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ABSTRACT

According to national accounts data for developing coestrvalue added per worker is on av-
erage four times higher in the non-agriculture sector timaagriculture. Taken at face value this
“agricultural productivity gap” suggests that labor isafitg misallocated across sectors in the de-
veloping world. In this paper we draw on new micro evidencagk to what extent the gap is still
present when better measures of inputs and outputs areitdkezonsideration. We find that even
after considering sector differences in hours worked anddrucapital per worker, urban-rural
cost-of-living differences, and alternative measuresect@ income from household survey data,
a puzzlingly large agricultural productivity gap remains.
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1. Introduction

The agriculture sector accounts for large fractions of eyplent and value added in develop-
ing countries. Almost always, agriculture’s share of ergpient is higher than its share of value
added. As a simple matter of arithmetic, this implies thate@added per worker is higher in the
non-agriculture sector than in agriculture. According &tadfrom national income and product
accounts, this “agricultural productivity gap” (APG) isoand a factor of four in developing coun-
tries, on average. In many poor countries the gaps are egbrethiwith a number of countries
having gaps above ten.

These large agricultural productivity gaps have severgdoirtant implications for developing
countries. First, with minimal assumptions on productiechinologies, they imply that labor is
misallocated across sectors. Second, they imply that dewe] countries trail the developed world
by a much larger margin in agriculture than in non-agria@tlPut together, these two implications
suggest that the problem of economic development is cldisgdyd to an apparent “misallocation”
of workers across sectors, with too many workers in the fpeeductive agriculture sector.

In this paper we draw on new micro evidence to ask to what eéxtese gaps are still present when
better measures of inputs and outputs are taken into coasime Our analysis addresses a basic,
yet unanswered question: how much of the agricultural prodty gaps are due to problems of
omitted factors and mis-measurement, as opposed to réatatites in income per worker? To
answer this question, we consider a sequence of adjustitoeiits data on agriculture’s shares of
value added and employment. These adjustments attemphtimkior differences across sectors
in hours worked per worker, human capital per worker, anttabsving differences between rural
and urban areas. We then ask to what extent value added iatibea accounts differs from value
added measures constructed using data from household énsamveys.

Our analysis draws on a new database that we constructedgopulation censuses and labor
force surveys for a large set of developing countries. Wetlisge data to construct measures of
hours worked by sector for 46 developing countries and nreasf human capital by sector for 97
countries. We complement these data with evidence on ulrahdifferences in the cost of living
for 78 developing countries, constructed by the World Bafk.find that taking these differences
into consideration jointly reduces the size of the averagealtural productivity gap to around
two.

We then ask whether the gaps are consistent with sector ealded measures computed from
household income survey data. We construct these measaneste World Bank’s Living Stan-

dards Measurement Studies (LSMS), which are designedoitkplio obtain measures of house-
hold income and expenditure. These surveys allow us to cteppmong other things, the market



value of all output produced by agricultural householdsetkr they are ultimately sold or con-
sumed at home. They also allow to construct measures of gazén@ome and expenditure by
agriculture and non-agricultural households.

Our analysis suggests that the agricultural productivéyggin most developing countries are un-
likely to be completely explained by any of the measuremssiiés we address. We conclude
that a better understanding is needed of why so many workenain in the agriculture sector,
given the large residual productivity gaps that we find in hdeveloping countries. Understand-
ing these gaps will help determine, in particular, whetr@icy makers in the developing world
should pursue polices that encourage movement of the wakfaut of agriculture.

To be sure, we are not the first to point out the existence gélagricultural productivity gaps in
some countries. Asewis (1955 noted (pp. 349-403:

There is usually a marked difference between incomes pet imeagriculture and
in industry. Some of the difference in money income is illysaural workers get
some income in kind, pay less for many things they buy (egfigdood and living
accommodation) and do not have to spend so much as the urpafapon on some
other costs of living and enjoying (e.g., transportatidgvertheless, when account is
taken of this ... realincome per head is lower in agriculthea it is in manufacturing.

These differences in sectoral productivity were viewedisal by early development economists,
who saw the development process as fundamentally linkeldetogallocation of workers across
sectors through the expansion of modern industry, orieatddast in part towards export mar-
kets. ThusRosenstein-Rodaf1943, Lewis (1955, andRostow(1960 viewed development as
essentially identical, with the movement of people out afagture and into “modern” economic
activities.

More recently, the work o€aselli(2005, Restuccia, Yang, and Z{2008, Chanda and Dalgaard
(2008, andVolirath (2009 has shown that the apparent misallocation of workers a@gsculture
and non-agriculture can account for the bulk of internatlamcome and productivity differences.
The reason is that most poor countries have very unproduetivicultural sectors, yet employ
most of their workers in agriculturé.

Our paper builds on these studies by bringing in richer datanputs and outputs at the sector

1The fact that the agriculture productivity gaps are mosvalent in poor countries was first shown Kyznets
(1977, and later documented in richer detail Bpllin, Parente, and Rogers¢2002. InterestinglyGollin, Parente,
and Rogersoi2002 note that the disparities were fairly small in today’s r@buntries at moments in the historical
past when their incomes were substantially lower than atemie

2In related work McMillan and Rodrik(2011) argue that reallocations of workers to the most productaaors
would raise income dramatically in many developing cow@stri
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level. In particular, our paper is the first to make use of uerisased measures of schooling
attainment by sector, hours worked by sector, and cost4oifgl differences in urban and rural
areas. Furthermore, we are the first to compare sector preitiytevels computed from “macro”
data, based on the national accounts, to those implied byrt’hdlata, based on household surveys
of income.

The paper most closely related to ours istgrrendorf and Schoellmaf2011), who ask why
agricultural productivity gaps are so large in most U.StestaWhile both studies are ultimately
motivated by the large sectoral productivity differenaesiéveloping countries, theirs makes use
of U.S. data which is richer than ours in several dimensi@rse similarity is that we both find a
large role for differences in human capital across sectoegplaining the sector productivity gaps.

2. Agricultural Productivity Gap — Theory

In this section, we discuss some implications of standaatlassical theory for data. Consider
the standard neoclassical two-sector model featuringtanhseturns to scale in the production of
agriculture and non-agriculture, along with free labor ihigbacross sectors and competitive labor
markets® Free labor mobility implies that the equilibrium wage fobta across the two sectors
is the same. The assumption of competitive labor marketdiesghat firms hire labor up to the
point where the marginal value product of labor equals thgew&ince wages are equalized across
sectors, this implies that marginal value products are edg@lized:

OFa(X)  OF(X)
N T TR (1)

where subscripta andn denote agriculture and non-agriculture. Units are chosga buch that
the non-agricultural good is the numeraipg,is the relative price of the agricultural good, axd
is a vector of inputs (including labor) used in production.

If the production function displays constant returns tdescthen marginal products are propor-
tional to average products with the degree of proportiopalepending on that factors share in
production. Defining + a5 and 1— an as the shares of labor in production, the constant-return
production functions imply:

(1—ay) x pEYa =(1—ap) x F )
a n

Noting thatp,Ya andY, equals value added in the agriculture and non-agriculterts equation

3parametric examples in the literature incl@ellin, Parente, and Rogers@004), Gollin, Parente, and Rogerson
(2007 andRestuccia, Yang, and ZH@008.



(2) says that value added per worker across the two sectoridh®equated (modulo differences
in labor shares). Assuming that labor shares are the sarngsasgctors implies that

Ya/Ln _ VAy/Ln
= =1 3
PaYa/La VAgs/La ®)

If the condition in @) is not met, then this suggests that workers are misalldcagkative to
the competitive benchmark. For example, if the ratio of gadded per worker between non-
agriculture and agriculture is larger than one, we shou&werkers move from agriculture to
non-agriculture, simultaneously pushing up the marginadlpct of labor in agriculture and push-
ing down the marginal product of labor in non-agriculturdisTprocess should tend to move the
sectoral average products towards equality.

An important point to note in conditior8) is that it says nothing about misallocation in other
factor markets. For example, capital markets could be svéistorted, but firm decisions and
labor flows should nevertheless drive marginal value prtstd@and hence value added per worker
—to be equated. Thus, the model implies thaB)fdoes not hold in the data, the explanation must
lie either in either measurement problems related to latjmuts or in frictions of some kind in the
labor market — nothing else.

Writing equation B) in terms of agriculture’s share of employment and outpuesfi

(1-VYa)/(1—{a)
Ya/la

wherey,; = VA;/ (VA3 +VA,) and/y = Ly/(La+Ln). In other words, the ratio of each sector’s
share in value added to its share in employment should bethe & the two sectors.

—1 4)

The relationship in4) is the lens through which we look at the data. Under the (mahj condi-
tions outlined above, we first ask if the condition #) folds in cross-country data. One way to
think about this exercise is along the lines#stuccia and Rogers¢2008 andHsieh and Klenow
(2009 who focus on the the equality of marginal products of capitaoss firms; oCaselli and
Feyrer(2007) who study the equality of marginal products of capital asroountries. Here, in
contrast, we focus on the value of the marginal product afi@gross sectors.

