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Abstract
Drawing on a new set of nationally representative, internationally comparable household surveys, this paper provides
an overview of key features of structural transformation—
labor allocation and labor productivity—in four African
economies. New, micro-based measures of sector labor allocation and cross-sector productivity differentials describe the
incentives households face when allocating their labor. These
measures are similar to national accounts-based measures
that are typically used to characterize structural changes in
African economies. However, because agricultural workers

supply far fewer hours of labor per year than do workers in
other sectors, productivity gaps disappear almost entirely
when expressed on a per-hour basis. What look like large
productivity gaps in national accounts data could really
be employment gaps, calling into question the prospective
gains that laborers can achieve through structural transformation. These employment gaps, along with the strong
linkages observed between rural non-farm activities and
primary agricultural production, highlight agriculture’s continued relevance to structural change in Sub-Saharan Africa.
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1. Introduction
Structural change is integral to economic development. In the development context, it refers both
to the reallocation of labor from one low-productivity sector to another, higher-productivity
sector, and to the economic growth resulting from this shift. Structural change is a dynamic
process powered by several key features – productivity levels within sectors, productivity gaps
between them, and the movement of labor from low productivity to high productivity sector(s).
In poor economies, agriculture is typically the sector that employs the most people and uses labor
least productively. Therefore, structural change is tightly associated with the exit of labor from
agriculture to other sectors of the economy (Timmer 1988). The larger the productivity gap
between agriculture and other sectors, the larger the opportunity to achieve growth through
structural change. Over time, cross-sector productivity gaps tend to shrink, as factor market
integration gradually equalizes returns to labor across sectors. However, productivity gaps
generally do not disappear altogether, and small labor productivity gaps between agriculture and
other sectors persist even in high income countries (Lele, Agarwal, and Goswami 2013).
Growth in labor productivity, overall and within agriculture, has been a strong predictor of
poverty reduction because of the important linkages between wages, household self-employment,
and the real incomes of the poor. Though land productivity growth typically precedes labor
productivity growth, the process of agricultural development is thought to begin when output per
agricultural worker increases (Timmer 1988). Agricultural labor productivity growth is
particularly important because of the direct effects on the many workers who participate in the
agricultural sector, and also because it causes growth in other sectors (De Janvry and Sadoulet
2009). Agricultural growth also plays a role in lowering agricultural employment shares.
Through farmer income effects, agricultural productivity growth stimulates rural demand for
non-agricultural non-tradable goods and services, pushing up wages outside of agriculture and
pulling workers out of the sector (McMillan and Harttgen 2014). Historically, agricultural
growth has been shown to contribute more to poverty reduction than non-agricultural growth
(Christiaensen, Demery, and Kuhl 2011).

1.1 Relevant Literature
This paper focuses on Sub-Saharan Africa, the region with the lowest per capita incomes, largest
shares of value added captured by agriculture, largest shares of the work force employed in
agriculture, and lowest agricultural labor productivity (Figure 1a) (World Bank Group 2014).
According to national accounts data, labor in developing countries is 4.5 times more productive
outside of agriculture than in it. In middle income countries, the ratio is 3.4, and in high income
countries, it is 2.2. Within African countries, non-agricultural labor is 6 times more productive
outside of agriculture than in it2 (Figure 1b) (Gollin, Lagakos, and Waugh 2014b). Other recent
assessments of productivity gaps confirm that large cross-sector productivity differentials persist
in Sub-Saharan African countries (McMillan and Harttgen 2014; Lele, Agarwal, and Goswami
2013).
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Labor productivity in an economy can be improved either within sectors (e.g. through
technological gains and capital accumulation) or structurally (e.g. by shifting labor out of lessproductive activities and into more-productive activities). During the 1990s, African labor
entered agriculture rather than exiting it, thereby suppressing overall labor productivity growth
(McMillan and Rodrik 2011). Since 2000, labor productivity growth within agriculture has
accelerated in Eastern and Southern Africa, and in Nigeria (Pardey 2014; Block 2013).
Decomposition of recent labor productivity growth trends suggests that labor exits from
agriculture explain about half of recent overall labor productivity growth across Africa
(McMillan and Harttgen 2014; McMillan, Rodrik, and Verduzco 2014). These recent favorable
trends are also reflected in national accounts and per capita consumption data, and have become
known as the “African growth miracle” (e.g., Young 2012).
From a structural change perspective, Sub-Saharan Africa still lags behind other regions of the
world. Nevertheless, African countries seem to be following the same patterns of agricultural
labor exits as those previously followed by countries in other regions (McMillan and Harttgen
2014). However, African structural change pathways differ from those in Asia and Latin
America in that the services sector, which is characterized by relatively low productivity in
African countries, has been a primary recipient of labor exiting from agriculture (Rodrik 2014).
In other regions, industrialization has been core to the structural change process. High levels of
informality in the industry and services sectors has lowered their average productivity and
suppressed the gains to be exploited from agricultural exits. In Vietnam, important productivity
gains resulted not only by shifting labor out of agriculture, but also by shifting labor into formal,
higher-productivity firms within the industrial sector (McCaig and Pavcnik 2013).
Because agricultural labor shares are still so large in African countries, the potential gains from
reallocating labor to higher-productivity sectors is believed to be very high (McMillan and
Headey 2014). A large initial agricultural labor share, rising female education, rising commodity
prices, good governance, and agricultural productivity growth all appear to be positively
correlated with labor exits from agriculture (McMillan and Harttgen 2014). Poor market
infrastructure, heterogeneous and difficult agroclimatic conditions, and generally unfavorable
policy enabling environments all pose challenges to labor productivity growth in African
agriculture. Nevertheless, in the many African economies that are landlocked and poor in natural
resources, agricultural labor productivity growth probably provides the only pathway towards
economic growth and poverty reduction (Dercon 2009).
Labor is one of several important factors in agricultural production, which also relies on land,
capital, and other inputs. Intensification of agricultural labor use can be driven by land scarcity
(e.g., high population pressure) or by capital scarcity (e.g., high interest rates). Historically,
growing population pressure has been associated with more intensive agricultural systems
characterized by reduced frequency and length of fallow periods on agricultural land
(Ruthenberg 1971; Pingali, Bigot, and Binswanger 1987). Intensive systems typically use higher
labor inputs per unit of land for tasks such as land preparation, soil fertility management, water
management, weeding, harvesting, and long term improvements in land quality.
In aggregate, agricultural labor productivity grew slower than agricultural land productivity
between 1961 and 2010 in Africa, which implies some intensification of African agriculture with
2

