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1 Introduction

Economic growth usually implies structural change, the movement of labour across sectors
of employment.1 Perhaps the most striking structural change in modern history has been the
movement of labour from primarily agricultural employment, to primarily non-agricultural em-
ployment. (And similarly, from rural areas to urban.) However, little is known about the rela-
tionship between agricultural structural change and economic inequality—another hallmark of
modern economic growth.

Simon Kuznets (1955) argued that inequality initially increases with development (as struc-
tural change)—as labourers move from the lower-productivity and lower-inequality (tradi-
tional, agricultural, rural) sector to the higher-productivity and higher-inequality (modern, man-
ufacturing/services, urban) sector—before decreasing as the majority of the labour force reaches
the modern sector. It is worth noting, though, that Kuznets did not necessarily foresee any
changes in the mean income of the two sectors; if anything, he predicted a widening of the
between-sector average productivity gap (Baymul and Sen 2020; Anand and Kanbur 1993).
The dynamic trajectories of within-sector inequality, during structural change, were difficult to
predict.

W. Arthur Lewis (1954) argued that the agricultural sector in developing countries is charac-
terized by an ‘unlimited’ supply of labour working at close to subsistence wages. Growth in
the non-agricultural sector proceeds by drawing agricultural labourers at close to (only slightly
higher than) the same fixed rate of wages, and reinvesting the profits as capital accumulates.
Again, the agricultural sector remains somewhat stagnant (and low in inequality) until its pre-
vailing wage rate would equal that of the modern sector (Gollin 2014). The logic of structural
change in this framework is compelling, but its view of within-agriculture changes is perhaps
similarly limited.

For all of their elegance, these early models of structural change leave important questions
on the dynamics of productivity growth and income distribution within the agricultural sec-
tor.

This paper makes several contributions. First, I show that agricultural productivity (relative to
productivity outside the sector) has been increasing, even as labourers leave agriculture.2

1 Canonically, labour (and capital) moves from lower-productivity to higher-productivity sectors.
2 Whether this is because low-productivity workers leave, or staying workers increase their productivity, is a more
difficult question.
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Second, across agriculture and the rest of the economy, I document that between-sector in-
equality has been declining since 1980 and perhaps earlier, but within-sector inequality has
been increasing. It is likely that both the non-agricultural sector and the agricultural sector
have been increasing in inequality.

The first part of this narrative—that average productivity levels are converging across sectors
and between-sector inequality is narrowing—could fit into the Lewis (1954) framework. The
second part—that inequality is growing within the agricultural sector—matches the Kuznets
(1955) intuition.

In any case, I show that agricultural structural change—the movement of labour from agricul-
ture to other sectors of the economy—explains very little of the overall growth in inequality that
has prevailed in recent decades.3 Instead, within-sector inequality in agriculture likely mirrors
that in the non-agricultural sectors, with one caveat.

Much of agriculture remains a household business. I document that the corporate sector in
agriculture has not been increasing. Then again, to the extent that agriculture is a corporate
endeavor (or, one may infer, when it becomes so), its income distribution widens. Evidence
in cross-section shows a compelling relationship between overall inequality and the size of the
corporate sector in agriculture. I also show that the size of the corporate sector in agriculture is
related to the extent of inequality in agriculture.

Given that agricultural structural transformation likely implies an increase in inequality in the
sector, I discuss the adequacy and targeting of social protection among rural populations.

Unfortunately, to assess global changes in agricultural income distributions over time, demands
more than existing data sources have captured. In fact, household surveys are notoriously
poor at capturing capital incomes, and the income of those at the top of the distribution. The
agriculture sector is perhaps an extreme case of this. Very few agricultural surveys capture any
information about the corporate sector. Distinct income concepts, missing data on income, and
missing individuals are at the heart of the empirical measurement challenge.

2 Data

Data for this study draws from several sources.

3 Note that between-country inequality has actually converged somewhat, so the overall world income distribution
has largely compressed (except at the top). At the same time, within-country inequality has increased almost
everywhere. See Bourguignon (2015) and Chancel et al. (2022).
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For sector-level macroeconomic aggregates and their decomposition in section 3.1, I combine
data from the United Nations System of National Accounts (UN SNA 2023), both online and
in a custom data retrieval from archival records,4 with data from the GGDC/UNU-WIDER
Economic Transformation Database (ETD) (Kruse et al. 2022),5 as well as data from ILOSTAT
(2024) and the World Bank (2024). For aggregate inequality statistics I rely on the World
Inequality Database (see wid.world and Chancel et al. 2022).

For contemporary microdata on agricultural income distributions, I turn to a custom retrieval
from the universe of ILO labour force surveys (ILOSTAT 2024)—covering more than 100
countries and more than 1000 country-years—and to the Rural Livelihoods Information System
(RuLIS), a publicly available dataset from FAO, IFAD and the World Bank (FAO 2024). The
latter covers fewer than 40 countries and 100 country-years, but does so with the highest-
quality survey data on agricultural household incomes, harmonized according to the criteria
of the World Bank Living Standards Measurement Study’s Integrated Surveys on Agriculture
(LSMS-ISA; see, e.g., (Carletto and Godoiay 2019)). Similar datasets to that of the ILO include
the World Bank’s International Income Distribution Database (I2D2, accessed offline but now
accessible at link) and the Luxembourg Income Study (LIS 2024). However, these suffer from
a similar incomplete coverage of agricultural labour incomes as the (ILOSTAT 2024) data,
so I prefer the RuLIS data for benchmark estimates of agricultural household labour income
inequality.6 The choice of microdata and its consequences are discussed further in section
4.

To understand the role of the corporate sector in agriculture—and the place of capital income
along the agricultural income distribution—I draw on UN SNA (2023) as above, as well as
the Georgia Survey of Agricultural Holdings (Geostat 2020), whose unique advantage will be
discussed further in section 5.

Finally, to highlight the current and potential role of social protection in agricultural structural
transformation, I draw on novel data from Fisher-Post and Gethin (2023).

From this discussion of data sources and their uses, I turn to several sets of results in the sections
that follow.

4 For more on the latter, see Bachas et al. (2022).
5 Data available for download at https://www.wider.unu.edu/database/etd-economic-transformation-database.
6 For family farms, household farm income comprises the majority of agricultural incomes, so it would be concep-
tually fraught (and empirically challenging) to estimate an individualized labour income distribution rather than
an equivalized household labour income distribution. More consequentially, we must unfortunately remain on the
distribution of labour incomes, because capital income in agriculture is largely unobserved in reference surveys.
This is discussed further in section 5.
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3 Long-run trends, 1950–2021

3.1 Agricultural employment and productivity

In this section I analyze long-run trends in agricultural employment and productivity, to under-
stand the implications of structural change for inequality in the sector.

I start with accounting identities for total production Y and the workforce L, where Y comprises
both agricultural and non-agricultural production and L comprises both agricultural and non-
agricultural workers:

Y = Yagr +Ynonagr

L = Lagr +Lnonagr
(1)

so the share of agriculture in the workforce is given by θagr =
Lagr

L . Total productivity is Y
L ;

the productivity of agricultural labour is Yagr
Lagr

; and Ynonagr
Lnonagr

is the productivity of non-agricultural
labour.

