetable consumption among adults in Britain: an

analysis from the dietary and nutritional survey of British adults. Eur J Clin Nutr 53:946–952
Blundell RW, Meghir C (1987) Bivariate alternatives to the Tobit model. J Econ 34:179–200

Table 8 Change in average daily intake per person (in %)

Scenario SEC1 SEC2 SEC3 SEC4 OTHER

A Energy (kcal) −3.14 −3.27 −4.34 −4.63 −3.60
Total fat (g) −2.57 −3.03 −3.25 −4.49 −3.44
Saturated fat (g) −3.78 −4.16 −4.77 −5.20 −4.33
Total sugar (g) −4.75 −4.22 −8.11 −4.96 −3.78
Salt (g) −3.42 −4.13 −4.02 −5.64 −5.17
Fibre (g) −2.73 −2.90 −3.42 −4.16 −3.41
Fruit (g) −2.30 −2.71 −2.79 −3.99 −1.85
Veg (g) −3.02 −3.34 −3.31 −4.28 −4.08

B Energy (kcal) −1.15 −1.27 −2.19 −2.04 −1.51
Total fat (g) −0.88 −1.24 −1.41 −2.09 −1.59
Saturated fat (g) −1.81 −2.08 −2.66 −2.57 −2.35
Total sugar (g) −1.42 −1.00 −4.45 −1.02 −0.66
Salt (g) −1.76 −2.39 −2.25 −3.44 −3.12
Fibre (g) −0.95 −1.06 −1.33 −1.76 −1.27
Fruit (g) −0.87 −1.43 −0.88 −1.61 −0.53
Veg (g) −0.70 −0.83 −0.64 −1.42 −1.12

Climatic Change (2016) 137:121–141 139



Briggs A, Kehlbacher A, Tiffin R, Garnett T, Rayner M, Scarborough P (2013) Assessing the impact on chronic
disease of incorporating the societal cost of greenhouse gases into the price of food: an econometric and
comparative risk assessment modelling study. BMJ Open. doi:10.1136/bmjopen-2013-003543

Cawley J, and Frisvold D (2015) The incidence of taxes on sugar-sweetened beverages: the case of Berkeley,
California. National Bureau of Economic Research, NBERWorking Paper Series, Working paper 21465

Committee on Climate Change (2010) Reducing emissions from agriculture and land use, land-use change and
forestry. In The Fourth Carbon Budget - Reducing emissions through the 2020s, chapter 7, pages 295–329.
Committee on Climate Change

Cragg JG (1971) Some statistical models for limited dependent variables with application to the demand for
durable goods. Econometrica: J Econ Soc 39(5):829–844

Darmon N, Drewnowski A (2008) Does social class predict diet quality? Am J Clin Nutr 87:1107–1117
De Irala-Estevez J, Groth M, Johansson L, Oltersdorf U, Prattala R, and Martinez-Gonzalez MA (2000) A

systematic review of socio economic differences in food habits in Europe: consumption of fruit and
vegetables. Eur J Clin Nutr 54:706–714

Deaton A, Muellbauer J (1980) An Almost Ideal Demand System. Am Econ Rev 70(3):312–326
Diewert W (1976) Exact and superlative index numbers. J Econ 4:115–145
Dyhr Edjabou L, Smed S (2013) The effect of using consumption taxes on foods to promote climate friendly

diets - The case of Denmark. Food Policy 39:84–96
Elteto O, Koves P (1964) On a problem of index number computation relating to international comparison.

Statisztikai Szemle 42:507–518
Feng K, Hubacek K, Guan D, Contestabile M, Minx J, Barrett J (2010) Distributional effects of climate change

taxation: the case of the UK. Environ Sci Technol 44(10):3670–3676
Garnett T (2011) Where are the best opportunities for reducing greenhouse gas emissions in the food system

(including the food chain)? Food Policy 36:S23–S32
Gelman A, Carlin JB, Stern HS, Dunson DB, Vehtari A, Rubin DB (2014) Bayesian Data Analysis. Texts in

Statistical Science, Chapman & Hall/CRC, Boca Raton
Geweke J (1992) Evaluating the Accuracy of Sampling-Based Approaches to Calculating Posterior Moments. In:

Bernardo JM, Berger JO, Dawiv AP, Smith AFM (eds) Bayesian Statistics, vol 4. Clarendon Press, Oxford, UK
Gilbert N (2012) One-third of our greenhouse gas emissions come from agriculture. London, Nature News. http://

www.nature.com/news/one-third-of-our-greenhouse-gas-emissions-come-fromagriculture-1.11708.
Accessed Sept 1 2015

Hammond KJ, Humphries DJ, Westbury DB, Thompson A, Crompton LA, Kirton P, Green C, Reynolds CK
(2014) The inclusion of forage mixtures in the diet of growing dairy heifers: Impacts on digestion, energy
utilisation, and methane emissions. Agric Ecosyst Environ 197:88–95