respect to labor (Pardey 2014). This intensification has taken the form of higher cropping
intensity and a shift to higher value crops (Binswanger-Mkhize and Savastano 2014; Nin-Pratt
and McBride 2014). Addressing agricultural labor exits in the context of population pressure in
rural areas over the past forty years, Headey and Jayne (2014) find that population pressure has a
strong effect on agricultural intensification, but a mixed effect on households diversifying their
income sources to include non-agricultural activities.
The process of structural transformation necessarily involves some occupational as well as
geographic mobility, with an ultimate egress of people from the agricultural sector and from
rural areas (Collier and Dercon 2014). Migration out of rural areas and occupational shifts out of
agriculture have been associated with poverty reduction in long term panels of rural households
(Beegle, Weerdt, and Dercon 2011). Household income diversification decisions are influenced
by growth in the industry and services sectors (Foster and Rosenzweig 2003; Steven Haggblade,
Hazell, and Reardon 2010), as well as by increased population density and heightened access to
population centers (Steven Haggblade, Hazell, and Reardon 2007). However, households may
face important barriers in diversifying their occupations or migrating (Barrett, Reardon, and
Webb 2001). In many cases, non-farm work requires quite different skill sets than farm work,
and so individuals with farming skill sets must find ways to retool (Rodrik 2014). By influencing
the ability of individuals to move between sectors, such barriers shape the overall opportunity to
achieve labor productivity growth through structural change. Recent micro evidence suggests
that, while non-agricultural sources of income bring the highest returns across the welfare
distribution, the majority of households in rural areas remain specialized in agricultural income
earning activities (Davis, Di Giuseppe, and Zezza 2014).
1.2 Research Gaps
The premise of higher returns to labor outside of agriculture is quite central to the structural
change mantra. So are these productivity differentials really as high as national accounts data
suggest? After examining many of the assumptions used to calculate agricultural labor
productivity gaps from national accounts data, Gollin et al. (2014b) find a number of biases that
lead to over-estimation of gaps. These biases arise from the methods used to classify workers as
agricultural or non-agricultural, the assumption that workers in each sector work an equal
number of hours, and the assumption that workers from each sector have the same levels of
human capital3. Even after correcting for these biases, the authors find that large productivity
gaps remain, with an average corrected productivity gap of 3.3 in Africa.
If productivity gaps are indeed as large as African macro statistics suggest, then one must
wonder why so much labor remains in rural areas and why rural income diversification remains
so low (McMillan and Headey 2014). One explanation is that, though households may face large
productivity gaps, they are not able to diversify because of limited human capital, experience, or
financial capital. Alternatively, the cross-sector gaps that households face actually may smaller
than those suggested by national accounts, should the differential returns to non-agriculture
sector activities accrue to owners of capital rather than labor. It is also possible that differences
in expected returns between sectors are offset by different levels of risk. Understanding micro
3
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level cross-sector productivity differences, and how they relate to sector allocation decisions, is
crucial for understanding the forces that power agricultural labor exits.
I use a new micro-level dataset to measure key structural change parameters – sector
participation, time use, and labor productivity – from a micro perspective. This paper draws on
the Integrated Surveys on Agriculture from the Living Standards Measurement Study group at
the World Bank (LSMS-ISA datasets), which explicitly collect information about respondents’
time use across sectors. Particular attention is paid to farm labor, which is often neglected in
large scale, multi-topic surveys because of the challenges involved in collecting detailed
agricultural data. The analysis currently includes surveys from Ethiopia, Malawi, Tanzania and
Uganda. The countries that comprise the LSMS-ISA dataset exhibit considerable heterogeneity
with respect to GDP per capita, share of agriculture in the labor force, share of agriculture in the
economy, and productivity gaps (Figure 1).
The micro perspective is quite relevant for this study for several reasons. First, it reflects the
perspective of individuals and firm owners making labor allocation decisions in developing
countries. Second, micro datasets contain the variables required to examine the assumptions on
which macro statistics are generated. Third, micro datasets allow for productivity measures to be
paired with relevant covariates of labor allocation decisions at the household and individual
levels. This kind of micro perspective is largely absent from the literature about structural change
in African economies. Demographic and Health Survey (DHS) datasets, also micro datasets, are
sometimes used to calculate sector labor shares, as an alternative to measures based on
population censuses or national accounts (e.g., McMillan and Harttgen 2014; McMillan and
Rodrik 2011). While DHS surveys have very extensive coverage, they cannot be used to generate
measures of time use or returns to sector participation.
I generate micro measures of sector participation shares that are fairly close to those in national
accounts datasets. Microeconomic analogs of sector productivity and cross-sector productivity
gaps based on output per sector participant per year are smaller than those generated from
national accounts data but fairly close to the corrected gaps generated by Gollin et al. (2014b).
However, micro measures of agricultural labor shares based on time use are much smaller than
participation measures because participants tend to work fewer hours in agriculture than in other
sectors. Consequently, measures of cross-sector productivity gaps disappear almost entirely
when they are based on time inputs by sector workers. Cross-sector productivity gaps observed
in national accounts data, therefore, may reflect gaps in employment levels rather than gaps in
the returns to hours worked between sectors. These results suggest that the forces pulling labor
into non-agriculture sectors may be weaker than many believe them to be. Because time inputs in
agriculture are generally low, possibly due to biophysical constraints, there still exists an
opportunity to achieve growth in annual output per worker by increasing labor supply to the
industry and services sectors.
2. Data and Variable Construction
To examine labor productivity gaps from a micro-economic perspective, I generate labor
productivity measures and other key variables from the Living Standards Measurement Survey –
Integrated Surveys in Agriculture (LSMS-ISA) dataset. I draw on a cross-section of the most
recent LSMS-ISA datasets available, comprised of the Ethiopia Rural Socioeconomic Survey
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(2011-12), the Malawi Integrated Household Survey (2010-11), the Tanzania National Panel
Survey (2010-11), and the Uganda National Panel Survey (2010-11). LSMS-ISA surveys were
implemented by each country’s national statistics office, with technical support from the World
Bank Development Economics Research Group. These datasets are nationally representative,
including urban and rural households regardless of occupation or sector of employment. Rural
and urban areas are defined by each country’s statistics office. Unlike the other surveys, the
Ethiopian dataset is representative of rural areas and small towns and excludes urban areas.
Table 1 depicts the basic characteristics the datasets used in this study. In the paper, “small
town” results for Ethiopia are represented as “urban”, “rural” as “rural”, and full sample results
as “all”. It is worth emphasizing the novelty of LSMS-ISA datasets. Surveys of farming
populations often collect detailed plot-level farm management information similar to the LSMSISA surveys, but they do not also include information on time use off the farm, and generally do
not sample non-farming households. The multi-topic, multi-purpose LSMS-ISA questionnaire
includes questions on labor market participation, labor inputs into in household farm and nonfarm enterprises, and returns to enterprises and labor market participation. They are also
internationally comparable to some extent, allowing for cross-country comparisons.
Using the LSMS-ISA data, I construct individual level, annualized labor supply aggregates for
three types of activities – household operated farm enterprises (farms), household operated
nonfarm enterprises (NFEs), and wage labor market participation. Labor supply recall questions
differ in the LSMS-ISA surveys by type of activity. Appendix A contains detailed information
about the construction of all of the variables used in this analysis.
Wage labor supply variables are generated over a twelve month recall period from individuals’
reported number of months worked over the last year, typical number of weeks worked per
month, and typical number of hours worked per week. In the agriculture modules of the surveys,
labor inputs by individual household members are collected for each farm plot. These inputs are
aggregated for each household member to generate the annual own farm labor supply variable.
For non-farm enterprises, participation by household members is flagged at the firm level.
Different approaches to collecting NFE labor supply are followed in different countries. These
are detailed in Table A.3 in the appendix.
Systematic measurement error in construction of labor supply variables is particularly
concerning, should respondents recall different types of activities with different errors.
Differences in recall period (through questionnaire design or timing of interview) or differences
in recall ability for different activities (e.g., rare, “salient” events vs. common ones) can lead to
differences in household responses (Beegle, Carletto, and Himelein 2012; Bound, Brown, and
Mathiowetz 2001). The possibility of measurement error in the constructed labor supply
aggregates is addressed in section 5 of this paper.
Next, I construct aggregates of labor demand by household operated farms and NFEs, which
include hired labor in addition to labor supplied by family members. Of interest are both the
number of firm workers and the labor inputs supplied by workers to each firm. In the case of
farm enterprises, we have a good measure of labor inputs and the number of household members
who work on the farm and the total number of hours worked by household members and hired
workers, but we do not observe the number of employees hired. In the case of NFEs, we
5