It is perhaps worth noting that some industrial activities—e.g., the production of agricultural
inputs; or value-added on food processing—are adjacent but not included in the agriculture
sector strictly defined in the UN SNA (2023) and ILOSTAT (2024). Nonetheless, the ratio
between agricultural productivity and non-agricultural productivity can be expressed as:

productivity ratio =
Yagr/Lagr

Ynonagr/Lnonagr
(2)

Figures 1 and 2 (and Appendix Figures A1–A5) show the statistics these equations represent.
In both high- and low-income countries, agricultural employment (as a share of total employ-
ment) has declined since 1950. In developing countries, the average proportion of agricultural
employment today is approximately what it was in 1950 for developed countries: Roughly 30%
of the workforce remains in agriculture in developing countries. And this proportion remains
above 50% in sub-Saharan Africa. Meanwhile in developed countries today there is little room
for agricultural employment to decline any further, as it represents only approximately 5% of
total employment.

While employment in agriculture has declined, its relative productivity (relative to other indus-
tries) has increased.7 In developed countries, this convergence happened during the mid- to

7 Note that the strict macroeconomic accounting of equations (1) and (2), does not account for differences in hours
worked across sectors of employment. The strong form of the implicit assumption presented here is that that
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late 20th century, and since then agriculture has remained on average roughly 70% as produc-
tive as non-agriculture. Meanwhile in developing countries, on average, such convergence was
delayed until the turn of the millennium. Only in recent years has the average productivity of
agricultural employment risen above 20% of the average productivity of non-agricultural em-
ployment, now nearing 40%. This ratio is closer to 50% in Latin America and the Caribbean,
and in the Middle East and North Africa (with earlier increases); while it is closer to 30% (and
only recently increasing) in Asia and the Pacific and in sub-Saharan Africa.

Just as developing countries’ agricultural employment (as a share of total employment, i.e.,
30%) mirrors today what it was in developed countries in 1950, so too is developing countries’
agricultural productivity (relative to non-agricultural productivity, i.e., 40%) similar to what it
was in developed countries in 1950.

3.2 The inverse relationship in focus

The global and regional trends on agricultural employment and productivity beg the question
of whether and to what extent agriculture’s relative decline in employment is related to its rel-
ative increase in productivity: Can we be sure that the decline in employment and the increase
in relative productivity are happening in the same countries at the same time? To settle this
question, I set up the following regression model:

yit = β0 +αi +γt +β1xit +β2nnipcit + it (3)

where y represents dependent variables on agricultural productivity or value added; x is agri-
cultural employment as a share of the workforce; with country αi and time γt fixed effects; and
controlling for per capita net national income nnipc.

Results are presented in Table 1. We can observe that a 1% decrease in the workforce share of
agricultural employment is associated with 0.69% increase in the productivity of agriculture,
relative to non-agricultural employment. Similarly, a 1% decrease in the workforce share of
agricultural employment is associated with only a 0.34% decrease in the agriculture’s share of
total value added. (If agriculture were equally productive as non-agricultural employment, a
1% decrease in agricultural employment would decrease agricultural value added by precisely
1%.8)

ratio is 1.0—that workers in both sectors work the same number of hours. The weak form of this assumption is
that the ratio of average hours worked in agricultural employment to average hours worked in non-agricultural
employment, has not changed.

8 If the two sectors were equally productive [with geometrically similar inequality, and a representative sample of
workers switching sectors], a change in relative employment share would not be associated with any change in
relative productivity.
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Meanwhile, if we examine the same question in levels rather than in shares, I find that a 1%
decrease in total agricultural employment (regardless of whether non-agricultural employment
increases or decreases, in levels) is also associated with a 0.34% increase in average agricul-
tural productivity per worker (in levels; i.e., also regardless of non-agricultural productivity
per worker). And a 1% decrease in total agricultural employment is associated with only a
0.61% decrease in total agricultural production (where, if the marginal worker were of average
productivity, the decrease would be 1%).

Using country and time fixed-effects in this regression approach ensures that we are not observ-
ing a spurious correlation globally. Rather, within countries over time, a decrease in agricultural
employment is associated with an increase in agricultural productivity—both in absolute terms,
and relative to non-agricultural employment.

The result holds for all regions, and for both developing and developed countries, and for all
time periods in our sample. In all, these headline results are consistent both with a Lewis
(1954) process, in which the marginal agricultural worker is essentially underemployed; and
with a Gollin et al. (2014) process, in which a significant share of labour is misallocated (from
an economic efficiency standpoint) when it is allocated to agriculture. It would require micro-
data to quantify changes in productivity at the level of the workers who change sectors,9 but
the results are highly suggestive that those who leave agriculture are at the lower end of the
agricultural income distribution.

Agricultural employment declines as per-capita income rises, and relative agricultural produc-
tivity (relative to non-agricultural) increases with development, as well.

3.3 Agricultural structural change

Another way to look at this is via decomposition à la McMillan et al. (2014) and de Vries et al.
(2015).

Total productivity is:

Pt =
2

∑
i=1

θit ·Pit (4)

9 It would be necessary to show that the same workers leaving agriculture become more productive (and to adjust
for self-selection between sectors), and not only to show as these results do, that on average the per-worker agri-
cultural productivity increases as labourers leave agriculture. In fact, with these results it would remain possible,
if unlikely, that workers who remain in agriculture become more productive as a direct result of others leaving
agriculture. A priori, this seems less likely than the composition effect, that the workers who leave agriculture are,
on average, below mean productivity, both in the agriculture sector they leave and of course in the non-agriculture
sector they join.
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where total productivity P at time t is equal to the weighted mean of productivity levels across
sectors i, weighted by their share in the workforce θit , as in equation (1) above.

Whereas those authors (above) were concerned with several sectors (including to distinguish
between manufacturing and services), here I limit the analysis to a two-sector economy, agri-
culture (or primary production; i.e., including forestry and fishing) vs. non-agriculture.

It can then be shown that changes in overall productivity are decomposable into changes in
the productivity within sectors, vs. structural change as the compositional change of labour
allocation across sectors:

∆P =
2

∑
i=1

∆Piθi,t+k︸ ︷︷ ︸
within-sector

+
2

∑
i=1

Pi,t∆θi︸ ︷︷ ︸
structural change

(5)

The within-sector term explains how much of overall productivity growth owes to sectoral pro-
ductivity growth, holding sectoral labour allocation constant; while the structural change term
explains how much of overall productivity growth owes to labour reallocation across sectors,
holding sectoral productivity constant.

Following this framework,10 Table 2 shows productivity growth over time, by region, and the
extent to which it is explained by sector-level changes in productivity vs. labour reallocation
across sectors.

These results show that overall productivity growth is largely explained by within-sector pro-
ductivity growth—above all in the developed countries of Europe and anglophone countries—
but with the notable exception of sub-Saharan Africa, where much of per-capita growth over
the past 60 years can be explained rather by changes in sectoral composition rather than by
changes in within-sector productivity.

