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This study investigates the cost of increasing production diversity for a livestock producer who 

minimizes the cost of supplying nutrients to animals, a problem comparable to the “diet problem”. 

Although researchers have extensively studied the benefits of diversity, the explicit cost of diversity 

remains understudied. Our approach combines a nonlinear programming model and a cross-entropy 

measure using an index for diversity proposed by Henri Theil that incorporates observed commodity 

mixes and a uniform prior based on information theory. The diversity index is comparable across 

countries. We provide an example from all 135 countries across the globe where feed rations for beef 

cattle contain cereal grains, considering prices with and without climate change. The marginal cost of an 

extra unit of diversity in the observed feed ration ranges across countries from $4 to $158 (average 

$25), compared to an average total production cost of $220 per ton of cereal grain. The marginal cost of 

diversity is lower in higher income countries than lower income countries. Changing the diversity index 

that we developed for different contexts, such as a count index for human dietary diversity, would mean 

researchers could apply our approach to the diet problem for humans. 
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1. Introduction 

Livestock producers seek to feed animals nutrient-adequate diets at minimum cost, using a mix of feeds. 

Many observed livestock feeding systems involve a mix of commodities and producers seek a degree of 

diversity in animal diets.1 The problem of finding a least-cost mix of diverse feeds is analogous to the 

famous “diet problem” (Stigler, 1945)—the search for a least-cost diet that meets the nutritional needs 

of a person. The standard approach in diet problem programming models is that the cost-minimization 

solution reveals a level of diversity by setting minimum intakes for nutrients as constraints. Inevitably 

the solution requires a range of foods or feeds to meet the constraints at least cost. In this study, we 

develop a nonlinear programming model that starts from the diet problem literature to describe a 

livestock producer problem and consider different approaches to account for diversity in the model. We 

quantify how increases in production diversity affect production costs for a livestock producer who 

supplies, at least cost, a minimum quantity of nutrients to animals.2 The interest in diversity for livestock 

producers differs from the desire of consumers to consume a diverse mix of foods. 

Human consumers value diversity in the food commodities they consume (discussed in Section 

2), often reflected in model solutions by imposing diets that reflect consumer desires for mixes of food 

commodities. For livestock producers, the desire for diversity is related to issues of costs and managing 

production and price risk management, especially given climate change. Although livestock producers 

may value feeding a diverse mix of feeds to livestock, animals appear indifferent to having a diverse diet 

or not, in contrast to humans. We account for the motivation for livestock producers in our model, using 

                                                           
1 The word commodity refers to a cereal grain destined for livestock consumption. 
2 In our study, production diversity refers to the richness and evenness of the inputs or activities in a supply chain 
or production system. Examples include, the number of grain crops used as input into the production of a livestock 
feed ration or the number of crop and livestock activities on a mixed farm. Richness refers to the number of items 
in a system and evenness refers to how uniformly the output of the system is distributed among different items. 
The word diversity refers to production diversity, unless noted otherwise, for example, dietary diversity.  
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a different measure of diversity that reflects their concerns, compared to the usual approach in models 

of human diets.  

Although researchers have extensively studied the benefits of diversity in agricultural 

production systems (examples provided in Section 2), the cost of achieving diversity remains 

understudied. Our approach to introducing a new measure of diversity as a constraint in the minimum-

cost diet model provides a framework for estimating the average and marginal costs to producers of 

achieving different levels of diversity in their feeding systems. From the diet problem literature, we are 

unaware of any study that explicitly calculates the cost associated with changes in, rather than meeting, 

a minimum level of diversity, all subject to a minimum production quantity (nutrients in a livestock feed 

ration in our study). Our study contributes to the literature on least-cost diets and nutrient supplies by 

embedding into a nonlinear programming model an approach to calculate the cost of increasing 

diversity using a modified version of the Theil Index. The cost of diversity is important to quantify 

because although diversity is of value in many contexts, it comes at a cost and we explicitly calculate this 

cost using an approach that allows for inter-country cost comparisons. We do not constrain the 

commodities in our model to fall within a specific range, instead we create an index that places 

constraints on the level of diversity in the feed ration, thereby given a nonlinear problem.  

In the next section, we describe a livestock producer problem and discuss how the diversity 

preferences of producers may differ from consumers. We then present our cost-minimizing, livestock-

producer nonlinear programming model and implement it with data on the cereal grain component of 

beef cattle feed rations in 135 countries. We compare two indices of diversity applied to feeds and use 

the model to generate the marginal and total costs of achieving different levels of diversity. Finally, we 

discuss how researchers could adapt our model to quantifying the marginal cost of diversity in human 

diets, which would involve reference diets designed by nutritionists that reflect desired diversity levels.  
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2. Livestock producer problem 

Livestock feed is an important cost for livestock producers (Suh and Moss, 2017; Uyeh et al., 2018) and 

the search for minimizing the cost of feed rations is an ongoing challenge for livestock producers in a 

rapidly changing world. Weather variability, possible climate change, and changes in environmental and 

trade policies influence feed prices (Rae and Zhang, 2009; Helin, 2014; Suh and Moss, 2017; Kelley et al., 

2015). These price changes may have a profound influence on producer choice of the composition of 

feed rations and hence livestock production. Over time livestock feed rations have shifted towards 

including more grains (Naylor et al., 2005), and this trend is expected to continue (Havlík et al., 2014). 

Producers in the livestock sector, such as farmers, feedlot managers, and feed manufacturers often 

attempt to minimize the cost of producing a predetermined output (Tauer, 1995; Naylor et al., 2005). 