universally observe the number of hired workers but not the hours that they supply to the firm. It
is quite common for farm households to hire in labor (between 30 % and 94 % of farms do it),
but less so for non-farm enterprises (in all cases, fewer than 19% of households operating an
enterprise hire in any workers).
Returns to labor market participation are comprised of the gross total wages received by wage
workers, including in-kind payments (e.g., meals received) and gratuities. Costs of participating
in wage labor markets are not measured so it is not possible to construct a net revenue measure.
The returns to operating a farm enterprise are based on net farm revenue, which is analogous
with the “value added” concept that underlies national accounts data. The net value of farm
output is derived from the Rural Income Generating Activities (RIGA) calculations and includes
the value of own-consumed farm output as measured through the consumption module (Davis et
al. 2010). For non-farm enterprises, reported enterprise profit is considered a more reliable
measure of net firm revenue than a constructed measure based on gross revenues minus costs (de
Mel, McKenzie, and Woodruff 2009). Where available, I construct the annualized net firm
revenue variable using reported profits. Otherwise, I use household estimates of gross NFE
revenue and costs. To facilitate cross-country comparison, all measures of returns are converted
to constant international dollars using the purchasing power parity conversion factor for private
consumption from the World Bank’s World Development Indicators.
Using the labor supply variables and the returns variables, I construct average labor productivity
variables. These are done separately for the three types of activities – wage labor, farms, and
NFEs – as a simple ratio between returns to an activity and labor inputs into the activity. Two
types of average labor productivity measures are constructed. The per-worker measure is based
on output per worker per year. The per-hour measure is based on output per hour of labor
supplied to each activity per year. Because we do not observe how many hours hired workers
supply to NFEs, I am unable to generate a per-hour productivity measure for these firms. And
because we do not observe how many workers are hired by farms hiring in labor, the per-person
farm enterprise productivity measure leaves out hired workers and necessarily over-estimates
farm productivity4.
Next, all activities are assigned to their respective sectors of the economy (i.e., agriculture,
industry, or services). Following McMillan and Harttgen (2014), we group these into the general
categories of agriculture (primary agricultural, livestock, and fishery and forestry production),
industry (manufacturing, mining, construction, and public utilities), and services (wholesale and
retail trade, transport and communication, finance and business services, and community, social,
personal and government services). I generate sector level aggregates of labor supply and returns
for each household. Farm activities are classified as agricultural. Wage labor and NFE activities
are classified using the Industry Standard Industrial Classification (ISIC) codes provided with
each activity’s description. An additional sector definition of “unknown” is used when
individuals report jobs for which no description or sector code is available. These labor sources
most likely occur in the agriculture sector, but I avoid assuming so. The agricultural labor
supply aggregates, based on hours worked, do not include livestock and post-harvest labor. And,
similarly, per-hour agricultural labor productivity measures do not include livestock revenue. In
4
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the per-person agricultural labor productivity measure, net livestock revenue, taken from the
RIGA dataset, is included. The workers who participate in livestock rearing are counted as
agricultural labor force participants.
3. Corroborating Macro and Micro Evidence
This section focuses on micro-based labor productivity measurements and what they imply about
productivity gaps between sectors. I do not attempt to replicate national accounts based measures
of value added or sector participation, but, rather, to carefully measure sector participation and
labor supply using the LSMS-ISA datasets, and then to explore structural change concepts with
these measures in mind.
3.1 Sector Labor Shares
Often in the macro measures of sector productivity, individuals are constrained to one sector of
participation, and it is assumed that individuals across sectors work the same number of hours
and do not spend time working in secondary sectors. Each sector’s labor inputs are also usually
assumed to be of the same skill and not adjusted for different levels of human capital. Initial
examination of these assumptions using LSMS-ISA data suggests that they are indeed
problematic and lead one to overestimate labor supplied to agriculture relative to other sectors,
thereby artificially inflating estimates of the labor productivity gap between agriculture and other
sectors (Gollin, Lagakos, and Waugh 2014b).
Figure 2 depicts different measures of sector labor shares using LSMS-ISA data along with two
other commonly used measures – from national accounts and from Demographic and Health
Surveys (DHS).5 The first column in Figure 2 is based on the time use of all adult individuals in
the LSMS-ISA dataset.6 The second is based on the primary time use of each adult individual in
the household, i.e., the sector to which each individual contributes the most hours.7 The third is
based on the primary time use of the household head. This sub-sample includes individuals who
reported positive hours worked in any sector.
Figure 2 has several interesting features. First, agriculture is the dominant sector of participation
across all data sources and aggregation methods, and participation in services is generally more
common than participation in industry. Second, agricultural labor share estimates are higher
when the sectors of all adult individuals in a household are considered rather than just the
household head’s sector. This suggests that household non-heads are more likely to work in
agriculture than household heads. Third, the individual-based estimates of agricultural labor
5
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shares are based on the self-reported primary occupations of adult respondents who work and do not attend school.
These are taken from McMillan and Harttgen (2014).
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shares are generally close to and slightly larger than the national-accounts measures in all
countries except Malawi, where they are slightly smaller. Fourth, the DHS-based measures of
agricultural participation shares are quite a bit lower than the LSMS-based individual
participation shares except in Uganda, where they are almost identical. This implies that DHSbased labor share estimates might under-estimate agricultural labor shares and therefore
overestimate labor productivity in agriculture relative to other sectors. Since individuals selfidentify their primary sector in DHS surveys, it is possible that respondents involved in multiple
sectors are more likely to identify the non-agriculture occupation even though it accounts for a
lower share of labor supplied.
Per-person productivity measures based on categorizing individuals by their primary sector of
occupation implicitly ignore individuals’ contributions to secondary sectors. They also assume
that participants in different sectors supply equal hours of labor. Such assumptions can be
problematic when individuals supply labor to secondary sectors, or when there are systematic
cross-sector differences in hours supplied.
Figure 3 examines the one sector assumption, categorizing individuals by their primary sectors
and depicting the average hours supplied to individuals’ primary as well as secondary sectors.
The data imply that both the equal-hours and primary-sector assumptions are problematic. While
those who are primarily categorized as agricultural laborers do not supply much labor to other
sectors, workers who are primarily in industry or services sectors do supply labor to agriculture.
Because secondary sectors are an important part of individuals’ labor supply, we likely
underestimate labor supplied to agriculture by ignoring the labor supplied by individuals who
participate in agriculture as a secondary activity, thus leading to an overestimation of labor
productivity in agriculture relative to other sectors. Gollin et al.’s (2014b) analysis on secondary
sector bias suggests that labor supply to non-agriculture by agriculture workers is greater than
labor supply to agriculture by non-agriculture workers. These data indicate bias in the opposite
direction.
Violation of the equal hours assumption, on the other hand, leads to overestimation of
agricultural labor shares. Figure 4 depicts the average hours worked in a sector by those who
participate in it. Generally, those working in the non-farm sector supply significantly more hours
than those working in the farm sector. Gollin et al. (2014b) address the differences in hours
supplied by agriculture and non-agriculture workers, using rural and urban distinctions where
sector distinctions are not available. They find that, in poor countries, non-agricultural workers
supply 1.3 times as many hours as agricultural workers to their respective sectors. This analysis
confirms higher supply of labor to non-agriculture by non-agriculture workers than supply of
labor to agriculture by agriculture workers, though our cross-sector differences in labor supply
are large (5.4 in Malawi vs. Gollin’s 1.45, between 2.7 and 3 in Ethiopia, and between 3.6 and
3.8 in Tanzania). Our Uganda estimates, however, are smaller (between 1.29 and 1.76 vs.
Gollin’s 2.32).
Overall, the LSMS-ISA datasets suggest large ratios between hours supplied to agriculture and
hours to secondary sectors. By calculating labor productivity based on sector participation rather
than hours worked, one under-estimates labor productivity in agriculture compared with other
sectors.
8

The bars labeled “Hours” in Figure 2 show the net effect of these two, in this case opposing,
sources of bias on labor share estimates. In all countries, agriculture’s share in labor is lower
when an hour-based measure is used than when the LSMS-ISA participation-based measure is
used. These results suggest that agricultural productivity may be underestimated relative to other
sectors when participation-based labor shares are used. When hour-based labor shares are used,
estimates of agricultural productivity are likely to be higher, and estimates of gaps are likely to
be smaller. This bias proves extremely important to any discussion about structural change in
rural Africa.
3.2 Sector Productivity Gaps
Cross-sector productivity gaps calculated from the LSMS-ISA dataset are indicative of the
productivity differentials that households face when allocating their labor. Figure 5a depicts
sector-level productivity measures with 95% confidence intervals across the LSMS-ISA
countries, based on output per person per year. Output per worker per year is highest in the
industry and service sectors in Tanzania and Uganda. Agricultural output per worker is lower
than $1,000 (USD ppp) per worker per year everywhere but Ethiopia. Ethiopia is also the only
country where industry and services bring lower output per worker per year than agriculture.
Figure 5b shows the same based on output per hour of labor input. After adjusting for labor
inputs (hours worked), all sectors are between $1 and $8 (USD ppp) per hour labor supplied.
Ranking of sectors stays the same in Tanzania and Uganda after the correction. In Malawi, the
superiority of industry and services is reversed. In Ethiopia, agriculture’s superiority is
exaggerated.
These productivity measures are not meant to replicate productivity measures from national
accounts, which use different sampling approaches. Corporations are not sampled in the LSMSISA surveys, so their activities are only detected through wages paid to workers that they hire.
Industry and service sectors still could be more productive should the returns accrue to the
owners of capital.
Figure 6 depicts these micro-level productivity gaps (simple ratios between each sector’s
productivity and productivity in the agricultural sector) along with a few other data points
gathered for the purpose of comparison. Gaps in output per worker per year are close to national
accounts gaps in Tanzania and Uganda, and smaller than national accounts gaps in Ethiopia and
Malawi (Figure 6a). When considering time inputs in each sector, however, productivity gap
measures almost disappear completely (Figure 6b). The hours-based gap measures are smaller
than the per-person-per-year gap measures in all countries. Large gaps persist only in Tanzania,
where an hour worked in the industry or services sector generates between six and eight times
the returns of an hour worked in agriculture. In Uganda, an hour in industry or services is about
twice as productive as an hour in agriculture. Much of the productivity differences observed in
national accounts statistics could be attributable to differences in hours supplied by workers in
each sector rather than differences in output produced per hour worked in each sector.
The persistence of some cross-sector gaps in output per worker per year suggests there are some
forces enticing agricultural workers into other activities. These activities may allow for fuller
levels of employment, that is, for participants to supply more hours per year to their economic
9