Of course, these labour productivity statistics can be misleading if they are taken to represent
the contributions of both labour and capital to value-added, whereas they only discuss labour
productivity by industry, from labour force statistics. Capital income (within an industry) ac-
crues to individuals or households whose employment may be listed outside the industry, or
to individuals outside the labour force. In agriculture, any returns to capital may accrue to in-
vestors who are not included among agricultural workers in labour force statistics. We overstate

10 Note that de Vries et al. (2015) go one step farther and further decompose the ‘structural change’ term into a
‘static’ and a ‘dynamic’ term. However, for the purposes of this analysis we can agree with McMillan et al. (2017)
on the difficulty of interpreting that further disaggregation, and the sufficiency of considering structural change
itself as a dynamic process.
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the average (income and) productivity of farmworkers if we include capital income that accrues
to individuals whose primary employment is elsewhere. The labour productivity statistics in
agriculture may in fact be overstated, then, if owners of capital are disproportionately found
outside of agriculture. I will return to this point on capital income in Section 5 below.

In short, the results from this decomposition complement those from sections 3.1 and 3.2 above.
In the previous section we observed that relative agricultural productivity increases as labourers
leave agriculture, and here we observe that this is explained more by within-sector changes in
productivity than by between-sector changes in the composition of the workforce—despite the
fact that, globally, workers are leaving agriculture and that agriculture is the less-productive
sector. The productivity gap between sectors is shrinking, but the productivity gap within
sectors is expanding.

However, as above, these results do not tell us whether we are observing a real productivity
increase in the same workers who leave the agriculture sector (or in those who stay behind), or
whether it is simply the case that low-productivity (i.e., below-average productivity within the
sector) farm workers are the ones leaving agriculture. Nor do these results tell us what is hap-
pening to the income distribution within each sector, as labour leaves agriculture. It is likely
that inequality is increasing within the non-agricultural sector (and especially within certain
industries such as finance and natural resource production), but the effect on the income distri-
bution within agriculture is more theoretically ambiguous. The long-run macroeconomic (and
total income distribution) data does not allow us to observe sector-level income distributions
directly.

3.4 What does this mean for agricultural inequality?

A naive cross-section shows that the same countries with the highest agricultural productivity
gap are also the countries where inequality is highest. (See Appendix Figure A6.) Of course,
there are many explanations for why developing countries (where agriculture is the most sig-
nificant part of the economy) also exhibit the highest levels of inequality.

To better understand the role of sector-level changes on inequality within and between sectors,
we can also decompose total inequality (as the variance of incomes), into ‘within-sector’ vs.
‘between-sector’ components, as follows:

V (y)︸︷︷︸
total inequality

= [ θaV (ya)+ θbV (yb) ]︸ ︷︷ ︸
within-sector

+ [V (ȳa, ȳb) ]︸ ︷︷ ︸
between-sector

(6)

where V (y) is the overall economywide variance of all incomes, decomposed into within-
and between-sector variances of agricultural and non-agricultural incomes; θ is the share of

8



the workforce (as in equation [1] above); and a is the agricultural sector and b is the non-
agricultural sector (rather than agr and nonagr above).

Over the time period for which we can compare sector-level productivity statistics with to-
tal inequality statistics (i.e., since 1980),11 this decomposition can be seen visually in Figure
3.

Inequality between sectors—the productivity gap—explains very little of overall inequality,
despite their correlation. Where perhaps it did so in Asia and sub-Saharan Africa in earlier
decades, more recently all regions have converged to an equilibrium state where most of in-
equality is explained by disparities within sectors. Overall inequality has increased (Chancel et
al. 2022)—and, globally, agriculture is becoming more like non-agriculture. Within-sector in-
equality explains overall inequality. A more disaggregated decomposition (with detailed sector-
level income data, worldwide) would highlight which industries have the greatest dispersion of
incomes. In this setup, where we observe total income distributions and the average labour
productivity by sector12 but do not observe the dispersion of incomes (or productivity) within
a sector, we can only conclude that within-sector inequality matters more than between-sector
inequality, but we cannot observe in which sector it matters most.

Another way to see this is to run a two-way fixed effect regression in the form of equation
(3) above, examining whether changes in overall inequality are explained by changes in the
productivity ratio between sectors. Reassuringly, the result of this regression agrees with the
results in Figure 3 from equation (6) above. The coefficient is only marginally significant (0.05
< p < 0.10), with a negligible effect size: A 1% increase in the ratio of agricultural to non-
agricultural productivity13 is associated with only a 0.06% reduction in inequality (expressed
as the ratio of top 10% to bottom 50% average incomes). The implication is clear, as above,
that agricultural structural change is not explaining much of overall inequality.

Since the (average) productivity gap between sectors does not explain much of overall inequal-
ity, let alone its well documented increase in recent decades, it is unfortunate that the vast ma-
jority of available, long-run, global income data—on gross productivity levels, by sector; and

11 Reliable, economywide inequality statistics are largely unavailable prior to 1980, especially in developing coun-
tries (see Chancel et al. 2022).

12 Again, there is the notable caveat that we do not here observe capital income allocation by sector—neither the
capital share by sector, nor the sector from which investors owe their wealth. To the extent that capital income
(corporate profits) in agriculture accrues to earners who do not declare agricultre as their sector of employment,
then we are overestimating the average labour productivity of agriculture, because we are underestimating the
number of people who earn income from the sector (or overestimating the amount of income that accrues to
labour in the sector).

13 Usually this is a convergence from relatively lower-productivity agriculture to relatively higher-productivity non-
farm employment, as in Figures 1 and 2.
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on overall economywide income distributions; and particularly in developing countries—does
not let us examine patterns of income distribution within sectors.

However, there are some datasets that do allow us to look more closely at agriculture-sector
inequality.

4 Contemporary agricultural inequality

4.1 Agricultural household income distributions

To understand how inequality has changed within sectors, then—and within the agricultural
sector specifically—it is not sufficient to look at headline trends in aggregate production, em-
ployment, and average productivity levels; nor to look at economywide inequality patterns.
Survey microdata (with industry markers) allows us to estimate within-sector income distribu-
tions.

One such source—the universe of labour force surveys from the ILO—would seem to suggest
that agricultural income inequality is quite similar to overall income inequality, as in Figure 4.
However, several caveats are in order. First, to say that within-agriculture inequality is similar
to inequality overall does not suggest that the income levels are the same. (See Appendix Figure
A7.) Second, this may be an artifact of imperfect data.

If instead we take another source of survey microdata, for the same country-years, and attempt
to apply the same income definition (income among agricultural employees), we end up with a
different result. Figure 5 shows the difference between the ILO estimates of Figure 4 and those
which are given by household income and expenditure surveys in RuLIS. If the two income dis-
tributions across surveys within the same country-year were perfectly aligned (ILO vs. RuLIS),
their Gini coefficients would sit perfectly on the 45-degree line of the graph in Figure 5. That
they do not suggests measurement error in one or both sources. In principle, the former (ILO) is
based on a 30-day recall (seasonally adjusted) while the latter (RuLIS) is based on a 12-month
recall. This could be one of the principal drivers of the discrepancies (in which the 30-day
recall measurement of labour force surveys [ILO] exhibits wider variance and therefore more
inequality than does the 12-month recall measurement of household income surveys [RuLIS]).
Beyond data collection differences, data cleaning differences (e.g., prevalence and treatment
of outliers) could also explain the systematic (if not universal) difference across institutional
sources.