3. The Agricultural Productivity Gap — Measurement and Data

In this section we ask whether, in national accounts dataewedded per worker is equated across
sectors, as predicted by the theory above. We begin withaalelét- perhaps tedious — description
of how the national income and product accounts approachéssurement of agricultural value



added and how national labor statistics quantify the labord in agriculture. We conclude that
while there are inevitably some difficulties in the implertaion of these measures, there is no
reasorex ante to believe that the data are flawed.

With these measurement issues clear, we then present thg Graunadjusted, agricultural pro-
ductivity gaps. We show that the gap is around a factor of fwuaverage in developing countries,
well above the prediction of the theory.

3.1. Conceptual Issues and Measurement: National AccounBata

The statistical practices discussed below are standardoftr rich and poor countries, but there
are particular challenges posed in measuring inputs amlitsufor the agricultural sector in de-
veloping countries. A major concern is that aggregate nreasof economic activity and labor
allocation in poor countries may be poor — and may in fact lasdxl by problems associated with
household production, informality, and the large numbérsroducers and consumers who oper-
ate outside formal market structures. Given these concemfocus on the conceptual definitions
and measurement approaches used in the construction ohak#iccounts data and aggregate
labor measures.

To illustrate the potential problems consider Uganda faneple. In Uganda as much as 80 percent
of certain important food crops (cassava, beans, and cgdiananas) may be consumed within
the farm households where they are grown. Most househoddsfiactively in quasi-subsistence;
the government reports that even in the most developedmregibthe country, nearly 70 percent
of households make their living from subsistence agricaltun the more remote regions of the
country, over 80 percent of households are reported asinigtiveir livelihoods from subsistence
farming (Uganda Bureau of Statistics 2007b, p. 82).

Given these concerns, it is possible that value added mesasuill by design or construction omit
large components of economic activity. As we discuss belosvis not the case. Although value
added may be measured with error, the conceptual basislter added measurement is clear and
well-defined.

3.2. Measurement of Value Added in Agriculture

Perhaps surprisingly, the small scale and informality ofcadtural production in poor countries
does not mean that their output goes largely or entirely @smed in national income and product
accounts. To begin with, home-consumed production of aljural goods does fall within the
production boundary of the UN System of National Accounthjalv is the most widely used
standard for national income and product accounts. The Sdé&iically includes within the



production boundary “the production of all agriculturalogis for sale or own final use and their
subsequent storageFAO (1996, p. 21), along with other forms of hunting, gathering, fighi
and certain types of processing. Within the SNA, there arthéu detailed instructions for the
collection and management of data on the agricultural secto

How is the measurement of these activities accomplished@@ted practice is to measure the
area planted and yield of most crops, which can be surveydgatational level, and to subtract
off the value of purchased intermediate inptit§here are also detailed guidelines for estimating
the value of output from animal agriculture and other atig, as well as for the consideration
of inventory. Detailed procedures also govern the allocatf output to different time periods.
Allowances are made for harvest losses, spoilage, andnetiate uses of the final product (e.qg.,
crop output retained for use as seed). The final quantittes&®d in this way are then valued at
“basic prices,” which are defined to be “the prices realizgdhem for that produce at the farm
gate excluding any taxes payable on the products and imguathy subsidies.”

Although it is difficult to know how consistently these prdcees are followed in different coun-
tries, the guidelines for constructing national income prmatluct accounts are clear, and they apply
equally to subsistence or quasi-subsistence agriculsit@ @@mmercial agriculture. Furthermore,
there is no reason to believe that national income and ptaiwounts for poor countries do an
intrinsically poor job of estimating agricultural valuedstl (as opposed to the value added in
services or manufacturing, where informality is also wjgtead). Nor is there reason to believe
that agricultural value added in poor countries is constteinderestimated, rather than overesti-
mated®

3.3. Measurement of Labor in Agriculture

Mis-measurement of labor in agriculture is another keyesdecause agriculture in poor coun-
tries falls largely into the informal sector, there are netiadled data on employment of the kind that
might be found in the formal manufacturing sector. Thereualékely to be payroll records or hu-

4For some crops, only area is observed; for others, only mtimtuis observed. The guidelines provide detailed
information on the estimation of output in each of these €ase

5The national accounting procedures also provide guidandbe estimation of intermediate input data. In the
poorest countries, there are few intermediate inputs usedjiiculture. But conceptually, it is clear that purchased
inputs of seed, fertilizer, diesel, etc., should be sulcérom the value of output. Data on these inputs can be col-
lected from “cost of cultivation” or “farm management” segs, where these are available , but the FAO recommends
that these data “should be checked against informatioradlaifrom other sources,” such as aggregate fertilizer
consumption data. Similar procedures pertain for animadipcts.

SNevertheless, many development economists find it diffiulbelieve that national income accounts data for
developing countries can offer an accurate picture of sakcppoduction. To revisit these concerns later in Secsion
where we construct, for a number of countries, alternatieasures of value added in agriculture, using household
survey data. Although a number of the same methodologiclestges arise (e.g., with respect to the valuation of
home-consumed agricultural outputs), we find that the laggecultural productivity gaps remain.
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man resources documentation. Most workers in the agri@allsector are unpaid family members
and own-account workers, rather than employees. For exampEthiopia in 2005, 97.7 per-
cent of the economically active population in agricultuoasisted of “own-account workers” and
“contributing family workers,” according to national latiorce survey made available through the
International Labour Organization. A similar data set foaddgascar in 2003 put the same figure
at 94.6 percent.

The informality of the agricultural sector may tend to leadihdercounting of agricultural labor.
But a bigger concern is over-counting — which would lead tsleadingly low value added per
worker in the sector. Over-counting might occur in at leasi tvays. First, some people might
be mistakenly counted as active in agriculture simply beedhey live in rural areas. In principle,
this should not happen; statistical guidelines call forgledo be assigned to an industry based
on the “main economic activity carried out where work is perfed.” But in some cases, it is
possible that enumerators might count individuals as fesraeen though they spend more hours
(or generate more income) in other activities. In rural an@adeveloping countries (as also in
rich countries), it is common for farmers to work part-tinmeather activities, thereby smoothing
out seasonal fluctuations in agricultural labor demands Titnight include market or non-market
activities, such as bicycle repair or home construction.

A second way in which over-counting might occur is if hourskem are systematically different

between agriculture and non-agriculture. In this situgteven if individuals are assigned correctly
to an industry of employment, the hours worked differ so mioetween industries that we end up
with a misleadingly high understanding of the proportiortted economy’s labor that is allocated
to agriculture’ We explore this possibility directly in Sectighl, below.

Note that this type of over-counting would affect sectoraductivity comparisons only if hours
worked differ systematically across sectors — so that wesrkenon-agriculture supply more hours
on average than workers in agriculture. At first glance, gmiseem obvious that this is the case;
but much of non-agricultural employment in poor countriggliso informal. Many workers in
services and even in manufacturing are effectively selplegred, and labor economists often ar-
gue that informal non-agricultural activities represemmbrn of disguised unemployment in poor
countries, with low hours worked. To return to the Ethioptkata, in 2005, 88.4 percent of the
non-agricultural labor force consisted of own-account workers and familytal@hus, the pre-
dominance of self employment and family business holdssacsectors. If there are important
differences in hours worked across sectors, we cannot giagsume that this results from differ-
ences in the structure of employment.

"This is an issue studied in some detail\iylirath (2010 recently, and dates back to the dual economy theory of
Lewis (1955, in which he posited a surplus of labor in agriculture.



A final way in which over-counting of labor in agriculture rhigoccur is if human capital per
worker were higher in non-agriculture than in agriculturethis were true, we would be overesti-
mating the labor input in agriculture compared to non-agdtice, as the productivity of agriculture
workers would be lower on average than for other workers. Wdeess these possibilities directly
in Section4.2, to follow.

3.4. Raw Agricultural Productivity Gap Calculations

With these measurement issues clear, this section desdhleesample of countries, our data
sources, and it presents the “raw,” or unadjusted, agullproductivity gaps.

The Sample and Data Sources

Our sample of countries includes akveloping countries for which data on the shares of em-
ployment and value added in agriculture is available. Byettgying countries, we mean countries
for which income per capita, in US Dollars expressed at exghaates, is below the mean of the
world income distributiorf. We restrict attention to countries with data from 1985 ceraand the
majority of countries have data from 1995 or later. We end ith & set of 112 countries which
have broad representation from all geographic regions andapita income levels within the set
of developing countries. In each country we focus our atherdn the most recent year in which
data is available.

Our main source of data on agriculture’s share of employnsettie World Bank’s World Devel-
opment Indicators (WDI). We supplement these with emplaytdata by sector compiled by the
International Labor Organization (ILO). The underlyinguste for all these data are nationally
representative censuses of population or labor force gsim@nducted by the countries’ statistical
agencie$. One advantage of using surveys based on of samples of indigidr households is that
they include workers in informal arrangements and the seffleyed. Surveys of establishments
or firms, in contrast, often exclude informal or self-emm@dyproducers from their sample.