activities. This analysis cannot disentangle whether differences in hours worked across sectors
are determined by sector level labor supply or demand characteristics. It could be that
agricultural labor demand is not well smoothed throughout the year. Because of biophysical and
agricultural constraints, it might not be possible for individuals to increase their agricultural
sector returns by supplying more hours to their farms. Presumably, because employment is so
limited across Sub-Saharan Africa, low demand for labor by agriculture is a key constraint.
Understanding what limits supply and/or demand of labor in the agricultural sector is an
important topic that is left for future research.
4. Exploring the Non-Farm Economy
This section contains a close examination of the non-farm activities in which households are
involved, with a view towards understanding their implications for structural change patterns and
prospects.
4.1 Household and worker characteristics
It is important to explore any systematic differences in characteristics of sector participants, so
that they can be taken into account when using national accounts data on sector labor shares.
Indeed, the macro-economic literature is concerned with systematic differences in human capital
across sectors and the implications for bias in productivity measures (Vollrath 2014). Table 2
includes basic summary statistics according to individuals’ primary sectors of participation.
There are no major differences in the average age of each sector’s work force in any country. In
Malawi, Tanzania, and Uganda, the agricultural work forces are slightly more female, while the
industry and services work forces are strongly male. On the other hand, in Ethiopia, the
agricultural work force is slightly more male than female, while the industry and services work
forces are slightly more female. Individuals who do not supply hours to any sector are younger
and more female, on average, than individuals who do. The average years of education
completed tend to be highest in the services sector and lowest in the agricultural sector. The
educational differences point to possible systematic skill differences across sector work forces.
However, individuals who do not participate in any sector, on average, have education levels
similar to those of industry workers, and higher than agricultural workers.
Figure 7 depicts the changing primary sector of workers across all major age cohorts. Youth
(ages 15-24) generally have lower participation in economic activities than do young adults (ages
25-34). Economically active youth have similar labor shares to economically active young
adults, though they have higher rates of participation in agriculture and lower rates in industry
and services. Despite these differences, labor shares are robust to the specification of the
“adulthood” threshold at age 25 rather than age 15.8
There is always concern that differences in productivity observed between different activities
reflect differences in the households participating in the activities rather than inherent differences
in the economic productivity of the activities themselves. Productivity-determining
characteristics may or may not be observed in survey datasets. I explore the possible contribution
8
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of differences in household characteristics to productivity gaps by generating productivity
measures for each sector-activity combination at the household level. This includes household
farms, household-owned NFEs, and household wage labor in all sectors. Wages are not, of
course, a productivity measure, especially in the presence of market frictions, of which the
evidence is strongly suggestive (Dillon and Barrett 2014). They do offer a lower bound on the
marginal revenue product of hired labor, and they also provide a benchmark against which
individuals in an economy can evaluate self vs. own employment.
Figure 8 depicts these sector-activity productivity gaps based on mean returns to each sectoractivity compared with mean returns to farming. The labor inputs of hired workers are included
alongside household workers whenever possible. As previously mentioned, the per-person farm
productivity estimates do not include hired labor and therefore necessarily over-estimate output
per farm worker. Firm level per-hour productivity estimates are not included for NFEs because
good time input measures are not available for these firms.
The patterns here are similar to those observed with the sector level analysis. First, mean returns
per participant per year are higher outside of farming in many cases – for wage laborers in
Malawi, and for enterprise operators and industry and sector wage workers in Tanzania and
Uganda. NFEs and wage laborers often each bring lower returns per participant per year than do
household farm workers. The unconditional (cross-household) and conditional (intra-household)
productivity gaps are similar in magnitude to the sector productivity gaps. These gaps also shrink
considerably, except in Tanzania, when labor inputs are considered.
Using the sector-activity productivity measures, I next calculate conditional productivity gaps, or
within-household gaps between farming and other activities for farming households that also
participate in an additional activity. Figure 9 depicts these conditional gaps – measured as the
median across households of cross-sector gaps observed within households that participate in
multiple activities. The conditional productivity gap for agricultural wages, for example, is based
on a comparison between farm returns and agricultural wages only for households that
participate in farming and agricultural wage labor.
In comparison with the unconditional productivity gaps, the conditional gaps are informative. If
households are equating returns across sectors where we see them in multiple sectors
simultaneously (i.e. the conditional productivity gap measures), then the differences in returns
observed in the unconditional productivity gap measures reflect selection effects related to a
household’s ability to participate in an activity. This is consistent with the idea of human capital
heterogeneity across sectors. The observed small magnitude of intra-household gaps also
suggests that structural barriers to improved household productivity that span across sectors may
constrain households’ opportunities to raise their productivity levels.