Here the producer chooses a set of commodities that minimizes the cost of supplying nutrients to either 

an animal or as an intermediate good, such as a bag of feed concentrate. Mathematically, this choice 

problem is like the much-studied diet problem for humans. 

An enduring literature has applied mathematical programming models to identify least-cost 

diets consistent with dietary standards for both humans and livestock. Researchers have solved the diet 

problem mostly as a linear programming model, with the simplest model minimizing cost subject to 

nutrient constraints. The simple model generates solution diets that are unrepresentative of actual 

diets, unless the model is over constrained.3 Naturally people consider factors beyond cost in their 

dietary choices. The taste, appearance, cultural, or esthetic value of food, and the health and 

environmental consequences of food consumption, can also influence dietary choices, and hence 

dietary diversity (Bassi, 1976; Sato et al., 2016; Johnston et al., 2014). Linear programming models have 

traditionally been constrained to produce more realistic diets by adding upper and lower bounds on 

                                                           
3 Studies examining the diet problem for humans abound (Allen, 2017; Lancaster, 1992; Dantzig, 1990; Springmann 
et al., 2018; Garille and Gass, 2001; Irz et al., 2016; Maillot et al., 2010; Bassi, 1976). As do studies on the diet 
problem for animals (White and Hall, 2017; Waugh, 1951; Fisher and Schruben, 1953; Moraes et al., 2015). 
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different nutrients or calories, or setting portion sizes (Maillot et al., 2009; van Dooren, 2018; O'Brien-

Place and Tomek, 1983).  

From the diet problem literature, “realistic” models deviate from the least-cost diets generated 

in simple programming models to give solutions with higher costs and more diverse diets for both 

humans and animals. Humans value dietary diversity for a variety of reasons, which include, within 

specific ranges, food diversity contributing to nutritional adequacy (Arimond and Ruel, 2004; Graham et 

al., 2007) and food security (Ruel, 2003), especially in developing countries.4 In the production and 

consumption of nutrients for livestock, the benefits of diversity not only go to the consumers, but also to 

the producers who supply the commodities. Production diversity can improve food security by providing 

functional redundancy (Herrero et al., 2017; Waha et al., 2018), helping manage on-farm risks (Pannell 

et al., 2000), and providing greater stability in supply chains (Kleindorfer and Saad, 2005; Du et al., 

2016). Despite these benefits we have only a limited understanding of the costs associated with 

increased production diversity.  

One approach to bringing diversity into the diet problem is to specify indices of diversity as 

constraints in a programming model. For humans, a desire for diversity is based on the utility function of 

consumers. Dixit and Stiglitz (1977) writes “The convexity of indifference surfaces of a conventional 

utility function defined over the quantities of all potential commodities already embodies the 

desirability of variety.”, here variety implies diversity. For livestock, producers of feed rations care more 

about production diversity within their enterprises than whether the animal prefers consuming a more 

diverse feed ration. Appropriate measures of desirable diet diversity will differ for the two cases. For 

example, a standard measure of dietary diversity for humans is to count the number of foods or food 

groups consumed over a recall period (Ruel, 2003). Masters et al. (2018) developed price indices to track 

                                                           
4 Although consensus exists that dietary diversity is one component of a healthy diet (Ruel, 2003), the link between 
dietary diversity and metabolic health remains an open question (de Oliveira Otto et al., 2015; Gicevic et al., 2018). 
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the cost of achieving a minimum level of dietary diversity over time for humans, based on consuming at 

least five different food groups.5 If a human consumes any amount of each food or food group from the 

available options, then the consumer achieves maximum diversity. However, this approach does not 

provide any information about the distribution of individual foods consumed. A diversity index based on 

a count of commodities in the diet seems less relevant for livestock producers, where commodity shares 

in the feed ration seem more relevant because shares account for the distribution of individual 

commodities in the ration.  

Researchers have used several indices based on continuous variables for capturing different 

types of diversity including: the Simpson’s Index, the Shannon Index, and the Herfindahl-Hirschman 

Index.6 Some of these indices have been applied to examine diversity in the supply of nutrients (Remans 

et al., 2014; Herrero et al., 2017). Another index is the entropy-based Theil Index, which is considered 

one measure of diversity. Theil (1967) was one of the first to introduce the idea of entropy to the social 

sciences as an index for diversity. And the use of entropy measures have since been applied to examine 

the economics of ecological diversity (Weitzman, 2000). Researchers have applied versions of the Theil 

Index to examine agricultural productivity (Mukherjee and Kuroda, 2003; Fan and Xiaobo, 2002) and 

income inequality (Finger and El Benni, 2014). We develop a diversity index based on the Theil Index, 

and parametrically add a diversity constraint using the index into our least-cost producer programming 

problem that is analogous to the diet problem. The producer is indifferent to the specific commodities in 

the commodity mix, with commodity choices driven by the cost per unit of nutrient supplied.7 

                                                           
5 The count index of foods or food groups consumed could be accommodated in an integer programming model. 
6 Researchers have used the Simpson’s Index and Shannon Index to examine farm production diversity (Jones et 
al., 2014; Herrero et al., 2017). 
7 If we know about preferences for different commodities beyond the cost per unit of nutrient supplied, these 
could be incorporated into a programming model. 
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3. Methods 

 

This section outlines the model and its application. 

