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Abstract
Estimating future demand for food is a critical aspect of global food security analyses. The process
linking dietary changes to wealth is known as the nutrition transition and presents well-identified
features that help to predict consumption changes in poor countries. This study proposes to represent
the nutrition transition with a nonhomothetic, flexible-in-income, demand system. The resulting
model is estimated statistically based on cross-sectional information from FAOSTAT. It captures
the main features of the nutrition transition: rise in demand for calories associated with income
growth; diversification of diets away from starchy staples; and a large increase in caloric demand
for animal-based products, fats, and sweeteners. The estimated model is used to project food
demand between 2010 and 2050 based on a set of plausible futures (trend projections and Shared
Socioeconomic Pathways scenarios). The main results of these projections are: (1) global food
demand will increase by 47%, less than half the growth in the previous four decades; (2) this growth
will be attributable mainly to lower-middle-income and low-income countries; (3) the structure of
global food demand will change over the period, with a doubling of demand for animal-based calories
and a much smaller 19% increase in demand for starchy staples; and (4) the analysis of a range of
population and income projections reveals important uncertainties: depending on the scenario, the
projected increases in demand for animal-based and vegetal-based calories range from 74 to 114%
and from 20 to 42%, respectively.
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Food production will have to grow substantially by the middle of the century in order to feed a more
populous and richer world (Fouré et al., 2013). A similar challenge has been met in past years with a
food supply that has more than tripled since the 1960s. However, given the anticipated adverse impacts
of climate change and the degradation of natural resources, there are concerns over the possibility of
maintaining this trend (Godfray et al., 2010). Analyzing possible futures for world agriculture requires
researchers to analytically capture the main drivers of and constraints to the evolution of demand and
supply. This article proposes an approach to quantify possible evolutions in food demand.
Understanding the evolution of global food demand hinges crucially on the likely developments
in currently poor countries with low per capita food consumption levels. To help our understanding,
we should draw on the insights from the nutrition transition literature. The nutrition transition, as the
process by which diets evolve with per capita income and with economic development more generally,
informs analyses of the worldwide spread of noncommunicable diseases associated with overnutrition
(Drewnowski and Popkin, 1997; Popkin et al., 2012). However, the economic analyses of the structure of
global food demand do not use the concept of nutrition transition. Because this concept describes the
deterministic patterns observed in the evolution of diets, it also helps to predict food demand in currently
poor countries following years of income growth, and thus it is important for an analysis of global food
security issues such as the capacity to feed the world’s population in the future. Based on the nutrition
transition literature, and Engel’s and Bennett’s laws we have good ideas of how global food demand
should evolve with income qualitatively,1 but the quantification of this relationship is more elusive and
that is the issue addressed in this article. We estimate an economic model of demand that captures some
of the stylized facts identified in the nutrition transition literature to enable the predictions about future
demand for food.2 We exploit the model to make projections of food demand assuming the evolution in
prices, gross domestic products (GDP), and populations.
In recent studies of global food security (Havlík et al., 2014; Hertel et al., 2014), the issue of demand
for food has received limited attention; the focus has mostly been on accurate representations of the details
of the food production process (West et al., 2010; Herrero et al., 2013; Havlík et al., 2014). Most models
simply take as a given the Food and Agriculture Organization (FAO) food demand projections (Havlík
et al., 2014; Valin et al., 2014). Every few years, the FAO publishes a report on the likely long-run situation
in world agricultural markets (Alexandratos, 1988, 1995; Bruinsma, 2003; FAO, 2006; Alexandratos and
Bruinsma, 2012). It forecasts food demand at the country level for 32 commodities by first combining
demand functions with GDP and population projections, followed then by “several rounds of iterations and
adjustments in consultation with specialists on the different countries and disciplines” (Alexandratos and
Bruinsma, 2012, Appendix 2). The FAO’s role, as an international organization, is to provide predictions
of the most likely future food market situation, which might involve adjusting the model’s projections
based on in-house expertise. However, the downsides to this approach are that the process by definition is
nontransparent; it does not allow analysis of alternative scenarios (for example, dietary changes, alternative
GDP growth scenarios), nor does it allow improvements by other researchers, because it is not replicable.
In contrast, the approach proposed in this article is completely transparent and, because it is based on a
statistical estimation, it also allows the quantification of uncertainties. Our approach relies on an existing
1Bennett’s law states that the ratio of calories from starchy staple declines as income increases (Bennett, 1941; Timmer et al.,
1983).
2The nutrition transition has a much wider scope than the present article, addressing issues such the increased consumption
of processed products or the public health consequences of changing diets. We restrict our analysis to the aspects of the nutrition
transition that are amenable to an aggregate, country-level approach.
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demand system and associated econometric methods and shows how they can be applied fruitfully to
the question of modeling global demand for food. The results show that the estimated demand model
can generate a credible path of future food demand broadly consistent with FAO projections. While
this article does not generate food demand projections as detailed as FAO ones (e.g., because of the
assumption of a common demand system for all countries or the focus on seven aggregated food groups),
it constitutes a first step toward using the disciplines of demand theory for analyzing global demand
for food. With additional methodological developments, it could provide an alternative approach for
establishing long-run scenarios of global food demand.
In addition to the FAO’s efforts, a few other studies have tried to estimate world demand for food
(Cranfield et al., 1998; Yu et al., 2004; Tilman et al., 2011; Gao, 2012; Tilman and Clark, 2014; Bodirsky
et al., 2015). Some have proposed transparent, statistically estimated models of food demand (Tilman
et al., 2011; Gao, 2012; Tilman and Clark, 2014; Bodirsky et al., 2015). Common to most of these works
is that they consider food as an aggregated bundle, analyzing either total demand for food (Gao, 2012), or
demand for calories from plant versus animal products (Bodirsky et al., 2015), or demand for calories and
proteins (Tilman et al., 2011). These models capture the nonlinearity of demand for food, and they appear
to achieve a good fit with total demand for food. However, the high level of aggregation masks the large
heterogeneity of demand among food products, making studies like these miss important reallocations
among food groups, which are at the heart of the nutrition transition. Because the impact on resources is
very different depending on the type of calories consumed, it is crucial to capture this effect in a demand
system.
The current work is also related to studies devoted to the estimation of global demand systems. Most
estimate a common demand system for all countries based on cross-sectional information (Cranfield et al.,
1998, 2002; Yu et al., 2004; Seale and Regmi, 2006). Some deal with food as a commodity group among
several others, while others use the estimation explicitly to project long-run food demand (Cranfield et al.,
1998; Yu et al., 2004). A limitation of these approaches is that they rely on consumption-level prices
for processed products across the world but cannot make the link to the demand for calories. Although
this choice is adequate for economic models calibrated at similar levels, it might be difficult to map the
products under consideration to the supply and use accounts of primary products in FAOSTAT. Another
limitation is that if the distribution margin and the demand for services related to food increases with
income (Adamopoulos, 2009), then the overall food budget share may decrease slowly with income even
though the underlying demand for calories has already reached saturation level. We draw on this literature
for our estimation method and borrow the idea of estimating a common demand system for all countries
based on cross-sectional information. However, in order to derive a realistic demand for calories and to
potentially link our work to the supply side, we choose to work at the primary product level. This choice
is equivalent to assuming that food demand is separable between two components: the primary food
products, which are valued at trade prices, and the services related to food (for example, processing, food
away from home), which are bundled with the outside good and thus are estimated to be luxury goods. A
cross-country estimation of food demand in calories at the final good level is possible now for only a few
developed countries for which detailed household-level data are available along with the composition of
products (Dubois et al., 2014). Our choice makes possible links to existing global food security models
(Havlík et al., 2014; Nelson et al., 2014) by using the demand model directly or by using the elasticities it
generates.
Our approach involves a statistical estimation of a global demand system representing demand both
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for calories from various food groups and for a nonfood consumption bundle, based on information for the
year 2010. To capture a realistic food demand structure, we use the Modified Implicitly Directly Additive
Demand System (MAIDADS, Preckel et al., 2010) which provides sufficient flexibility in relation to
income to accommodate known regularities in the nutrition transition and the evolution of food demand.
For example, this demand system is able to account for (1) the nonlinearity between demand and income:
demand for certain food groups might increase at low levels of income but decrease at high income
levels; (2) the reallocation among food groups following Bennett’s law (Timmer et al., 1983); and (3) the
saturation of demand—i.e. that above a certain income level the demand for calories evolves much less
with income (Cirera and Masset, 2010). Having estimated this demand system, we use it to project food
demand to 2050. It should be noted that the literature has identified other drivers of dietary changes that,
although often correlated with income and prices, are not entirely captured by the exogenous variables
of our demand system (income, price, and population): for example, urbanization (Drewnowski and
Popkin, 1997) or social dimensions of globalization (Oberländer et al., 2017). By their nature, these
drivers present challenges to be accounted for in the framework of a structural demand system and have
been neglected in this article.
Our sample includes all food products used for human consumption except stimulants (cocoa, coffee,
and tea), spices, and alcohol (the daily per capita caloric demand for these three groups together represented
87 of 2,851 kcal·capita−1 ·d−1 at world level in 2010), and we use 104 countries for the estimation and
154 for the projections. Our empirical strategy builds on the nutrition transition hypothesis that there are
deterministic patterns in the evolution of diets with per capita income across countries. This hypothesis is
also consistent with studies that highlight a convergence of food demand in middle-income countries
toward the pattern of demand in high-income countries (Pingali, 2007; Khoury et al., 2014). To estimate
the demand system, caloric food consumption is taken from FAOSTAT food supply data. Food prices are
primarily from trade unit values. A country’s nonfood price is its purchasing power parities (PPPs) from
the 2011 International Comparison Program (ICP), divided by the nominal exchange rate relative to the
United States. GDP per capita in current US dollars is based on the World Development Indicators (WDI).
To project food demand, we consider six scenarios: a trend projection and the five Shared Socioeconomic
Pathways (SSPs) scenarios (O’Neill et al., 2014). For all scenarios, the GDP and population projections
are from EconMap (Fouré et al., 2013).
The estimated model captures well the evolution of the food groups for which consumption increases
strongly with income such as animal-based food, oils and sweeteners. Using the model, we characterize
how the typical diet evolves with income: it increases from 1,982 kcal·capita−1 ·d−1 , consisting mainly
of plants, at a per capita income of $500 to 3,116 kcal·capita−1 ·d−1 , with a 30% share of animal-based
calories, at $50,000. Such results, including price and income elasticities underlying this evolution of
demand, can be calculated in a spreadsheet provided in online appendix. The estimated model is used
also to project food demand between 2010 and 2050, with the following main results: (1) global food
demand will increase by 47%, less than half the growth in the previous four decades; (2) this growth will
be attributable mainly to lower-middle-income and low-income countries; (3) the structure of global food
demand will change over the period, with a doubling of demand for animal-based calories and a much
smaller 19% increase in demand for starchy staples; and (4) the analysis of a range of population and
income projections reveals important uncertainties: depending on the scenario, the projected increases
in demand for animal-based and vegetal-based calories range from 74 to 114% and from 20 to 42%,
respectively.
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The empirical model
This section presents the demand system used to represent food demand and the econometric procedure to
estimate it.