4.2 Jobs and Non-Farm Enterprises
Table 3 summarizes individuals’ participation in own account and wage labor activities by
sector, describing participation rates and basic characteristics of participants for both rural (Table
3a) and urban (Table 3b) populations. Additional analysis of the NFEs that occur in the LSMSISA datasets can be found in Nagler and Naudé (2014).
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Participation in own-account activities is certainly most popular across the board, with 74-89%
of rural adults participating in farming. Agricultural wage labor participation is less common,
with fewer than 10% of rural adults participating in Ethiopia, Tanzania and Malawi, and just
15% in Uganda. In all countries, the average agricultural wage laborer is much more likely to be
male than the average farm worker. Agricultural wage workers have more education, on average,
than farm workers in Ethiopia and Malawi, and less in Tanzania and Uganda. Because Ethiopia
and Malawi surveys collect casual wage labor that cannot be matched to a sector, it is likely that
low skill agricultural laborers are showing up in the “unknown” sector.
Within the industry sector, rural individuals are more likely to participate as own account
workers everywhere but Uganda. However, in Malawi, 30% of rural individuals participate in
own-account industry sector activities, most of which are related to manufacturing. The
industrial sector comprises less than 10% of the labor force everywhere but Malawi, where it
surpasses 30%. Industry wage laborers are very strongly male, while industry own-account
workers are mostly female. Urban participation in industry sector activities is slightly higher than
is rural participation everywhere except Malawi.
Participation in the services sector by urban and rural workers is much higher than participation
in the industry sector in all countries. Participation as own account workers is higher than
participation as wage laborers among all urban and rural workers except for in Ethiopian small
town areas. Wage labor participants in the services sector are very strongly male and have higher
education levels than own account service sector participants. Both wage and services sector
participants supply similar numbers of hours per year except in Tanzania, where own account
service sector workers supply far fewer hours than do wage laborers.
Table 4 breaks down wage and NFE activities by a more granular list of sectors. For the
enterprise columns, the total number of households in the dataset is provided, along with the
number of households that operate at least one enterprise, and the total number of firms present
in the dataset (this final number is larger because some households operate more than one firm).
Then the firms are categorized by ten sub-sectors of the economy. For the jobs columns, the total
number of individuals of working age is provided, along with the total number who participate in
wage labor, and the total number of jobs reported in the dataset. Again, because some individuals
have more than one source of wage-earning income, this number is larger than the number of
wage market participants. The industry sector is divided into mining, manufacturing, electricity
and utilities, and construction. The services sector is comprised of commerce, transport and
communication, general services, and finance. A summary of activities is provided separately for
rural and urban areas (Tables 4a and 4b, respectively).
I use respondents’ free descriptions of their NFEs and jobs, along with the specific industry
codes provided by enumerators, to examine carefully the kinds of non-farm activities in which
respondents are involved. We do not observe the level of formality associated with household
firms and wage-earning jobs because there is not enough comparability across survey
questionnaires to describe formality of employment arrangements and/or firm registration.
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Agricultural wage labor is the largest category of employment in rural Tanzania and Uganda. In
Ethiopia and Malawi, the highest category is “unknown” sector wage employment, which is
casual wage labor for which no sector codes or job descriptions were collected. Most likely, this
labor is supplied to the agriculture sector9. Based on the descriptions provided, most agricultural
jobs involve casual labor on farms for food or cash crop production, or they involve livestock
tending, hunting, fishing, and collection of forestry products, such as fuel wood. Agricultural
sector NFEs, of which there are few, also tend to be businesses associated with the production of
livestock, fishery, or forestry products.
Within the industry sector, mining does not play an important role in rural or urban areas of any
of the datasets we analyze. Manufacturing accounts for between 14% and 38% of NFEs, with the
smallest share in Tanzania and the largest in Malawi. However, only 2-6% of jobs occur in
manufacturing. Manufacturing NFEs focus heavily on elementary activities such as brewing of
alcoholic beverages, charcoal production, milling grains, butchering and other agricultural
processing, baking and other value addition activities, and the production of textiles as well as
weaving and other handicrafts. Manufacturing jobs are similar, with a focus on agri-processing
for food, timber, and textiles, as well as the manufacturing of bricks and other construction
materials. Utilities provision is not an important source of employment anywhere, nor is it a key
focus of household firms, except for in Ethiopia. Construction accounts for between 2% and 7%
of rural jobs and between 5% and 10% of urban jobs but fewer than 2% of NFEs. Construction
firms tend to focus on brick-laying and building construction, while construction jobs include
working as a laborer in the construction of a road or building and contracting.
Individuals and households who participate in the industry sector are involved mainly in
manufacturing activities that have strong links with primary agricultural production. Industry
sector participants contribute to manufacturing raw agricultural materials into typically nontradable goods meant for local consumption. These patterns suggest strong links between rural
industry-sector activities and agricultural activities. In rural areas, the manufacturing industry
stands to gain from productivity growth in agriculture, and rural manufacturing workers are
poised to benefit from demand spurred by rising agricultural incomes in rural areas. Because the
manufacturing activities reported in these surveys are so closely linked with agriculture, one
would not expect to see expansion of rural industry sector activities independently, without any
agricultural growth. These classic Mellor-Johnston linkages are quite prominently featured in
rural households’ economic activities.
Commerce is the dominant focus of NFEs in the services sector, while jobs tend to involve
general services provision. Commerce comprises of between 30% and 66% of both rural and
urban firms. These are involved in activities such as the wholesale and retail trade of fruits and
vegetables, other food items, charcoal, second hand goods, and other household goods.
Commerce accounts for up to 20% of jobs in urban areas of Tanzania, but the share is more often
closer to 5%-10% in urban areas, and lower in rural areas. Commerce wage earners are most
commonly sales clerks and store attendants. The transport sub-sector accounts for about 8% of
Ethiopian firms, and a much smaller share of firms and jobs elsewhere. Transport activities tend
to focus on transportation services provided by bicycle, taxi, bus, or vehicle. Finance and real
9
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estate are almost nonexistent in rural areas and account for 1%-3% of urban jobs, which are most
commonly administrative in nature. Finally, the general services category is the most important,
accounting for 40%-50% of urban jobs across all countries, and 15%-30% of rural jobs in
Ethiopia and Malawi and 25% in Tanzania and Uganda. These wage workers include teachers,
health, social and religious workers, public administrators, technicians, domestic service
providers, as well as restaurant, hotel, and tourism employees. General services account for a
smaller share of firms than of employment. The firms typically involve restaurants and caterers,
bars, hotels, professional service providers, and repair shops.
Buying and selling agricultural products comprises a large share of commerce NFE activity and
wage employment. As with the industry sector, the services sector activities in which rural
households participate are non-tradable in nature, and very focused on local consumers. Because
these service-sector activities serve local consumers whose incomes are dominated by
agriculture-sector activities, the Mellor-Johnston linkages are again quite prominent. One would
expect agricultural productivity growth to spur demand for increased local service sector labor.
Given the nature of service sector activities, one would not expect to see strong growth in the
services sector absent agricultural growth.
5. Robustness of productivity gap measurement
Sector productivity gap estimates are sensitive to prospective measurement error of firm revenue
and wage earnings. Consumption can be thought of as household profits after participation costs
(for wage labor) and production costs (for firms), assuming no savings or dissavings. Because
households who face stochastic income generally smooth their consumption from year to year,
consumption can be a good measure of permanent income (Bhalla 1978). It is a central focus of
LSMS-ISA surveys to generate consumption aggregates, so this variable plays to the strengths of
the data. Consumption aggregates are generated by each country’s statistics office and released
with the datasets. They include cash expenditures as well as the imputed value of items that are
produced and consumed by the household, such as agricultural goods. The consumption gap
estimates are a ratio in per capita consumption between households participating primarily in
agriculture and those participating primarily in industry and services, respectively (Figure 10).
These gaps are fairly similar across countries, and are considerably smaller than productivity
gaps, though they follow similar rankings. Households primarily in the industry sector consume
1.2-3 times more per capita per year than agricultural households. Households primarily in the
services sector consume 1.5-4 times more per capita per year than agricultural households. The
consumption gaps are quite similar in magnitude to the per-person-per-year productivity gaps.
They are slightly larger in Ethiopia and Malawi, and smaller in Tanzania and Uganda. As with
productivity gaps, consumption gaps also disappear almost entirely when they are expressed per
hour of labor supplied by each household. This suggests that differences in consumption across
sectors (as with differences in returns to sector participation) can be explained in large part by
differences in hours worked across sectors.
Because labor supply variables for different activities are constructed from different types of
survey questions, there is concern that differences in labor supply across activities could arise
from different survey recall approaches rather than actual labor supply differences. To address
this concern, I construct an alternate set of labor supply variables using only 7-day recall
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questions. These lend themselves better to cross-sector comparison because a common recall
period is used to elicit time spent working for a household farm, a NFE, and as a wage laborer.
At least for any one week, the ratio should reflect the ratio of labor supply, minimizing
questionnaire bias. It remains possible that individuals recall different types of activities
differently within the 7-day recall window. It is also important to note that the 7-day recall
question about labor supplied to a household farm explicitly includes livestock labor, whereas
the season-wide plot-based labor recall variable is restricted to crop production and excludes
livestock related labor. We would expect a 7-day recall of crop activities, which would be
comparable to the season-wide variable to be smaller than a 7-day recall of both crop and
livestock activities10.
The same-recall-method mean labor supply aggregates are depicted in Figure 11a, in the left
column. Indeed, these labor supply variables skew more heavily towards agriculture than do labor
supply variables based on different recall methods. The difference is mostly due to differences in the absolute
labor supply measure for agriculture, though the 7-day aggregate was multiplied by 52 weeks per
year to facilitate comparison with the 12-month aggregates. It is not entirely clear whether
surveys are more or less likely to take place during the agricultural off-season. The NFE and
wage labor supply estimates are quite similar across recall periods. This does raise some
concerns that, when farm labor inputs are recalled over the season by plot task for each
household member, farm inputs are underestimated. Further research is required to better
understand the implications of different recall and reference periods in agricultural labor
measurement.
For each type of activity, I include a non-parametric regression of a labor supply variable based
on 7-day recall and a labor supply variable based on 12-month recall (Figure 11b).11 In all
countries, for the majority of individuals, a higher farm labor supply estimate is reached based on
the 7-day recall than the 12-month recall. In Malawi and Uganda, those who have the highest
seasonal estimates of farm labor supply (more than 600 hours per year) do not report
correspondingly high agricultural labor supply over 7-day recall.
Regarding NFE and wage labor, the results are consistent with a situation in which seasonality
plays a role. There is a tendency for those who report lower total labor supply based on 12-month
recall to report higher labor supply over a 7-day period. There is also a tendency for those who
report high labor supply based on 12-month recall to report lower supply based on 7-day recall.
This analysis further highlights the need to separately measure livestock inputs, to better
understand the seasonality of farm labor inputs, and to better understanding farm labor recall. In
a world with seasonality but without questionnaire bias, the mean labor supply aggregates would
be the same for 7-day and 12-month recall if the survey took place throughout the year. The 7day aggregates would be higher if more surveys took place during busier periods and lower if
more surveys took place during less busy periods. More respondents’ labor supply aggregates
based on 7-day recall are higher than those based on 12-month recall for all activities except
wage labor, indicating either that the surveys take place during busier periods or that the 7-day
10