Workers are defined to be the “economically active poputétio each sector. The economically
active population refers to all persons who are unemployeehgployed and supply any labor
in the production of goods within the boundary of the natidnaome accountsFAO (1996)).
There is no minimum threshold for hours worked. This defomtincludes all workers who are
involved in producing final or intermediate goods, incluglllome consumed agricultural goods.

8This cutoff is arbitrary; however the results of the analyd not differ meaningfully if we use the classifications
of the World Bank or other international organizations.

We exclude a small number of countries in which employmeateshin agriculture are based on non-nationally
representative surveys, such as urban-only samples,\@ysuof hired workers.



In general, employed workers are classified into sectorfiy teported main economic activity,
and unemployed workers are classified according to thewtigue main economic activity.

Our data on agriculture’s share of value added come from tBe&. Whe underlying sources for
these data are the national income and product accountsdaamim country. In all cases these
data are expressed at current-year local currency thitsdustry classifications are made in the
majority of cases using the International Standard Inthlsdlassification System (ISIC).

Raw Agricultural Productivity Gaps

Table2 reports summary statistics for the raw APGs for our set oebgnung countries. We refer
to these as raw APGs because they are before any adjustragntéof hours worked), unlike the
calculations that follow. The first data column describesARG distribution for the entire sample
of 112 countries when weighting by population, our prefémeethod. Across all countries, the
mean value of the gap is 4.0, implying that value added pek&vds approximately four times
higher in non-agriculture than in agriculture. The mediarslightly lower, at 3.7. Even at the
5th percentile of the distribution, the gap is greater thaityu(1.7), implying that in almost all
countries for which we have data, the simple predictiorBpig inconsistent with the data. At the
95th percentile of the distribution, the gap is 5.4.

The second data column of Tald@resents the same statistics when not weighting. The seat
largely similar, with the unweighted mean APG at 3.6 and tledian at 3.0. When not weighting,
the range of gaps is larger across countries. The 5th pdecent.1, and the 95th percentile is
now 8.8. Still, the majority of countries have gaps aboveyninlike as predicted by the simple
model.

Figure 6 shows histograms of the APG by region. Africa has the highestage APG, and all
countries with gaps above ten (Burkina Faso, Chad, Guineajalglascar and Rwanda) are in
Africa. Still, in all regions — Africa, Asia, the Americas @urope — the average country is well
above unity, and each region has a number of countries wih ghove four. These data suggest
that the large gaps are not confined to developing countriese area of the world.

Relative to the discussion in Secti@nit is abundantly clear that the data are not consistent with
(4), which would give an APG of one. The raw data suggest vegelaepartures from parity in
sectoral productivity levels among these developing atest

Differences of this magnitude are striking. If we take theaebers literally, they raise the pos-

10An alternative would be to use a single set of internatiooahparison prices to value the agricultural output of
each country. This might be more relevant if we were makinggarisons of agricultural productivity across countries
as inCaselli(2005, Restuccia, Yang, and ZH2008 or Vollrath (2009; in the current paper, however, we are only
interested in comparing sector value added per worker mvéhach country.
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sibility of very large misallocations between sectors withoor countries. Are such large dis-
parities plausible? Do these numbers reflect underlying gapeal productivity levels and living
standards? Or do they largely reflect flawed measurementgpof and output? In the following
sections, we discuss the underlying data and consider agnohtyays in which mis-measurement
may occur. We will also compare the magnitude of these plessils-measurements with the ob-
served gaps in productivity.

4. Accounting for Agricultural Productivity Gaps

In this section, we report the results of efforts to adjustphoductivity gaps to account for some

obvious differences in the quantity and quality of laborutgp We base this analysis on a new
database that compiles country-level data on schoolibgyland other variables. All of the data

used in this section originate in nationally-represeméatiensuses of population and labor force
surveys, with underlying observations at the individuaéle

Our data comes in part from International Integrated Puliéie Microdata Series (I-IPUMS), from
which we use micro-level census data from 44 developing t@snaround the worldlinnesota
Population Centef2011)). We also get data on schooling attainment by sector frorodathtries
from the Education Policy and Data Center (EPDC), which isublip-private partnership with
USAID and the Academy for Educational Development. Frommloer of other countries we get
schooling and hours worked from the World Bank’s LSMS susvefyhouseholds. The remainder
of the data comes from individual survey data and publisabtes from censuses and labor force
surveys conducted by national statistical agencies. Thldletails the sources and data used in
each of the 112 developing countries in our data.

4.1. Sector Differences in Hours Worked

In this section we ask whether the sectoral productivitysgagm be explained by differences across
sectors in hours worked. We find that in most of the countwesvhich we have hours data, there
are only modest differences in hours worked by sector; omages workers in non-agriculture
supply around 1.2 times more hours than workers in agriceltWe conclude that hours worked
differences are unlikely to be the main cause of the large &ARE&observe.

Specifically, we measure hours worked for all workers in #i@l force, including those unem-
ployed during the survey, for whom we count zero hours workeuk typical survey asks hours
worked in the week or two weeks prior to the survey, althoumhereport average hours worked
in the previous yealt We classify people as workers in either agriculture or ngriealture, ac-

110ne potential limitation of using hours in the previous weekwo weeks is if the survey was conducted during
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cording to their main reported economic activity. For unéyed workers not reporting a main
economic activity, we classify them as agricultural if thigg in rural areas, and as non-agricultural
if they live in urban areas.

For some countries, we cannot obtain measures of hours Iiyuligral or non-agricultural em-
ployment, but we are able instead to use hours worked by tnirah status. Tabld lists the
countries for which we use urban-rural status to construchours measures. In these countries,
as in the others, we count unemployed workers as having Warée hours? Using urban-rural
status in some countries represents a potential limitatiaur data, as the non-agricultural (agri-
cultural) workforce and urban (rural) workforce do not espond exactly to one another. One
consolation is that, in the developing world, most workeraiiban areas work in non-agricultural
activities, and most rural workers work in agriculture. thermore, in those countries for which
we can measure average hours by both urban-rural statusgaiedl®re-non-agriculture status,
the two give similar average hours measures.

Figure6 shows hours worked in non-agriculture, plotted againsth@wrked in agriculture, for
each of the countries with available data. The 45-degreetirarked 1.0, corresponds to a situation
where average hours worked are identical in the two secEamsilarly, the other two lines represent
factor of 1.5 and 2.0 differences in hours worked. Most ofdhseervations are clustered closely
around the 1.0 line, and all but a few are below the 1.5 linggmirey that hours worked differences
across sectors are generally modest. An arithmetic averagess countries gives a factor 1.2
difference in hours worked in non-agricultural compareddaculture.

This pattern does not vary much across regions, with aveedgs of 1.2 for developing countries

in Africa, Europe, and Asia (Tablé), and an average ratio of 1.0 in the Americas. Uganda and
Rwanda have the most pronounced differences in hours wovkéd roughly 1.7 times as many
hours worked in non-agriculture as agriculture in thesentwes. Notably, these countries also
have large APG$2 So while hours worked differences overall do not seem toamphuch of the
large APGs, in some countries lower hours worked in agucalseems to be an important part of
their large measured gaps.

4.2. Sector Differences in Human Capital

We next ask to what extent sectoral differences in humartaigmer worker can explain the ob-
served APGs. We show that while schooling is lower on aveaageng agricultural workers, the

intense work periods, such as harvest or planting periadsf periods, such as right after the harvest. In general, th
surveys are conducted over many months or even years, howe\al of the countries for which we can make the
calculations, roughly similar numbers of households weargeyed in each month of the survey period.

120ur results change very little when using average hours grooly employed workers.

13Jordan and Armenia are also outliers, although neither lerg@ APG or agricultural employment share.
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differences are not large enough to fully explain the messgaps.

Our calculations in this section are related to thos¥adlrath (2009, who also attempts to mea-
sure differences in average human capital between agrretdind non-agriculture workers. While
both sets of calculations have their limitations, ours ioweron those oYollrath (2009 in several
dimensions. Most importantly, our calculations come froamtionally representative censuses or
surveys with direct information on educational attainnsnindividual 1* We also end up with es-
timates for a much larger set of countries, and attempt tasaétpr quality differences in schooling
across sectors.

As before, we compute average years of schooling by sectog ieusehold survey and census
data. As for our hours measures, we use all employed or umgegblpeople in the agricultural
and non-agricultural sectors when possible, and othemwwesase urban-rural status. When direct
measures of years of schooling completed are available,s@ghose. When they are not, we
impute years of schooling using educational attainmerd.d&tblel details which countries use
years of schooling directly and which use educationalrattaint data. These imputations are likely
to yield noisy measures of years of schooling of course, asgsprimary schooling completed”
(for example) could correspond to several values for yefsstoooling . However, in all countries
where we impute schooling, we do so in exactly the same waydoragricultural and agricultural
workers. Thus, the noisiness should in principle not syaterally bias our measures of average
years of schooling by sector.