 

2.1 Model 
Consider an agricultural producer who supplies a specific quantity of nutrients to a consumer. This 

producer could be a manufacturer of a livestock feed ration like Cargill who purchases commodities as 

inputs into their production process on current and futures markets, and the consumer could be a 

feedlot manager who buys the feed ration to then feed it to their cattle. The feed ration in our study 

corresponds to a target quantity of nutrients that livestock eventually consume. Feeds can be classified 

into four commonly observed types: 1) grain, usually fed as concentrates, 2) grass and silage, 3) 

occasional feeds, and 4) stovers (fibrous crop residues) (Herrero et al., 2013). A feed ration can include 

multiple commodities from one or more than one of the four types. More details on the producer and 

consumer are in Section 2.2. The producer aims minimize production costs. The consumer has 

information on the quantity of nutrients in the product, such as on a label for a bag of livestock feed or 

nutrition facts labels found on packaged foods. The producer has a choice of input commodities (c) to 

combine to produce a final product. We called the combination of commodities in the product the 

commodity mix and it is the physical quantity of commodities in the product. For example, the 

commodity mixes of a one-ton feed ration could be three different feeds such as grass, corn silage, and 

wheat grain, each that may have different quantities contributing to the ton. Equation (1) specifies the 

producer’s objective function. 

In equation (1), Z is the monetary cost of a commodity mix ($), pc, is the country-specific price of 

commodity c ($ kg), xc is the quantity of the commodity (kg), and C is the total number of commodities 

available to combine to produce the commodity mix. The producer aims to minimize production costs 

1
Z =                                                                                                                                            (1)

C

c c
c

p x
=
∑
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subject to the nutrient content of the commodity mix being at least equal to the listed nutrient content 

of the commodity mix (equation 2). In our model, production costs only relate to the purchasing of 

commodities to achieve a specific nutrient content at least cost, this simplification implies in our model 

that other costs related to, for example, labor, capital, or energy do not change if the commodity mix 

changes. Equation (2) specifies the minimum nutrient content of the commodity mix required (b), where 

ant,c is the content of the Nth nutrient nt in commodity c. Equation (3) ensures non-negative quantities of 

each commodity.  

,
1

, 1,...,                                                                                                                   (2)
C

nt c c nt
c

nt Na x b
=

=≥∑  

0, 1,..., .                                                                                                                                 (3)c c Cx ≥ =  

To calculate the level of diversity in the commodity mix, we first calculate commodity shares 

that can range from zero to one. Equation (4) calculates the share (s) of each commodity in the 

commodity mix, where cs  is the share of the Cth commodity in the total commodity mix. Shares sum to 

one (equation 5). Our study considers diversity for a producer or supplier of nutrients, as opposed to the 

consumer of nutrients and their diets. 

1

(4)                                                                                                                               c
c C

c
c

xs
x

=

=

∑
  

1
1                                                                                                                                   (5)

C

c
c

s
=

=∑  

For diversity we considered equal shares of all available commodities in a commodity mix as 

representing the greatest amount of diversity. We developed a diversity index on the basis of the 

Kullback-Leibler cross entropy (CE) divergence of a commodity mix from a specified prior commodity 
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mix.8 Equation (6) calculates the divergence between the shares in a given commodity mix and a prior 

commodity mix where spc is our prior of commodity c in the commodity mix (total commodities C). We 

set our prior (spc) as the most diverse commodity mix possible taking into consideration observed 

shares, therefore creating a benchmark for calculating the cost of diversity. We also incorporated 

information on observed commodity mixes into a diversity index since observed commodity mixes 

contain relevant information. Our prior depends on initial observed commodity shares and uniform 

commodity shares. However, since observed shares of zero may exist, we adjust our prior to become a 

weighted average of the observed shares and a uniform distribution of shares (i.e., if a commodity mix 

has five commodities the uniform share is 0.2, 0.2 × 5 =1), where the observed shares and uniform 

shares have equal weight. This means new commodities can enter the commodity mix, but we still 

retain a pull of the observed shares on the commodity mix. A concern exists if some commodities have a 

zero share because a prior of zero combined with a positive share produces a logarithm value in the CE 

of infinity. Our approach of combining observed and uniform shares avoids this concern of zero shares. 

Equation (6) is a measure of CE (Golan et al., 1996), i.e., the divergence between shares and our prior. 

( )
2

1 1

1min  ( , )  ln                                                           (6)
C C

c
c c cs c cc c

s
CE s sp s s sp

sp sp= =

 
= ≈ − 

 
∑ ∑  

To convert the CE divergence measure into a diversity index we define a scaled divergence 

measure in the domain zero to one called a Theil Unit of Diversity (TUD) index (equation 7). The closer 

the TUD Index is to zero the less diverse the commodity mix and the closer TUD Index is to one the more 

diverse the commodity mix. 

1                                                                                                             (7)CETUD
CEMax

 = −  
 

 

                                                           
8 The “prior” refers to our initial beliefs about the composition of the most diverse commodity mix. 
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In equation (7), CEMax is the maximum CE divergence measure for a specific commodity mix in a 

specific country, calculated using an optimization program that maximizes the CE divergence subject to 

the commodity shares in a specific country being non-negative and summing to one. Each country has a 

different number of commodities in its observed commodity mix and this effects the value for the 

uniform prior and hence the CEMax. The TUD Index equals zero if the commodity mix has the highest CE 

divergence from our prior and equals one if the commodity mix generates a zero value of CE divergence. 