In any case, the ‘employee’ definition of agricultural income is insufficient. Agriculture, more
than any other industry, is largely practiced as a household enterprise, with less of its total
production in employer-employee relationships (whether formal or informal) than in other in-

10



dustries. It is difficult to predict a priori what effect this improvement in measurement should
have on inequality. Missing agricultural ‘self-employment’ household income could be found
disproportionately among the poor, or among the comparatively richer, so the issue is theoreti-
cally ambiguous and becomes an empirical question.

Empirically, Figure 6 shows the effect on inequality of including a ‘household income’ defini-
tion on agricultural income,14 rather than the ‘employee income’ (wage income) definition of
Figures 4 and 5. Agricultural inequality is generally (if not necessarily or always) higher under
the ‘household income’ definition. This means that comparatively richer agricultural house-
holds disproportionately earn agricultural income outside of employee relationships.15 When
agricultural household income is well measured, inequality in the sector is higher.

But by how much does agricultural ‘employee’ income inequality underestimate agricultural
‘household’ income inequality? Figure 7 shows the magnitude for sub-Saharan African coun-
tries in RuLIS. It turns out that household farm income is more than 60% of total income for
agricultural households—regardless of where on the sector-level income distribution the house-
hold is found; whereas agricultural wage income is never more than 25% of total household
income, on average. As a share of household income, agricultural wage income is (relatively)
increasing with total income—but not by as much as total income itself is (absolutely) increas-
ing. That difference in the rates of increase in the share of agricultural wage income vs. in the
levels of total household income, would explain the result in Figure 6: To only consider wage
income underestimates inequality in the sector, as it underestimates total household income
from agriculture, and particularly among higher-income households in the agricultural income
distribution.

4.2 Agricultural vs. overall income inequality

We can also place agricultural household income into perspective, on the total household in-
come distribution, for the 40 RuLIS countries and the household income concepts it covers.
While there would not be any re-ranking among agricultural households (whose sources of
income even outside of agriculture, are already accounted for and included in Figure 7), Fig-
ure 8 shows the relative place of agriculture in the total household income distribution (here
including both agricultural and non-agricultural households, the latter of which earn less than

14 The agricultural income distribution comprises those (households) for whom agricultural income represents more
than 30% of total income, following the definition offered by RuLIS itself (FAO 2024).

15 Of course there can also be a re-ranking effect: It is not necessarily the same agricultural households and in-
dividuals who appear richest under the agricultural household-income definition, as earned the most under the
agricultural employee-income definition.
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30% of their income from agriculture, by construction).16 It is clear that agriculture is the
primary employment of the poorest—whether as ‘employees’ or in ‘self-employed’ household
farm income—whereas agriculture does not matter as much for (as many of) those who earn
more. Off-farm self-employment remains an important source of income even for the richest
households (indeed its importance increases with income), and off-farm employee income also
increases in importance, but agricultural income’s share declines drastically as total income
increases.

Of course, it is also important to note that these survey datasets do not capture capital income—
corporate profits, income from investment, and passive income from ownership—neither in
agriculture nor in the non-agricultural sector. This would likely not change the results very
much for the left-hand side of the distribution (capital income generally only matters at the top
of the distribution), but it could have an exaggerated effect both on income component shares
and even on the ranking of earners at the top of the income distribution. In survey data we
largely do not observe capital income—a point which I will return to in section 5 below.

Meanwhile, the data from RuLIS allows us to revise the results of Figure 4 above, from ILO
labour force surveys. The revised results are presented in Figure 9. Agricultural inequality
now no longer appears to mirror overall inequality. The agricultural sector is less unequal than
the economy as a whole. Important caveats remain, most notably on the magnitude of capital
income in the sector, but the revised picture is striking. On the face of it, inequality is less
significant in the agriculture sector than in other sectors. This would support the Kuznets (1955)
logic, where agriculture is the low-inequality sector and other sectors are higher-inequality.17

For Kuznets this was abstract theorizing (only partly testable in the data, for a small sample of
developed countries over the course of their history), but the most rigorous agricultural income
survey data on developing countries confirms it.

16 Appendix Figure A8 shows the same graph for Asia, with similar trends. (Note that there are fewer Latin Ameri-
can countries in RuLIS, so the region-wide average is less salient.)

17 Note that the further implications of Kuznets (1955) is that overall inequality widens before it shrinks or stabilizes,
as labourers leave agriculture (the low-inequality sector) for other sectors (higher in inequality)—implying an
effect in both between-sector inequality (to the extent that agriculture is the lower-income sector on average)
and within-sector inequality: Wven if the latter held constant (although it might itself increase if only low-wage
labourers leave agriculture), the change in labour-force weights toward the inequality levels of non-agriculture
would substantially increase the overall measure of inequality. For more on this, see Kanbur (2019).
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Even if agriculture is the lower-inequality sector, inequality in agriculture remains important,
because it is the lower-income sector.18,19 I will also discuss in section 5 the relative concen-
tration of capital income in agriculture (relative to other sectors), which would (disproportion-
ately) increase inequality in the sector to the extent that it is found among the top earners.

Unfortunately, with the high-quality data in RuLIS (and, to a lesser extent with labour force
surveys), long-run time series do not exist to show us how inequality within agriculture (or
within non-agriculture) has been changing over time, so we cannot put empirical results on
the entire chain of Kuznets’ reasoning. Kuznets (1955) did not emphasize the dynamics of
within-sector inequality, beyond the mechanical relationship between labour’s exit from the
low-inequality sector and its entry to the high-inequality sector. Whether inequality has been
changing in the sector—on the intensive margin, from dynamic advantages or disadvantages
among those who remain in agriculture; or on the sector’s extensive margin, from simple exit of
agricultural labour at one end of the distribution or the other—remains an open question.

5 Capital income in agriculture

5.1 Corporate-sector agricultural value added

As household survey data does not observe firm-level data or corporate profits (and observes
little other capital income), it is very difficult to say anything about the role of the corporate
sector (and capital income) in agricultural inequality.

As an entry point to this discussion, Figure 10 shows the relationship between the size of the
corporate sector within agricultural production, and overall inequality. Of course, this does not
tell us much about inequality within agriculture.20 Overall, there is no global trend correlat-
ing corporate agriculture and overall inequality. However, some regional patterns are striking.
For example, Latin American countries generally show a high level of inequality, and a sys-

18 Appendix Figure A7 above illustrated this point, comparing the median income in agriculture to that of non-
agricultural sectors. That figure was using ILO labour force survey data to compare median income of employees;
the effect would likely be even more pronounced with total household income among agricultural households in
RuLIS.

19 The notion of the relative importance of inequality assumes that variations in income levels matter more among
poorer people. At the limit, as average income levels go to zero (or to infinity), the same percentage (or standard
deviation) of variation would matter much more (less).