The first panel of Figur8 shows our results for the 97 countries for which we constidietverage
years of schooling by sector. Again, the 45-degree lineketht .0, indicates equality in schooling
levels, and the lines 1.5 and 2.0 represent those factareiftes in years of schooling. As can
be seen in the figure, in literally every country, averagesetihg is lower in agriculture than non-
agriculture. Countries with the highest levels of schaglmagriculture tend to be closest to parity
between the sectors. For example, the former Soviet blooktdes of Armenia, Kazakhstan,
Uzbekistan, Georgia, and Ukraine have the highest schpoliagriculture and among the lowest
ratios of non-agricultural to agricultural schooling. Tiaios are generally higher for countries
with less schooling among agriculture workers, with thedsetngenerally coming in francophone
African countries. Mali, Guinea, Senegal, Chad and Burlkiaso have the lowest schooling for
agricultural workers and among the highest ratios.

Table4 shows that average years of schooling in non-agricultorelfthe countries with available
data, is 2.0 times as high as in agriculture. This ratio aaigross region: in developing countries
in Europe, the difference is a factor of just 1.4, driven by fibrmer Soviet block countries; in Asia

14Those used bybollrath (2009 are imputed using school enroliment data.
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and the Americas the ratio is around 2.0, and in Africa, sthgdevels are 2.8 times higher in
non-agriculture than in agricultuf®. Thus, in many countries, human capital differences have the
potential to explain some substantial fraction of the APGs.

To turn years of schooling into human capital, we heed therfgelof Banerjee and Dufl2005
andPsacharopoulos and Patri(@902, who conclude that each year of schooling increases wages
by around 10%. They arrive at their estimates using a largexeu of Mincer return estimates from
countries around the worftf. In particular, we assume that average human capital in Is¢éto
countryi is hj ; = exp(0.10- sj ;) wheres; ; is average years of schooling in secipcountryi.

The bottom panel of Figurd shows the results of our calculations of average humanatadpjt
sector. In virtually all countries, the average non-adtical worker has between 1.0 and 1.5
times as much human capital as the average agriculturaleroiikhe biggest ratios are still for
the countries with the lowest human capital in both sectarsthe differences are less pronounced
than those of schooling. This is simply because, accorditige Mincer return estimates discussed
by Banerjee and Duflg2005 and Psacharopoulos and Patrin@)02, having (say) twice as
many years of schooling implies having considerably leas tivice as much human capital. The
weighted average across countries is a factor 1.4 differam¢yuman capital of across the two
sectors. As can be seen in Tadlghe average is a little higher in the Americas at 1.5, ancelow
in Europe at 1.3/

4.3. Adjusting for Education Quality using Literacy Rates

One limitation of the analysis above is that our procedugats years of schooling among agri-
culture workers as equally valuable as those among nowtdfynie workers. There is evidence,
however, that the quality of schooling in rural areas in meayeloping countries is below that
of schooling in urban areas. For examplélliams (2005 and Zhang (2006 provide evidence
that literacy rates and test scores in mathematics andigade most often lower in rural schools
than urban ones. Thus, our estimates above may tend to tweaesthe human capital level of
agriculture workers, who in general received their schmgpfrom lower-quality rural schools.

191t is worth noting again that our data set is limited to coi@stithat have income per capital less than half the
level in the U.S. Thus, when we refer to countries in EuroptherAmericas, we are explicitly excluding advanced
economies.

160ur results change very little when using the concave hurapita function of schooling used I§aselli(2005,
Hall and Jone$1999, andHerrendorf and ValentinyiForthcoming in their accounting exercises.

17By comparisonollrath (2009 finds that human capital in non-agriculture is higher by edaof only around
1.2, averaging across countries. In other words, we sudlyasimore of the agricultural productivity gaps can be
explained by human capital differences. The proximateardsr this is that our measures yield higher levels of
schooling in both sectors than Vollrath’s, but we find a saibgally higher level of schooling in non-agriculture than
he does, while our measures for the agricultural sectormlsestightly higher.
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In this section, we consider the effect of adjustments farcation quality differences. Here we
present a simple new method of adjusting for quality diffees in schooling among agricultural
and non-agricultural workers using literacy data. The dadea is that literacy, particularly in

primary schools, is one of the main components of the humpitetghat students receive through
schooling. Thus literacy rates for workers by years of shgaompleted in the two sectors are
informative about quality differences in schooling reeeih\by workers in the two sectors.

What we observe in our micro data are the literacy rates foragricultural and agricultural
workers in country conditional on having completedlyears of schooling, which we dendt¥s)
and/2(s) for s=0,1,2.... If the quality of schooling received were the same for the groups,
then/}'(s) and ¢?(s) would be the same (at least approximately) for esicmstead, we find that
in almost every country in our samplé)(s) > ¢&(s) for most or all values o$. In other words,
literacy rates are higher for non-agricultural workers atstror all schooling levels, and hence an
average year of schooling received by the non-agriculiuoakers must have been more effective
than an average year received by the agricultural workers.

Figure4 illustrates the literacy data by sector for Uganda. X{sis contains years of schooling
completed and thg-axis shows the literacy raté§(s) and¢?(s) for the two sectors by years of
schooling completed. Note that at each year of schoolingpbeted, non-agricultural workers have
literacy rates that are at least as high as those of agrralilitorkers, with the biggest difference
coming for the lower years of schooling completed (partdyll1 year.) The differences in literacy
are largely absent by about 6 years of schooling completéd,wvtually all workers literate by
then, hence we cut the graph off then.

To pin down how much more effective a year of urban educasdhan a rural year in countiy
our method is the following. First we interpolate the lilgy@utcome data for agricultural workers
and create a continuous literacy function of schooliffs). This function, which for the case
of Uganda is the dotted curve in Figude allows us to evaluate literacy rates for agricultural
workers for non-integer years of schooling. We then posit,tin countryi, s years of schooling
for agricultural workers are as effective gg years of schooling for non-agriculture workers, and
sety to the value that solves

min . (708~ (9)". ©

In other words, we pick the value gfthat equates as closely as possible the literacy rates be-
tween agricultural workers with years of schooling and non-agricultural workers wsghyears

of schooling, over a range afvalues up to some value Since primary school ends at 5 years in
most countries, and since most workers are literate by tettings=5 seems warranted. In the
example of Uganda, we find thggca = 0.82, meaning that a each year of schooling for agricul-
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ture workers is worth 82% of a year of schooling for the typrean-agriculture worker in terms of
acquiring literacy. We assume therefore that a year of detgtor agriculture workers is worth
82% of a year of schooling for non-agriculture workers imtsiof acquiring human capital.

Table 3 shows the results of each of similar calculations that weerfadthe 17 countries with
available data. The average estimate is 0.87, sugges@huemodest differences in schooling
quality across countries. All but one country has an esgnodl less than one. Only Tanzania
has an estimate above one; why rural schools appear to fiex tean urban ones is a question
for which we do not yet have a clear answer. The range of airagstimates runs from a low of
0.62 in Guinea to a high of 0.95 in Bolivia. Mexico, Venezuatal Vietnam are other notably low
estimates, all around 0.75.

Figure5 displays the ratios of human capital in non-agriculturegdgaulture using the quality-
adjusted agriculture human capital estimates, caIcuMbg!i = exp(}isai) for each country, and
the original unadjusted estimates. Countries above thadegBee line are those that have higher
ratios once the quality adjustments are made. As can seentfre figure, the differences in
ratios are modest in general. Many of the adjusted ratiosigxeally identical to the unadjusted
ones, and the biggest adjustments are small, on the ordefaofa 0.2 increase (for Vietnam) or
smaller!®

We conclude that these education quality adjustmentsewt@athaps crude, suggest that quality
differences in schooling do not substantively alter thefodings regarding human capital differ-
ences by sector. In the average developing country, hun@tacper worker is 1.4 times as high
in the non-agriculture sector as the agriculture sectat,this ratio is basically unchanged when
schooling quality using our method.

4.4. Cost-of-Living Differences

Next we turn to cost-of-living differences between ruratlamban areas. The prediction of Equa-
tion 4 is that average productivities should be equalized acrest®i1s. But this prediction is for
real measures of average productivity, and it assumesheatdminal income earned by workers
in each sector has the same purchasing power. In realitg #8ie many reasons to suspect that the
cost of living is lower in rural areas, which have lower patidn density and easier access to food
supplies.

Fortunately, proxies for the cost of living in rural and unkereas are available for a large number
of developing countriesRavallion, Chen, and Sangraul2009 use the World Bank’s country

18\e find that even when assuming a counterfactually low rédtame year of rural schooling to 0.5 years of urban
schooling, the quality adjustments lead to fairly modeBedinces in human capital ratios. Under this assumption,
the average ratio among these 17 countries rises from 1uétd j6.
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studies from a set of 78 developing countries to computedbeaf the basket of goods consumed
by households living on $1 per day in rural and urban areasilétiis basket is not necessarily
the same as the basket of the average household in the esustuidiedRavallion, Chen, and
Sangrauld2009 argue that most poor households (who consume mostly faoa) & basket that is
quite similar, and hence a cost of living that is similar. Egample, they found very similar urban-
rural cost of living differentials when re-computing thestof a basket consumed by households
living on $2 per day??