A value of one is the most diverse commodity mix using the TUD index, but this does not necessarily 

mean that individual commodity shares are the same as in our prior, only that the CE divergence 

measure is zero. We can find the CE divergence of shares from our prior under pure cost minimization 

by minimizing Z in equation (1) subject to equations (2) to (5), and then calculating the CE and diversity 

index using equations (6) and (7). This provides the unconstrained least-cost commodity mix that 

produces the observed quantity of nutrients, and its associated commodity shares and production cost. 

We used a version of Theil’s inequality Index to calculate diversity because the index is 

consistent with using shares, is increasing in diversity (i.e., higher values imply greater diversity), and it 

allows us to incorporate observed data into the prior. Many other indices for diversity exist such as the 

Simpson’s Index (Simpson, 1949) or the Shannon diversity index. The Simpson’s Index has been applied 

to examine agricultural diversity (Jones et al., 2014). Equation (8) defines the Simpson’s Index (SI), using 

the previously defined symbols. The Simpson’s Index is bounded between zero and one. A Simpson’s 

Index value of zero indicates the commodity mix includes only one commodity. The upper limit of the 

index is 11
C

 −  
 

. We also calculated the Simpson’s Index to illustrate how it compared to our diversity 

index, the Theil Unit of Diversity (TUD) Index, which combines observed commodity shares and the 

uniform shares. The approximation of the Theil Index in equation (6) and the Simpson’s Index in 

equation (8) both contain a squared term. 
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C
2=1                                                                                                                               (8)cSI s−∑  

To calculate the cost of diversity equation (9) reduces the simulated CE and therefore increases 

our diversity index (TUD). The model constrains the TUD in sequential steps (L) of 1, starting from 0 and 

ending at 10. When L = 0 the CE is at its maximum value, i.e., the value in the unconstrained simulation, 

and when L = 10 the CE is 0 and diversity is greatest using our prior (TUD = 1). Lλ equals the change in 

production costs associated with a unit increase in TUD, i.e., the marginal cost of a unit of TUD. 

10

0
0.10       ( )                                                                                                 (9)L L

L
TUD L λ

=

≥ ×∑  

We use a simulation approach to solve equations (1) to (9) for different levels of our diversity index and 

different commodity prices based on no climate change and climate change (described in Application 

section). We applied our model to livestock feed rations, as documented below. 

2.2 Application 
 

The approach documented has many applications related to agricultural production, such as the mix of 

enterprises on a farm or the composition of livestock feed rations. Our study applied the approach to 

feed rations for beef cattle focusing on grains. Grains are one of the four categories that livestock feeds 

are commonly classified into (Herrero et al., 2013), and grains are also commonly referred to as energy 

feeds (Kellems and Church, 2002). Data for our application came from a global dataset that reported the 

composition of livestock feed rations in 2000 (Herrero et al., 2013). We simulated production costs for 

different levels of TUD for all 135 countries in our dataset that had positive quantities of cereal grains in 

energy feed category for beef cattle. This dataset is disaggregated by livestock species and country. We 

extracted from the dataset the commodity mixes of grains, for a standard unit of livestock across the 
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globe by country for beef cattle.9 These data provided the share of each commodity in a feed ration. The 

commodities we considered were cereal grains that included barley, maize, millet, sorghum, rice, and 

wheat. The nutrient content of each grain was extracted from INRA et al. (2017). The model considered 

10 nutrients in, i.e., the nt in equation (2): (crude) protein, calcium, phosphorus, potassium, sodium, 

magnesium, manganese, zinc, copper, and iron. Equation (2) also included gross energy, although gross 

energy is not technically a nutrient, providing adequate energy is essential for livestock.  

A wide range of livestock feeding systems exist across the globe for beef cattle, ranging from mixed 

farms that include the occasional supplementary feeding of grains to intensive feedlots based on pre-

mixed rations. Because of the range of feeding systems across the globe our model has two distinct 

types of producers and consumers. First, a producer is a feed manufacturer that combines different 

grains to produce a feed ration that can be purchased by a consumer such as a feedlot manager or a 

livestock producer. A second type of producer is a livestock producer who seeks to acquire (whether 

through own production or purchased in informal or semiformal markets or both) a mix of individual 

grains for their beef cattle to consume. The first example may be more relevant to developed countries 

and the second more relevant to developing countries. For example, in developing countries mixed 

farmers often grow a diverse mix of grains, some of which farmers directly feed to livestock; however, in 

developed countries, producers often provide pre-mixed rations to supplement cattle diets on mixed 

farms or feedlots purchase cattle that then consume pre-mixed rations. Overall, a variety of producers 

and consumers related to feed rations exist across the globe. 

Our application focused on scenarios for different levels of diversity and the associated cost of 

producing one ton of an energy feed for, the commodity mixes of the ton, and the cost of changing the 

                                                           
9 The study uses the Tropical Livestock Unit as a standard unit of livestock, which is commonly taken to be an 

animal of 250 kg liveweight (Jahnke, 1982). 
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diversity of the ton. The observed shares reported in Herrero et al. (2013) are considered our “base 

data” and contain information on observed diversity and production costs, ex-ante to any scenario 

modelling. The model simulated several scenarios (Table 1), and in each scenario calculated five 

indicators: 

1. Theil Unit of Diversity (TUD) Index (unitless, domain of 0 to 1), our index for diversity, 

2. Simpson’s Index (unitless, domain of 0 to 1), a diversity index,  

3. total production cost ($ ton−1), the total cost to produce or supply the ton of cereal grains in the 
energy feed mix of beef cattle feed rations, 

4. marginal production cost ($ TUD−1), the increase in total production cost for a unit increase in 
the TUD, and 

5. the share of each cereal grain in the commodity mix (domain of 0 to 1). 

