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The contributions to energy and protein consumption of animal-source food (ASF) and its commodities bovine, pig, sheep and goat and poultry meat, fish and seafood, dairy products, and eggs were studied by multiple log-log-inverse regression of 1961–2017 consumption (MJ of energy, grams of protein) on income and year within country. The “year” variable implicitly captures time-dependent non-income factors such as prices, climate, agricultural area, urbanization, globalization, gender equality, religion. Fitting the latter six factors explicitly produced unrealistic results, likely due to insufficient within-country variation over time. All consumption patterns differed between countries, and changed over time; these differences and changes were related to income, but considerably more related to time-dependent non-income factors. Within-country estimates of the income elasticity (β) of total energy and protein consumption ranged from −1 to +1: when income increased by 1%, consumption changed by −1 to +1%. The corresponding estimates of the non-income time elasticity (γ) ranged from −0.05 to +0.05% per year: every year, adjusted for income, consumption changed by −0.05 to +0.05%. The β and γ estimates for the contribution of ASF to energy and protein consumption ranged twice as wide as these; those for the contributions of the individual commodities ranged at least three times as wide. The β and γ estimates for those commodities change considerably over time in many countries; their association to each other is very variable too, both between and within countries. Much of this variation takes place at the lower consumption levels. Considering all this, any attempt to forecast the consumption of animal source food (and particularly of its individual commodities) on a more detailed level than globally and on a longer term than a decade should include an income-independent time factor and be very careful with regard to the elasticity coefficients used.
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INTRODUCTION

The sustainability of many production systems is internally antagonistic and the animal source food (ASF) production system with its antagonistic elements global food security, farmer livelihood, environmental load, animal welfare and safeguarded biodiversity is no exception (e.g., Knap, 2013; Capper, 2020). A balanced discussion of this sustainability issue will benefit from a clear description of ASF consumption patterns in various countries across the world over time, and from quantification of factors that change those patterns.

According to Timmer et al. (1983; pp. 57–58), “Engel's (1857) law refers to patterns of food expenditure relative to income, while Bennett's (1941) law refers to sources of food calories relative to income […]. The regular relationship between the two—that the average quality of food calories, measured by prices, rises with incomes—should probably be called Houthakker's (1957) law.” In other words, consumers tend to buy more expensive food calories when their income increases. An important intrinsic factor that makes food calories more expensive is that they derive from protein rather than carbohydates or fat; this is illustrated in Supplementary Figure 1 where the consumer price of food commodities, in Euros per Mcal of energy, shows a clear correlation to their protein-to-energy ratio.

Such consumption trends have been described in various forms and much detail by Juréen (1956); Hassan and Johnson (1977); Guo (2000); Regmi et al. (2001); Seale et al. (2003); Syrovátka (2004); Keyzer et al. (2005); Gale and Huang (2007); Pomboza and Mbaga (2007); FAO's (2009); Gandhi and Zhou (2010); Kumar et al. (2011); Muhammad et al. (2011); Robinson and Pozzi (2011); Neeteson-Van Nieuwenhoven et al. (2013); Bodirsky et al. (2015); Shyma (2016); Dolislager (2017); Ritchie and Roser (2017); Femenia (2019); Milford et al. (2019), and Le et al. (2020), among others. Most of these studies were done by economists. Not surprisingly, the default approach in the economy literature is to model consumption (often in terms of costs rather than quantity) in relation to income and price, regarding other influencing factors as effects to be adjusted for, e.g., age, education or religion at the micro consumer level; quality, availability or traditional preference at the commodity level; climate, urbanization or globalization at the macro societal level.

Key elements in such analyses are the regression coefficients of consumption on the predictor variables (e.g., income, price). It is useful to standardize these coefficients to a %-per- % scale, so that they can easily be compared across commodities and across predictor variables: a 1% change in income is associated with a certain % change in consumption. Such rescaling is implicitly done when the logarithm of income is regressed on the logarithm of the predictor variable; this gives the elasticity of consumption.

According to Timmer et al. (1983; p. 54), “frequently incomes and time are so strongly correlated that no separate [regression] coefficients are possible, and it takes a great deal of faith to attribute all time-related changes solely to income causation. But attributing it all to time is a profound expression of ignorance of the causal mechanisms at work.” For any non-economist, this leaves two obvious questions. First, how influential the income and non-income factors are, for the dynamics of consumption of food commodities, in the various countries in the world; second, what such patterns look like in terms of actual consumption rather than its cost: a biophysical rather than economical approach. This is what I try to quantify here. I also attempt to translate the associated econometric terminology into terms less confusing for readers educated in the life sciences.



MATERIALS AND METHODS

Food consumption and income data are analyzed here with a statistical approach similar to those of Bodirsky et al. (2015) who included a “year” variable in their model to implicitly account for time-variant non-income factors, Muhammad et al. (2011) who analyzed global data on a within-country basis, and Gale and Huang (2007) who applied a log-log-inverse model to allow the regression estimates to change with income. All three these approaches are included in the analysis, and consumption is quantified not economically in terms of financial expenditure, but biophysically in terms of the contribution of a given commodity to total energy or protein consumption; this is done for each of eight ASF commodities, longitudinally across the 1961–2017 period.


Countries and Population Size

In the graphs in the Results section, countries with interesting attributes are identified by the ISO-3166 alpha-3 codes (from AFG for Afghanistan to ZWE for Zimbabwe, and mostly very obvious) listed at www.iso.org/iso-3166-country-codes.html. The various countries are grouped into 10 socio-economic regions, from west to east: the Anglo-Saxon world, Latin America, Sahara and Sahel, southern Africa, Europe, the former Soviet Union, West Asia and Bangladesh, South Asia, Centrally Planned Asia, and South-East Asia—color-coded in inset maps in those graphs. This grouping was modified from Lotze-Campen et al. (2008); OSISA (2009), and Femenia (2019) in an attempt to find a reasonable combination of geographical, economical, cultural and ecological elements with an influence on dietary patterns. This grouping does not play any role in the statistical analysis of the data, which will take place on a by-country level; it is only used to summarize the results of those analyses in hopefully manageable and informative clusters.

Human population size in 235 countries has been recorded since 1950, and published by UN (2019). These values are used for scaling purposes.

Data on the countries that make up the former Soviet Union were available only from 1992 to 2016.



Food Consumption

The supply of foodstuffs available for human consumption across the world has been published by FAO since 1961. “The total quantity of foodstuffs produced in a country, added to the total quantity imported and adjusted to any change in stocks that may have occurred, […] gives the supply available during that period. On the utilization side, a distinction is made between the quantities exported, fed to livestock, used for seed, put to manufacture for food use and non-food uses, losses during storage and transportation, and food supplies available for human consumption” (www.fao.org/faostat/en/#data/FBS). Such country-level values are converted to a per caput basis, and expressed in terms of (i) quantity, (ii) protein content, (iii) fat content, and (iv) metabolizable energy (caloric value, derived from protein, fat and carbohydrate content). The conversion factors are in Annex I of FAO (2001).

The resulting data from 1961 to 2013 is in www.fao.org/faostat/en/#data/CL (for ASF) and www.fao.org/faostat/en/#data/CC (for plant-source food: PSF). Data from 2014 and further is in www.fao.org/faostat/en/#data/FBS. The focus is here on the ASF commodities bovine meat, pig meat, sheep and goat meat, poultry meat, fish and seafood, dairy products, and eggs.

Note that this data does not quantify actual consumption, but the supply available for it on an as purchased basis; the difference is due to (i) inedible parts such as bones (see Westhoek et al., 2015) and to (ii) wastage at the consumer level (Gustavsson et al., 2011; Alexander et al., 2017; Lopez Barrera and Hertel, 2020).

Kearney (2010) gives much useful discussion of this FAO data, its background and its interpretation.

These consumption data have distinct autocorrelation structures: 1,170 of 1,341 country-commodity consumption patterns in the data show significant first-order autocorrelations across the time period.