Figure6 shows a histogram of the ratio of cost of living in urban ateasral areas. As can be seen

in the figure, virtually no countries have lower prices inaluareas, and the average developing
country has an urban cost of living that is roughly 1.3 tintest of rural areas. The median is

slightly lower than the mean. Thus, part (but not all) of tHe@s may reflect differences in sector
costs of living.

4.5. Adjusted APGs

We now compute the “adjusted” agricultural productivitypgawhich take into consideration the
sector differences in hours worked, human capital, and @olsting. We do not have all these
data for all the countries in our sample, and hence we proice®eb ways. First, we compute the
adjusted APG for each of the 35 countries for which we havepteta data. Second, we compute
the APG for every country in our sample by imputing any migsiata. We do this by assigning
any missing value to be the weighted average ratio acrosstat countries with dat®. For each
country, we construct the adjusted APG by dividing the ravizA# the ratio of hours worked, the
ratio of human capital, and the urban-rural price ratios.

Table5 shows summary statistics of the adjusted APG distributfongsountries with complete
data and then all countries in our data. For both sets of cesnthe mean adjusted gap is 1.9.
The means are 1.9 and 1.8, respectively. Thus the typicaltgobhas an APG around half as high
once all our adjustments are made. The 5th percentiles higntl. 0.8, while the 95th percentiles
are now down to 2.9 and 2.6 respectively. Thus, in virtuallycauntries, adjusted APGs are
substantially lower than their raw counterparts. FigbiiBustrates this decline in more detail by
plotting the distributions of APGs before and after adjuestis for the two sets of countries.

Figure9 provides more detail on how the adjusted and raw APG valuésr dor the countries

BIn principle, many countries collect consumer price dataany locations, in order to construct consumer price
indices. These data should make it possible to calculateatd&ing differences between rural and urban areas. In
practice, however, the underlying data are seldom pubdichjlable.

2OMost of the imputed values are for ratios of hours workedgeinours measures were available for the fewest
countries. Our results do not change substantially whengualternative imputation methods, such as projecting
missing data using GDP per capita and regional dummies.
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for which we have complete data. The top panel of Figushows all countries. Most notably,

Rwanda and Zambia have big raw gaps, of 14 and 9.5 respeggiarel much smaller gaps after
our adjustments, with both countries below 4. The bottonepprovides a “close up” of the same

countries minus those with raw APG values of over 7. Now omesese that Lesotho and Uganda
have initial gaps of around 7, and adjusted gaps of aroundlBarspectively. Interestingly, the

remainder of the countries tend cluster along a ray of sloehalf from the origin, suggesting

that our adjustments explain around one half of their rawsgap

While, on the one hand, explaining roughly one half the raviGAReasures represents success for
our adjustments, the remaining gap of around two is puzislilagge. The implication is that there
should be large income gains from moving workers out of agfice and into other economic
activities. Thus, we conclude that our adjustments thutatee us part of the way — but only part
of the way — towards explaining the differences in produttilbetween sectors. We now turn to
several other potential explanations of the remaining gaps

4.6. Sector Differences in Labor’'s Share in Production

One maintained assumption of the simple model is that lafiares in production are the same in

agriculture and non-agriculture. We now relax this assuwmn@nd ask whether sector differences
in labor shares could account for much of the remaining gagaWyue that evidence suggests that
it cannot, and that assuming equal labor shares in the twiorsetoes not change the nature of our
analysis in any important way.

Consider a variant of the production function &) where the importance of labor and other inputs

in production differs across sectors:

Yo =LEKEX1 09 and Y, =LdKHXI-6— (6)

One can show that the firms’ first order conditions imply tleater differences in value added per
worker are given by the ratio of the Cobb-Douglas elasésiti

VAL /L _ Yn/Ln :%
VAa/La  paYa/La 6n

(7)

Thus, we could explain the remaining sectoral differenceavierage labor productivity @, is

210ne candidate explanation is that that the gaps have agsentty, and workers have simply not had sufficient
time to reallocate across sectors in response. Howeverngdéfat for virtually all countries for which historical dat
is available from the WDI, the average APG in the period 198the present is similar in magnitude to the average
APG in the period 1960 to 1984.
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approximately half as large #. Is this a plausible explanation?

Evidence from National Accounts data

One source of data on sectoral labor shares is the incomefsilde national accounts. In this ac-

count, GDP is divided into different types of income, witle hrincipal categories being employee
compensation, the operating surplus of firms, depreciatiod indirect taxes and subsidies. Not
all countries report the income side of the national accobgtsector. As a result, there are few
systematic studies of sectoral labor shares across cesintri

Some data are available on the employee compensation shagsculture (as irGollin (2002,
Table 5), but these do not accurately reflect labor sharesdioss where much of the labor force
consists of family labor. (In practice, employee compeansadoes not usually include the mixed
income of the self-employed.) Moreover, as pointed outvaientinyi and Herrendor2008),
careful calculations of sectoral labor shares requirestnjant for the cross-sector flows of inter-
mediate goods, making these calculations relatively carat@dd. Nevertheless, there are strong
reasons to believe that aggregate labor shares are bpsimaiame in rich and poor countries.

As Gollin (2002 points out, labor shares — once adjusted for the mixed iecomthe self-
employed — vary relatively little across countries, and\hgation is not highly correlated with
income per capita. If this is the case, and if agriculturbare of GDP varies systematically with
income per capita (as is widely understood), then laboresheannot differ very much between
agriculture and non-agriculture; otherwise, we would obsdarge and systematic variation in
aggregate labor shares. To quantify this, in many poor cmsytagriculture accounts for 25-50%
of GDP, while in rich countries it may be only 1% of GDP. If pomountries also had a labor
share in agriculture that was half as large as the labor shamen-agriculture, then the aggre-
gate labor share in poor countries would be noticeably lower instance, if the labor share in
non-agriculture wa$,= 0.67 , as suggested Gollin (2002, then a poor country with agriculture
producing 30% of GDP would have an aggregate labor sharédf Gompared with an aggregate
labor share of 0.67 in a rich country.

What limited evidence on sectoral shares is available siggieat labor shares in agriculture are, if
anything, lower than labor shares in non-agricult@ellin (2002 reports employee compensation
shares of output for a set of countries with available datae dgricultural sector has the lowest
shares of all the sectors in these data — perhaps becausertbasures frequently appear to exclude
the imputed labor income of unpaid family workers.
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Econometric Estimates of Factor Shares

A large empirical literature attempts to estimate agrigat production functions using cross-
section, time series, and panel data. A dual literatureneséis parameters using cost data. This
literature is problematic because input use is fundamigréaldogenous, so there are frequently
puzzling signs and magnitudes in the coefficient estimaiggpically, however, these estimates
find labor shares for agriculture that dwever than those for non-agriculture, not the other way
around.

Fuglie (2010 summarizes the estimated cost shares of labor from a nuaflrecent studies.
Leaving aside studies of transition economies that haveuailly low labor shares, Fuglie finds
in his analysis that the labor shares in agricultural prtidadunctions tend to be low. He reports
results from micro studies showing cost shares or prododiasticities for labor that range from
0.31 (for sub-Saharan Africa) to 0.46 (India and Indonedisgtimates for rich countries include
figures of 0.20 for the U.S., 0.30 for the U.K., 0.39 for Jagard 0.23 for South Africa.

These estimates are not directly comparable to the macroepts of labor shares, because the
calculations are often based on analyses in which the gedss of agricultural output is regressed
on inputs of labor, land, and a range of intermediate goodsesé include energy, chemicals,
and seed — all of which would be viewed as intermediates imt#t@nal income and product
accounts. Accordingly, we can take the labor share as adraof the summed shares of labor,
land, structures, and machines.

Working with the data ofuglie (2010 for China, India, Indonesia, Brazil, Mexico, and sub-
Saharan Africa, the average share of labor relative to |phusrland and structures is 0.62. When
the denominator is expanded to include machinery (and gnesgich is lumped together with
machinery), the labor share falls to an average of 0.58. @isly it falls even farther if the de-
nominator is expanded to include livestock, which are in samountries viewed as a form of
agricultural capital. For the U.S., the labor share retatwlabor, land, and structures is 0.51, and
for the U.K., the number is 0.52.

Observations from Share Tenancy

Another source of information — perhaps less obvious — oorlalshare in agriculture comes from
the abundant literature on share tenancy contracts. In witttle world, large areas of agricultural
land are farmed by operators under share tenancy arranggniemwhich the operators pay a
fraction of gross or net output to land owners in lieu of a castt. Share tenancy is an ancient
and ubiquitous practice, and in some parts of the world —iqudarly developing countries in
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Asia — share tenancy accounts for the majority of all terdhfem land Qtsuka(2007)?2. Share
contracts typically specify the fraction of gross outpudttiwill be received by the landowner.
The contracts normally also specify a set of cost-sharingngements for variable inputs (e.qg.,
fertilizer, seed, and chemicals) and for the usage or reo&tk of equipment.