20 The data does not allow us to make that comparison, for lack of RuLIS data in the same country-years as SNA data
on corporate agriculture. In any case, the income data in RuLIS reflects agricultural household income (including
wage income) but largely ignores capital income, and excludes corporate-sector agricultural holdings entirely. To
the extent that corporate-sector agriculture could be expected to correlate with higher inequality in the sector,
this would likely be by way of net corporate profits—observed in SNA aggregates, but unobserved in the survey
microdata. This is discussed further in section 5.
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tematically large share of corporations in agricultural value added. This is suggestive of large
land holdings of corporations, and one would expect higher agricultural inequality in Latin
America than in other regions (after taking corporate production into account). Similarly, sev-
eral countries of Eastern Europe and the former Soviet Union show a high level of corporate
value added in agriculture, although these countries are relatively lower in overall inequality.
Some of the countries in Africa where agriculture is most important (both in North Africa and
in sub-Saharan Africa) show very little presence of corporations in agricultural value added.
Botswana is a notable exception. While agriculture no longer represents more than 2% of total
value added in Botswana (down from 50% at independence and more than 20% through the
1970s), the presence of corporations in the sector likely reflects a legacy of large-scale land-
holding.

Meanwhile, Figure 11 shows that corporate profits in agriculture do indeed follow the size
of the corporate sector in agriculture. It is not surprising that corporate profits would nearly
match the importance of corporate production (both expressed as a share of total value added),
although perhaps the employee share would be expected to be higher.21 That corporate profits
so nearly match corporate value added shows the extent to which corporate profits outweigh
employee compensation in agricultural corporate production: The labour share of agriculture
within its corporate sector is very low. Of course, this concentration of income among the
owners of corporations, has significant implications for inequality in the sector. If we add
corporate agricultural income to (the people to whom it accrues, along) the agricultural income
distribution, inequality of the sector would increase.

Some of these countries—with national accounts aggregate statistics on the corporate share
in agriculture, and on the share of profits within the agricultural corporate sector—make these
statistics available as time series in the national accounts database. A few of these series are no-
table (if not suspicious) for the volatility of their data, but there is little discernible time trend in
the global panel. On aggregate, for the select subsample of countries which provide such statis-
tics in their national accounts, we cannot rule out the null hypothesis that the global corporate
share of agricultural value-added has not increased since the early 1990s. (The same is true
for the profit share of agricultural corporations’ value-added.) Of course, the global average
statistics may mask significant heterogeneity within countries and among corporations.

5.2 Capital in the agricultural income distribution

Even if we cannot tell whether the corporate sector in agriculture is expanding relative to the
size of the agricultural sector overall, the role of juridical holdings in agricultural income in-

21 Note that corporate value added is equal to corporate operating surplus (essentially corporate profits, net of
depreciation) plus compensation of employees plus net indirect taxes on production and imports (i.e., net of
subsidies on the same).
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equality is still worth examining. However, standard agricultural survey microdata is again
largely insufficient to respond to this question.

Few agricultural surveys collect income data on juridical holdings, and fewer still share this
data publicly.22,23 One such survey was recently released by the Geostat (2020). In Georgia,
agriculture represents only 8% of economywide value-added in Georgia, but more than 40%
of employment (World Bank 2024). And while the corporate sector represents a very small
fraction of agricultural output in Georgia—from more than 50% of agricultural output in the
Soviet era, to less than 5% today (see, e.g., Lerman 2004)—the results of this exercise can be
instructive nonetheless.

Figure 12 compares the upper tail of the agricultural income distribution with and without the
inclusion of corporate-sector agriculture. A few caveats are in order, but the headline result is
striking. The inclusion of a mere 667 holdings (and 9,204 workers)—approximately 0.1% of
total agricultural holdings (and 0.7% of agricultural workers) covered by this survey—raises
the Gini coefficient by two percentage points.

This is likely a lower bound on the true effect, for several reasons. First of all, the data is
measured as revenue per worker.24 Of course, most workers do not receive as their wage
anything near to the average revenue per worker of the farm.25 Moreover, the profits that
accrue to the owners of corporate-sector farms are entirely unobserved.26 If we could observe
the labourers’ real wages and the profits per individual or household, the income distribution
presented in Figure 12 would likely be skewed even further at the top.

Second, the farm survey is underestimating its national sample. In comparison to data from the
World Bank (2024), holdings in the survey with revenue data represent only 54% of agricultural
employment (including both household and employee labour) and at most 33% of agricultural
value-added.27 Since the share of missing income (in total income) is larger than the share

22 Juridical holdings are those managed by (government or) private enterprises.
23 See, for example, the Food and Agriculture Microdata Catalog (FAM, link), maintained by the United Nations

Food and Agriculture Organization.
24 Cost data in this survey presents enough challenges that I do not calculate profits—the mean and median agricul-

tural profits per holding are negative.
25 Labour is but one cost among many, and the income (net of other costs—and perhaps net of profits) per worker

would be a more appropriate measure.
26 The survey data reports incomes by source, and some cost data, but only reports the number of workers and not

the expenditure that was paid to these labourers. More importantly, even if labour costs were directly observed, we
do not observe to whom accrue the profits of the corporate-sector agricultural holdings, after payments to labour
and after all other costs (nor how many people would count among the owners and shareholders to split this return
on investment).

27 In principle, to use strictly revenue as an income concept in the sector would be closer to the national accounts
concept of ‘output’—which is always larger than value added, due to intermediate transactions and the same goods
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of missing people (in total agricultural employment), the missing persons would be of above-
average income: To observe these missing incomes would likely increase overall inequality in
the sector.

Finally, the survey—even this survey, which is best-in-class for its coverage of incomes and ju-
ridical holdings—does not capture asset values very well, nor the owners of assets. Investment
income from agricultural enterprise is simply not a feature of this data, nor of similar survey
datasets. In principle, if we observed the total of agricultural value-added in the survey (i.e., all
incomes from all transactions in the sector, including all intermediate expenditures), it would
be almost superfluous to concern oneself with the value of assets in the sector—their annual
returns would be captured within the income flows that comprise value-added. However, since
we are not observing more than one-third of aggregate sector-level value added in the survey
data, it is also worth pointing out how little we observe of the value of productive assets in
these surveys. Land value is not reported (although land area is), nor the value of transactions
on land sales.28 Ideally, investments (and profit margins) up and down each agricultural value
chain would also be captured—but surveys (of holdings, or households) are notoriously poor at
capturing value chain transactions (Barrett et al. 2022). To observe wages and profits along the
value chain would significantly improve the measure of agricultural income inequality.

These thorny income concepts and data discrepancies speak to the challenges of adequately
capturing all of agriculture-sector incomes and workers. Even so, when we observe corporate-
sector agricultural holdings—and even in a country where these are rare—the measurement of
agricultural inequality increases significantly.

6 Social protection

If agricultural income inequality increases during structural transformation, what is to be done?