 

The scenarios in Table 1 represented a range of diversity levels calculated using our Theil Unit of 

Diversity (TUD) Index. One part of our diversity index is the number of commodities in the commodity 

mix, and we reported these numbers. Having a range of production costs and TUDs, we then estimated 

a Legendre polynomial function, which is a sequence of orthogonal polynomials, with production costs 

as the dependent variable and a scaled (domain of −1 to 1) version of the TUD as the explanatory 

variable (the polynomials). The estimation used a 3rd order polynomial. A similar statistical fit was 

obtained with a 4th order polynomial on the basis of the coefficient of determination, Bayesian 

information criterion, and Akaike information criterion. We estimated the polynomial within the domain 

of applicability of the Base data across all countries, i.e., we estimated a polynomial function in each 

country between the minimum and maximum TUD across all countries. The observed maximum TUD 

across all countries was 0.858. 
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Table 1. Scenarios analyzed 

Scenario label Scenario description 
Base data Cereal grains in energy feed part of feed ration reported in Herrero et al. (2013), 

this is the observed commodity mix. 
Sim base Least-cost commodity mix that has same value of diversity index as in Base data. 
Sim uncons Least-cost commodity mix that has no constraint on the diversity index, i.e., pure 

cost minimization that is unconstrained. 
Sim ≥ N Least-cost commodity mix that has a diversity index of at least N, where N starts 

at 0.1 and increases by 0.1 each time, i.e., 9 scenarios starting with Sim ≥ 0.1 and 
ending in Sim ≥ 0.9. 

Prior Most diverse commodity mix using uniform shares and observed shares  
Note: diversity index is our Theil Unit of Diversity (TUD) Index. 

 

We focused on cereal grains mainly because market prices are available for these grains. In 

contrast, other categories of livestock feed rations, such as grasses or stover, are rarely traded in formal 

markets and therefore market prices for them seldom exist. In addition, livestock consume 

approximately one third of global cereal grain production (Mottet et al., 2017), so feeding cereal grains 

to livestock has implications for debates on human food and livestock feed, moreover cereal grains 

contribute 13 percent to global livestock feed rations (Mottet et al., 2017). The application considered 

beef cattle because cattle are the livestock species that consume the largest share of cereal grain 

production across the globe (Mottet et al., 2017), although the diet of monogastrics is proportionally 

made up of more cereals than ruminants because monogastrics can be fed almost exclusively grains. 

Given the complexity of monitoring livestock feed rations, the global dataset included some 

unknown cereal grains, which we labelled “other“. Since the nutrient content of these “other“ cereal 

grains are unknown we assigned them the average nutrient content of major cereal grains not included 

in the Base data. In our study, “other“  represented a composite of cereal grains that included oats and 

rye, along with pseudocereals such as buckwheat. We used the average price of oats and rye from the 

Organisation for Economic Co-operation and Development’s Agricultural Market Access Database 

(OECD, 2010) as a proxy price for “other”. The nutrient content of “ other“ was the weighted average of 
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oats and rye from INRA et al. (2017), the weight was related to the quantity of oats and rye fed to 

livestock in 2000 across the globe in the FAOSTAT Commodity Balances – Crop Primary Equivalent(FAO, 

2018), and was 18.7 million tons for oats 10.0 million tons for rye. 

We reported observed production costs and diversity for the commodity mixes by country 

income group, on the basis of the World Bank (2018) Country Group classification. This classification 

divides countries into groups based on Gross National Income per capita for financial year 2018. The 

four groups were: low income, lower-middle income, upper-middle income, and high income. To report 

our simulation results for production costs, diversity, and commodity mixes, we selected the country in 

each of the four groups with the most number of cattle in 2000 (FAO, 2018). We reported marginal costs 

for all countries. The four countries were: Ethiopia for low income, India for lower-middle income, Brazil 

for upper-middle income, and the United States for high income. In addition, the results section 

reported results for Mongolia and Niger. We selected Mongolia as it is the lower-middle income country 

that had the cattle contributing the most to its agriculture GDP, and it is in a temperate region of the 

world. We selected Niger for several reasons. It is the low income country with the largest contribution 

from cattle to its agriculture GDP. It is in an arid tropical region of the world. Finally, Niger’s commodity 

mix is millet focused, rather than maize focused. The six countries selected for reporting covered a range 

of climates: Ethiopia, Brazil, India, and Niger have more of their total land mass in tropical climates than 

temperate climates, with the United States and Mongolia having more of their total land mass in 

temperate climates than tropical climates. These temperate and tropical climate groups are based on 

global agro-ecological zones (Fischer et al., 2002). 

We ran our simulations for two series of country-specific cereal grain prices. First, for constant 

2005 $ (purchasing power parity adjusted) and second for prices under climate change in 2050. In both 

price series the country-specific prices are inclusive of any country-specific tariffs, producer support 

estimates, and marketing margins (Robinson et al., 2015). Both price series were taken directly from 
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results reported in Wiebe et al. (2015) that used the International Model for Policy Analysis of 

Agricultural Commodities and Trade. The prices under climate change were calculated using shared 

socioeconomic pathway 2 (SSP2) (O’Neill et al., 2014), a moderate emissions pathway of RCP 6.0 (van 

Vuuren et al., 2011), and using climate input data from the HadGEM2-ES general circulation model 

(Jones et al., 2011). Table 2 reports the prices in the six countries we reported results for. 