The share contracts offer some insight into the cost shdrdi$ferent factors of production. The
operator provides all the labor, and the land owner providedand and buildings. In principle,
then, the split of gross output between the operator andatiek dwner, along with the allocation
of capital costs and intermediate input costs, will allow thee calculation of the (net) shares of
labor, land, and capital. In practice, it may be difficult toiae at precise calculations, because
relationships between land owners and operators may be cubplicated. These relationships
are often based on long-term leases with indefinite timezbas, so that they constitute repeated
games. There are also many accounts of interlinked costreatthat operators may also borrow
from land owners for consumption purposes; land owners mayigee some informal insurance;
and cost sharing formulas may be modified informally. As alltesacoby and Mansu(R009
write that “[o]utput and cost shares alone thus do not fulgracterize the terms of the share-
contract.” Nevertheless, the gross output share and theshases provide a useful — if crude —
estimate of the factor shares.

A striking stylized fact in the share tenancy literaturehiattover time and across countries, most
share contracts seem to involve 50-50 splits of both grogsuband intermediate input®tsuka
(2007 refers to this as the “commonly observed rate,” &tduka, Chuma, and Hayartii992
note that “the output sharing rate is almost universally 20%ber share tenancy in many develop-
ing countries.” They further note that the 50-50 split wastdriically pervasive in many parts of the
world, to the extent that the French and Italian words forsl@nancy ifetayage andmezzadria,
respectively) mean “splitting in half.” Contemporary seglcontinue to find the 50-50 split to be
comon in developing countriedacoby and Mansu(R2009 note that in survey data for rural Pak-
istan, in 1993 and 2001, “nearly three-quarters of shararts ... report a 50-50 output sharing
rule.”

The 50-50 split is also common in modern-day agriculturdaWnited States. In lowa, in 2007,
54% of all farm land is leased, and about 20-25% of the leam®dlik covered by share contracts.
Of the land under share contracts in lowa, 93% involved a®8git of output and in 80-90% of
the cases, there was also a 50-50 split of the costs of fertilseed, herbicides, insecticides, and
drying (lowa State University2007). The 50-50 split is also found commonly in other parts of
the U.S., buCanjels(1998 draws on a broader 1988 survey of U.S. farmers and conclhadés
other splits, with the owner’s share ranging from 0.40 t&0dépending on the state and crop.

22Most land, however, is farmed by owners, cash rentals ane sihapping represent a minority of total farm land.
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Calculating the actuadx post shares of labor, land, and capital would require extremetgpited
data on the sharing of particular costs as well as the vastais-contingent adjustments that are
made in the allocation of cost and revenue. Nevertheleesgrgdominance of the 50-50 split of
both output and inputs would tend to suggest that labor’sesineagricultural production is around
one-half. Moreover, the recurrence of the same cost sharessacountries and over time would
tend to support the notion that the labor share can be modsl&tentical across countries.

Summarizing the Evidence on Labor’s Share in Agriculture

Taking the various approaches into account, it seems diff@produce estimates of labor shares
that arehigher for agriculture than for non-agriculture. Under the cir@iances, differences in
labor shares are unlikely to play any large role in explajnine sectoral productivity gaps; if
anything, it looks as though they should exacerbate those. ga

5. Alternative Measures of Sectoral Productivity

One possible concern with the sectoral productivity messtgported above is the quality of the
data. Many development economists are outspoken in clegiing national accounts data for
poor countries as fanciful if not fictitious. Even more sobppraisals, such as that Bavallion
(2003, find that measures of consumption per capita derived frational income accounts differ
in levels and growth rates from the alternative measure®on$umption or expenditure that are
reported in nationally representative household survéy.da

To address this concern over data quality, we construchaltiee measures of sectoral productivity
that rely on measures of productivity derived entirely frobousehold survey data. Although the
measures reported above, in Sectpmlid make some use of micro data, those measures simply
relied on the micro data for hours and schooling to make aaj@ists to productivity measures that
were derived from national income accounts. By contrasthig section, we construct entirely
new measures of productivity from detailed household sudata.

The reason for doing this is to address the possibility tlional accounts measures of agri-
culture’s share of output may be inaccurate. In particuldhe national accounts underestimate
agricultural value added (or overestimate value added magyiculture), then our measures of
average productivity may be erroneous. It is also posstide the national labor force surveys
and census data are mistakenly assigning people to theibigrad sector, creating a form of mis-

measurement that our previous adjustments cannot remedy.

Household surveys typically collect enormously detailathdn the characteristics and decisions
of respondent families. We use these household survey datanistruct a number of measures
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of labor and output. We conclude that, even though the haldeturvey and national account
evidence are based on entirely different methodologieth, pmvide evidence that productivity is
substantially lower among agricultural workers than otherkers.

5.1. Household Income and Expenditure Surveys

Over approximately the past twenty-five years, internaiamstitutions, in collaboration with na-
tional statistical authorities, have carried out detatdisehold surveys in numerous countries,
including many developing countries. These surveys haea ladely used in the development
economics literature, and they are widely seen as providigh-quality data that offer an inde-
pendent check on many statistical aggregates.

One of the largest collections of these household survegsagable through the World Bank’s
Living Standards Measurement Study (LSMS). The LSMS swggpically involve the collec-
tion of detailed data at the household level (and occadipaalthe individual) level on income,
health, education, and other “outcome” measures; expgedind consumption; labor allocation;
asset ownership; and details on agricultural productioisjiess operation, and other economic
activities. The surveys undertaken in different countries ot follow identical methodologies, but
many of them contain information on variables of interestdior analysis.

The data from these surveys provide information on econautigity at the household level. Be-
cause individuals are asked about all their economic dietsyithe household surveys typically do a
good job of depicting non-market activities, includingiagtural production by quasi-subsistence
households. In micro development economics, data fronethessehold surveys are generally
seen as representing a high standard for data quality.

5.2. Measuring Value Added from Household Surveys

To begin, we construct measures of value added per worker fhe household surveys. For
households that operate a farm (or other agricultural lessiyy we define agriculture value added
as

VAzi =VYai —INT,j (8)

wherey, is “gross agricultural output,” defined below, aldT; is the cost of intermediate goods,
such as fertilizer or seeds. Gross agricultural output iasueed as as follows. Letindex farm
goods, and let there btotal goods. For household let x'0™, X" andx™=! be the total
guantity of goodj that is produced and subsequently consumed as home, sblel nmarket place,
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or re-invested (as seed) for the following year. Agricudtuevenue is defined as
s h ket | invest
Vai = 3 pj (X ) (©)
=1

wherep; is the farm-gate price of gool In general, the household surveys repdff, xmerke
andx}[}"‘ﬂ directly (in kilograms) for each). For prices, in the case of googishat were sold on
the marketplace, we s@f to be the sale price. For googlghat were not sold, we Igbj be the
self-reported price that the household would have fetchéky sold their outpuf?

For households that operate a non-agricultural businesslefine value added as
VA = Yni — INTh; (10)

whereyy i is non-farm business revenue amdiT, ; is the cost of intermediates used up in produc-
tion. In general the households repgyt or their profits directly.

While the surveys vary somewhat from country to country, osticases households with agricul-
tural production report™, x™k# andx™e for each cropj in kilograms, and repor; for all
crops for which some sales were made. For other crops thedBanhk uses a local or regional
average price. For households with non-agricultural ineotypicallyyn; is reported directly. In-
termediate usage in the two sectors are either reportedtlgi@ reported as part of total input
costs, i.e. along with wage payments to hired workers anékpayments to rented land or equip-
ment. When total input costs are reported, we compute tlgidrathat is due to intermediates
using the ratio of aggregate payments to hired labor andatapiaggregate input cost8.

For each country, we aggregate value added by sector acvosglolds to compute the share
of aggregate value added coming from agriculture. We thenpce the employment share of
agriculture in each country, classifying each worker bygrenary industry of employment. Using

these two shares for each country we can construct the ratialee added per worker in non-

agriculture to agriculture, which is essentially the “noitanalog of our raw APG measures.

23There are some complexities involved in figuring out the appate prices to use. For households that sell some
goods to the market, the quantities of the same goods thabaseimed at home must (through revealed preferences)
have a shadow value higher than the market price. Using rmprlees will underestimate the value of production,
in this sense. Another issue that arises is the adjustmemiaoket prices for transport costs. In principle, home
consumed output should be valued at the farm-gate priceshwkigenerally lower than the market price for goods
that the household sells (and is generally higher than th&ehprice for goods that the household purchases).