Social protection spending represents a singularly effective fiscal policy tool to combat poverty
and inequality, at least in the short run (Grosh et al. 2022). Within social protection generally,
non-contributory social assistance expenditures (direct transfers in cash or in kind, whether con-
ditional or unconditional) are particularly targeted toward vulnerable populations—at least in
principle—whereas contributory social insurance programmes (largely pensions from formal-
sector employment) are by construction less progressive and redistributive.

being sold twice—but in this case we do not observe intermediate transactions by which to calculate value-added
as such; and yet the farmgate output observed remains far below total value-added. We are likely observing less
than 33% of value-added.

28 For more on land inequality, see Bauluz et al. (2020).
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Long established in OECD countries, social safety net programmes play a significant role in
high-income countries, at more than 12% of GDP on average (of which more than 5% is for
social assistance alone)—a share of the economy that has remained roughly constant for the
past 40 years. (See Figure 14, with data from (Fisher-Post and Gethin 2023).) Meanwhile,
social assistance has increased in many Latin American countries since the 1990s (notably in
conditional cash transfer programmes), and social protection is also increasing in Asia. How-
ever, despite a heralded movement toward cash transfer programmes in sub-Saharan African
countries (Devereux 2016), the magnitude of this spending remains weak: African countries
average only 1% of GDP in social assistance spending.

More than the overall magnitude of this spending, however, it is worth asking whether social
assistance spending reaches the poorest and most vulnerable, and among rural and agricultural
households in particular.

One graph may be instructive. Figure 13 shows the concentration of social assistance spending,
along the household income distribution, globally (weighted by population) for all developing
countries represented in the RuLIS data. We see that, overall, social assistance spending is
generally progressive, targeted to the poorest half of the population more than to the richer
half of the population (if, however, not very progressive within the poorest 50 percent of the
population).

Within the agricultural population, however, the story is different. Among agricultural house-
holds, social assistance increases with income. This is true both in their propensity to access
social assistance, and in the total amount transferred.

Meanwhile, emerging evidence suggests that social assistance spending can catalyze produc-
tive investments among smallholder farmers (Daidone et al. 2018). Even if this were not so,
there is a case to be made for universal basic income (Banerjee et al. 2019). Taken together, for
both efficiency and equity, the evidence on social protection implores governments and inter-
national organizations to increase social assistance spending—and to improve targeting to the
rural poor.

Note that these long-run macroeconomic social assistance aggregates (and comprehensive sur-
vey microdata incidence estimates) do not reflect the most recent spike of social protection
spending during the COVID-19 pandemic. However, the early studies on pandemic spending
reveal a similar dynamic: High-income countries temporarily increased their social protection
spending and (more or less) effectively targeted their poorest citizens, while developing coun-
tries did not have the capacity to do so (World Bank 2022).

In sum, social protection should be seen as an effective and underused (or misused) tool for
governments to confront inequality in agricultural communities.
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7 Conclusion

With these considerations on agricultural income inequality, it is possible to draw conclusions
in several directions.

We can first of all conclude that there is a need for more and better data. There is an urgent
need to expand comprehensive agricultural household income surveys globally, to understand
the nature of changes to the agricultural income distribution.

Second of all, and despite the data’s insufficiency to draw long-run global trends on within-
sector inequality (strictly within the agriculture sector, sans comparison to overall inequality),
we can still point to several important results in cross-section and at country level.

Among these is the importance of precision in measuring agricultural household income. Labour
force surveys do not capture the bulk of income in the sector. When surveys measure agricul-
tural household income well, they generally show higher inequality than in the strictly ‘em-
ployee’ concept of agricultural income. They also show that agricultural household income
inequality is less than overall inequality—although the households in agriculture remain sig-
nificantly poorer.

While agricultural household income surveys represent a significant improvement over labour
force surveys and other income surveys that do not pay special attention to the sector, even agri-
cultural household income surveys do not always capture well the role of capital income in the
sector. To the extent that corporations play an important role in an economy’s agricultural sec-
tor, even the best-measured agricultural household survey will likely underestimate inequality
in the sector. The lack of long-run, individual-linked data on corporate-sector profits in agri-
culture, means that it remains difficult to understand the nature of value chains, and to whom
accrues the most direct income effect from transformations in the agricultural sector.

Further data collection and policy research must focus on vulnerable populations. For exam-
ple, in the RuLIS data we can observe that, globally, female-headed households are found
disproportionately among the poorest rural households. (See Appendix Figure A9.) It was
similarly unsurprising—but worth quantifying—to show in section 6 to what extent existing
social protection policies miss their targets, and above all among vulnerable agricultural popu-
lations.

Agricultural inequality may be less than overall inequality, but it is still substantial, and all the
more so for agriculture’s continuing role as the employment-of-last-resort for hundreds of mil-
lions of the world’s poorest people. While there remains little data and fewer analytical efforts
to estimate the nature of inequality in agriculture—including an inability to systematically doc-

18



ument changes over time—we understate the case if we ignore (because we cannot observe)
the magnitudes of capital income accruing to top earners in the sector.

Long-run time series data on agricultural income distributions will be able to show in more
detail the impact of different types of agricultural structural transformation on employment,
productivity, and inequality in the sector.
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Figures

All the figures are the author’s own illustrations based on data described in Section 2.

Figure 1: Relative size and productivity of agricultural workforce high-income countries

0

20

40

60

80

100

120

140

160

180

200

- - - -  overall productivity  (2000 = 100)

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

productivity ratio

0

10

20

30

40

50

60

70

80

90

100

w
or

kf
or

ce
 (%

)

19
50

19
60

19
70

19
80

19
90

20
00

20
10

20
20

 

agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the size of the agricultural work-
force (relative to total workforce) and the ratio of relative productivity in the agricultural sector to relative productivity
in rest of the economy. Relative productivity is the ratio of the sector’s share of total value added to its share of
the workforce (such that economy-wide average productivity is always 1.0), so the ratio of agriculture’s productivity
to that the rest of the economy shows the agricultural sector’s productivity gap. Total productivity (dashed line) is
national income per capita (in constant 2022 USD at PPP), with each country’s productivity level indexed to 100 at
the turn of the century (average in the years 1999–2001). All estimates are weighted by size of national popula-
tions. The years 1970 and 1991 show significant structural breaks (sharp expansions) in the sample of countries
for which we observe labour force and productivity data.
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Figure 2: Relative size and productivity of agricultural workforce —Developing countries
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the size of the agricultural
workforce (relative to total workforce) and the ratio of relative productivity in the agricultural sector to relative pro-
ductivity in rest of the economy. Relative productivity is the ratio of the sector’s share of total value added to its
share of the workforce (such that economywide average productivity is always 1.0), so the ratio of agriculture’s pro-
ductivity to that the rest of the economy shows the agricultural sector’s productivity gap. Total productivity (dashed
line) is national income per capita (in constant 2022 USD at PPP), with each country’s productivity level indexed
to 100 at the turn of the century (average in the years 1999–2001). All estimates are weighted by size of national
populations. The years 1970 and 1991 show significant structural breaks (sharp expansions) in the sample of
countries for which we observe labour force and productivity data.
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Figure 3: Inequality within vs. between sectors
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Note: this binned scatterplot presents between-sector inequality from equation (6), by region and over time. Overall
inequality is the variance of all incomes, observed in the World Inequality Database since 1980 for most developing
countries (see Chancel et al. 2022). Decomposed into within-sector vs. between-sector inequality (as variance), the
y-axis values can be interpreted as the percent of overall variance explained by the difference in average incomes
between sectors, with the residual inequality explained by the variance of incomes within sectors (weighted by
sector shares in the workforce).
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Figure 4: Inequality in agriculture vs. inequality overall—ILO labour force surveys