Income

A wide variety of economic parameters across the world has been published by the World Bank, for some countries since 1960 and for most since 1990. This includes various versions of the Gross Domestic Product (GDP), i.e., “the sum of gross value added by all resident producers in the economy, plus any product taxes, and minus any subsidies not included in the value of the products” in a country. Such country-level quantities are converted to a per caput basis, and expressed in terms of constant (or real) international dollars (int$, following the Geary-Khamis method: unstats.un.org/unsd/methods/icp/ipc7_htm.htm) using Purchasing Power Parity rates—this adjusts for inflation over time, and makes the data comparable across countries. The World Bank converts to 2017-int$ in its NY.GDP.PCAP.PP.KD series, available at databank.worldbank.org/source/world-development-indicators#advancedDownloadOptions.

An alternative series is made available by the Maddison Project Database (Bolt et al., 2018). This includes estimates that go back a long time and run up to 2016, expressed in constant (or real) 2011-int$. This data is available at www.rug.nl/ggdc/historicaldevelopment/maddison/releases/maddison-project-database-2018.

For presenting long time trends, the main appeal of the Maddison data is that it covers the whole FAO foodstuffs supply recording period from 1961, whereas much of the World Bank data starts only around 1990. The full Maddison data set was used for the GDP values of 1961–2016 and the 2017 values of the World Bank series were appended to it as follows.

Linear regression of the Maddison values for 2016 (MAD2016) on the World Bank values for 2016 (WBK2016) produces a correlation at +0.986. This holds for 144 of 150 countries; the other six (Kuwait, Luxembourg, Norway, Singapore, Qatar and the United Arab Emirates; less than 0.4% of the 2016 world population) have some of the highest GDP values in the Maddison series, and show significant deviations from this regression (see also Bolt et al., 2018, p. 39). Hence they are not processed further and their trends end in 2016. For each of the other 144 countries, its World Bank value for 2017 was rescaled as WBK2017 × MAD2016/WBK2016.



General Patterns of Consumption in Relation to Income

To make it easier to compare my results to the literature, it is useful to relate consumption patterns to income only—before we engage in more elaborate statistical analyses.

Illustrating the first quotation from Timmer et al. (1983) in the Introduction section (“the average quality of food calories, measured by prices, rises with incomes”), Figure 1 shows the 1961–2017 time trend of inflation-adjusted income in the various countries (Figure 1A), the corresponding time trends of protein and energy consumption (Figures 1B,D), and these two consumption variables as they relate to income (Figures 1C,E). Income increases significantly over time for 140 out of 150 countries; only Kuwait, Qatar and the United Arab Emirates show significantly (P < 0.1) decreasing income over time, starting from suspiciously high early levels. Not surprisingly, protein and energy consumption show time trends similar to this; hence, relating them to income itself (Figures 1C,E) produces convincing patterns of increasing consumption with increasing income, with tentative plateaus at 3.0–3.5 Mcal ME per day and 90–110 g protein per day. Those convincing patterns may be misleading due to the collinearity of income with time.


[image: Figure 1]
FIGURE 1. Country-specific spline interpolation plots (estimated by SAS-procedure TRANSREG with a smoothing factor sm = 60) of inflation-adjusted income in relation to time (A), of energy and protein consumption in relation to time (B,D), and of energy and protein consumption in relation to income unadjusted for other factors (C,E). The width of each line reflects the country's population size in 2016. Note that the income axes are logarithmic.


Both these plateaus are somewhat higher than the generally recommended consumption levels. For a moderately active individual with the global average adult body weight of 62 kg (Walpole et al., 2012), the consumption recommendations of FAO (2004; Table 5.4–5.7) work out as 2.7 Mcal ME per day, and those of Wu (2016; Table 5) as 60–100 g protein per day, with a “safe upper limit” at 220 g per day.

The energy consumption trends in Figure 1 show some subtle differences from the protein consumption ones; these can be made clearer by the ratio of daily protein-to-energy consumption as it is shown in relation to income in Figure 2—in total, and separately for ASF and PSF. An alternative would be to plot these ratios in relation to time but that produced poorer resolution, similar to Figure 1B vs. Figure 1C.


[image: Figure 2]
FIGURE 2. Country-specific spline interpolation plots of the ratio of daily protein-to-energy consumption in relation to income, not adjusted for any non-income factors, in the total diet (A) and in the ASF- and PSF-based parts of the diet (B). The width of each line reflects the country's population size in 2016. Note that the x-axis is logarithmic and the y-axes differ in scale.


To place these protein-to-energy ratio values into perspective, Table 1 shows some of the 190 commodities listed in Annex I of FAO (2001), with their conversion factors that were used to calculate these ratios. The trends shown here for PSF and ASF are functionally due to increasing protein content and decreasing fat content, respectively. The trends in Figure 2 represent some average of those 190 commodity values, dependent on the local dietary mix; the relevant issue here is that this local dietary mix changes over time and/or with income, as described by Popkin's (1993, 1995) nutrition transition.


Table 1. Crude protein to metabolizable energy ratio in various food commodities, from FAO (2001, Annex I).

[image: Table 1]

Figure 2A shows that in most countries, the protein content of the whole diet apparently increases with increasing income; this is due to at least three factors.

First, the protein content of the PSF-based part of the diet in many countries apparently decreases slowly but steadily with increasing income, as in the lower plot in Figure 2B.

Second, the protein content of the ASF-based part of the diet in many countries apparently increases with increasing income although there is considerable variation here, particularly in Africa and South-East Asia; see the upper plot in Figure 2B.

Third, the ASF-based proportion of the diet apparently increases with increasing income, at the expense of the PSF-based proportion. In an attempt to improve upon the informativeness of FAO's (2009) famous Figure 3, the ASF-sourced proportions of total daily energy and protein consumption are shown here in relation to income in Figure 3; obviously, the complement is due to PSF. As per above, the ASF-based proportion of the diet is apparently increasing with increasing income, in terms of both energy and protein consumption. This appears to plateau around 20–30% of energy consumption and 50–60% of protein consumption being ASF-based, with much more between-country variation for energy than for protein.


[image: Figure 3]
FIGURE 3. Country-specific spline interpolation plots of the proportions of daily energy (A) and protein (B) consumption that are based on animal source foods, in relation to income and not adjusted for any non-income factors. The width of each line reflects the country's population size in 2016. Note that both axes are logarithmic.




Price

The typical economic demand analysis describes consumption as a function of income and price, usually also including the effect of substitution of one commodity for other ones when prices change; a good example is Muhammad et al. (2011).

Producer (farm-gate) prices of a wide array of foodstuffs have been published by FAO across the world since 1991, at http://www.fao.org/faostat/en/#data/PP. This website notes that “retail prices […] are typically very poor proxies for producer prices.” Since this also applies the other way around and this study focuses on consumption as opposed to production, I chose to ignore these producer price data.

Global consumer prices of various food commodities vary strongly between countries, as is shown by their frequency distributions for eight commodities in Supplementary Figure 2. Vegetables and fruit are three to four times more expensive than globally in a few countries (Japan and some Caribbean islands) and less than half as expensive in several more (mostly in Africa and Asia) with everyone else in between; the standard deviations across countries (averaged across the 2 years) are 63 and 51 index points, respectively. The prices of the other commodities vary less widely, with standard deviations between 30 and 43 index points. None of these distributions show significant differences between 2011 and 2017 (0.10 < P < 0.86), but each of these prices shows significant (P < 0.0001) re-ranking of countries between the years, particularly at the higher price levels.

The price of food roughly follows overall inflation in most countries, as is shown by the global time trends of the food consumer price index vs. the general consumer price index in Supplementary Figure 3, but food prices increased faster than overall inflation in 122 of these 175 countries, significantly so (P < 0.05) in 100 of them. Food prices increased more slowly than overall inflation in the other 53 countries, significantly so in 34 of them. These patterns are not significantly influenced by country GDP (P = 0.27) nor by socio-economic region (P > 0.09).

Hence the inflation- and PPP-adjusted prices of ASF and PSF commodities vary strongly among countries at any given time, and they show different time trends among countries. Given this, it makes no sense to analyze long-term data of consumption of particular commodities in many countries, in terms of price indicators that were estimated for a few specific years only, or were averaged across commodities or across countries (such as the various FAO food commodity price indexes as they are available from www.fao.org/worldfoodsituation/en).