Seasonality is also a concern. In most of the surveys, the visits were timed to reduce the effect of seasonality, so
that sample-wide averages are also cross-season averages. This is not the case in Ethiopia, where the household
interviews nationwide were conducted within a short window.
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The regressions are visually weighted, with the predicted values stronger where there is higher density of data, and
more feint at the tails of the distribution, following Hsiang (2012).
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measures are upwardly biased.
Because the number of hired farm workers is not observed, the farm level count of farm workers
is under-estimated, as it only includes household members who work on the farm.
Underestimation of the number of farm workers leads to upward bias in estimates of annual farm
output per worker and downward bias in the productivity gaps between household farms and
other activities (i.e., wage labor and NFEs in various sectors) that are depicted in Figure 8a and
Figure 9a. Hiring in of some farm labor, though, is a common practice. I use the average hours
worked on the farm per household farm worker to convert the hours worked by hired farm
workers into a predicted number of hired farm workers. I then predict a new estimate of farm
output per farm worker, and calculate new unconditional and conditional productivity gaps
between household farms, NFEs and wage labor. These can be found in the Figure 12. These
alternative measures of farm labor productivity gaps are slightly larger, but the effect is small,
and the overall story remains the same.
6. Conclusion
Micro level cross-sector labor productivity gaps are smaller than those generated using national
accounts data and vanish almost completely when computed on a per-hour basis. The ratios of
consumption levels per capita between households that primarily participate in agriculture vs.
other sectors are also small, confirming small cross-sector gaps in returns to sector participation.
Inter-sectoral differences in annual earnings per worker arise from differences in employment
volume (hours per worker of labor supplied) rather than wages or productivity per hour of labor
supplied. The tendency is for individuals participating in agriculture to supply fewer hours to
agriculture, on average, than individuals participating in other sectors.
The findings underscore agriculture’s importance to structural transformation in Sub-Saharan
Africa. Agriculture, and specifically the operation of household farms, remains a dominant
economic activity in rural areas of Sub-Saharan Africa. And, furthermore, much of the labor
supplied to industry and services sectors involves the processing and trading of agricultural and
other primary goods for consumers whose incomes are dominated by agriculture-sector
activities. Furthermore, the non-farm activities in which rural households are involved, across
countries, are incredibly closely linked with agriculture. These strong links highlight additional
benefits to achieving agricultural productivity growth, which can increase the supply of raw
materials for manufacturing and increase the demand for non-tradable goods and services. These
linkages are also sobering as, apart from agriculture, no engine for rural economic growth is
apparent.
Generally, the micro evidence seems consistent with the idea that there is scope for releasing
labor from agriculture should it be demanded by other sectors. Households expect industry and
service sector wage workers to earn higher returns per year than farm workers. Non-farm
enterprises can bring higher annual returns to participants than farm enterprises in some
countries, and much lower in others. This remains true when comparing within-household
returns only for households participating in multiple activities, though, in this case, off-farm
returns look much closer to farm returns.
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Small per-worker-per-year micro productivity gaps suggest that workers, who are the owners of
labor, may not stand to reap the large benefits of labor exiting agriculture that are expected in the
economy as a whole (should national accounts data indeed reflect true economy-wide
productivity gaps). Small per-worker-per-year micro gaps also suggest that agriculture-sector
workers do not feel as strong a “pull” from industry and services as one might expect based on
national accounts data.
However, the evidence also suggests that individuals and households may face barriers to
participation in non-agriculture activities. Workers who primarily participate in the industry and
service sectors are able to participate in agriculture, while the reverse is not true of workers who
are primarily agricultural. Service sector participants, in particular, tend to have higher education
levels than workers in other sectors. Some households may face structural barriers to labor
productivity growth that span across multiple sectors. The small size of conditional gaps (withinhousehold gaps faced by participants in multiple sectors) relative to unconditional gaps (pooled,
cross-sector gaps) suggests that selection effects into non-agriculture activities contribute to
cross-sector productivity differentials. Households who are unable to diversify might face even
smaller productivity gains outside of agriculture than those who are, further eroding the benefits
of structural reallocation of labor.
Nonexistent per-hour micro gaps suggest that differences in the annual output of agricultural
workers vs. industry and service sector workers, whether observed in micro or macro data, might
be largely explained by differences in hours worked in agriculture vs. in industry and services.
Small per-hour gaps do not undermine agriculture’s role in structural transformation. Despite
low per-hour gaps in agriculture, it appears that workers have an excess of labor that could be
absorbed productively in other sectors. This requires growth in demand for labor outside of
agriculture.
Why these employment gaps exist is not well understood. They raise the question of what limits
the supply of hours in the agricultural sector and what role technology, infrastructure and
policies might play in closing the cross-sector employment gaps. Is it the time-sensitivity of
agricultural labor demand, or, more generally, seasonality? If so, could demand be smoothed
with water control technologies and infrastructure? Is it barriers to participate in non-farm self or
wage employment? Is it financial constraints that prevent farmers from procuring non labor
complements? The results suggest that the upside to “saving” agricultural labor may not be very
big, placing the onus on numerator (i.e. output value) driven productivity growth.
Overall, the analysis emphasizes agriculture’s key role in Sub-Saharan African economies, while
also raising questions about agricultural employment gaps, their determinants, and how they
shape the opportunity to achieve economy-wide labor productivity growth. A between-sector
gradient in annual output per worker remains to be exploited. Improving annual output per
worker within agriculture, the highest participation sector by far, requires a better understanding
of labor demand by smallholder farmers.
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Figure 1: Figure 1a (top) shows a global cross-section of agricultural labor and employment
shares graphed against a log transformation of each country’s per capita GDP. Figure 1b
(bottom) shows agricultural labor productivity gaps graphed against the log of GDP per
capita (Source: Gollin et al, 2014). The horizontal dashed line represents inter-sectoral
parity in labor productivity (value = 1).
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Figure 2: Comparison between different estimates of sector labor shares. The “Hours”
measure is from variables generated using LSMS-ISA data. The “Part. indiv” measure is
based on the primary occupation (most reported hours) of individuals in the dataset. The
“Part. head” measure is based on the primary occupation of the household head. The
“National account” measure is from the World Development Indicators database, and the
“DHS” measure is based on DHS surveys, as described in the text.
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Figure 3: Average hours supplied by individuals to all sectors, categorized by each individual’s primary sector of participation.
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Mean hours per person per year

2000

1500

1000

500

0
2.5
MALAWI_2010-11
UGANDA_2010-11
ETHIOPIA_2011-12
TANZANIA_2010-11
Agriculture

Industry

Services

Unknown

Figure 4: Average hours worked per year by sector participants. This sample includes all
individuals between the ages of 16 and 65 who actively participate in the labor force. 95%
confidence intervals for the mean are also depicted.
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Output per person per year, USD PPP (Survey yr)
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Figure 5: Productivity by sector. Figure 5a (top) shows annual value of output per sector
primary participant per year. Figure 5b (bottom) shows output per hour worked per year.

25

Sector output ratio (output per person per yr)
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Figure 6: Productivity gaps by sector. Figure 6a (top) shows the ratio between productivity
in each sector and agriculture based on per-person-per-year productivity measures. The
fourth column depicts the raw productivity gaps between agriculture and non-agriculture
as constructed using national accounts data, and the fifth column refers to adjusted gaps
constructed by Gollin et al (2014). Figure 6b (bottom) shows the ratio between productivity
in agriculture and in other sectors based on output per time input.
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Figure 7: Primary sector participation patterns across age groups.
None