Note: inequality is measured here as the Gini coefficient. The x-axis shows overall economywide inequality (among
all employees, in ILO labour forces surveys), while the y-axis shows inequality among agricultural employees.
Dashed lines represent population-weighted linear trends.
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Figure 5: Inequality in agriculture, ILO vs. RuLIS

Note: inequality in the agriculture sector is measured as the Gini coefficient for agricultural employees’ income, in
ILO data compared to that of RuLIS—separate surveys for the same country-years.
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Figure 6: Inequality in agriculture, employee income vs. household income

Note: on the y-axis, inequality in the agriculture sector is measured as the Gini coefficient for agricultural employ-
ees’ income. On the x-axis, inequality in the agriculture sector is measured as the Gini coefficient for agricultural
household income. The data source for both graphs is RuLIS (the same country-years’ surveys).
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Figure 7: Agricultural household income, by income components

Note: the figure depicts agricultural income inequality, as the distribution of income available in RuLIS, and ranked
by total income, but restricted to agricultural households (households whose source of income is at least 30% from
agriculture, following the RuLIS definition of agricultural households).
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Figure 8: Overall household income, by income components

Note: the figure depicts overall household income inequality, as the distribution of all income available in RuLIS,
and ranked by total income, for all households (not only those whose income comes from agriculture).
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Figure 9: Inequality in agriculture vs. inequality overall—RuLIS household income

Note: inequality is measured here as the Gini coefficient. The x-axis shows overall economywide inequality (from
the World Inequality Database), while the y-axis shows inequality among agricultural households (from RuLIS)—
a revised version of Figure 4 above—here with all agricultural income accounted for. Dashed lines represent
population-weighted linear trends.
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Figure 10: Inequality and the corporate share of agricultural value added
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Note: the scatterplot shows total inequality (y-axis) against the corporate share of agricultural value added (x-axis).
The hollow-circle overlay shows the weight of the agricultural sector in a country’s total value added (ranging in this
sample from 1% [Oman] to 40% [Niger] of total value added). Results represent the latest-year values for each
country observed in our data, where 35 of 47 countries’ values are since 2010 (41 of 47 since 2006; and the earliest
year is 1996). Inequality data (from the World Inequality Database) represents total economywide inequality: the
ratio of the average income of top 10% income earners to average income of bottom 50% earners. The corporate
share of agricultural value added here also includes government agricultural value added (never more than 15% in
our sample, and declining over time—less than 2.5% in all but five countries); the residual is the household sector,
almost always the majority of agricultural value added.
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Figure 11: Agricultural corporate profits and the corporate share
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Note: the scatterplot shows agricultural corporate profits (y-axis) against the agricultural corporate share (x-axis),
both as a percentage of agricultural value added. The hollow-circle overlay shows the weight of the agricultural
sector in a country’s total value added (ranging in this sample from 3% [Botswana] to 40% [Niger] of total value
added). The dotted line represents global linear fit (and 95% confidence interval) between the two. Results rep-
resent the latest-year values for each country observed in our data, although the years do not perfectly match
between SNA data sources (MADT Tables 2.3 and 2.6 for agricultural corporate profits; and MADT Tables 5.1 and
5.2 for agricultural corporate share). The corporate share of agricultural value added here also includes govern-
ment agricultural value added (never more than 6.5% in our sample, and declining over time—less than 2.5% in all
but two countries); the residual in both cases is the household sector (including compensation of employees, and
mixed income), almost always the majority of agricultural value added.
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Figure 12: Revenue per worker, agricultural holdings, Georgia 2020
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Note: the figure shows the average revenue per worker for the top ten percent of holdings (weighted by number
of workers) in Georgia in 2020, drawn from the annual survey of agricultural holdings (Geostat 2020). The red line
includes corporate agricultural holdings in the income distribution. The blue line excludes corporate agricultural
holdings from the income distribution. [N = 1,379,344 workers (of which 9,204 on corporate holdings) on 571,869
holdings (of which 667 corporate).] Currency is expressed in current 2020 Georgian Lari (GEL). [NB Average per
capita income in Georgia in 2020 was 13,254 GEL (World Bank 2024).]
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Figure 13: Concentration of social assistance expenditure—Agricultural households vs. overall

Note: this figure shows the concentration curve aggregate social assistance spending, against the agricultural
(red) and overall (blue) income distributions. If aggregate spending were equally allocated to each percentile of
the distribution, the line would be flat at 1.0% of total spending for each percentile of the distribution. A decreasing
(increasing) slope of the line indicates progressivity (regressivity) in social spending. The data source is the RuLIS
universe of household income surveys.
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Figure 14: Social protection spending by income level, 1980–2019

Note: the figure plots total social protection expenditure (including both social insurance and social assistance), as
a percentage of GDP, for high- vs. middle- vs. low-income countries, with data from Fisher-Post and Gethin (2023)
and country classification from World Bank (2024). Averages are weighted by national income.
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Tables

Table 1: Correlation between agricultural employment and productivity

productivity
ratio

value added
share

productivity
level

value added
level

(1) (2) (3) (4)

employment share -0.639*** 0.321***
(0.0841) (0.0641)

employment level -0.344*** 0.615***
(0.0429) (0.0486)

N 5923 5923 5923 5923

Note: this table presents the raw correlation between changes in agricultural employ-
ment and changes in agricultural productivity. All dependent and independent variables
are in taken in logarithms. Column (1) represents the effect of a 1% change in agricultural
employment share in the workforce, on the (per cent change in the) ratio of agricultural to
non-agricultural productivity; and column (2) the same [i.e., the effect of a 1% change in
agricultural employment share in the workforce], on the (per cent change in) agricultural
value added, as a share of total value added. Column (3) represents the effect of a 1%
change in total agricultural employment (regardless of its share in the workforce) on the
(per cent change in) agricultural productivity (regardless of non-agricultural productivity),
while column (4) presents the same [i.e., the effect of a 1% change in agriculture em-
ployment levels] on the (per cent change in) total agricultural production (value added).
Results are weighted by population and control for log national income per capita. Stan-
dard errors in parentheses are clustered at the country level. * p<0.05 ** p<0.01 ***
p<0.001.