Statistical Analysis

The statistical analysis is based on the classical Engel equation (Stone, 1954): consumption = α · (income)β1 so that ln(consumption) = β0 + β1 · ln(income), where β0 = ln(α) and ln(·) is the natural logarithm.

Note that the regression coefficient of a linear regression model y = α + β · x quantifies the additive change in y associated with additive change in x (β = dy / dx). When such a linear system relates consumption to income, β is expressed in g/d per $. A one-dollar increase in income then leads to a predicted increase in consumption of β g/d, and this is assumed to apply to initial income levels across the whole range of 1,000–100,000 $ per year. This is clearly unrealistic.

By contrast, the regression coefficient β of a logarithmic model such as the one of above is multiplicative: it quantifies the proportional change in y (some percentage of the initial consumption level) as it relates to proportional change in x (e.g., 1% of the initial income level), i.e., [image: image] , expressed in % per %. In econometric terminology this is the income elasticity of consumption. The absolute (as opposed to proportional) income-related change in consumption is the marginal propensity to consume (MPC = [image: image] ), in contrast to the average propensity to consume (APC = [image: image] ). The elasticity is β = MPC / APC [image: image], as above. From there, dy [image: image]dx : for any value of β, a one-dollar increase in income (dx) leads to an absolute increase in consumption (dy) that is lower at higher initial income levels (x) and at lower initial consumption levels (y). This is much more realistic than the linear approach of above, but the outcome is less intuitive to interpret quantitatively; see point 1 in Supplementary Material 3 for more mathematical properties.

The econometric demand studies in the literature apply various types of regression model: apart from the linear (y = α + β · x) and double-logarithmic (ln(y) = α + β · ln(x)) ones of above, there are the inverse (y = α + β / x), semi-logarithmic (y = α + β · ln(x)), log-inverse (ln(y) = α + β / x), and log-log-inverse (ln(y) = α + β1 · ln(x) + β2 / x) models. The latter model goes back to Goreux (1960) and was more recently applied by Gale and Huang (2007):

[image: image]

As above, [image: image] and the derivative is now [image: image], i.e., the income elasticity β is a function of income itself; see point 2 in Supplementary Material 3 for more mathematical properties. This approach allows the elasticity to change with changing income: a very useful attribute. This is an extremely multicollinear system: ln(x) and 1/x will be strongly correlated for any realistic range of x. Indeed, in this data the correlation over time between ln(income) and (1 / income) ranges from −0.92 for South Korea to −0.9997 for Belgium. The actual estimates of β1 and β2 are then best ignored as such, focusing instead on their more interesting combination [image: image].

The analyses are conducted with extensions of this equation of the form:

[image: image]

…where subscript i denotes the countries. The variables x3 to x8 represent, for each country, non-income factors that can be expected to influence consumption: the OAI climate index of annual rainfall and temperature, the agricultural area per caput, the urbanization proportion, the KOF globalization index, the WBL gender equality index, and the proportion of Islam adherence. These factors are described in detail in Supplementary Material 1.

The parameter β0 is the intercept; β1 and β2 are regression coefficients of consumption on income; β3 to β8 are regression coefficients of consumption on each of the independent variables. Note that price effects are not included here, as reasoned in section Price.

As was partly illustrated in Figure 1, many of these factors (and also income) are systematically increasing or decreasing over time (i.e., they are trending), which again leads to multicollinearity in the system. The within-country linear correlations among the trending independent variables, averaged across countries, range from +0.49 (income vs. urbanization) to +0.85 (globalization vs. gender equality). Multicollinearity in regression analysis can be dealt with in several ways.

First, much of the issue is due to implicit parametric assumptions about the form of the relationship between the dependent variable and each independent one; this can be resolved by a nonparametric approach (e.g., McNamee, 2005), for example by modeling some of the independent variables with splines which can be done with SAS procedure GAMPL (SAS Institute, 2018).

Second, by transforming the collinear set of independent variables into an orthogonal set via principal component analysis, and regressing the dependent variable on the most informative components via a partial least squares approach (e.g., Fekedulegn et al., 2002), for example with SAS procedure PLS (SAS Institute, 2018).

Third, by removing some of the independent variables from the statistical model via a covariate selection approach such as ridge regression or its derivatives (see Blommaert et al., 2014), to optimize the statistical model's informativeness vs. parsimoniousness via penalization of the model's R2 or likelihood for the number of parameters to be estimated. With only six additional covariates as in model (3) an all possible subsets approach is feasible, following Fernandez (2007) and Huang and Zhu (2015).

Analyses of this data with any of these methods did not produce convincing results; either the multicollinearity was not sufficiently resolved, or too many subsets produced nonsense estimates or failed to converge. This is in stark contrast to Milford et al. (2019) who obtained credible estimates for the effects of similar factors in an across-country analysis of meat and ruminant meat consumption. Apparently these factors do not vary sufficiently over time within country to provide meaningful information for this type of analysis.

Instead, inspired by models (3) and (7) of Bodirsky et al. (2015), all non-income factors (including prices, implicitly) were replaced by a single time factor (year), as follows:

[image: image]

…so that the intercept α1 and the regression coefficients β1 and β2 of model (1) are made time-dependent by extending them with a “year” variable that carries its own coefficients α2, γ1 and γ2.

This can be rearranged as:

[image: image]

…which features an intercept, a “year” covariate, the two income-derived variables, and as the novel element the interaction terms of these with “year.”

Subscript i denotes the countries again.

Model (3) leads to final time-adjusted income elasticities of consumption of the form:

[image: image]

…which is the proportional change in consumption due to proportional change in income (% per %), adjusted for simultaneous change in other time-related factors.

Likewise, model (3) leads to final income-adjusted time elasticities of the form:

[image: image]

…which is the proportional change in consumption due to a unit change in time (% per year), adjusted for simultaneous change in income. Note that this change in time comes with implicit changes in non-income factors such as price, the variables x3 to x8 of model (2), and any other time-variant factors.

See point 3 in Supplementary Material 3 for derivations and mathematical properties of β and γ.

Model (3) was applied using a REML approach in SAS procedure GLIMMIX (SAS Institute, 2018), modeling the residual terms with a first-order autoregressive covariance system with country as the subject. This was done for total energy and protein consumption, and for their proportions due to ASF and due to the invidual commodities bovine meat, pig meat, sheep and goat meat, poultry meat, fish and seafood, dairy products, and eggs. The relevant SAS program code is in Supplementary Material 5.

GLIMMIX reports the model's likelihood and its derived Information Criteria such as Akaike's AIC. These are useful for discriminating between different models of the same data, typically via likelihood ratio tests. The Akaike Weights of Burnham and Anderson (2004) and Wagenmakers and Farrell (2004) were used to quantify the contribution in model (3) of the non-income time factor over and above income. From the AIC values of the full model (AICfull) and its income-only submodel (AICincome), the probability that the submodel is more appropriate (informative and parsimonious) is given by the Akaike Weight AICW:

[image: image]

These Information Criteria do not quantify how much variation in the data is explained by a given model as the classical coefficient of determination R2 does, and GLIMMIX does not report R2. An adjusted version of Kvalseth's (1985) pseudo-R2 was calculated post-hoc, penalized for the number of independent variables (Theil, 1961):

[image: image]

…where y denotes the observations of the dependent variable, [image: image] is their overall mean, [image: image] denotes the predicted values, k is the number of independent variables, and N is the number of observations, i.e., years per country (N ≤ 56). This was done for the full model (3) (k = 6) and for its income-only submodel (k = 4).

In the final term of equation (4), the numerator is the model's residual sum of squares. It is scaled to the overall variance of the observations by the denominator, which represents the sum of squared residuals for a “model” that is simply the average response, ignoring any independent variables (k = 0). Linear regression cannot perform worse than [image: image], so R2 ≥ 0 for such models; but non-linear regression with an inappropriate model can lead to negative pseudo-R2 values (Alexander et al., 2015).

The sampling variances (and from those, the standard errors) of the β and γ estimates, var(β) and var(γ), can be derived analytically from the sampling variances and covariances of the β1, β2, γ1 and γ2 estimates (see Supplementary Material 2); some of the estimated covariances are so large (due to multicollinearity once more) that these var(β) and var(γ) estimates are negative for most of the commodity-country combinations. To avoid this, the β and γ estimates were bootstrapped (Efron and Tibshirani, 1986) by resampling the residuals from model (3), with replacement and stratified by country, and running the GLIMMIX regression again; this was done 500 times and the variances of the 500 resulting β and γ estimates serve as approximations of var(β) and var(γ), for each commodity-country-year combination. The relevant SAS program code is in Supplementary Material 5.