Productivity ratio, output per person per year

6

4

2

0
ETHIOPIA_2011-12

TANZANIA_2010-11
MALAWI_2010-11

Productivity ratio, output per hour

Farm
Enterprise, Ser
Wages, Ser

UGANDA_2010-11

Enterprise, Ag
Wages, Ag
Wages, Unkn

Enterprise, Ind
Wages, Ind

6

4

2

0
ETHIOPIA_2011-12

TANZANIA_2010-11
MALAWI_2010-11
Farm
Wages, Ind
Wages, Unkn

UGANDA_2010-11
Wages, Ag
Wages, Ser

Figure 8: Productivity gaps by activity for rural households (ratio between mean values for
each activity). Figure 8a (top) depicts the ratio between mean farm labor productivity per
person per year and the mean labor productivity of other activities (i.e. NFEs and wage
labor in different sectors). Figure 8b (bottom) depicts per-hour productivity gaps for the
same activities.
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Med. prod. ratio, output per person per year
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Med. prod. ratio, output per hour
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Figure 9: Conditional productivity gaps by activity for rural households (median). Figure 9a
(top) depicts the median of intra-household productivity ratios between farming and other
activities, where productivity is defined as output per worker per year. Figure 9b (bottom)
depicts the median of per hour intra-household productivity ratios. This analysis is based
only on households that participate in farming and another activity.
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Gap in consumption per working person per year
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Gap in consumption per hour worked
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Figure 10: Consumption gaps by sector. Figure 10a (top) shows the ratio between consumption based on expenditures per working household member per year between households
primarily participating in agriculture and those primarily participating in industry, services
and ”unknown” sectors, respectively. Figure 10b (bottom) shows the ratio between consumption per hour of labor supplied by the household for households primarily participating
in agriculture vs. in other sectors.
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Figure 11: Figure 11a (top) depicts a comparison between mean labor supply aggregates
using only 7-day recall and those using 12-month recall. Figure 11b (bottom) contains a
non-parametric regression of 7-day recall based labor supply aggregates on 12-month recall
based labor supply aggregates for farms, NFEs, wage labor, and total labor supply. The
regressions are visually weighted, so that the predictions fade at the tails of the distribution.
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Productivity ratio, output per psn per yr
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Figure 12: Productivity gap calculations including a predicted count of hired farm workers
in addition to household members. Figure 12a (top) depicts the ratio between mean farm
labor productivity per person per year and the mean labor productivity of other activities
(i.e., NFEs and wage labor in different sectors). Figure 12b (bottom) depicts the median of
intra-household productivity ratios between farming and other activities, where productivity
is defined as output per worker per year.
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Table 1. Dataset Characteristics
ETHIOPIA1 MALAWI
2011-12
2010-11
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Households in sample
Urban households (share)
Household size
(sd)
Household size, adult equiv.
(sd)
Farm operators, all households (share)
Farm operators, rural households (share)
Annual consumption per person, USD PPP, urban HHs
(sd)
Annual consumption per person, USD PPP, rural HHs
(sd)

1

3,969
0.0106
5.12
(2.26)
4.21
(1.89)
0.870
0.876
339
(431)
142
(267)

3,247
0.245
4.67
(2.25)
3.97
(1.88)
0.794
0.943
2,000
(2,382)
748
(606)

TANZANIA
2010-11

UGANDA
2010-11

3,846
0.307
5.09
(2.93)
4.13
(2.38)
0.713
0.888
2,246
(1,856)
1,008
(820)

2,633
0.163
4.89
(2.68)
3.699
(1.98)
0.790
0.882
1,641
(1,727)
675
(1,040)

For Ethiopia, ”Rural” represents rural populations and ”Urban” represents small town populations. There are
no true urban respondents in the sample.

Table 2. Characteristics of labor force participants by primary sector
of participation, all adults. Values are bold where hypothesis of similar
means between another sector and agriculture is rejected at p < 0.05.

Agriculture
Education (yrs)
(sd)
Age
(sd)
Female (sh.)
N
Industry
Education (yrs)
(sd)
Age
(sd)
Female (sh.)
N
Services
Education (yrs)
(sd)
Age
(sd)
Female (sh.)
N
Unknown
Education (yrs)
(sd)
Age
(sd)
Female (sh.)
N
None
Education (yrs)
(sd)
Age
(sd)
Female (sh.)
N

ETHIOPIA
2011-12

MALAWI
2010-11

TANZANIA
2010-11

UGANDA
2010-11

1.27
(2.58)
39.6
(10.95)
0.50
3,971

4.41
(3.79)
39.9
(11.63)
0.58
2,535

5.46
(3.73)
41.0
(10.88)
0.55
3,513

5.12
(4.28)
40.5
(11.04)
0.601
2,494

1.40
(2.76)
36.61
(9.79)
0.577
346

7.183
(4.81)
38.24
(10.02)
0.286
311

8.337
(3.48)
37.7
(9.66)
0.269
209

8.108
(4.88)
37.82
(10.12)
0.345
242

3.955
(5.25)
35.33
(9.08)
0.52
572

9.209
(4.38)
36.35
(9.39)
0.337
1,004

8.651
(4.24)
37.56
(9.78)
0.393
1,115

9.779
(5.50)
37.52
(9.55)
0.385
983

1.886
(3.25)
37.31
(9.09)
0.362
193

4.52
(3.82)
37.43
(10.56)
0.406
589

1.044
(2.45)
39.45
(11.69)
0.823
826

6.806
(4.63)
35.25
(10.96)
0.748
446

7.529
(4.19)
37.25
(10.72)
0.615
1,640

7.654
(5.37)
37.66
(11.60)
0.508
816
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Table 3a. Characteristics of own account and wage workers, Rural adults
ETHIOPIA 2011-12 MALAWI 2010-11 TANZANIA 2010-11 UGANDA 2010-11
Own Acct Wage Own Acct Wage Own Acct
Wage
Own Acct Wage
Agriculture (share)
0.826
0.0121
0.887
0.0491
0.818
0.0902
0.744
0.151
Hours / year, mean
484.8
1112
281.8
1276
558.6
382.6
532.7
719
Share female
0.49
0.209
0.527
0.099
0.529
0.379
0.569
0.493
Age, mean
39.43
36.3
39.18
38.39
41.16
39.3
40.65
39.82
Educ yrs, mean
1.207
2.597
4.881
6.248
5.498
5.13
5.411
4.616
Returns / year (positive), med
1008
382.3
367.1
553.7
329.6
164
244.2
68.88
Returns / year (positive), mean
1483
792.6
422.7
967
422.2
513.2
322.9
282.6
Industry (share)
0.0493
0.00887
0.3
0.0344
0.0486
0.0276
0.0331
0.0644
Hours / year, mean
1209
1169
770.6
1371
121.1
1138
580.1
908.7
Share female
0.601
0.0476
0.532
0.102
0.522
0.176
0.649
0.342
Age, mean
37.51
36.62
40.26
37.26
40.35
38.05
40.81
38.3
Educ yrs, mean
1.338
3.429
4.83
6.852
6.854
7.656
5.194
6.553
Returns / year (positive), med
165.8
733.9
64.09
769
394.3
888.1
242.9
333.6
Returns / year (positive), mean
536.6
2445
172.6
1475
949.6
3189
631.1
2048
Services (share)
0.045
0.0267
0.353
0.0642
0.249
0.0846
0.131
0.117
Hours / year, mean
1252
1293
1327
1300
236.4
1427
1447
1228
Share female
0.564
0.186
0.398
0.205
0.53
0.271
0.415
0.362
Age, mean
36.67
35.88
36.39
38.84
39.18
38.81
38.88
39.62
Educ yrs, mean
1.694
6.842
6.467
9.79
6.774
9.176
7.408
9.367
Returns / year (positive), med
367
1317
128.2
1077
614.8
2049
633.7
929.8
Returns / year (positive), mean
1092
1588
262.9
1819
1901
3878
1557
2075
Unknown (share)
0.0136
0.0899
0
0.289
0.000844 0.00187
0
0
Hours / year, mean
451.2
362.2
340.1
Share female
0.534
0.308
0.462
Age, mean
37.91
37.57
37.11
Educ yrs, mean
1.754
1.589
4.445
Returns / year (positive), med
94.8
76.9
Returns / year (positive), mean
223.3
178.1
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Table 3b. Characteristics of own account and wage workers, Urban adults
ETHIOPIA 2011-12 MALAWI 2010-11 TANZANIA 2010-11
Own Acct Wage Own Acct Wage Own Acct
Wage
Agriculture (share)
0.184
0.0496
0.285
0.00432
0.259
0.02
Hours / year, mean
181.4
112.9
346.9
1016
Share female
0.553
0.526
0.563
0.321
Age, mean
39.62
37.59
41.66
36.64
Educ yrs, mean
3.959
8.223
7.095
5.786
Returns / year (positive), med
522.9
233
259.4
512.4
Returns / year (positive), mean
1037
290
337.2
1468
Industry (share)
0.171
0.0447
0.104
0.0801
0.08
0.071
Hours / year, mean
1814
1482
1773
1799
148
1653
Share female
0.625
0.28
0.377
0.0805
0.414
0.15
Age, mean
39.88
36.24
36.87
37.08
38.43
36.88
Educ yrs, mean
3.608
5.708
9.426
10.55
7.608
8.942
Returns / year (positive), med
220.2
1194
1923
957
2186
Returns / year (positive), mean
521.2
6029
3303
1624
5820
Services (share)
0.197
0.235
0.516
0.26
0.383
0.242
Hours / year, mean
1904
1644
1799
1844
226.7
2086
Share female
0.532
0.315
0.472
0.288
0.585
0.303
Age, mean
38.68
35.35
34.7
36.74
38.83
37.35
Educ yrs, mean
3.955
11.7
9.331
11.34
8.17
9.758
Returns / year (positive), med
224.8
2222
208.3
1999
1300
3074
Returns / year (positive), mean
804.9
2539
600.1
5700
3093
5520
Unknown (share)
0.0251
0.0703
0
0.204
0.00254
0.00719
Hours / year, mean
550.7
767.5
Share female
0.317
0.263
Age, mean
37.63
36.91
Educ yrs, mean
5.025
6.8
Returns / year (positive), med
159.2
410.2
Returns / year (positive), mean
625.1
880