Table 2. Cereal grain prices used in six countries 

Country Climate 
change 

Barley Maize Millet Other Rice Sorghum Wheat 

  ($ ton-1)  
Brazil No 216 185 346 179 637 175 207 
Brazil Yes 260 266 479 211 962 282 307 
Ethiopia No 249 214 399 207 839 202 239 
Ethiopia Yes 300 307 552 244 1266 326 355 
India No 216 185 346 179 637 175 207 
India Yes 260 266 479 211 962 282 307 
Mongolia No 216 185 346 179 637 136 207 
Mongolia Yes 260 266 479 211 962 219 307 
Niger No 249 214 399 207 839 202 239 
Niger Yes 300 307 552 244 1266 326 355 
United States  No 199 171 319 165 537 161 191 
United States  Yes 240 246 442 195 810 260 284 

Note: Prices reported for countries we report simulation results for and are taken directly from Wiebe et al. (2015). 
All prices are inclusive of country-specific tariffs, producer support estimates, and marketing margins (Robinson et 
al., 2015). In the 2nd column No indicates prices are for no climate change and in constant 2005 $ (purchasing 
power parity adjusted) and Yes indicates prices are climate change-induced prices in 2050 using shared 
socioeconomic pathway 2 (SSP2), a moderate emissions pathway of RCP 6.0, and using climate input data from the 
HadGEM2-ES general circulation model. 
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4. Results 

Table 3 reports the observed total cost of producing one ton of the commodity mix. Costs were higher in 

low-income countries and are also more variable. The average cost across the 26 high-income countries 

was $190 ton−1 and ranged from $172 ton−1 in the United States to $229 ton−1 in Saudi Arabia. Costs 

were higher in lower income countries, with the average cost across the 27 low-income countries being 

$285 ton−1, ranging from $176 ton−1 in Haiti to $781 ton−1 in Madagascar. Variability, calculated as the 

coefficient of variation (CV), across the countries within an income group was higher in lower income 

countries; the CV was 0.07 in the high-income countries and was 0.48 in the low-income countries. The 

diversity of commodity mixes, calculated using the TUD, was higher in higher income counties (Table 2) 

than in low-, low middle-, and upper middle-income countries. The average TUD was 0.7 in high-income 

countries and 0.39 in low-income countries, and 0.48 in lower middle- and upper middle-income 

countries. Our index of diversity closely followed the Simpson’s Index (Figure 1), since both indices use 

data on shares. The number of cereal grains in each commodity mix, in general, increased as incomes 

increased, and averaged 3.04 in low-income countries, 4.17 in lower middle-income countries and 6.38 

in high-income countries. As the TUD increased, so did the number of commodities in the commodity 

mix. 
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Table 3. Summary Statistics 

Item Country income group Average Minimum Maximum CV 
Production cost Low 285 176 781 0.48 
 Lower middle 259 178 626 0.41 
 Upper middle 213 171 514 0.26 
 High 190 172 229 0.07 
      
Number of grains Low 3.04 1 7 0.45 
 Lower middle 4.17 1 7 0.41 
 Upper middle 5.47 2 7 0.25 
 High 6.38 4 7 0.12 
      
Theil Unit of Diversity (TUD) Index Low 0.39 0 0.84 0.69 
 Lower middle 0.48 0 0.83 0.48 
 Upper middle 0.49 0.03 0.83 0.5 
 High 0.7 0.31 0.86 0.21 
      
Simpson's Index Low 0.29 0 0.66 0.81 
 Lower middle 0.37 0 0.7 0.56 
 Upper middle 0.36 0.01 0.69 0.64 
 High 0.56 0.14 0.73 0.29 

Note: Higher values of diversity (TUD) indicate a more diverse commodity mix. Country income group is from the 
World Bank Country Group classification that groups countries by Gross National Income per person for financial 
year 2018. Sample size by country income groups: low income 27, lower middle 46, upper middle 36, and high 26. 
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Figure 1: Association between two diversity indices for observed data. 

Note: Observed data are based on the commodity mix of cereal grains in the energy feed category of beef cattle 
feed rations in specific countries, using data reported in Herrero et al. (2013). Country income group is from the 
World Bank Country Group classification that groups countries by Gross National Income per person for financial 
year 2018. 

 

Figure 2 reports the production costs for different observed and simulated levels of diversity. 

The red crosses represent observed costs of production, at this cost and commodity mix the figure 

reports the corresponding TUD on the horizontal axis. For this level of diversity in the Base data 

scenario, the model simulated the least-cost commodity mix that supplied the quantity of nutrients in 

the Base data (i.e., satisfies equation 2). These simulated least-cost commodity mixes (black crosses) had 

a lower cost than the cost using the Base data. The cost saving differed by country, for example Brazil 

could reduce production costs by 2.5 percent (red cross versus black cross), while maintaining the 

observed level of diversity, but India could reduce costs by 31 percent. The black circles in Figure 2 are 

simulated combinations of production costs and diversity, each combination is a least-cost, commodity 

mix that has the same nutrient content as the Base data scenario. The blue horizontal line is the 

unconstrained simulated least-cost commodity mix. We only reported the simulated costs when the 
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diversity constraint is binding. In some countries, diversity, calculated as TUD, was already high, so low 

levels of TUD are not binding and have increases in TUD that do not increase costs until the constraint 

on diversity becomes binding. As diversity increases costs also rose, although the shape of the cost 

curves differed by country. These different shapes resulted in different marginal costs at the diversity 

value calculated in the Base data. 