RESULTS


Model Fit

The non-income time factor plays an important role in the predictive performance of model (3), over and above income; this is quantified in Figure 4.


[image: Figure 4]
FIGURE 4. Penalized pseudo-R2 values of our full model (3) and its income-only submodel, for the contributions of animal source foods (A) and poultry meat (B) to protein consumption. Akaike Weights and the likelihood ratio test P-values of their underlying ΔAIC [i.e., [image: image])] of our full model (3) vs. its income-only submodel, for the contributions of fish and seafood (C) and poultry meat (D) to protein consumption. Note that the y-axes in (C,D) are logarithmic and reversed, i.e., datapoints further to the top represent more strongly significant differences between the models. The horizontal reference lines in (C,D) indicate the most strongly significant cases where the income-only model is more appropriate; the dotted vertical reference lines indicate the AICW values where the full model achieves that same significance. Each datapoint represents a country.


The penalized pseudo-R2 values for the full model (3) and for its income-only submodel are shown for the contributions of ASF (Figure 4A) and poultry meat (Figure 4B) to protein consumption; the patterns for the other commodities are somewhere between these two. Datapoints above the diagonal are cases where the income-only submodel is more appropriate (informative and parsimonious) than the full model; this holds for 3–6% of the countries (Figure 4A: six Southern African countries, the Dominican Republic, Ukraine, Serbia and Slovakia; Figure 4B: Chad, Israel, Italy and Croatia). Another relevant comparison is between the number of datapoints to the left of the vertical reference line vs. below the horizontal one, i.e., where the data are exceedingly poorly fitted by the full model (4% of the countries; Figure 4A: Afghanistan, Lebanon, Angola, Liberia and Malawi; Figure 4B: Croatia, Lebanon, Chad, Mozambique and Nigeria) or by the income-only submodel (17–22% of the countries; in Figures 4A,B: 25 countries in Africa, nine in Latin America, seven in West Asia, four in Europe, Cambodia, the Philippines and Kyrgyzstan).

The Akaike Weights and likelihood ratio test P-values of their underlying ΔAIC values for the full model (3) and for its income-only submodel are shown for the contributions of fish and seafood and poultry meat to protein consumption in Figures 4C,D; the patterns for the other commodities are somewhere between these two. For the countries where the income-only model is the more appropriate one (AICW > 0.5), the P-values range from 0.054 to 1; about as many countries where the full model is more appropriate fall in that same non-significant range, and substantially more show a much stronger statistical significance. These patterns are not significantly related to the actual contribution of any commodity to protein consumption (P > 0.34); the full model is significantly more appropriate for the ASF contribution to protein consumption in countries with a higher protein consumption (P = 0.018), for the bovine meat contribution in countries with a larger population size (P = 0.015), and for the contribution of eggs in countries with a larger population size, a higher protein consumption, and a lower GDP (P < 0.024). Apart from that, no meaningful connections to any variable in the data could be detected.



Properties of the Elasticity Estimates

The bootstrapped Student's t-values (i.e., the estimate divided by its bootstrapped standard error) of the β and γ estimates for total protein consumption, and for the contributions of ASF and poultry meat to it, are in Figure 5; these are the variables with the most extreme elasticity estimates. The t-values for the other commodities are included in Supplementary Material 4.


[image: Figure 5]
FIGURE 5. The β and γ elasticity estimates of total protein consumption (A,D) and of the contributions of animal source food (B,E) and poultry meat (C,F) to it on the x-axes, and the absolute values of their bootstrapped Student's t-values on the y-axes. The dotted horizontal reference lines indicate the 95% significance level: estimates below these lines do not differ significantly from zero. Each datapoint represents a country-year-combination.


Clearly, model (3) represents a demanding statistical exercise: across all the commodity contributions to protein consumption, only 27–41% of the β estimates, and only 48–71% of the γ estimates, turn out to be significantly different from zero (P < 0.05), almost irrespective of their magnitude. There are no clear relationships between these significance levels and the actual levels of consumption: the correlations between the t-value and actual consumption range from −0.04 to +0.05 for β, and from −0.15 to +0.01 for γ; this comes back in the Results and Discussion sections.

The β and γ estimates in Figure 5 are much more narrowly distributed for total protein consumption and for its ASF component than for its poultry meat (and, not shown here, the other commodities') component; the estimates as such are dealt with below. More to the point at this stage, on average across country-year combinations the t-values of the γ estimates are between 8.7 (for fish and seafood) and 25 (for poultry meat) times as high as those of their associated β estimates. This repeats the R2- and AIC-related inference of above: the income-adjusted time factor plays an important role in the predictive performance of model (3), over and above income.



Energy and Protein Consumption

The average per caput energy and protein consumption in 1967, 1992; and 2016 in the socio-economic regions and worldwide are listed in the first half of Table 2; this summarizes the country-level patterns in Figures 1B,D. During this period, global average consumption increased linearly from 2.26 to 2.91 Mcal ME per day and from 61 to 82 g protein per day; most regions experienced a similar rate of development with the exception of the former Soviet Union where the average increase was very slow and Centrally Planned Asia (CPA) where it was very strong.


Table 2. Time trends of energy and protein consumption and of the contribution made to these by animal source food (ASF), and of their estimated income elasticities (β) and non-income time elasticities (γ). CHN: China, IND: India.
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These country-level averages would suggest that a large proportion of the world population has now reached, or is close to reaching, the abovementioned recommended consumption levels of 2.7 Mcal ME and 60–100 g protein per day. However, any within-country variation in consumption remains hidden here; considering that more than a third of the adult populations of Africa and of South and South-East Asia were overweight in 2013 (Ng et al., 2014), without doubt undernutrition is still frequent in these regions.

Table 2 also shows the regional averages of the within-country regression coefficients of energy or protein consumption on income and on time, i.e., the β and γ elasticity estimates from model (3). During this period, the global average income elasticities of energy and protein consumption (β) both decreased from around +0.3 to less than +0.1 and this global pattern is much dominated by China and India: in the rest of the world the energy β coefficient decreases much less (from +0.1 to +0.05) and the protein β coefficient actually increases from +0.03 to +0.1.

At the same time, the global average non-income time elasticity (γ) of energy consumption is essentially constant: the net effect of an increase in CPA and a similar decrease in South Asia, with a slight average decrease in the rest of the world. The global average γ coefficient of protein consumption shows a linear increase over time, dominated by a strong increase in CPA that is dampened by reductions in Europe, South Asia, and South-East Asia.

The overall pattern is clearly one of substantial regional variation, and the regional average values in Table 2 do not even represent the considerable within-region variation among countries, which is shown in Figure 6. The elasticities are shown here not in relation to the independent regression variables time or income, but in relation to the actual consumption level of the country-year combination that they were estimated for, inspired by Masterman and Viscusi (2018), their Figure 2B). In the horizontal dimension, a datapoint further to the right represents more daily per caput consumption in that country in that year. In the vertical dimension, a datapoint further to the top represents a stronger increase of consumption with increasing income (β) or other time-associated factors (γ) in that country in that year.
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FIGURE 6. Regression coefficients of the logarithm of total daily energy (A,B) or protein (C,D) consumption on the logarithm of annual income (β: the income elasticity, adjusted for time-related non-income effects), and on time and its associated non-income effects (γ: the time elasticity, adjusted for income effects), from 1961 to 2017. Both estimates change over time and are shown in relation to each year's actual consumption on the x-axes. Each datapoint represents a country-year combination. The trendlines are spline interpolation plots (see Figure 3 for details) across time for the most populous countries, and for the countries with the highest consumption levels, covering >76% of the world population. The insets show the time trends of consumption (i.e. the x-variables of the main graphs), as in Figure 3B. The width of each trendline reflects the country's population size in 2016.