Harding M and Lovenheim M (2014) The effect of prices on nutrition: comparing the impact of product- and
nutrient-specific taxes. National Bureau of Economic Research Working Paper Series, vol 19781. doi:10.
3386/w19781

Hoolohan C, Berners-Lee M (2012) The greenhouse gas footprint of Booths. Technical report, Lancaster, Small
World Consulting Ltd

Kasteridis P, Yen ST, Fang C (2011) Bayesian Estimation of a Censored Linear Almost Ideal Demand System:
Food Demand in Pakistan. Am J Agric Econ 93(5):1374–1390

Moran D, MacLeod M, Wall E, Eory V, McVittie A, Barnes A, Rees B (2008) Pete Smith, and A Moxey (2008)
UK Marginal Abatement Cost Curves for the Agriculture and Land Use, Land-Use Change and Forestry
Sectors out to 2022, with Qualitative Analysis of Options to 2050. Report to the Committee on Climate
Change, London

LCF Living Cost and Food Survey (Expenditure and Food Survey) (2011) UK Office for National Statistics
Scarborough P, Appleby PN, Mizdrak A, Briggs A, Travis RC, Bradbury KE, Key TJ (2014) Dietary greenhouse

gas emissions of meat-eaters, fish-eaters, vegetarians and vegans in the UK. Clim Chang 125(2):179–192
Schmutzler A, Goulder LH (1997) The choice between emission taxes and output taxes under imperfect

monitoring. J Environ Econ Manag 32:51–64
Stehfest E, Bouwman L, Vuuren DP, Elzen MGJ, Eickhout B, and Kabat P (2009) Climate benefits of changing

diet. Clim Chang, 95(1–2): 83–102
Stern N D2007] The Economics of Climate Change - The Stern Review. Cabinet Office HM Treasury
Szulc B (1964) Indices for multiregional comparisons. Przeglad Statystyezny 3:239–254
Tanner MA, Wong WH (1987) The calculation of posterior distributions by data augmentation. J Am Stat Assoc

82(398):528–540
The Economist (2014) British Columbia's carbon tax - The evidence mounts [Blog post]. Retrieved from http://

www.economist.com/blogs/americasview/2014/07/british-columbias-carbon-tax. Accessed Aug 15 2015
Tiffin R, Arnoult M (2010) The demand for a healthy diet: estimating the almost ideal demand system with

infrequency of purchase. Eur Rev Agric Econ 37(4):501–521

140 Climatic Change (2016) 137:121–141

http://dx.doi.org/10.1136/bmjopen-2013-003543
http://www.nature.com/news/one-third-of-our-greenhouse-gas-emissions-come-fromagriculture-1.11708
http://www.nature.com/news/one-third-of-our-greenhouse-gas-emissions-come-fromagriculture-1.11708
http://dx.doi.org/10.3386/w19781
http://dx.doi.org/10.3386/w19781
http://www.economist.com/blogs/americasview/2014/07/british-columbias-carbon-tax
http://www.economist.com/blogs/americasview/2014/07/british-columbias-carbon-tax


Turrell G, Kavanagh AM (2006) Socio-economic pathways to diet: modelling the association between socio-
economic position and food purchasing behaviour. Public Health Nutr 9(3):375–383

Vieux F, Darmon N, Touazi D, Soler LG (2012) Greenhouse gas emissions of self-selected individual diets in
France: Changing the diet structure or consuming less? Ecol Econ 75:91–101

Wales TJ, Woodland AD (1983) Estimation of consumer demand systems with binding non-negativity con-
straints. J Econ 21:263–285

Webb N, Broomfield M, Brown P, Buys G, Cardenas L, Murrells T, Pang Y, Passant N, Thistlethwaite G,
Watterson J (2014) UK Greenhouse Gas Inventory, 1990 to 2012 - Annual Report for Submission
under the Framework Convention on Climate Change. Department of Energy and Climate Change.
Harwell, Ricardo-AEA

Weber CL, Matthews HS (2008) Food-miles and the relative climate impacts of food choices in the United States.
Environ Sci Technol 42(10):3508–3513

Wier M, Birr-Pedersen K, Klinge Jacobsen H, Klok J (2005) Are CO2 taxes regressive? Evidence from the
Danish experience. Ecol Econ 52(2):239–251

Wirsenius S, Hedenus F, Mohlin K (2010) Greenhouse gas taxes on animal food products: rationale, tax scheme
and climate mitigation effects. Clim Chang 108(1–2):159–184

World Business Council for Sustainable Development and World Resource Institute (2004) GHG protocol: a
corporate accounting and reporting standard, Washington DC

Climatic Change (2016) 137:121–141 141


	The distributional and nutritional impacts and mitigation potential of emission-based food taxes in the UK
	Abstract
	Introduction
	Data
	Consumption data
	Carbon conversion factors

	Method
	Demand model estimation
	Computing food related emissions
	Determining the tax rate and proportional price increases

	Results
	Changes in food consumption and nutrients
	Greenhouse gas emissions and tax revenue

	Discussion
	Limitations
	Policy implications

	Conclusions
	Appendix
	References