A global system of demand equations
To capture the relationship between food demand and income, we use the MAIDADS demand system
introduced by Preckel et al. (2010), who estimated a nine-commodity group demand system for the world
based on 1996 ICP data. It is a generalization of the AIDADS (An Implicit Direct Additive Demand
System) model (Rimmer and Powell, 1992b, 1996), itself a generalization of the linear expenditure system
(LES). Many properties of this demand system make it particularly suitable for the present analysis. It
is very flexible with respect to income and therefore is able to capture the strong nonlinearity of the
relationship between food demand and income. It is effectively globally regular (Cooper and McLaren,
1996): the demand equations are regular for all income levels high enough to cover purchase of a minimum
subsistence level. This feature, which is not common to many flexible demand systems, is very important
if, as in our analysis, all the countries along the development spectrum are considered. It also ensures that
the demand equations remain regular when income is projected beyond current levels. Lastly, this demand
system allows the income elasticity of some goods to converge to 0 if income growth is unbounded.
This capability is important because food demand saturation is observed at high income levels. Indeed,
food demand (i.e., caloric intake plus wasted food) is stable once a country has reached a certain level
of income. It is crucial to be able to reproduce demand saturation to avoid projecting unbounded food
demand growth.
With the MAIDADS, the demand, x̂, for a good is the following function of prices, p, and income, m:
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where i ∈ {1, . . . , I} indexes the goods, c ∈ {1, . . . , C} indexes the countries, δi ≥ 0, τi ≥ 0, ω ≥ 0,
0 ≤ αi , βi ≤ 1,
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and the utility level, uc , is defined implicitly by
I
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αi + βi euc
i=1
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δi + τi eωuc
log x̂ci −
− uc = κ.
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(3)

The parameters can be interpreted as follows. δi , τi , and ω govern the behavior of the subsistence
consumption levels; αi , βi , and κ govern the behavior of the discretionary consumption levels. If δi = τi ,
subsistence consumption is constant and does not vary with income. δi is the asymptotic limit of the
subsistence consumption level of good i as income approaches the value of the minimum consumption
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ÍI
bundle (equal to i=1
pci δi ). Conversely, τi is the asymptotic limit of the subsistence consumption level as
income grows without bound. If δi > (<)τi , the subsistence consumption of good i decreases (increases)
with income. ω governs the speed of adjustment of subsistence consumption with income and allows it to
be different from the speed of adjustment of discretionary consumption, governed by κ. The interpretation
of αi and of βi is similar to the interpretation of δi and of τi . If αi > (<)βi , the marginal budget share
converges to βi from above (below) as income grows.
The MAIDADS can be derived following Hanoch’s (1975) definition of a directly implicit additive
utility function:
Õ
Fi ( x̂ci , uc ) = 1,
(4)
i

where for the MAIDADS the functions Fi take the following form

x̂ci − γi (uc )
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(5)

where A > 0 and is substituted elsewhere by κ with κ = ln (A) + 1. The functions φi (·) and γi (·) define,
respectively, the marginal budget shares and the subsistence consumption levels:
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=
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Maximizing utility, uc , subject to (4) and a budget constraint results in demand (1). The AIDADS
model is obtained by adding the restriction γi (uc ) = δi = τi . The LES model is obtained from the
AIDADS model with the additional restriction φi (uc ) = αi = βi .
From Preckel et al. (2010), MAIDADS income elasticities can be expressed as
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where λc is the Lagrange multiplier associated with the budget constraint in the consumer problem. It is
defined as
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One of the potential limits of this demand function is its restricted flexibility in prices (formulas for
price elasticities are provided in online appendix). The MAIDADS is a generalization of the LES with
additional flexibility with respect to income on subsistence levels and marginal budget shares. However,
it has no additional flexibility with respect to prices. As for the LES, there is no degree of freedom
corresponding to price elasticities, which are only function of the budget shares and income elasticities.
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But, since the income elasticities can potentially have a rich dynamic with the MAIDADS, this richness
translates also to the price elasticities that can present non-monotonic behaviors following those of the
income elasticities. For this work, where the emphasis is more on income variations than on price
variations, this limit remains of second order, but should be considered if the results were used in another
context.