 

Figure 2: Simulated production cost for different levels of diversity. 

Note: Production cost is the least-cost for producing a commodity mix of one ton of cereal grains for beef cattle. 
Higher values of TUD indicate a more diverse commodity mix. Dotted line is the predicted values for the 3rd degree 
Legendre Polynomial, fitted within the bounds of the minimum and maximum TUD across all countries. 
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Figure 3 reports the marginal cost of an extra unit of TUD, i.e., the increase in total production 

cost per ton for a unit increase in the TUD Index. These marginal costs are reported by income group. 

Across the countries, the marginal cost ranged from close to zero to over $150 ton−1, suggesting it is 

cheaper to increase diversity in some countries relative to others. For example, results suggest it costs 

less to increase diversity in higher income countries compared with lower income countries. 

 

Figure 3: Marginal cost of increasing diversity from the diversity level at the Base data by country income group. 

Note: TUD is a Theil Unit of Diversity. Country code is the United Nations alpha-3 codes of country names (UN, 
2017). Country income group is from the World Bank Country Group classification that groups countries by Gross 
National Income per capita for financial year 2018. Base data are the commodity mix of cereal grains in the energy 
feed category of beef cattle feed rations in specific countries, using data reported in Herrero et al. (2013). 
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Figure 4 reports the share of each cereal grain in the one ton of the commodity mix for six 

countries. Results include the commodity shares for the scenarios listed in Table 1, and these 

correspond to a range of diversity levels. This includes the Base data (labeled Base data), the simulated 

shares at the Base data (labeled Sim base), shares at the prior (labeled Prior). The prior is the most 

diverse commodity mix in our study. Shares for the unconstrained simulation were the level of diversity 

that had no restriction on diversity (labeled Sim uncons) and then for the simulations with different 

minimum values of the TUD, for example the label Sim ≥ 0.7 reports the commodity mix when we 

constrained the TUD to being greater than or equal to 0.7. We sorted the stacked bars in ascending 

order of the TUD from left to right. The TUD equals one at our prior. The two stacked bars Base data and 

Sim base are always adjacent as they have the same TUD. Even though the TUDs are equal in these two 

stacked bars, the commodity mixes differ, since Sim base is a least-cost simulated mix and Base data is 

the observed data. 

As the TUD in Figure 4 increased the commodity mix changed to converge closer to the 

commodity mix at the prior than at the Base data. The six countries all had different diversity in the Base 

data as seen by the Base data stacked bar being in a different position for each country. Maize 

dominated the commodity mixes in Ethiopia, Brazil, and the United States, India has the most diverse 

Base data commodity mix with more wheat and rice in the mix than other countries. Starting with the 

unconstrained simulation, as the level of diversity increased Brazil and the United States reduced the 

share of sorghum and other, and increased maize. Mongolia and Niger had stable commodity mixes, 

with only a slight change in commodity mix once the TUD was restricted to being over 0.8. 

Climate change influenced prices (Table 2) and this effected the simulated commodity mixes in 

the simulations that considered climate change (Table 4). In Brazil, Ethiopia, India, and the United 

States, climate change reduced the maize in the commodity mix and increased the “other“. In Niger, the 
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commodity mix remained millet dominated under climate change. The “other” cereal grain occupied a 

larger share of the commodity mix in the climate change scenario. 

 

Figure 4: Shares of cereal grain in the energy feed category of beef cattle feed rations by level of diversity (TUD 
Index) and country.  

Note: Base data are the observed shares calculated from Herrero et al. (2013), the TUD Index value at Base data is 
based on the divergence of observed shares from the Prior. The Prior is the most diverse feed ration and the 
shares at the Prior produce a TUD of 1. Sim base reports the simulated shares obtained when the TUD Index equals 
the TUD Index value in Base data. Sim uncons reports the shares when there is no constraint on the value of TUD. 
Sim ≥ 0.1 reports the simulated shares when the TUD Index is at least 0.1, up to Sim ≥ 0.9 being the simulated 
share when the TUD Index is at least 0.9. The order of the bar labels can differ by country as each country has 
different Base data and associated levels of diversity. 
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Table 4. Share of cereal grain in commodity mix 

Country Scenario Barley Maize Millet Other Rice Sorghum Wheat 
  (share)  
Brazil Base 0.01 0.93 0 0 0 0.05 0.01 
Brazil Change 0.08 −0.5 0 0.32 0 0.1 0 
Ethiopia Base 0 1 0 0 0 0 0 
Ethiopia Change 0.08 −0.59 0 0.38 0 0.12 0.01 
India Base 0.02 0.58 0.02 0 0.25 0.01 0.12 
India Change 0.09 −0.34 −0.01 0.22 −0.16 0.08 0.11 
Mongolia Base 0.1 0 0.43 0.14 0 0 0.33 
Mongolia Change 0.04 0 −0.03 0.15 0 0.02 −0.18 
Niger Base 0 0 0.79 0 0 0.21 0 
Niger Change 0 0 −0.02 0 0 0.02 0 
United States  Base 0.01 0.93 0 0.01 0 0.02 0.03 
United States  Change 0.08 −0.47 0 0.3 0 0.1 −0.01 

Note: Base is the share of each commodity in the Base data. Change is the absolute change from the Base data 
under a least-cost simulation for climate change (sim Base) that retains the same diversity level of the Base data. 
Prices for climate change are prices in 2050 using shared socioeconomic pathway 2 (SSP2), a moderate emissions 
pathway of RCP 6.0, and using climate input data from the HadGEM2-ES general circulation model. 