24specifically, [etCOSTs; be the total input costs of householfbr production in sectos. Denote byas the ratio
of aggregate wage earnings plus payments for rented landuipreent to aggregate input costs in secoiThen
INTs; =Ysj — (1 — as)COSTs;.
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5.3. Results: Value Added per Worker

Table6 shows the results of the calculations for four countriesge@dvoire, Guatemala, Pakistan
and South Afric&® The first data column shows the share of workers in agricalfecording to
the micro survey data. The second and third data columns abdaulture’s share in value added
according to the macro data (the national accounts) and itre ihata. In spite of the differences
in methodology, the macro and micro sources give similawans as to the share of value added
originating in agriculture. In Cote d’lvoire for examplégtmacro data implies a value added share
of 32.0 percent, while the micro data implies a share of 3éréent.

The final two columns of Tablé show the raw APG measures implied by the macro and micro
data. What varies in these two columns is whether the valdedadhare comes from the national
accounts data (macro) or household surveys (micro). In tatls the employment share of agri-
culture comes from the micro surveys; in none of the yearsaveeparate survey of households
conducted. Furthermore, the basic methodology for comguwmployment shares in agriculture
is roughly the same in the LSMS surveys as the labor forceeysrand population censuses used
to construct the macro APG numbers.

In all four countries, the macro and micro raw APG measuressanilar. Cote d’'lvoire and
Pakistan have the biggest gaps in the macro data, of 4.3 @ndr in the micro data they also
show up as having the biggest gaps, at 4.0 and 4.3. Guateamkarhacro gap of 3.4 and a micro
gap of 3.3. South Africa has a macro gap of 1.6 and a micro gagbofAt least for these countries,
we conclude that large gaps in value added per worker aredfouhousehold survey evidence,
just as in the national accounts.

5.4. Income and Expenditure per Worker

One challenge to the use of the value added data described &bthat it could be biased, due
to households misreporting their incomBeaton(1997) claims that expenditure data are more
accurate than the income data. In TaBleve address this concern by computing the ratio of
expenditure per worker by sector, in addition to value adukrdvorker (as above) and income per
worker.

We find that in all four countries, gaps in value added andrimeper worker are similar in magni-
tude, and in all but one country expenditure per worker gapetsimilar magnitude. In Pakistan,
the exception, the expenditure per worker gap is substingimaller than that of value added or
income, at 1.9, compared to 4.3 for value added per workeileWlakistan’s gap is still sizable, its
smaller magnitude suggests that large remittances frorraganulture households to agriculture

25\We are in the process of making similar calculations for ldy@ dozen other countries.
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areas may play an important role. In future work we can tdastghoposition (using remittance
data) and expand our analysis to more countries. The caanltiwus far, however, is that the large
agricultural productivity gaps found in the macro data aeg/\much present in micro data as well.

6. Conclusion

According to national accounts data from developing coestrvalue added per worker is on
average four times higher in the non-agricultural sectantim agriculture. This agricultural pro-
ductivity gap, when taken at face value, suggests that lsbgireatly misallocated in developing
countries. In this paper we ask to what extent the gap isp#$sent when better measures of
inputs and outputs are taken into consideration. To do soomstauct a new data set for a large
number of developing countries, with measures of hours adad human capital per worker by
sector, urban-rural cost-of-living differences, and ralédive measures of value added per worker
constructed from household income survey evidence.

We find that even after taking all these measurement isstesamsideration, a puzzlingly large
agricultural productivity gap remains. Output per workemion-agriculture still appears to be
nearly twice as high as in agriculture.

A number of measurementissues remain. One is that the nooukigral sector includes a number
of industries — such as government services — in which ouspuatiued at the cost of inputs and in
which labor markets may not be fully competitive. If thesetees receive inflated wages, it will be
misleadingly reflected in the data as high productivity. As® measurement problem is that the
costs of living for rural semi-subsistence farmers may lerstated by price indices based on local
market prices. Many households in poor countries may inféax very low prices for a range of
home-produced goods, so that their realized utility leaeéshigher than would be suggested by
income and expenditure data.

Our results suggest that the typical resident of the deusjpworld could roughly double her

real income by moving out of the agriculture sector. Why devdrkers in developing countries
move out of agriculture to close this gap? Answering thisstjoa seems like an important step in
understanding economic development.
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Table 1: Data Sources and Descriptions

Ag/Non-Ag or

Country Variable Year Source Urban/Rural
Albania Schooling 2005 Multiple Indicator Cluster Survey (EPDC) u
Argentina Schooling 2001 Census of Population and HousiPig1S) A
Armenia Schooling 2001 Population and Housing Census (IPUMS) A
Hours 2008 Report on Labour Force and Informality A
Azerbaijan Schooliny 2006 Demographic and Health Survey (EPDC) U
Bangladesh Schooling 2007 Demographic and Health Survey (EPDC) U
Hours 1989 Labour Force Survey (ILO) A
Belarus Schooling 1999 Population Census (IPUMS) A3
Belize Schooling 2006 Multiple Indicator Cluster Survey (EPDC) U
Bhutan Schooling 2005 Population and Housing Census U
Hourg' 2007 Living Standard Survey u
Bolivia Schooling 2001 Census of Housing and Population (IPUMS) A
Hours 2000 Mecovi Survey U
Botswana Schooling 1996 Labour Force Survey A
Hours 1996 Labour Force Survey A
Brazil Schooling 2000 Demographic Census (IPUMS) A
Hours 2000 Demographic Census (IPUMS) A
Bulgaria Schooling 2003 Living Standards Measurement Study A
Hours 2003 Living Standards Measurement Study A
Burkina Faso Schooliflg 2006 Multiple Indicator Cluster Survey (EPDC) U
Burundi Schooling® 1998 Enquete Prioritaire A
Cambodia Schooling 1998 General Population Census (IPUMS) A
Hourg 2001 Labour Force Survey u
Cameroon Schooliflg 2006 Multiple Indicator Cluster Survey (EPDC) u
Central African Rep.  Schoolifg 2006 Multiple Indicator Cluster Survey (EPDC) U
Chad Schooliny 2004 Demographic and Health Survey (EPDC) U
Chile Schooling 2002 Population and Housing Census (IPUMS) A
Hours 2002 National Employment Survey (ILO) A
China Schooling 1990 National Population Census (IPUMS) A
Colombia Schooling 2005 General Census (IPUMS) A
Costa Rica Schooling 2000 Population and Housing Census (IPUMS) A
Hours 2000 Multi-Purpose Household Survey (ILO) A
Cote D’lvoire Schooling 1988 Living Standards Survey A
Hours 1988 Living Standards Survey A
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Cuba Schooliny 2002 Population and Dwelling Census (IPUMS) A
Dominican Schooling 2007 Demographic and Health Survey (EPDC) U
Republic Hours 2007 Encuesta de Fuerza de Trabajo (ILO) A
Ecuador Schooling 2001 Census of Population and Dwelling (IPUMS) A

Hours 2001 Census of Population and Dwelling (IPUMS) A
Egypt Schooling 2000 Demographic and Health Survey (EPDC) U
El Salvador Schooling 2006 Encuesta de Hogares de Propositos Multiples U
Ethiopia Schooling 2005 Demographic and Health Survey (EPDC) U

Hours 2005 Labour Force Survey U
Fii Schooling” 1996 Census of Population and Housing u

Hourg 2005 Employment and Unemployment Survey u
Gabon Schooliny 2000 Demographic and Health Survey (EPDC) U
The Gambia Schooliflg 2006 Multiple Indicator Cluster Survey (EPDC) U
Georgia Schooliny 2005 Multiple Indicator Cluster Survey (EPDC) U
Ghana Schooling 2000 Population and Housing Census (IPUMS) A

Hours 2000 Population and Housing Census (IPUMS) A
Guatemala Schooling 2010 National Survey of Employmentiacdme U
Guinea Schoolin? 1996 Census of Population and Housing (IPUMS) A
Guyana Schooling 2005 Demographic and Health Survey (EPDC) U
Honduras Schooling 2005 Demographic and Health Survey (EPDC) U
India Schooling 2004 Socio-Economic Survey (IPUMS) A
Indonesia Schooling 2007 Demographic and Health Survey (EPDC) U

Hours 2006 National Labour Force Survey (ILO) A
Iran Schooling 2006 Census of Population and Housing (IPUMS) A
Iraq Schooling 1997 Population Census (IPUMS) A

Hours 2007 Household Socio-Economic Survey (LSMS) A
Jamaica Schooling 2001 Population and Housing Census (IPUMS) A

Hours 2001 Population and Housing Census (IPUMS) A
Jordan Schooling 2004 Population and Housing Census (IPUMS) A

Hours 2004 Population and Housing Census (IPUMS) A
Kazakhstan Schoolifg 2006 Multiple Indicator Cluster Survey (EPDC) U
Kenya Schooling® 1999 Population and Housing Census (IPUMS) A

Hours 2006 Integrated Budget Household Survey U
Kyrgyz Republic Schooliny 1999 Population Census (IPUMS) A
Lao PDR Schooliny 2006 Multiple Indicator Cluster Survey (EPDC) U
Lesotho Schooling 2004 Demographic and Health Survey (EPDC) u