Econometric procedure
The demand system is estimated using constrained maximum likelihood by adding measurement errors
to the demand equations, assuming errors are correlated between goods but not countries. Intervals
of confidence and tests are calculated by nonparametric bootstrap with 2,000 replicates following the
same steps as in Cranfield et al. (2002). With the exception of a few details, the econometric procedure
borrows heavily from previous studies (Cranfield et al., 2002; Preckel et al., 2010) but for completeness is
presented here in full.
We do not follow the usual practice for the estimation of demand systems of adding measurement
errors to the budget shares. Instead, we assume that the quantities, not the budget shares, are measured
with errors. The budget shares of primary food products reach very low levels in high-income countries,
while in poor countries they can represent a significant portion of the budget and display a high level of
heterogeneity because of the variety of diets. Estimating the demand system by using measurement error
on the budget shares would lead to a severe heteroscedasticity with a dispersion decreasing with per capita
income. This problem is related to the focus of our analysis: goods whose consumption varies hugely with
income, in contrast with most works estimating demand systems where income variations are much lower
(see Chavas and Segerson, 1987; Brown and Walker, 1989, for discussions of the stochastic specification
of demand systems). Estimation based on the consumption levels produces no heteroscedasticity with
respect to income.
Observed consumption levels, xci , are the sum of fitted quantities, x̂ci , defined by MAIDADS demand
equation (1) and error terms
xci = x̂ci + εci ,
(9)
where εci is the error term. The disturbances are assumed to follow a multivariate normal distribution
and to be distributed independently across observations, but correlated between commodities. Therefore,

E εci εs j = σi j if c = s and 0 otherwise.

(10)


Let us define Σ = σi j as the covariance matrix across commodities.
This econometric problem amounts to the estimation of a nonlinear system of equations. The
log-likelihood of this problem concentrated with respect to Σ is (Greene, 2011, Section 14.9.3)
log L = −

C
[I (1 + log 2π) + log |W |] ,
2

(11)

Í
where Wi j = C
c=1 εci εc j /C, and W is the maximum likelihood estimator of Σ.
Given that W is symmetric and positive-definite, a Cholesky factorization can be applied: W = R 0 R,
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where R = ri j is an upper triangular matrix. The decomposition is imposed via the equation
C
Õ

εci εc j /C =

c=1

I
Õ

rki rk j ,

(12)

k=1

along with the restriction
ri j = 0 for all i > j.

(13)

Because of its implicit definition, the utility level cannot be substituted out of the demand functions,
and it is necessary to estimate its level along with the other unknown parameters. The estimation is
conducted based on the following optimization problem:
"
#
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Ö
C
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−
I (1 + log 2π) + log
rii ,
ω ≥0,κ,αi ≥0,βi ≥0,δi ≥0, 2
i=1

(14)

τi ≥0, x̂ c i >0,uc ,εc i ,ri j

subject to equations (1)–(3), (9), and (12)–(13). This nonlinear programming problem is implemented
in the General Algebraic Modeling System (GAMS) Release 25.0.2 and solved using the CONOPT
solver.3 To find the solution of this complex nonlinear problem, it is important to provide the solver
with good initial values, and therefore the following strategy is adopted. The parameters to estimate are
initialized by calibrating the MAIDADS as an LES with marginal budget shares equal to the average budget
Í
shares, αi = βi = C −1 C
c=1 pci xci /mc ; subsistence consumptions equal to a quarter of the minimum
consumptions, δi = τi = minc xci /4; κ = 1; and ω = 0.01. Based on this arbitrary calibration, the
estimation is carried out in two steps. First an AIDADS is estimated by imposing δi = τi because it
is a simpler version of the MAIDADS with fewer parameters. Then, starting from this solution, the
MAIDADS is estimated.

Data
The approach adopted in the analysis is to use the dietary situation in rich countries to identify a possible
food consumption path for poor and emerging countries; therefore we want to capture in one demand
system consumption behaviors that are common across countries, bearing in mind that we will be unable
to adapt the model to capture countries’ idiosyncrasies. To fulfill this objective, we aggregate food
products so that the demand for the aggregated food groups behaves similarly across countries. So we
need to identify food groups for which there are clear patterns between consumption and income across
the development spectrum. In addition to this principle, following insights from the nutrition transition
literature, we have tried to aggregate food products with similar nutritional qualities. By emphasizing
the common dietary behaviors among countries, our aggregation of food products aims at minimizing
the specificities of each country diet that would be dominant at the product level. Nonetheless, some
country-specific behaviors will still be present in the data, but because we are using only cross-sectional
information, it is not possible to account for them in this article.
The aggregation results in seven food groups (table S3 in the online appendix for the mapping between
food groups and food products). The “cereals, roots, and tubers” group corresponds to starchy staples,
3Data and programs to replicate the results are available at DOI: 10.15454/9DZLRA.
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although it could be argued that bananas and plantains play the same role in some countries. The choice
to aggregate cereals, roots, and tubers is based on the logic that they all act as a cheap source of calories
derived mostly from carbohydrates, and their consumption tends to decline with income (Grigg, 1996).
In some countries (such as those in Asia), cereals will be the main source of caloric demand with roots
accounting for less than 5% of the total; in others (such as those in Middle Africa) roots represent more
than 20% of caloric demand. Aggregating these two types of products limits to the most important
element the variability that the model is supposed to explain. The same logic applies to the aggregation
chosen for the other food groups. Animal products are present in three groups: “meat and seafood” for
the expensive, flesh products; “dairy and eggs” for the cheaper animal-based products; and “oils and fats”
for animal fats, butter, and cream. More generally, “oils and fats” contains all separated edible fats, from
both animals and plants. “Sugar, sugar crops, and sweeteners” corresponds to sugar, honey and other
sweeteners, as well as direct consumption of sugar crops (sugar beets and sugar cane)—characteristic of
some sugar-producing countries (such as, Brazil, India, and Pakistan). The group “vegetables and fruits”
encompasses all consumption of vegetables and fruits. Other food products are gathered into “pulses,
nuts, and oilcrops” of which, at the world level, more than half is crops that are sources of vegetable
protein (beans, soybeans, and pulses).