 

5. Discussion 

Using a biologically-consistent, spatially-disaggregated, dataset on feed rations and a nonlinear 

programming model we calculated the cost of changing diversity using the example of the commodity 

mix of energy feeds for beef cattle across the globe. Our analysis of the observed data in Herrero et al. 

(2013) highlighted the large inter-country variation in commodity mixes that are part of the energy feed 

category of beef cattle feed rations. This reinforces the findings of Mottet et al. (2017), who found, 

globally, livestock rations are diverse, with grains accounting for 13 percent of global feed rations by 

weight. Although grass and leaves (at 46 percent) dwarfed this 13 percent, our analysis showed that 

even within the grains category significant diversity existed in the feed ration. Some countries had only 

one or two cereal grains in their commodity mix or were heavily reliant on one cereal grain, providing a 

suggestive indicator of vulnerability to climate and economic shocks. This vulnerability finding reinforces 

earlier studies that have shown livestock producers often have little flexibility in adjusting their feed mix 

in response to an increase in price of a commodity that dominates feed rations, such as maize in the USA 

(Suh and Moss, 2017). We examined the number of commodities in actual feed rations, but there may 
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be other cereal grains available domestically in a specific country that are currently unused by the beef 

cattle feed sector. Having more commodities available in the domestic market that can substitute for 

commodities in the actual observed feed rations may help reduce vulnerability to shocks, but supply 

chains would still need to adjust to including new commodities. These adjustments may be less complex 

than if a country had to start importing grains or start producing new commodities. The analysis of 

vulnerability to shocks and its association with the number of commodities in the commodity mix 

compared to the number of commodities available on the domestic market is an area of future research. 

Our results implied that the cost of increasing diversity varied substantially by country and that 

tradeoffs between diversity and production costs differed by country. The shape of the simulated cost 

curves and the reported marginal costs provide the magnitude of the cost changes associated with 

changes in diversity. These results highlight where increasing production diversity in livestock feed 

rations may be financially cheaper, for example, marginal costs were lower in higher income counties 

than lower income countries. 

Previous scenario modelling of the possible effects of climate change on livestock feed rations, 

suggests that grain consumption may rise in the future and grass consumption may fall (Havlík et al., 

2014). Expected changes in demand for animal source foods suggest current projections of cereal grain 

production may be insufficient to meet future demands to feed livestock (Keyzer et al., 2005). We 

contributed to these studies by providing suggestive evidence of the composition of cereal grain 

commodity mixes under climate change. So, although grain consumption may rise in the future, we 

simulated the composition of grain diets with and without climate change. Shares of maize fell and the 

share of “other” increased in most of the reported countries. The “other” cereal grain mainly includes 

oats and rye and, globally, climate change is expected to have a less negative effect on the production 

and (hence prices) of these crops relative to maize. Farmers normally grow oats and rye at higher 

latitudes than maize, where climate change may, in some instances, increase the length of the crop 
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growing season. Our price data in Table 2 supported this less negative price effect where the increase in 

price under climate change is less for “other” compared with maize. Given that weather variability has 

been reported to be increasing (Thornton et al., 2014), diversity may become a more important risk 

management tool, and our explicit approach allows for the calculation of the cost of diversity. 

Several points for future research related to the economics of livestock feeding are data-

intensive but mathematically straightforward to execute. Other feed constraints, beyond total nutrients 

supplied often exist in specific livestock systems, for example nitrate poisoning can present a concern 

for livestock that consume large quantities of annual forage crops (compared with perennial forages). 

Our approach could accommodate this concern, plus other common feeding constraints for fiber, bulk 

intake, and palatability. In addition, if data were available on other costs that producers might incur if 

commodity mixes change, such as labor, capital, or energy, we could include these costs into the 

production costs. Our study focused only on cereal grains because price data were available; however, 

livestock also consume grass, forages, and stover, among others. An open question remains how to 

quantify the economic value (opportunity cost) for grass, forages, and stover that uses a coherent and 

globally-consistent method. Answering this question may advance the examination of the economics of 

livestock feeding. 

Our model could be adapted to estimating the marginal cost of achieving different levels of 

diversity in human diets. This would involve selecting reference diets that reflect the heterogeneity of 

consumer demands for food, taking into consideration factors such as nutritional guidelines, local eating 

habits, and cultural norms. These reference diets would have an implicit level of diversity and our 

modelling approach could illustrate how changes in current diets towards the reference diets would 

alter costs. This may have relevance for policy design that catalyzes changes in diets by calculating the 

explicit cost of dietary change. 
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6. Conclusions 

Agricultural economists have long investigated the benefits of diversity; however, there is no free lunch 

and greater diversity inevitably comes at a cost. This study presented an approach to calculate the cost 

of diversity and applied the approach to livestock feeds considering the cereal grain feed rations for beef 

cattle across the globe. Our main findings were that diversity existed within the grain component of feed 

rations, the cost of increasing diversity varied by country, and the marginal cost of diversity was lower in 

higher income countries compared with lower income countries. This is important as we often think of 

tradeoffs between diversity and societal benefits as ubiquitous, and our study provided insights into 

what this specific tradeoff may be based on the extra cost of a unit of diversity. Changing the functional 

form of the diversity index we used to suit different diversity preferences for producers or consumers is 

feasible in our nonlinear programming model. 
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