Hourg 2008 Integrated Labour Force Survey U
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Schooling

2007 Demographic and Health Survey (EPDC)

Liberia v
Hourg' 2010 Labour Force Survey u
Lithuania Schooling’® 2000 Population and Housing Census u
Macedonia Schooling 2005 Multiple Indicator Cluster Survey (EPDC) U
Madagascar Schoolirg 2008 Demographic and Health Survey (EPDC) U
Malawi Schooling 2008 Population and Housing Census (IPUMS) A
Hours 2005 Second Integrated Household Survey A
Malaysia Schoolind 2000 Population and Housing Census (IPUMS) A
Hours 2007 Labour Force Survey (ILO) A
Maldives Schooling 2009 Demographic and Health Survey (EPD U
Mali Schooling 1998 Census of Population and Housing (IPYMS A
Marshall Islands Schooling 1994 Multi-Subject Househaldv@y A
Mauritius Hours 2009 Continuous Multi-Purpose Household Survey A
Mexico Schooling 2000 Population and Dwelling Count Il (IPUMS) A
Hours 2000 Population and Dwelling Count Il (IPUMS) A
Moldova Schooling 2004 Demographic and Health Survey (EPDC) U
Mongolia Schooling 2000 Population and Housing Census (IPUMS) A
Morocco Schooling 2004 Demographic and Health Survey (EPDC) U
Namibia Schooling 2006 Demographic and Health Survey (EPDC) U
Nepal Schooling 2001 National Population Census (IPUMS) A
Hourg 2008 Labour Force Survey A
Nicaragua Schoolifg 2001 Demographic and Health Survey (EPDC) U
Nigeria Schooling 2008 Demographic and Health Survey (EPDC) U
Hourg 2009 Labour Force Survey u
Pakistan Schooling 1998 Housing and Population Census (IPUMS) U
Hourg 2009 Labour Force Survey u
Panama Schooling 2000 Census of Population and Housing (IPUMS) A
Hours 2001 Continuous Household Survey (ILO) A
Papua New Guinea Schoolifd 2000 Census National Report U
Paraguay Schoolifdg 2002 Censo Nacional de Poblacion y Vivienda U
Peru Schooling 2007 Census of Housing and Population (IPUMS) A
Hours 2007 Estadisticas del Mercado de Trabajo U
Philippines Schooling 1990 Census of Population and Housing (IPUMS) A
Hours 1990 Labour Force Survey (ILO) A
Romania Schooling 2002 Population and Housing Census (IPUMS) A
Hours® 2002 Population and Housing Census (IPUMS) A
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R q Schooling 2002 Census of Population and Housing (IPUMS) A
wanda
Hours 2006 Integrated Living Conditions Survey A
, . Schooling 1991 Population and Housing Census (IPUMS) A
Saint Lucia : :
Hours 1991 Population and Housing Census (IPUMS) A
Sao Tome
. Schooling 2009 Demographic and Health Survey (EPDC) U
Principe
Senegal Schoolig 2002 Census of Population and Housing (IPUMS) A
Serbia Schooliny 2006 Multiple Indicator Cluster Survey (EPDC) U
) Schooling 2004 Population and Housing Census (IPUMS) A
Sierra Leone
Hours 1989 Labour Force Survey A
_ Schooling 2007 Community Survey (IPUMS) A
South Africa
Hours 2009 Labour Market Dynamics in South Africa A
_ Schooling® 2001 Census of Population and Housing u
Sri Lanka
Hourg 2009 Labour Force Survey A
Sudan Schooling 2008 Population and Housing Census (IPUMS) A
Suriname Schooling 2006 Multiple Indicator Cluster Survey (EPDC) U
. Schooling 2006 Demographic and Health Survey (EPDC) u
Swaziland
Hours 2008 Labour Force Survey A
Sur Schooling 2006 Multiple Indicator Cluster Survey (EPDC) U
yria
Hours 2010 Labour Force Survey A
Tajikistan Schooling 2005 Multiple Indicator Cluster Survey (EPDC) U
_ Schooling 2002 Population and Housing Census (IPUMS) A
Tanzania
Hours 2009 Integrated Labour Force Survey A
Thailand Schooling 2000 Population and Housing CensusNIBU A
T Schooling” 2006 Census of Population and Housing u
onga
Hourg 2003 Labour Force Survey A
Turk Schooling 2003 Demographic and Health Survey (EPDC) U
urkey
Hours 2003 Household Labour Force Survey (ILO) A
Ugand Schooling 2002 Population and Housing Census (IPUMS) A
ganda
Hours 2006 National Household Survey A
Ukraine Schooling 2007 Demographic and Health Survey (EPDC) U
Uzbekistan Schooling 2006 Multiple Indicator Cluster Survey (EPDC) u
Schooling 2001 Population and Housing Census (IPUMS) A
Venezuela . :
Hours 2001 Population and Housing Census (IPUMS) A
) Schooling 1999 Population Census (IPUMS) A
Vietnam
Hours 1999 Labour Force Survey (ILO) A
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Yemen Schooliny 2006 Multiple Indicator Cluster Survey (EPDC) U
Zambi Schooling 2007 Demographic and Health Survey (EPDC) U
ambia
Hours 2005 Labour Force Survey A
) Schooling 2006 Demographic and Health Survey (EPDC) U
Zimbabwe
Hours 2009 Labour Force Survey A

Note: Hours worked and years of schooling data are for alhenuocally active persons aged 15+ unless otherwise
noted. IPUMS is the International Public-Use Microdata&erEPDC is the Education Policy and Data Center; ILO
is the International Labor Organization; LSMS are the LivBtandards Measurement Surveys.

Lyears of schooling imputed from educational attainment.
2Hours worked in main occupation.
3Agriculture status determined from occupation
4Computed from intervalled hours data.
5Sample consists of only employed persons.
6Sample consists of heads of households only.
’Sample includes economically inactive persons.
8Sample includes persons aged 5+.
9Sample includes persons aged 10+.

Table 2: Raw Agricultural Productivity Gaps

Measure Weighted| Unweighted
5th Percentile 1.7 1.1
Median 3.7 3.0
Mean 4.0 3.6
95th Percentile 5.4 8.8
Number of Countries 112 112

Sample is developing countries, defined to be below the méahneo
world income distribution. The weighted statistics weighth country
by its population.
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Table 3: Rural-Urban Education Quality Differences

Country %

Argentina 0.87
Bolivia 0.95
Brazil 0.89
Chile 0.92
Ghana 0.90
Guinea 0.62
Malaysia 0.93
Mali 0.89
Mexico 0.77
Panama 0.87
Philippines 0.80
Rwanda 0.88
Tanzania 1.25
Thailand 0.90
Uganda 0.82
Venezuela 0.78
Vietnam 0.74
Average 0.87

The valuey is our estimate of the number of years of urban schoolingvedgrit to one year of rural
schooling. The “average” is the simple unweighted averagesa countries.
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Table 4. Non-Agriculture to Agriculture Averages by Region

Region Years of Schooling Human Capitall Hours Worked| Cost of Living
Africa 2.8 1.4 1.2 1.3
Asia 1.8 1.4 1.2 1.3
Americas 2.0 1.5 1.0 1.4
Europe 1.4 1.3 1.2 1.0
All Countries 2.0 1.4 1.2 1.3

Sample is developing countries, defined to be below the mitie evorld income distribution. Averages are
weighted by population.

Table 5: Adjusted Agricultural Productivity Gaps

Measure Complete Datg All Countries
5th Percentile 1.0 0.8
Median 19 1.8
Mean 19 1.9
95th Percentile 2.9 2.6
Number of Countries 35 112

Sample is developing countries, defined to be below the metreavorld income distri-
bution. “Complete data” means the set of countries with dathours, human capital and
the cost of living by sector. “All countries” means that whaatta is missing is it imputed
as the mean ratio across all countries with data availableaverages are weighted by
population.

35



Table 6: Agricultural Productivity Gaps from Micro and Macro Data

Country Agriculture Share (%) of APG
Employment| Value Added
Micro Macro | Micro || Macro | Micro
Cote d’'lvoire (1988) 71.0 32.0 | 37.7 4.3 4.0
Guatemala (2000) 40.2 15.1 16.9 3.4 3.3
Pakistan (2001) 57.8 25.8 20.5 4.2 4.3
South Africa (1993) 11.8 4.3 8.2 1.6 15

“Micro” means calculated using LSMS household survey ddhMacro” means calculated using national
accounts data. APGs are calculated using the shares of adtledd from micro and macro data, and the
shares of employment from micro data.

Table 7: Agricultural Productivity Gaps: Alternative Measures fr om Micro Data

Country VA/Worker | Income/Worker Expenditure/Worker
Cote d’lvoire (1988) 4.0 3.7 3.5
Guatemala (2000) 3.3 3.3 2.6
Pakistan (2000) 4.3 5.3 1.9
South Africa (1993) 15 1.6 1.7
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