Food consumption
Food consumption is from FAOSTAT food supply (FAO, 2015). For all countries, FAOSTAT provides
an annual breakdown among food products of all food supplies available for human consumption. This
breakdown does not correspond to the amount actually consumed, which could be lower because the
breakdown includes losses and quantities fed to domestic animals. Food products are aggregated at the
level of our food groups according to their per capita caloric values. We use the information on food
consumption in tons because prices are available in dollars per ton.
FAOSTAT data on food supplies available for human consumption are expressed in primary-equivalent
products, not the potentially processed forms in which the products are consumed. This standardization
significantly reduces the number of food products and allows a clear mapping with production or, in
our case, with available prices. For example, the quantities of bread consumed are expressed as wheat
equivalents using technical coefficients, and added to the other forms of wheat consumption.
Table 1 presents descriptive statistics for the estimation sample. For ease in interpretation, the
quantities in this table are expressed in kcal·d−1 , but later in order to scale the prices for the estimation,
the quantities are expressed in units of 2,000 kcal·d−1 . Starchy staple foods represent by far the largest
source of caloric intake, with an average of 1,299 kcal·d−1 over a total of 2,986. These are followed,
respectively, by fats, sweeteners, meat, dairy and eggs, vegetables and fruits, and other foods.

Prices
Food prices primarily are from trade unit values—generally used to proxy for trade prices—corrected
by the trade policies in the importing countries. Trade unit values are expressed in current US dollars
per ton. They have a wide coverage in terms of products, all tradable ones, and countries. Despite their
extensive coverage, however trade unit values are not sufficient to obtain all the prices needed for this
study. First, by definition, they exclude products that are not traded over the sample period. Second, trade
unit values are calculated as a ratio of trade values to trade weights and this last piece of information is
9

Table 1. Descriptive Statistics of the Estimation Sample
Quantity (xci ·2,000)
(kcal·d−1 )a
Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
All food

Mean

SD

1,299
310
113
176
406
290
225
2,986

310
131
70
78
201
157
137
487

Price (pci )
($·(2,000 kcal·d−1 )−1 ·y−1 )b
Mean

SD

World pricec

142
170
495
2,706
147
2,038
785

68
80
342
1,204
46
875
450

160
168
337
3,381
154
2,596
809

Quantity (xci )
Non-foodd
Per capita GDP ($)

163

136

15,173

17,998

Price (pci )
65

30

Notes:
a Calculated by aggregating food supply information from FAOSTAT food supply. For the ease of interpretation, food
quantities are displayed here in kcal per day, while for estimation they are in 2,000 kcal per day.
b Price of 2,000 kilocalories
per day for one year of consumption.
c Calculated as a weighted mean of the export unit values using as weights the exported
quantities.
d The units of the nonfood product are chosen arbitrarily so that the US price is 100 $.

not systematically reported. When trade unit values are missing, we use producer prices from FAOSTAT,
if available. However, the countries for which trade unit values and producer prices are missing tend to
be the same, low income countries, so eventually producer prices contribute only to 1% of the sample
of prices. To reduce the number of missing observations, and to mitigate the influence of outliers, we
calculate prices (trade unit values and producer prices) as the average over the three years 2009–2011. If
both trade unit values and producer prices are missing, we impute the price from the average world export
unit value weighted by the quantities exported, calculated using information for the years 2009–2011.
If too many prices are missing for a country and have to be imputed, this country is removed from the
estimation sample (see below for the criteria of inclusion). See the online appendix for more details about
the missing prices.
The trade unit values are extracted from the Trade Unit Values database (Berthou and Emlinger, 2011),
which relies on the tariff-line information used to construct the COMTRADE database. Trade values are
from the BACI database (Gaulier and Zignago, 2010). Trade policies are from MAcMap-HS6 (Guimbard
et al., 2012). To map FAOSTAT food products to trade data, we use a concordance table available from
FAOSTAT website.
We then aggregate our database of food prices to the level for which we have nutritional information
from FAOSTAT: primary-equivalent products for crops, livestock, and fish. Many important food products
in primary-equivalent form can be mapped to a single corresponding price (for example, “wheat and
products” can be mapped to the price for wheat), but some correspond to multiple products (such as,
“fruits, other” and “nuts and products”). In these cases, we average the prices, weighted by their share
in world trade. This procedure results in a set of data on prices in US dollars per ton that matches the
information on food consumption. We go a step further and calculate a price corresponding to our chosen
level of aggregation by calculating national expenditure on a given aggregate (as the product of prices in
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US dollars per ton by food consumption in ton from FAOSTAT) and by dividing it by the corresponding
number of kilocalories. Then, resulting prices are multiplied by 2,000 and 365 so as to normalize them
to the annual cost of a daily consumption of 2,000 kilocalories (following a normalization adopted in
Roberts and Schlenker, 2013). Table 1 presents descriptive statistics on these prices. The cheapest sources
of calories are “cereals, roots, and tubers” and “oils and fats”, closely followed by “sugar, sugar crops,
and sweeteners.”
These price data present one important limit: these are not consumer prices. There is a margin
between the trade prices and the retail prices the consumers face, and this margin is likely to be different
depending on country’s level of development, which may affect the conclusions of this article. There
is limited evidence on how the distribution margin evolves with income. One of the rare studies that
addresses this issue, Adamopoulos (2009), shows empirically that the distribution margin for food products
between producer and retail prices increases with per capita income for rich countries, but not for poor
countries. Adamopoulos (2009) proposes a theoretical explanation for this observation related to the faster
increase of labor cost, of which distribution is intensive, compared to this sector TFP. The observation
that the distribution margin increases with income only for rich countries implies that the biases from not
using consumer prices is likely limited. Indeed, in rich countries food demand is high and insensitive
to the price of primary food products. Neglecting the evolution of the distribution margins implies an
upward bias on price elasticities that will nonetheless be very low.
In our demand system, demand for nonfood products and services is summarized in one nonfood
good. Its price is assumed to be the country’s price level index (PLI): the PPPs from the 2011 ICP are
divided by the country’s nominal exchange rate relative to the United States, the reference country, which
has an index level of 100. Thus, the PLI measures the differences in price levels among countries related
to consumption of the same basket of goods and services. Since nontraded goods make up a large share of
the basket, the index tends to follow labor costs and thus per capita income. Low-income countries have a
PLI of less than 100, while the PLI for high-income countries is close to or greater than 100. For the
countries that do not participate in the ICP, missing PLIs are imputed using a regression model similar to
the one used by the World Bank with the PLI as the dependent variable (The World Bank, 2015, p. 213).
The explanatory variables are the ratio of the country’s per capita GDP to the per capita GDP of the
United States and an interaction term of this ratio with a dummy variable for island economies.
To project future demand, we need projections of future food prices. In the absence of a supply model
corresponding to our demand model that could allow the determination of the market-clearing prices,
we assume that food prices are fixed at the 2010 average world prices presented in table 1. We do not
take a position on the future evolution of the relative prices of food goods with respect to nonfood goods;
therefore, we assume that the United States PLI remains at its initial level of 100. However, we know that
in countries experiencing high income growth the prices of nontraded goods will vary greatly over the
period. To account for this variation for all countries other than the United States, we calculate the PLI
using the previous regression model, with the result that as countries converge to the per capita income
level of the United States, their PLIs converge to a similar level.