35



Table 2: Productivity growth and structural change, 1960–2021

region period N
productivity

growth

of which

within-
sector

structural
change

Europe &
Anglosphere

1960–69 1 52% 48% 4%
1970–79 7 20% 19% 1%
1980–89 10 18% 17% 1%
1991–99 42 10% 9% 0%
2000–10 46 12% 10% 2%
2011–21 47 13% 12% 1%

Latin America &
Caribbean

1960–69 8 29% 19% 10%
1970–79 8 28% 17% 12%
1980–89 8 -8% -15% 7%
1991–99 29 6% 3% 2%
2000–10 31 10% 7% 3%
2011–21 27 -5% -6% 1%

Asia &
Pacific

1960–69 4 34% 46% -13%
1970–79 7 22% 7% 15%
1980–89 11 30% 18% 12%
1991–99 32 16% 5% 11%
2000–10 37 53% 38% 15%
2011–21 30 45% 36% 10%

Middle East &
North Africa

1960–69 2 24% 19% 5%
1970–79 2 41% 29% 13%
1980–89 2 27% 20% 7%
1991–99 19 2% -1% 3%
2000–10 21 8% 3% 5%
2011–21 20 8% 2% 5%

Sub-Saharan
Africa

1960–69 5 17% -9% 25%
1970–79 18 9% -2% 11%
1980–89 18 -16% -17% 1%
1991–99 36 -4% -7% 3%
2000–10 40 29% 11% 17%
2011–21 41 0% -10% 10%

Note: this table presents the decomposition of productivity growth from equation (5).
Overall productivity growth is defined as the cumulative change in value added per adult
(in constant 2022 USD at PPP). The part explained by ‘within-sector’ productivity growth
refers to average productivity growth in each of two sectors (holding the end year sec-
toral workforce shares constant), while ‘structural change’ refers to the part of produc-
tivity growth explained by labourers switching sectors (holding the beginning year sec-
toral productivity levels constant). Structural change, in this case, would usually reflect
labourers moving from agricultural to non-agricultural employment (from the low- to the
high-productivity sector). Results per region-decade are weighted by total value added
(in constant 2022 USD at PPP), by construction. Only ‘panel’ countries—for which we
observe data in both the beginning and end years of a given period—are included within
each region.
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Appendix: additional figures and tables

Figure A1: Relative size and productivity of agricultural workforce —Europe & Anglosphere
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the
size of the agricultural workforce (relative to total workforce) and the ratio of relative pro-
ductivity in the agricultural sector to relative productivity in rest of the economy. Rela-
tive productivity is the ratio of the sector’s share of total value added to its share of the
workforce (such that economywide average productivity is always 1.0), so the ratio of
agriculture’s productivity to that the rest of the economy shows the agricultural sector’s
productivity gap. Total productivity (dashed line) is national income per capita (in con-
stant 2022 USD at PPP), with each country’s productivity level indexed to 100 at the turn
of the century (average in the years 1999–2001). All estimates are weighted by size of
national populations. The years 1970 and 1991 show significant structural breaks (sharp
expansions) in the sample of countries for which we observe labour force and productivity
data.
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Figure A2: Relative size and productivity of agricultural workforce —Latin America & Caribbean
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the
size of the agricultural workforce (relative to total workforce) and the ratio of relative pro-
ductivity in the agricultural sector to relative productivity in rest of the economy. Rela-
tive productivity is the ratio of the sector’s share of total value added to its share of the
workforce (such that economywide average productivity is always 1.0), so the ratio of
agriculture’s productivity to that the rest of the economy shows the agricultural sector’s
productivity gap. Total productivity (dashed line) is national income per capita (in con-
stant 2022 USD at PPP), with each country’s productivity level indexed to 100 at the turn
of the century (average in the years 1999–2001). All estimates are weighted by size of
national populations. The years 1970 and 1991 show significant structural breaks (sharp
expansions) in the sample of countries for which we observe labour force and productivity
data.
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Figure A3: Relative size and productivity of agricultural workforce— Asia & Pacific
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the
size of the agricultural workforce (relative to total workforce) and the ratio of relative pro-
ductivity in the agricultural sector to relative productivity in rest of the economy. Rela-
tive productivity is the ratio of the sector’s share of total value added to its share of the
workforce (such that economywide average productivity is always 1.0), so the ratio of
agriculture’s productivity to that the rest of the economy shows the agricultural sector’s
productivity gap. Total productivity (dashed line) is national income per capita (in con-
stant 2022 USD at PPP), with each country’s productivity level indexed to 100 at the turn
of the century (average in the years 1999–2001). All estimates are weighted by size of
national populations. The years 1970 and 1991 show significant structural breaks (sharp
expansions) in the sample of countries for which we observe labour force and productivity
data.
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Figure A4: Relative size and productivity of agricultural workforce —Middle East & North Africa
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the
size of the agricultural workforce (relative to total workforce) and the ratio of relative pro-
ductivity in the agricultural sector to relative productivity in rest of the economy. Rela-
tive productivity is the ratio of the sector’s share of total value added to its share of the
workforce (such that economywide average productivity is always 1.0), so the ratio of
agriculture’s productivity to that the rest of the economy shows the agricultural sector’s
productivity gap. Total productivity (dashed line) is national income per capita (in con-
stant 2022 USD at PPP), with each country’s productivity level indexed to 100 at the turn
of the century (average in the years 1999–2001). All estimates are weighted by size of
national populations. The years 1970 and 1991 show significant structural breaks (sharp
expansions) in the sample of countries for which we observe labour force and productivity
data.
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Figure A5: Relative size and productivity of agricultural workforce —Sub-Saharan Africa
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agricultural workforce (as % of total workforce) ratio of agricultural to non-agricultural productivity

Note: lines represent local polynomial smoothing (with 95% confidence interval) on the
size of the agricultural workforce (relative to total workforce) and the ratio of relative pro-
ductivity in the agricultural sector to relative productivity in rest of the economy. Rela-
tive productivity is the ratio of the sector’s share of total value added to its share of the
workforce (such that economywide average productivity is always 1.0), so the ratio of
agriculture’s productivity to that the rest of the economy shows the agricultural sector’s
productivity gap. Total productivity (dashed line) is national income per capita (in con-
stant 2022 USD at PPP), with each country’s productivity level indexed to 100 at the turn
of the century (average in the years 1999–2001). All estimates are weighted by size of
national populations. The years 1970 and 1991 show significant structural breaks (sharp
expansions) in the sample of countries for which we observe labour force and productivity
data.
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Figure A6: Inequality and the agricultural productivity gap, 2015

Note: inequality (y-axis) is expressed as the ratio of the average earnings of the top 10%
of earners to the average earnings of the bottom 50% of the income distribution (World
Inequality Database). The productivity gap (x-axis) is expressed as in equation (2) above.
Data on labour productivity is taken for the year 2015. Dashed lines represent population-
weighted linear trends.
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Figure A7: Median income in agriculture vs. outside of agriculture

Note: this figure compares the median employee income in agriculture to the median
employee income outside of agriculture, by region, using ILO labour force survey data.
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Figure A8: Overall household income, by income components

Note: the figure depicts overall household income inequality, as the distribution of all
income available in RuLIS, and ranked by total income, for all households (not only those
whose income comes from agriculture).
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Figure A9: Female-headed households in the rural income distribution

Note: the figure shows the propensity of agricultural households to be headed by women,
in the rural household income distribution. Distributions are calculated at the country level,
then averaged by region (weighted by population).
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