These graphs are visually dominated by the trendlines for China, where at first glance the β and γ trends seem to simply mirror each other. That would suggest an inability of the regression model to separate the two effects, in line with the second quotation from Timmer et al. (1983) in the Introduction section (“frequently incomes and time are so strongly correlated that no separate [regression] coefficients are possible”). However, the β estimates for energy and protein consumption in China decrease from clearly positive values until they reach zero at consumption levels of 2.84 Mcal/d and 84 g/d, respectively, and then continue toward more negative values. The associated γ estimates increase from clearly negative values to reach zero at the much lower consumption levels of 1.89 Mcal/d and 52 g/d, respectively. Hence between protein consumption levels of 52 and 84 g/d (i.e., over more than half the total trajectory from 40 to 101 g/d), β and γ for China are both positive.

In summary, between 1961 and 2017 a majority across the world increased their daily energy and protein consumption. This was influenced by changes in income, as shown in Figures 6A,C; and often it was more strongly influenced by non-income factors, as shown in Figures 6B,D. These effects of income (positive β estimates) and of other factors (positive γ estimates) vary strongly between countries and over time.



Animal and Plant Source Food Consumption

The second half of Table 2 shows the average ASF contributions to energy and protein consumption in 1967, 1992; and 2016 in the socio-economic regions and worldwide. During this period, the global average of those contributions increased from 13 to 17% of energy consumption, and from 27 to 37% of protein consumption. Most of this increase took place in CPA and Latin America; the Anglo-Saxon world and the former Soviet Union show reductions.

Table 2 also shows the regional averages of the within-country regression coefficients of the ASF contributions to energy and protein consumption on income and on time, i.e., the β and γ elasticity estimates from model (3). During this period, the global average income elasticity (β) of the ASF contribution to energy consumption changed very little, but the underlying regional changes are very strong, dominated again by almost perfectly mirrored patterns for CPA (a strong decrease) and South Asia (a similarly strong increase). The associated global average β coefficient for protein consumption decreased from +0.3 to −0.1: the net effect of a decrease from +1 to −0.8 in CPA and much smaller changes in either direction elsewhere.

At the same time, the global average non-income time elasticities (γ) of the ASF contributions to energy and protein consumption changed very little, again with variable underlying regional changes: (i) the γ coefficient for protein in CPA increased from −0.03 to +0.06 while its energy counterpart did not change at all, (ii) both γ coefficients in the Sahara and Sahel region decreased from zero to −0.03 during the second half of the reporting period, and (iii) the rest of the world was relatively stable in this respect, mostly at close-to-zero levels.

As in the previous section, the ASF contributions to energy and protein consumption and also their β and γ coefficients show much regional variation; the within-region variation among countries is just as large and is shown in Figure 7: between 1961 and 2017, most countries steadily increased the ASF-derived proportions of their energy and protein consumption, irrespective of any changes in income (positive γ estimates). The corresponding income-related changes (the β estimates) show complex patterns that seem to converge to zero with increasing ASF consumption, as much from positive as from negative β levels; as mentioned in connection with Figure 5 (section Properties of the Elasticity Estimates), the β estimates are not systematically less (or more) accurate at the lower consumption levels, so this is likely a true saturation effect .
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FIGURE 7. Regression coefficients of the logarithm of the proportions of daily energy (A,B) or protein (C,D) consumption that are based on animal source food, on the logarithm of annual income (β: the income elasticity, adjusted for time-related non-income effects), and on time and its associated non-income effects (γ: the time elasticity, adjusted for income effects), from 1961 to 2017. Note that the x-axes show the actual contribution% levels, not time or income; the time trends of the x-variable are shown in the insets. See Figure 6 for details on the lay-out.


For illustration of the β-γ interplay, consider in Figure 7 the ASF-based energy consumption patterns for China, where the non-income elasticity γ is positive during the whole time period, and the income elasticity β moves from +0.8 to zero with increasing consumption levels, until 1994 when 15% of the energy consumption was sourced from ASF ingredients, after which the β estimates stay slightly negative. The net result is a steady but plateauing increase in ASF consumption over time (see the inset), and this increase is less and less income-driven. This holds even more strongly for ASF-based protein consumption in China.

Hence it seems that over time, and (independent from that) with increasing income, most people consume more energy and protein and many replace part of the PSF in their diet by ASF, most notably the protein-rich ingredients (e.g., pulses and soya). Hence the role of PSF in the worldwide diet shifts gradually toward the provision of energy (mainly from carbohydrates and fat) rather than of protein. The role of ASF in the diet shifts into the opposite direction, most likely because the global consumption of animal fat (a strong contributor to ASF energy) is slowly decreasing. Le et al. (2020) give more detail on these trends. Most importantly, there are considerable differences among socio-economic regions and among countries in the interplay between the income and non-income effects on the dynamics of these consumption patterns.



Animal Source Food Commodities

The abovementioned changes in ASF consumption involve different commodities in different parts of the world; this is quantified in more detail here for the contributions of dairy products, fish and seafood, pig meat, bovine meat, poultry meat, eggs, and sheep and goat meat—for the sake of brevity, their contribution to protein consumption only. The average contributions in 1967, 1992; and 2016 in the various socio-economic regions and worldwide are in Table 3, together with their β and γ elasticity estimates from model (3).


Table 3. Time trends of the contributions made to protein consumption by animal source food commodities, and of their estimated income elasticities (β) and non-income time elasticities (γ). CHN: China, IND: India.
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As in sections Energy and Protein Consumption and Animal and Plant Source Food Consumption, most of the global commodity-specific patterns are dominated by CPA and South Asia with their very large human populations: on average in the rest of the world (viz. the entries “world without CHN and IND” in Table 3), only bovine meat (a reduction from 7.5 in 1967 to 5.3% in 2016) and poultry meat (an increase from 2.5 to 7.6%) show any noteworthy timetrend in their contribution to protein consumption. By contrast, CPA increased its proportional consumption of pig meat and of fish and seafood twofold; of dairy products, poultry meat and eggs more than fourfold; of sheep and goat meat sixfold; and of bovine meat tenfold. At the same time, Southern Asia reduced its proportional consumption of mammalian meat, and increased its proportional consumption of dairy products and fish and seafood twofold, of eggs fivefold, and of poultry meat twelvefold.

However, underlying this apparently stable “average of the rest of the world,” the contribution of dairy products to protein consumption increased from 12 to 15% in West Asia and decreased from 22 to 19% in the Anglo-Saxon world; for pig meat, an increase from 8 to 11% in Europe and a decrease from 8 to 7% in the Anglo-Saxon world; for poultry meat, increases from 2 to 13% in Latin America vs. from 1.1 to 2.5% in Sahara and Sahel. In summary, there are considerable regional differences in the time trends of these consumption patterns. We would then expect much variation in the income- and non-income-related driving factors, too. The development of the β and γ coefficients is most efficiently described by the estimates for pig meat, bovine meat, and eggs. The other four commodities have patterns somewhere between these three, as follows.


Pig Meat

In terms of the contribution of pig meat to protein consumption and its increase over time, Latin America shows positive β estimates and negative or close-to-zero γ estimates throughout, so the contribution increase there is clearly income-driven. The same holds for CPA for the first ¾ of the reporting period; after that, the pattern turns around. The regional β and γ estimates for Europe are both positive early on and then turn to negative; something similar happens in South-East Asia. Figure 8 shows the country-level detail behind this, with a very strong variation in the γ and particularly the β estimates across Europe, even at the high consumption levels prevalent there; the regional estimates for pig meat for Europe in Table 3 must be interpreted with caution. The regional estimates for South-East Asia are dominated by Indonesia (because of its large population) with its very low pig meat consumption levels and this creates instability of the regional estimate too.
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FIGURE 8. Regression coefficients of the logarithm of the proportions of daily protein consumption that are based on pig meat, on the logarithm of annual income (β: the income elasticity, adjusted for time-related non-income effects), and on time and its associated non-income effects (γ: the time elasticity, adjusted for income effects), from 1961 to 2017. Note that the x-axes show the actual contribution % levels, not time; the time trends of the x-variable are shown in the inset. See Figure 6 for details on the lay-out.