Countries
Our sample includes all the countries covered by FAOSTAT but excludes countries with missing
information on population, food consumption, or GDP. Also, for the estimation, we exclude some
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countries that might behave as outliers, based on the following criteria. We exclude countries whose
population in 2010 was below 1 million; this avoids the inclusion of small countries, often islands, which
might have peculiar diets. We exclude countries in which more than 2.5% of cereal consumption in the
years 2009–2011 was based on international food aid;4 this avoids the inclusion of countries that are not
able to afford their own food consumption, and so for which our theoretical framework is irrelevant. More
generally, we use the reliance on food aid as indicating issues such as severe droughts or armed conflicts,
affecting local production of food, market mechanisms, but also the quality of FAOSTAT statistics for
those countries. We exclude countries with more than 30% of missing prices in terms of caloric demand.
Sudan and South Sudan are excluded because they separated in 2011. Finally, we exclude Madagascar
and Mali because the data on these countries present inconsistencies that lead to excessive food budget
shares. Our estimation sample includes 104 countries and more than 83% of the world’s population.
Table S4 in the online appendix presents the list of countries included in the estimation sample and
used for the projections. Sudan is not included in the estimation sample because of its separation from
South Sudan in 2011, but the former unified Sudan is included in the projections because the GDP
projections do not distinguish the two countries.

Per capita GDP and population
We use WDI data (The World Bank, 2016) on per capita GDP for 2010. Unlike most estimations of global
demand systems that use per capita GDP in US dollars using PPPs (Cranfield et al., 2002; Seale and
Regmi, 2006), our estimations are based on per capita GDP in US dollars based on market exchange rates,
because GDP projections are available only for GDP calculated at market exchange rates.5
Following all previous studies on global food security issues (e.g., Tilman et al., 2011; Alexandratos
and Bruinsma, 2012) we use per capita GDP and not household final expenditures, because projections
are available for the former but not for the latter. GDP projections (trend scenario and SSPs) are from
EconMap version 2.4 (Fouré et al., 2013). EconMap provides GDP projections for 167 countries up to
the year 2100 based on an estimated growth model. We use GDP projections in constant US dollars and
convert them to per capita GDP using population projections.
For population data, in order to have consistent GDP and population projections, we use the same
sources of population projections as EconMap. For the trend scenario, population data are from World
Population Prospects: The 2012 Revision from the UN Population Division (2013). For the SSPs,
population data are from the International Institute for Applied Systems Analysis (KC and Lutz, 2017).

Results
We start by discussing the estimation results and their interpretation. Then, using the estimated model, we
characterize how the typical diet evolves with per capita income and project global food demand to 2050.
4Calculated by combining information from the World Food Programme (2015) and from FAOSTAT food balance sheets.
5Since the main effect of using PPPs instead of current dollars is to reduce the spread among countries in per capita income
rather than to change the ordering between them, then estimating the MAIDADS using PPPs affects only the speed of convergence
of the subsistence consumption and marginal budget shares to their asymptotic values, not the shape of the demand functions.
So this would have no effect on the results, except for the difficulties related to the lack of GDP projections in PPPs.
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Estimation results
The estimation results are presented in table 2 with bootstrap 95% confidence intervals in square brackets.
Based on the confidence intervals, it can be seen that all the parameters are precisely estimated. Let us
consider first the results for subsistence consumption governed by the parameters δ, τ, and ω. Two food
groups, “cereals, roots, and tubers” and “pulses, nuts, and oilcrops,” present subsistence consumption
declining with income (δi > τi ); for all the other food groups and the nonfood bundle subsistence
consumption increases with income. For the three most expensive food groups—“vegetable and fruits,”
“meat and seafood,” and “dairy and eggs”—δi equals or is very close to 0, meaning that at very low
income levels, these are not considered necessities. The estimate of ω is significantly greater than 1,
which indicates that subsistence consumption reaches asymptotic levels (i.e., τi ) when income grows
before the marginal budget shares reach their own asymptotic levels.
Table 2. Estimated Parameters (log L = 1,027)
ω

κ

1.554 [ 1.385 ; 1.939]
Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Non-food

α
0.037 [
0.033 [
0.000 [
0.314 [
0.005 [
0.270 [
0.141 [
0.200 [

Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Non-food

−0.244 [

0.018 ;
0.021 ;
0.000 ;
0.242 ;
0.000 ;
0.205 ;
0.110 ;
0.072 ;
0.630 ;
0.023 ;
0.060 ;
0.015 ;
0.063 ;
0
;
0
;
4.189 ;

0.294]

β
0.055]
0.041]
0.009]
0.400]
0.016]
0.352]
0.181]
0.302]

δ
0.695 [
0.043 [
0.071 [
0.034 [
0.088 [
0.018 [
0
[
6.011 [

−0.616 ;

0
[
0.000 [
0.000 [
0.002 [
0.000 [
0.006 [
0.001 [
0.990 [

0
;
0
;
0.000 ;
0
;
0.000 ;
0.004 ;
0.000 ;
0.984 ;

0.000]
0.000]
0.001]
0.005]
0.000]
0.009]
0.004]
0.992]

τ
0.726]
0.059]
0.077]
0.042]
0.108]
0.025]
0.015]
6.915]

0.499 [
0.444 ;
0.529]
0.167 [
0.152 ;
0.179]
0.037 [
0.031 ;
0.048]
0.082 [
0.070 ;
0.092]
0.280 [
0.256 ;
0.303]
0.180 [
0.162 ;
0.201]
0.121 [
0.093 ;
0.143]
229.340 [ 204.817 ; 257.758]

Note: 95% confidence intervals in square brackets, calculated by nonparametric bootstrap with 2,000 replicates.

The behavior of the marginal budget shares is governed by the parameters α, β, and κ. The estimates
of αi and βi suggest that for all food groups the marginal budget share declines with income. For “pulses,
nuts, and oilcrops” and “oils and fats,” αi and βi are both close to 0, which implies that the consumption
level of these groups is explained mostly by their subsistence consumption. Their total consumption
changes with real income but less so with price. For all food groups, estimates of βi are very close to 0.
So at high income levels, the marginal budget share of food converges to very small values, and to exactly
0 for “cereals, roots, and tubers.” For rich countries, almost all further income increases are spent on
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the nonfood bundle.6 However, estimates of βi for food are not strictly 0, so food demand never stops
growing—although it grows only slowly—as income increases without bound.
To avoid unbounded food demand, we impose food demand saturation in the estimation by constraining
βi for food products to be equal to 0. We test for this restriction using a bootstrap likelihood ratio
test. At a p-value equal to 94.9%, this restriction cannot be rejected. The parameters estimated with
demand saturation are presented in table 3. This restriction affects mostly the speed of convergence to the
asymptotic behavior (ω and κ) and the asymptotic subsistence levels (τ).
Table 3. Estimated Parameters with Demand Saturation Imposed for Food Products
(log L = 1,016)
ω

κ

1.266 [ 1.165 ; 1.512]
Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Non-food

α
0.049 [
0.033 [
0.000 [
0.428 [
0.013 [
0.324 [
0.154 [
0
[

Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Non-food

−1.016 [

0.024 ;
0.019 ;
0.000 ;
0.316 ;
0.001 ;
0.224 ;
0.115 ;
0
;
0.609 ;
0.047 ;
0.056 ;
0.012 ;
0.053 ;
0
;
0
;
0
;

−0.182]

β
0.066]
0.037]
0.010]
0.491]
0.024]
0.380]
0.189]
0.190]

δ
0.677 [
0.057 [
0.067 [
0.029 [
0.077 [
0.013 [
0
[
0
[

−1.058 ;

0
0
0
0
0
0
0
1
τ

0.707]
0.076]
0.072]
0.040]
0.100]
0.024]
0.015]
4.692]

0.476 [
0.431 ;
0.507]
0.193 [
0.179 ;
0.202]
0.043 [
0.038 ;
0.053]
0.094 [
0.085 ;
0.103]
0.319 [
0.303 ;
0.336]
0.233 [
0.222 ;
0.246]
0.164 [
0.140 ;
0.189]
318.441 [ 295.889 ; 346.164]

Note: 95% confidence intervals in square brackets, calculated by nonparametric bootstrap with 2,000 replicates.

Evolution of the typical diet
Our estimated demand system provides a good representation of the broad evolution of food consumption
with income. The overall fit is summarized in figure 1 which plots observed food consumption against per
capita income, for each food group, along with the estimated demand functions evaluated at the average
world price. To accommodate the patterns observed in the data, the demand functions are estimated to be
strongly nonlinear. For all food groups except “cereals, roots, and tubers” and “pulses, nuts, and oilcrops”
which present a hump-shaped pattern, consumption levels increase with income before reaching a plateau.
The caloric consumption plateau is at an annual income of around $25,000 per capita (similar to income in
6This result is not unique to this article. Values of βi estimated to be close or equal to 0 for food in AIDADS and MAIDADS
can also be found in Rimmer and Powell (1992a), Cranfield et al. (2002), and Preckel et al. (2010).
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Greece, Portugal, and the Republic of Korea in 2010). Stabilization of food demand at high income levels
stems from the demand saturation imposed during the estimation. The gray lines in figure 1 represent
alternative demand functions plotted using parameters from bootstrap replicates. They are close to the
central estimates and of a similar shape, which illustrates the precision of the statistical estimations. Only
demand for “dairy and eggs” presents a noticeable uncertainty, with many alternative demand functions
located above the central curve. In what follows, we use the bootstrap demand functions to assess the
uncertainty surrounding the demand projections.
Cereals, roots, and tubers

Sugar, sugar crops, and sweeteners

Pulses, nuts, and oilcrops
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Vegetables and fruits
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ρ = 0.65
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Per capita income (2010$)

Figure 1. Observed and fitted (at world prices) caloric demand. The gray lines represent fitted
caloric demand using the parameters from 100 bootstrap replicates. ρ is the correlation
coefficient between the observed values and the fitted values obtained using a 10-fold
cross-validation strategy.
Figure 1 displays a correlation coefficient (ρ) between observed and fitted (using local prices)
consumption. To avoid assessing the model on within-sample predictions, ρ is calculated using a 10-fold
cross-validation strategy. The estimation sample is randomly partitioned into 10 roughly equal subsamples.
Each subsample is removed in turn for testing: the estimation is carried on the 9 remaining subsamples and
the prediction is done only for the testing subsample. When the 10 rotating estimations have been done, the
prediction for the validation subsamples are gathered and the correlation coefficients are calculated. The
demand functions correctly capture the relationship between food demand and income with correlation
coefficients of between 0.51 and 0.77, except for “pulses, nuts, and oilcrops” and “vegetables and fruits,”
with correlation coefficients respectively equal to 0.1 and 0.33. The low correlation for “pulses, nuts, and
oilcrops” might be explained by the fact that this is a residual group that includes all food products that do
not fit into the other, larger groups. The limited performance of the groups “pulses, nuts, and oilcrops”
and “vegetables and fruits” might also reflect the large heterogeneity across countries in the consumption
of the foods in this group and the fact that their consumption is explained very little by income and price
variations, and possibly more by culture and food preferences. Three groups—separated fats and the two
groups of animal-based products, “meat and seafood” and “dairy and eggs”—stand out as particularly
well represented by the estimated demand system with correlation coefficients greater than 0.7.
15

Using the estimated demand system, we can identify how the typical diet evolves with income.
Figure 2 plots the relationship between the demand for each food group and per capita income, obtained
by applying the estimated demand system to the average world prices and various levels of per capita
income.7 The dashed line in the “oils & fats” polygon separates vegetal-based and animal-based fats,
based on the average world share of each fat.8 At a low income level of $500 per capita, the majority of
the caloric demand comes from starchy staples, at close to 1,400 kcal·capita−1 ·d−1 for a total of 1,982
kcal·capita−1 ·d−1 . The contribution of starchy staples first increases with income, but less so than the
other food groups combined, generating diet diversification as income increases. Demand for starchy
staples decreases with income after an annual income threshold of around $2,800 per capita, and the diet
diversifies further. Because demand for calories from plants increases up to an income of $5,400 per
capita, the decline in demand for starchy staples is more than compensated by the increase in fats and
sweeteners, and to a lesser extent, vegetables and fruits. Demand for animal-based food shows a marked
increase with income, from 103 kcal·capita−1 ·d−1 for per capita income of $500 to 926 kcal·capita−1 ·d−1
for per capita income of $50,000. The pattern described here is consistent with the patterns reported in
the literature on the nutrition transition as countries get richer (Drewnowski and Popkin, 1997).
Another way of analyzing the model’s results is to consider its prediction of income elasticities.
Income elasticities calculated using equation (7) and evaluated at world prices are presented in table 4
for five different levels of per capita income.9 Consistent with demand saturation, all income elasticities
converge to 0 for very high levels of income. At a per capita income of $500, the highest food income
elasticity is for “dairy and eggs,” followed by “meat and seafood” and “vegetables and fruits.” With
income increasing, “meat and seafood” becomes the food group with the highest elasticity. Asymptotically,
as the budget share of food would reach 0, the income elasticity of the nonfood bundle would reach 1.
The income elasticities express differently the previous findings about the evolution of the typical diet.
However, they have the advantage to be comparable to available estimates. Calorie-income elasticities
have been studied extensively in the past three decades and two meta-analyzes of this literature have been
recently published (Ogundari and Abdulai, 2013; Zhou and Yu, 2014). Ogundari and Abdulai (2013)
report an average calorie-income elasticity of 0.31, a minimum of 0.0004 and a maximum of 0.97. Zhou
and Yu (2014) have a similar average elasticity of 0.35, with a standard deviation of 0.23, and confirm that
the elasticity decreases with income. From these surveys, the income elasticities estimated in this article
for all calories appear to be in the lower part of the available estimates but within the variability of this
literature. Lower elasticities than this literature should have been expected. Calorie-income elasticities
come usually from estimations on household-level data. We should expect country-level estimates to
be lower because of a composition effect: part of the population may have high income level and have
already reached food saturation.
7This figure is an alternative and modern version of a representation proposed as early as 1969 by the FAO (Périssé et al.,
1969), and updated by Drewnowski and Popkin (1997).
8The observed share of animal-based fats in all fats increases slowly with income but, while significant, the relationship
explains little of the variations, so for simplicity the average world share is used.
9Income and price elasticities for any combination of prices and income can be calculated using the spreadsheet provided in
the online appendix.
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Figure 2. Relation between demand for each food group and per capita income
Table 4. Income Elasticities Calculated at World Prices
Per capita income (2010$)
Consumption bundle
Cereals, roots, and tubers
Sugar, sugar crops, and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Vegetal-based
Animal-based
All food
Non-food