Bovine Meat

In terms of the contribution of bovine meat to protein consumption and its change over time, the most interesting regions are the former Soviet Union, the Anglo-Saxon world, and Latin America, where the contribution decreased over time. In the former Soviet Union, the γ estimates are negative in 1992 and 2016, so there were non-income drivers active all the time; but the β estimates change sign over time: the contribution decrease was also income-driven early on. The β and γ patterns in the Anglo-Saxon world are opposite to the ones for pig meat consumption, which also went down in that region. The γ patterns for Latin America suggest little non-income influence in either direction, but the β estimates seem confusing; again, the underlying country-level detail (Figure 9) shows much variation in the γ and particularly the β estimates across this region: the regional estimates for bovine meat for Latin America in Table 3 must be interpreted with caution. CPA and South-East Asia are interesting cases too because the bovine meat contribution increased there somewhat from extremely low initial levels. Those increases started as income-driven in CPA and changed to non-income driven at a later stage; the pattern for South-East Asia is opposite to that.
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FIGURE 9. The same relations as in Figure 8, for bovine meat.




Eggs

In terms of the contribution of eggs to protein consumption and its change over time, the most interesting regions are South Asia and CPA where the contribution increased more than fourfold, and the Anglo-Saxon world where it decreased. The increase in South Asia is clearly non-income-driven, with negative β estimates and positive γ ones throughout. In CPA we see the now familiar pattern of a shifting income-driven to non-income-driven pattern. And the Anglo-Saxon β patterns are confusing again, likely due to considerable variation across this region as shown in Figure 10.
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FIGURE 10. The same relations as in Figure 8, for eggs.




Dairy Products

In terms of the contribution of dairy products to protein consumption and its change over time, the most interesting regions are South Asia and CPA where the contribution increased more than two- and fourfold, the Anglo-Saxon world where it decreased, and Latin America and Europe where it increased by about 15% only. The increases in South Asia and CPA were clearly non-income driven initially and shifted to a strong income drive later on; the reduction in the Anglo-Saxon world shows that same pattern, with the β estimates changing from moderately negative to decidedly positive and the γ ones doing the opposite; the β and γ patterns for Latin America vs. Europe are almost opposite to each other, with considerable variation within Latin America as shown in Supplementary Figure 4.



Poultry Meat

In terms of the contribution of poultry meat to protein consumption and its change over time, the most interesting regions are West Asia and Bangladesh and Latin America where the contribution increased sevenfold, and Sahara and Sahel and the Anglo-Saxon world where it “only” more than doubled. The increase in West Asia and Bangladesh was clearly non-income driven initially and shifted to a strong income drive later on, while Latin America shows more or less the opposite pattern. The Anglo-Saxon world shows positive β and γ estimates all the time; those for Sahara and Sahel are confusing in Table 3 and better illustrated in Supplementary Figure 5 where we also see that Pakistan and Bangladesh with their large human populations and very low poultry meat consumption levels play the same confusing role as Indonesia does in section Pig Meat.



Fish and Seafood

In terms of the contribution of fish and seafood to protein consumption and its change over time, the most interesting regions are South-East Asia where the contribution is very high and slowly increasing, and CPA where it is low but more than doubled. The slow increase in South-East Asia was income-driven initially but not so later on, and the fast increase in CPA shows that same pattern even more strongly. Within South-East Asia, Supplementary Figure 6 reveals considerable variation in these patterns: there is a strong decrease of the contribution in the Philippines archipelago where fish seems to be gradually replaced by poultry and pig meat, in contrast to the nearby Indonesia archipelago where the contribution of fish consumption shows the strongest increase of all the commodities and practically all of it is not income driven. Hence again, the regional estimates for fish and seafood for South-East Asia in Table 3 must be interpreted with caution.



Sheep and Goat Meat

In terms of the contribution of sheep and goat meat to protein consumption and its change over time, the most interesting regions are Sahara and Sahel and West Asia and Bangladesh, where the contribution is highest on average (but declining like everywhere else apart from CAP with its very low levels). These two regions show completely opposite patterns in their β estimates, and similar patterns in their γ estimates. The next highest consumer is the Anglo-Saxon world; this is where the contribution of sheep and goat meat shows the largest within-region varibility in its driving factors of all the region-commodity combinations analyzed here, see Supplementary Figure 7.

A common pattern here is that the β and γ estimates are much more variable for the individual commodities of this section (Figures 8–10, Table 3, and Supplementary Figures 4–7) than for total and ASF-sourced consumption (Figures 6, 7 and Table 2), particularly at the lower consumption levels.

In summary, dairy products contribute most to worldwide protein consumption; this proportion increases mainly due to non-income-driven increases in South Asia. Fish and seafood come next with strong partly income-related increases in Africa and Asia. The strongest increase is for eggs (particularly in China, USA and Japan, see Figure 10) and poultry meat (particularly in the Americas and Europe, see Supplementary Figure 5), mainly non-income-driven. The contribution of pig meat increases slowly, mainly in China, South-East Asia and Latin America with variable income vs. non-income drivers. The contribution of bovine meat decreases, mainly in Europe and the Americas (not particularly income-related). The contribution of sheep and goat meat is stable worldwide but decreases in countries with high initial levels. Most importantly, there are considerable differences among socio-economic regions and among countries in the interplay between the income and non-income effects on the dynamics of these consumption patterns.





DISCUSSION

In this study, food consumption and income data are analyzed with a statistical approach based on (i) Bodirsky et al. (2015) who included a “year” variable and its interaction with income in their double-logarithmic model to implicitly account for time-variant non-income factors (analyzing the consumption of energy and of its ASF-based proportion in 162 countries across 46 years) and reported a single set of global parameter estimates for each of those two response variables; (ii) Gale and Huang (2007) who applied a log-log-inverse model to allow the regression coefficient estimates (i.e., the elasticities) to change with income, analyzing the consumption of 58 commodities in a single country during 2 years with “year” included in the model as a dummy variable; and (iii) Muhammad et al. (2011) who analyzed the consumption of eight commodities recorded in 144 countries in a single year on a within-country basis. These approaches are combined here, and (iv) this is done longitudinally across the 1961–2017 period, (v) for energy, protein, and each of eight animal source food commodities (ASF as such, dairy products, eggs, fish and seafood, and bovine, sheep and goat, pig and poultry meat), with (vi) consumption quantified not in terms of financial expenditure but in terms of the contribution of a given commodity to total energy or protein consumption. As far as I am aware, these six approaches have not been combined before; most importantly, the combination of (i) and (ii) allows for the estimation of income and non-income elasticities that vary with income and over time. Further, (iii) and (iv) do this on a country-by-year level across the world, and (v) and (vi) make the exercise relevant for livestock production science and its role in human nutrition.


Data

My socio-economic regions were defined more or less arbitrarily; the same holds for earlier groupings by Lotze-Campen et al. (2008) and Femenia (2019). Obvious disputable details include the grouping together of (i) Japan, Myanmar and Papua New Guinea, (ii) Norway, Portugal and Moldova, and (iii) Kuwait, Afghanistan and Bangladesh. As always, “perfect grouping” of any complex entity is impossible. Note that the grouping plays no role in the statistical analyses as such, but only in presenting the results in Tables 2, 3 and in the Figures 1–10.

The most relevant income-related parameter for our current purposes would be the disposable income at the consumer level (household disposable income: HHDI as reported by OECD). Instead, the GDP parameter used here quantifies the total income earned in a country by households, companies and government. The difference is mainly due to taxation, depreciation, and undistributed company profit. HHDI recording is a relatively recent activity with few data available from before 1990, and the subsequent data is limited to OECD countries and under much methodological debate (e.g., Deaton, 2005); the same holds for household consumption expenditure (CPE) as reported by the World Bank. HHDI and CPE are shown in relation to GDP in Supplementary Figure 8: GDP levels around int-$ 20,000 and int-$ 40,000 overestimate HHDI by 10–70% and by 15–75%, respectively, and overestimate CPE substantially more, particularly at the lowest and highest income levels. Most importantly for our current purposes, the differences are not uniform and not linear against GDP (e.g., Birdsall and Meyer, 2014; Diacon and Maha, 2015), so there is no realistic way to convert GDP to either of these levels without considerable loss of information. It follows that the true disposable income elasticities are systematically (and unpredictably) underestimated, both in this study and in others based on GDP.