500

1,000

5,000

0.05
0.37
−0.01
0.44
0.19
0.87
1.95
0.09
0.96
0.14
2.52

0.05
0.40
−0.02
0.44
0.26
0.76
1.05
0.11
0.78
0.17
1.52

−0.10
0.18
−0.11
0.13
0.39
0.52
0.36
0.01
0.44
0.08
1.15

10,000
−0.30
0.12
−0.24
0
0.50
0.56
0.29
−0.08
0.44
0.03
1.08

50,000
0
0
0
0
0
0
0
0
0
0
1.03

Note: Aggregate income elasticities (vegetal-based, animal-based, and all food) obtained by weighting the income elasticity of
all food groups in the total, allocating the “oils and fats” group between vegetal and animal based on the average world share of
animal-based fats in all fats.

17

Projecting food demand to 2050
Using the estimated demand functions and trend projections for GDP and population, we now project
world food demand over the period 2010–2050. To remove any effect of price changes and to focus on
population and income effects, domestic food prices are assumed to stay level with 2010 world prices
(table 1), but future work could link the demand model to a supply model in order to render prices
endogenous. Table 5 details changes to demand between 2010 and 2050, and figure S1 in the online
appendix plots annual projections up to 2100. Consumption of all food groups increases over the period,
albeit at different rates. Total caloric food consumption rises over the period by 47% ± 5% but starchy
staples and pulses grow by only 19% ± 3% and 18% ± 5%, respectively. The bulk of this increased
consumption is accounted for by animal-based products, fats, and sweeteners. Overall demand for food
increases by 0.97% per year, much lower than the 2.01% over the four decades prior to 2010. The
lower consumption growth can be explained in part by the slowdown in world population growth which
decreases from 2.44% to 1.74% (see table S5 in the online appendix for the past and assumed future
growth rates). The remainder is due probably to the fact that significant parts of world population have
already reached high per capita consumption levels that, because of demand saturation, leave little scope
for further increases.
Table 5. Decomposition of Food Demand Change 2010 to 2050 into Population and Income
Effects (Percentage Change) for the Trend Projection
Consumption bundle
Cereals, roots, and tubers
Sugar and sweeteners
Pulses, nuts, and oilcrops
Vegetables and fruits
Oils and fats
Meat and seafood
Dairy and eggs
Vegetal-based
Animal-based
All food

Total

Income
effect

Population
effect

18.5 ± 3.4
62.3 ± 9.6
18.4 ± 4.9
54.2 ± 14.4
91.9 ± 5.2
111.0 ± 11.1
89.8 ± 22.8

−16.1 ± 2.4
23.8 ± 7.5
−16.1 ± 4.2
16.3 ± 11.0
51.0 ± 4.4
68.3 ± 9.0
48.8 ± 18.3

37.2
29.2
38.4
29.5
27.5
23.4
23.8

36.2 ± 4.2
99.0 ± 14.0

−0.1 ± 3.0
58.2 ± 11.3

34.6
23.4

47.1 ± 5.3

10.0 ± 4.0

32.7

Note: Central estimation and standard deviation calculated using bootstrap replicates where applicable.

To distinguish the various effects at play, table 5 decomposes changes to food demand into population
and income effects. The decomposition is done as follows. The income effect is obtained by increasing
only per capita income while population stays at its 2010 level. For the population effect, only population
is increased. To make the three columns comparable, in all columns the benchmark situation in 2010 is
not the actual consumption levels, but the levels predicted by the model. Population growth is the most
important driver of the overall increased demand but does not generate much reallocation of consumption
among food groups. Based on population growth, demand increases by between 23% and 38% for all
food groups, with higher growth of vegetal-based calories due to the concentration of population growth
in countries with high shares of these calories (low-income countries). Meanwhile, the effect of income
growth leads to an important reallocation of food demand away from starchy staples and pulses toward
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fats, animal-based products, and sweeteners. Income effects are related to changes in demand only in
developing countries, since per capita demand for food is already high in developed countries and is
unlikely to increase much more (table S6 in the online appendix shows the contribution to growth in
food demand of each country group). Based only on income effects, the change in total demand for
vegetal-based calories is not significantly different from 0 within the period 2010 to 2050; the increase
in total food demand comes only from animal-based food. The combination of population and income
effects leads to a marked 99% ± 14% increase for animal-based food but also to a significant increase
of 36% ± 4% for vegetal-based food, explained by a combination of diet reallocation toward fats and
sweeteners, and population growth.
In addition to quantifying the role of the various macro drivers, and the uncertainties arising from the
statistical procedure, we quantify the uncertainties related to the underlying economic and demographic
projections. In the absence of joint probabilistic GDP and population projections, these uncertainties are
analyzed in the literature based on scenarios such as the SSPs (O’Neill et al., 2014). The SSPs scenarios
will also be used for facilitating the comparison with other studies projecting world food demand. They
use macro-assumptions that are usually different from our trend assumptions but that can be related
to one of the SSPs. The SSPs have been developed in climate change research to provide plausible
narratives of the future evolutions of society and ecosystems. The different scenarios are characterized
by the different challenges for adaptation and mitigation under consideration. They differ regarding
the evolution of technologies, preferences, urbanization, global institutions, or demography. Given our
purpose, we limit the comparison between scenarios to the drivers that can be quantified easily and that
make sense with respect to the present model—income and population—and neglect the other potential
drivers. We take the GDP and population projections for the SSPs from Fouré et al. (2013, growth rates
available in table S7 in the online appendix). The scenario SSP2 (nicknamed “Middle of the Road”)
is close to our trend scenario and among the SSPs is a scenario with medium population growth and
low-medium per-capita-GDP growth (2.37%). There are two scenarios with low population growth:
SSP5 (“Conventional Development”), which is associated to a high per-capita-GDP growth rate averaging
3.1% over the period, and SSP1 (“Sustainability”), with a medium growth rate of 2.7%. The scenario
SSP3 (“Fragmentation”) assumes high population growth, from low- and middle-income countries, and
low per-capita-GDP growth rates, with a world average of 1.76%. Finally, SSP4 (“Inequality”) features
medium growth in population (but high in low-income countries) and in per capita GDP (2.42%).
Figure 3 depicts the variations in changes to food demand associated with these plausible alternative
futures (decomposition into population and income effects provided in table S8 in the online appendix).
The results differ significantly between scenarios, with increased demand for calories from all foods
ranging between 33% and 49%. At the 2050 horizon, the uncertainty over projections is much lower for
population than for GDP. However, most of the uncertainty about population growth is concentrated in
lower-middle-income and low-income countries, which currently are in the early phases of the nutrition
transition. Consequently, the population effect explains most of the differences in total food demand
across scenarios, with the income effect more important for explaining the reallocation among food groups.
Except for some cases, the alternative projections present the patterns described for the trend projection.
In particular, despite large variations in the growth rates, the result that total final demand for food is more
driven by population growth than by income growth holds across scenarios. Among the exceptions are
the starchy staples. Under two low-population-growth scenarios (SSP1 and SSP5), demand for starchy
staples is projected to decline rather than follow the 19% increase trend. The respective contributions
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of vegetal- and animal-based food in food demand growth are also subject to important uncertainty. In
a scenario of high income growth and low population growth (SSP5), demand for animal-based food
increases hugely, by 114%, while increased demand for vegetal-based food remains comparatively modest,
at 21%. A scenario of low income growth and high population growth (SSP3) favors higher demand for
vegetal-based food (+42%), although animal-based food demand continues to show the highest growth
(+81%).
SSP1 - Sustainability

0

50

100

SSP2 - Middle of the Road

0

50

100
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0

50

100

SSP4 - Inequality
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SSP5 - Conventional Development

0
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Food demand change (%)

Consumption bundle

Cereals, roots, and tubers

Pulses, nuts, and oilcrops

Oils and fats

Dairy and eggs

Animal-based

Sugar, sugar crops, and sweeteners

Vegetables and fruits

Meat and seafood

Vegetal-based

All food

Figure 3. Food demand change 2010 to 2050 for the five Shared Socioeconomic Pathways
We can compare our projections with those of previous studies. Food demand projections from
alternative sources differ in their base year, food groups, and macro or price assumptions, which makes
formal comparison problematic. Nevertheless, we can assess the similarities among general trends. Our
projections are in line with the most recent FAO projections (Alexandratos and Bruinsma, 2012): between
2005 and 2050, they project an increase of 54% for all food, 50% for vegetal-based food, and 76% for
animal-based food (reported in Valin et al., 2014). An important difference is related to the type of
calories consumed: we project a lower increase in calories from plants and a higher increase in calories
from animals. This difference might be related to the FAO’s assumption of low economic growth, which
is closer to our SSP3 scenario than to our trend estimate. Our SSP3 projections (+42% ± 4% and +81%
± 13%) are indeed very close to FAO’s ones (see figure 3 and table S8 in the online appendix for the
SSP3 projections). Though our projections agree broadly with those of the FAO, they are more discrepant
with the food demand projections from the economic models participating in the Agricultural Model
Intercomparison and Improvement Project (Valin et al., 2014). Under an SSP2 scenario, these models’
projected changes in demand for animal-based products tend to be similar to ours, but they predict much
larger demand increases for vegetal-based products. This outcome is likely explained by the fact that
negative income elasticities are the exception in most of these models, while decreased consumption of
starchy staples with income is a well-established stylized fact (Timmer et al., 1983; Cirera and Masset,
2010), known as Bennett’s law (Bennett, 1941), that emerges in our model beyond a threshold income
level. In addition, the specifications adopted in some of these models imply that food demand never
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reaches a saturation level and increases continually with income. Demand saturation is absent also from
the specification in Bodirsky et al. (2015) where food demand in Europe is predicted to exceed 3,800
kcal·capita−1 ·d−1 in 2050.
Demand saturation is important in our approach to avoid ever-increasing food demand with increasing
income, but its interpretation requires a comment. Demand saturation does not necessarily imply perfectly
stable diets in the future beyond a certain per capita income level. In recent decades, in the United States
and other developed countries, diets have changed, for example with decreased consumption of red meat
in favor of poultry meat. No links have been made between these changes and increased per capita income.
It is likely that a part of these changes is attributable to price changes and a part to shifts in preferences,
that is, shifts in demand functions, related potentially to health issues, demand for convenience, and other
concerns (Haley, 2001). These shifts in preferences are unlikely to be predictable, so in the context of
projecting future demand it would seem sensible to assume a stable diet. If we want to account for future
shifts, this could be done by acknowledging their uncertainty. Using longitudinal data, one could estimate
the probability distribution of past diet changes and use this distribution to make probabilistic projections
of food demand that account for possible changes.

Conclusion
This article has demonstrated how a demand system can be used to reproduce the most salient features
of the nutrition transition: diversification of diets away from starchy staples as per capita income
increases, and a shift toward other food groups, except pulses. As income grows, the most important
consumption increases are observed for animal-based products, followed, respectively, by fats, sweeteners,
and vegetables and fruits.
The estimated demand system is also useful to project the likely future of food demand. The main
results of our projections to 2050 are that (1) food demand will increase by 47%, representing less
than half of the growth experienced in the four decades before 2010; (2) this growth will come mainly
from developing countries because, in high-income countries, food demand is already at high per capita
levels and population growth will be low; (3) growth in starchy staples will be small at 19%, supported
by population increases because per capita consumption is predicted to decrease while demand for
animal-based food will double increasing the global share of animal-based calories from 17% in 2010 to
23% in 2050; and (4) these projections present large uncertainties that are neglected in related studies:
under alternative plausible futures for GDP and population, demand for animal-based calories increases
between 74% and 114%.
This work is a first methodological step toward capturing in an economic model the main features of
the nutrition transition. However, some of its weaknesses must be noted to understand the limitations of
the forecasts it produces, as well as the possible improvements. Two main caveats must be mentioned.
One is related to the fact that it is based on a cross-sectional analysis. The nutrition transition is a dynamic
concept describing how diets evolve with per capita income. But since for most countries, longitudinal
data on food consumption spanning very different income levels are not available, working on this subject
often involves combining cross-sectional and longitudinal information (e.g., Drewnowski and Popkin,
1997). In the present article, the cross-sectional dimension is essential because it allows us to predict the
future consumption of currently poor countries based on the current consumption of richer countries.
Adding the longitudinal dimension would be a challenging econometric task because of the nonlinearity
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of the model. Without the longitudinal dimension, a common demand system for food must be used
for all countries. The model captures the global pattern of the nutrition transition correctly, but there
is significant heterogeneity among national diets that is not accounted for. For similar high levels of
income, there are countries such as France and the United States, with respective daily food demand of
3,449 and 3,374 kcal·capita−1 ·d−1 , and countries such as Japan and Spain, with respective daily food
demand of 2,535 and 2,996 kcal·capita−1 ·d−1 . There are comparable differences among poorer countries.
Part of the large differences in consumption among rich countries likely stems from cultural preferences,
which we are forced to neglect in a cross-sectional analysis. Another implicit assumption related to the
cross-sectional analysis is that the speed of diet convergence observed across countries is the same as the
one observed across time for a given country. While we do not have evidence of the contrary, this is a
source of potential biasedness that should be kept in mind.
Another caveat is that we do not account for reallocation within food groups. For example, consumption
of starchy staples decreases with income beyond a certain income level, but for some cereals and tubers,
consumption may decrease less than for the others or might even increase with income. Economic growth
is accompanied by urbanization, and modern retailing and food distribution, which have major impacts on
food consumption. Roots and tubers, which are produced only locally and are difficult to trade and store,
will be consumed less by urban and wealthier populations compared with potatoes, which are generally
traded and easily processed. This trend applies also to coarse grains such as millet and sorghum, which
tend to be substituted by rice and wheat as income increases. We chose food groups to achieve consistent
relationships between demand and per capita income, and thus our neglect of within-group reallocation
should not affect our conclusions. However, an interesting extension to this research would be to capture
this reallocation by including multistage budgeting in our demand system.
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