Also, the various forms of income measurement come with their own specific types and sources of error and bias. Moore et al. (2000), Milanovic (2002), Meyer et al. (2015), and Meyer and Mittag (2019) describe shortcomings of survey data like coverage or unit non-response (who is included in the data), item non-response (which details are reported) and under-reporting (people typically do not report their entire income). Meyer and Mittag (2019) discuss possible ways to overcome these issues.

A clear drawback of the type of data analyzed here is that everything is expressed on the country level—and countries vary in their population size. In populous countries such as China (1,414 million people in 2016), India (1,325 million) or USA (323 million), more or less coherent groups of about half a million people could likely be identified with extreme consumption patterns similar to what we see in Supplementary Figure 5 for Saint Lucia (0.2 million people); in Figure 7 and Supplementary Figures 6, 7 for Iceland (0.3 million); in Supplementary Figure 7 for Djibouti (0.9 million). But that kind of resolution is not possible at the macro recording level of these data; it requires more detailed studies such as the single-country micro-surveys carried out in China (Gale and Huang, 2007), India (Gandhi and Zhou, 2010; Kumar et al., 2011), Canada (Pomboza and Mbaga, 2007), or the Czech Republic (Syrovátka, 2004). Wooldridge (2010) and Baltagi (2013) describe the pros and contras, and the statistical features, of the various approaches; see also Westhoek et al. (2015, p. 24). It follows that the true variation in consumption patterns is systematically underestimated here.

The conversion factors that represent the protein and energy content of the various commodities (from Appendix I of FAO, 2001) form a crucial element behind the consumption patterns analyzed here, but are inevitably generalized across the world and over time; a more time- and location-specific dataset will be very difficult to put together as witnessed by FAO's INFOODS information at www.fao.org/infoods/infoods/tables-and-databases/en. For example, pig meat is rated too fat for the more recent years in the western world (where it is consumed most). Current dietary information sources in Germany, France, Australia and USA (tinyurl.com/y59buzxf; tinyurl.com/y4fmqnl9; tinyurl.com/y6xze5lo; tinyurl.com/ycbgr3p3) rate pig meat at 0.05 to 0.14 gram protein per kcal energy, as opposed to the FAO (2001) conversion factor of 0.04 g/kcal mentioned in connection to Figure 2 (section General Patterns of Consumption in Relation to Income). The latter value derives from data published in the 1990s and probably earlier, and the lean meat content of the typical pig carcass in the western world increased from 51% in 1985 to 63% in 2015 (updated from Figure 1 in Knap, 2014), largely due to a reduction of the fat content. As another example that works the other way around, Bijl et al. (2013) their Figure 1) show that the protein-to-fat ratio in cow milk in the Netherlands decreased from 0.9 in 1958 to 0.8 in 2010. It follows that many of the contributions to energy or protein consumption reported here may be over- or underestimated, particulary for the earlier and later years in the data.



Interpretation of the Elasticity Estimates

A striking feature of the elasticity estimates for the individual food commodities (Figures 8–10 and Table 3) is their wide variability at the lower consumption levels, in contrast to the much narrower patterns for total energy and protein consumption, and for the ASF contribution to them, as in Figures 6, 7 and Table 2. As mentioned in connection to Figure 5 (section Properties of the Elasticity Estimates), the estimates are not systematically less (or more) accurate at those lower levels, so this feature is not likely due to inappropriate data. But it does seem to be much easier to statistically unravel the income effect from the non-income ones (β vs. γ) when consumption is higher. A statistical explanation would be that the higher consumption levels allow for more variation between datapoints (i.e., between years within a country) that can be statistically exploited. Alternatively, in real life it is easier to substitute those individual commodities (e.g., shift to poultry meat when fish and seafood becomes more expensive, as has been the case in Europe the past decade) than to do this on the ASF-vs.-PSF or on the consume-vs.-not-consume level.

It is difficult to compare my results to the existing literature, for several reasons.

First, the econometric demand studies in the literature apply various types of regression model (see section Statistical Analysis), all with their statistical peculiarities. Obviously, it will be difficult to compare elasticity estimates from any two of these methods, which automatically raises the question how any food-related policy on the regulatory level should interpret them. The same holds even more for the more complex simulation models that are used to study consumption trends for long-term prediction purposes, see Femenia (2019; her Table 6), Valin et al. (2014), and Von Lampe et al. (2014). Indeed, the latter two studies are contributions to a “global economic model intercomparison activity undertaken as part of the AgMIP Project (www.agmip.org)” that “aims to substantially advance our understanding of model strengths, weaknesses, and uncertainty while also developing new approaches including data integration and transdisciplinary modeling frameworks.” Von Lampe et al. (2014) recommend studies “that would allow for the generation of comparable price elasticity matrices for area, yield, and final demand across agricultural products.”

Second, published elasticity estimates are very variable in magnitude. For example, Femenia (2019) performed a meta-analysis of income elasticity estimates published worldwide between 1973 and 2014. Her estimates for consumption of meat and fish or dairy products can be divided into two groups based on socio-economic region: in the Americas, the EU, and East and South Asia (i.e., 76% of the 2016 world population), both commodities show mean income elasticities ranging from +0.5 to +0.8 with very large standard deviations ranging from 0.5 to 0.8. In the rest of the world, the mean income elasticities show that same range but the standard deviations are much smaller (0.1–0.4). It follows that three quarters of the world population lives in countries where these income elasticities either (i) really vary from decidedly negative to very strongly positive or (ii) are extremely difficult to estimate accurately; for the rest of the world, dominated by low-income countries, these estimates seem to be more consistently positive.

Third, the aggregation level of the studied commodities (e.g., ASF > meat and fish > meat > bovine meat > hamburger) can strongly influence the results. Hassan and Johnson (1977) estimated income elasticities of consumption of a wide variety of food commodities in Canada. The estimates (from their Table 8) range from −0.2 to +0.2 for seven types of pig meat, from −0.2 to +0.5 for seven types of bovine meat, from −0.6 to +0.4 for five types of fish, and from −0.6 to +0.7 for ten types of dairy product. Likewise, Gandhi and Zhou (2010; their Tables 8, 9) report income elasticities ranging from −0.1 to +2.2 for five types of dairy product consumed in India. It follows that income elasticities for aggregated commodities such as “dairy products” or “fish and seafood,” estimated on a country basis, depend considerably on the range of such commodities included in the aggregate.

Fourth, “consumption” can be quantified in multiple ways. The economic literature measures per caput consumption either as a quantity (e.g., kg per year) or, more often, in terms of financial expenditure (e.g., $ per year). The biophysical approach to measure consumption in terms of the contribution to total energy or protein consumption is very different from that. Muhammad et al. (2011) analyzed a cross-section dataset of consumption in 146 countries in 2005, regressing the budget share of each commodity (i.e., the proportion of total financial expenditure spent on purchasing it) on income, price (if the purchased volume does not change, a higher price will increase the budget share), and substitution effects (if other commodities are bought instead, a higher price will reduce it). Their income elasticity estimates for dairy products and fish can be compared to my corresponding β estimates for 2005, bearing in mind that the two compared models (i) are different in structure and (ii) relate different entities to income, i.e., the proportion of total financial expenditure, vs. the proportion of total protein consumption.

This comparison shows that Muhammad's and my elasticity estimates are essentially uncorrelated (r = +0.2 for dairy products, r = −0.1 for fish), and the actual consumption levels do not play any role in the relationships. Moreover, Muhammad's expenditure-related elasticities show strongly significant (P < 0.0001) differences between the various socio-economic regions with the lowest estimates in Europe and the Anglo-Saxon world, and the highest ones in Africa; this pattern is completely absent (P > 0.9) among my protein-consumption-related elasticities.



Income and Non-income Effects

Bodirsky et al. (2015) concluded that income, time and their interaction are “significant predictors for” the ASF contribution to energy consumption; the interaction term was particularly influential at the higher income levels. Gale and Huang (2007) fitted the year effect as a dummy variable for their 2002–2003 data, and found it to be “significant in about half of the equations.” Likewise, Milford et al. (2019) report significant effects of time-variant factors such as urbanization, globalization and population density on the global consumption of (ruminant) meat. They notice that “previous econometric assessments […] often considered a much smaller number of explanatory variables, usually prices and income. Thereby, they may have overestimated the effect of income on meat demand, as other explanatory variables such as urbanization or female participation are strongly correlated with income. […] Food demand models using just income and price elasticities should be applied with care.”

The strong significance of the non-income γ coefficients from my analysis is therefore not surprising. Rather, the novel elements as illustrated in Figures 8–10 and Supplementary Figures 4–7 are (i) the considerable variation of the β and γ estimates between countries within each socio-economic region, (ii) their equally considerable changes over time within countries, often moving from positive to negative or vice versa, and (iii) the variable association patterns between β and γ at both these levels.



Extensions and Applications

We have here a very rich dataset on consumption of ten food commodities across 50 years in 150 countries with two driving factors to be explored. Its analysis shows substantial variation in all the estimated parameters over time and across the world, as illustrated in Figures 8–10 and Supplementary Figures 4–7. This variation is the most striking element of my findings; it also features very clearly in Figures 1, 3 of Bodirsky et al. (2015), but that study focuses on aggregated global patterns and therefore ignores the variation, with good reason. Most other studies do not mention it at all, or treat it as a nuisance factor, or do not try to quantify it in the first place. Some of this variation is likely the consequence of specific events that happened over the 1961–2017 period studied here, such as the OPEC-triggered oil shocks of the 1970s, the Latin American debt crisis of 1980s, the European CAP reform of the 1990s, the wordwide recession of the late 2000s, or the financial crises in Russia and China of the mid-2010s, and in another dimension the epidemics of H3N2 influenza in the late 1960s, SARS from China in the early 2000s, HIV in Africa from the 2000s, or H1N1 influenza from the Americas and Ebola in West-Africa in the early 2010s. It would also be interesting to group the β and γ estimates in terms of some quantiles of GDP, or of poultry meat or fish consumption (or wheat or rice consumption), or of the various non-income factors of statistical model (2). But this is beyond the scope of this article: a topic for further analysis.

Elasticity-of-consumption estimates play important roles in forecasting long-term consumption patterns and their associated production requirements—with food security, land use, water use and climate change as typical focal points, and with worldwide policymakers as the intended audience; e.g., Bodirsky et al. (2015), Gouel and Guimbard (2019), and Warren et al. (2021). The International Institute for Applied Systems Analysis (IIASA, tntcat.iiasa.ac.at/SspDb) predicts population size, GDP and urbanization rate of many countries up to the year 2100. These predictions follow five scenarios introduced as Shared Socioeconomic Pathways (SSPs) by O'Neill et al. (2014), defined in terms of technological, economical and political factors that influence (i) mitigation of climate change and (ii) the capability of coping with it. Across these SSPs, IIASA predictions for the year 2100 range from 6.9 to 12.6 billion people for the world population, from 22 to 138 k 2005-USD for worldwide per caput GDP, and from 58 to 93% for the worldwide urbanization rate. The consumption levels of any commodity can then be forecasted from the predicted GDP and the relevant estimate for the income elasticity of consumption, and likewise for other factors such as urbanization rate. One of the key attributes of such consumption projections is their intrinsic accuracy level, which will depend on (i) accuracy of elasticity estimates as illustrated in Figure 5, and (ii) variability of the predicted independent variables (such as GDP) across the five SSPs.

With country-specific elasticity estimates such as mine, that approach would allow for forecasting the consumption of (or rather, the demand for) the various ASF commodities on a per-country basis. The main challenge of such a study will be to find a sensible way to extrapolate the time trends of the elasticity estimates into the future.




CONCLUSIONS

Patterns of animal source food (ASF) consumption differed between various parts of the world, and they changed over time. These differences and changes were significantly related to income, but considerably more related to time-dependent non-income factors.

Within-country income elasticity estimates of total energy and protein consumption between 1961 and 2017 ranged from −1 to +1: when income increased by 1%, consumption changed by −1 to +1%. The corresponding non-income time elasticity estimates ranged from −0.05 to +0.05% per year: every year, adjusted for income, consumption changed by −0.05 to +0.05%. The elasticity estimates for the contribution to energy and protein consumption of animal-source food ranged twice as wide as these. Those for the contribution to protein consumption of dairy products, fish and seafood, poultry meat, pig meat, bovine meat, eggs, and sheep and goat meat ranged at least three times as wide.

Both the income and the non-income elasticity estimates for the contributions of those commodities to protein consumption changed considerably over time in many countries; their association to each other was very variable too, both between and within countries.

Much of all this variation took place at the lower consumption levels, possibly because the higher ones provided more within-country variation over time that can be exploited statistically. Alternatively, in real life it is easier to substitute those individual commodities than to do this on the ASF-vs.-PSF or on the consume-vs.-not-consume level.

Considering all this, any attempt to forecast the consumption of animal source food (and particularly of its individual commodities) on a more detailed level than globally and on a longer term than a decade should should include an income-independent time factor and be very careful with regard to the elasticity coefficients used.
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Europe 32 6.1 83 0.866 0312 0055 0.0229 00103 0.0023
Former Soviet 32 75 0229 ~0.492 00307 0.0447
Union
West Asia and 08 25 54 ~0.204 1.002 0797 0.0466 00273 ~0.0239
Bangladesh
South Asia 0.1 04 12 ~0.411 0.427 ~0.159 00350 00374 0.0200
Centrally Planned 08 2.1 42 -0.203 ~0.003 —1549 0.0012 00683 0.1001
Asia
South-East Asia 13 37 63 ~0.001 0515 ~0.267 00192 00226 00025
World without 25 49 76 0202 0412 0.003 0.0288 00233 -0.0014
CHN and IND
World 16 35 57 -0019 0315 -0331 00238 00384 00217
Eggs Anglo-Saxon 52 3.4 37 ~0.024 —021 0979 ~0.0062 -0.0075 0.0050
Latin America 17 29 36 -0020 ~0.064 -0018 00289 00144 ~00011
Sehara and Sahel 07 1.0 09 ~0.816 ~0.102 0.755 0.0200 00082 ~0.0170
Southern Africa 08 1.1 10 —4.599 —2568 3567 00217 00463 0.1684
Europe 37 39 3.4 0.188 ~0.008 -0.098 0.0088 -0.0036 ~0.0105
Former Soviet 40 38 1.324 1013 -0.0179 -0.0073
Union
West Asia and 07 12 18 ~0.59 0260 0998 0.0649 00214 -0.0238
Bangladesh
South Asia 03 06 14 ~0.059 ~0.212 ~0.001 0.0400 00395 00332
Centrally Planned 14 37 70 0241 ~0.022 —2.026 ~0.0227 00696 0.1237
Asia
South-East Asia 23 3.1 35 0.422 0215 ~0.192 0.0022 00120 00121
World without 25 27 26 -0415 ~0.137 0878 00160 00108 00211
CHN and IND
World 19 25 33 -0.196 -0.125 0.139 00107 00293 0.0437
Sheep and Anglo-Saxon 18 10 06 0278 0382 0.091 ~0.0614 ~0.0265 ~0.0098
goat meat
Latin America 09 05 03 0520 ~0.164 -0.158 -0.0375 ~0.0141 00111
Sahara and Sahel 22 19 15 -0.238 ~0007 -0805 ~00121 -00118 -00325
Southern Africa 12 12 1.0 0.034 0056 —0222 0.0096 00075 0.0059
Europe 08 1.0 06 —0.900 -0.119 -0.206 0.0347 -0.0111 —0.0305
Former Soviet 13 12 ~0.465 0948 -0.0836 -0.0282
Union
West Asia and 24 25 15 0012 0285 0111 00022 ~0.0062 ~0.0297
Bangladesh
South Asia 06 05 03 0.065 0.086 ~0.295 ~0.0070 ~0.0076 ~0.0564
Centrally Planned 02 06 12 0247 0.137 ~0.765 00188 00490 0.0580
Asia
South-East Asia 02 02 02 ~1.758 ~0.190 —2811 00751 0.1333 00127
'World without 1.1 11 0.8 —0.454 -0.038 -0.572 0.0086 0.0171 -0.0088
CHN and IND
World 08 09 08 -0.191 0.026 -0.563 0.0085 0.0202 —0.0047
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