UGANDA
Own Acct
0.235
396.8
0.607
42.07
8.28
143.8
341.7
0.0462
1530
0.451
40.75
9.149
464.7
1099
0.239
2057
0.576
40.54
9.261
1521
2974
0

2010-11
Wage
0.0633
503.6
0.54
40.67
8.323
154.5
457.7
0.0978
1319
0.235
37.13
9.797
1432
3914
0.241
1835
0.422
38.22
11.89
3186
5495
0.00306

Table 4a. Detailed sectors of jobs and enterprises, Rural
ETHIOPIA 2011-12
MALAWI 2010-11
TANZANIA 2010-11
Enterprises
Jobs
Enterprises
Jobs
Enterprises
Jobs
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N total (hhs or indivs)
of which N part. in firm or job
N firms or jobs
Ag and Primary Prod Share
Mining Share
Manufacturing Share
Electricity, Utilities Share
Construction Share
Commerce Share
Transport, Storage, Comm. Sh.
Finance, Real Estate Share
Services Share
Other Industries Share
Missing sector info Share

3466
919
1112
0.0297
0.0674
0.194
0.133
0.0198
0.308
0.0827
0.0018
0.0432
0.12

5238
729
778
0.0874
0.00514
0.0206
0.00643
0.0244
0.0116
0.00514
0.00771
0.158
0.027
0.647

2390
441
469
0.00853
0.0107
0.382
0.00853
0.499
0.0277
0.064

3428
1354
1415
0.0721
0.00353
0.0269
0.00212
0.0297
0.0155
0.00636
0.00212
0.133
0
0.709

2583
1044
1404
0.0135
0.0135
0.141
0.00712
0.662
0.0256
0.00142
0.131
0.00427

4331
786
856
0.405
0.0152
0.035
0.0117
0.0467
0.116
0.0397
0.0187
0.308
0
0.0035

UGANDA 2010-11
Enterprises
Jobs
2184
1028
1281
0.117
0.0141
0.244
0.00234
0.00781
0.39
0.0351
0.00156
0.118
0.0695

3572
972
1021
0.532
0.00686
0.0558
0.00392
0.0725
0.0323
0.0313
0.000979
0.254
0
0.0108

Table 4b. Detailed sectors of jobs and enterprises, Urban
ETHIOPIA 2011-12
MALAWI 2010-11
TANZANIA 2010-11
Enterprises
Jobs
Enterprises
Jobs
Enterprises
Jobs
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N total (hhs or indivs)
of which N part. in firm or job
N firms or jobs
Ag and Primary Prod Share
Mining Share
Manufacturing Share
Electricity, Utilities Share
Construction Share
Commerce Share
Transport, Storage, Comm. Sh.
Finance, Real Estate Share
Services Share
Other Industries Share
Missing sector info Share

503
293
370
0.0216
0.178
0.216
0.00811
0.27
0.13
0.119
0.0568

672
206
213
0.0704
0.00469
0.0376
0.0235
0.0516
0.0329
0
0.0329
0.549
0.00469
0.192

857
340
409
0.00489
0.00244
0.149
0.0122
0.665
0.0562
0.0122
0.0978

1457
657
701
0.0228
0.00143
0.0585
0.0128
0.0542
0.0485
0.0471
0.03
0.452
0
0.272

1263
730
1011
0.0089
0.0237
0.094
0.00396
0.0119
0.576
0.0307
0.00791
0.235
0.00198
0.00593

2154
597
629
0.0461
0.0223
0.0636
0.0143
0.0715
0.205
0.108
0.035
0.421
0.00159
0.0111

UGANDA 2010-11
Enterprises
Jobs
746
440
584
0.0188
0.0137
0.154
0.00514
0.00342
0.483
0.0599
0.00514
0.187
0.0702

1227
435
471
0.0892
0.00849
0.0679
0.0127
0.0977
0.0764
0.104
0.00849
0.51
0
0.0255

Data Appendix
Table A.1: Wage Labor variable construction notes

Job
tracking

Time use
aggregate
Cleaning
(time)
Sector information

Wage rate
Cleaning
(wages)
Annual
returns

ETHIOPIA
2011-12

MALAWI
2010-11

TANZANIA
2010-11

Up to two jobs, Productive
Safety Net Program (PSNP)
labor, and casual labor

Up to two jobs and casual
(ganyu) labor

Up to two jobs

UGANDA
2010-11
Up to 4 activities including jobs,
own farm and NFE (2 most
important in past 7 days and up
to 2 more if they are more
important over last year)

Months last year;
typical weeks /
Months / year; weeks / typical
month worked;
month worked; hours last week
hours last week
Assume unreported time observation = 0. Truncate unreasonably large values (e.g., >16 hours / day or >7 days /
week)
Observed for all activities (for
Observed for jobs. PSNP is
Observed for jobs. Casual
Observed for both
4th activity sector is observed
classified as ag. Casual labor is
labor is classified as
jobs
but not whether it is a job,
classified as “unknonwn”
“unknonwn”
family farm, or NFE)
Earnings reported per pay
Earnings reported per pay
Earnings reported per pay
Earnings reported
period (for jobs) and annually
period (jobs) and per day
period (lots of missing pay
per pay period
(for casual and PSNP labor)
(casual labor)
period observations)
For jobs: months last year; typical weeks / month worked;
typical hours / week worked. For casual labor (and PSNP
in Ethiopia): days / last year (hours per day assumed)

Winsorize hourly wage rate (p = 0.01) and reconstruct annual returns with imputed wage
For each job: cleaned wage rate * annual hours

A-1

Table A.2: Farm enterprise variable construction notes (for households involved in crop production)

Seasons
included
Farm tasks
included
Participation
(indiv)
Time use
aggregate
(indiv)
Cleaning
(time)
Hired labor

Exchange
labor
Farm labor
inputs (hours)
Farm labor
inputs (people)
Annual
returns

ETHIOPIA
2011-12

MALAWI
2010-11

TANZANIA
2010-11

UGANDA
2010-11

Only main (meher ) season

Rainy and dry seasons

Rainy and dry seasons

First and second seasons

Land prep / planting,
pre-harvest; harvest

Land prep; weeding;
post planting; harvest

All tasks lumped together

Up to 4 hh members per
plot/task combo

Up to 6 individuals per
plot/task combo

Up to 3 individuals per
subplot

Post planting (land prep,
planting, ridging, weeding,
fertilizer application); harvest
Up to 6 hh members
identified per task per
plot/task combo

For each sub-plot: days per
For each
season (assume 7 hrs / day,
indiv/plot/task: days
per season (assume 7 hrs assume equal labor division
b/w individuals listed)
/ day)
Truncate unreasonably large values (e.g., an individual works more days than the length of the season, or >16
hours per day.)
For each plot: male, female
For each plot/task:
For each plot: male, female
For each plot/task: male,
and child hired laborer
male, female and child
and child hired laborer
female and child hired
person-days for pre-harvest
hired laborer
laborer person-days
person-days
and harvest periods
person-days
For each plot/task: male,
For each plot: male, female
female and child exchange
and child exchange laborer
Not in survey
Not in survey
laborer person-days
person-days
Own farm labor + hired and
Own farm labor + hired
Own farm labor (convert
Own farm labor (convert
exchange labor (convert to
and exchange labor
to hours) + hired labor
to hours) + hired labor
hours)
(convert to hours)
(convert to hours)
(convert to hours)
In all countries, hours supplied by children (age 5-14) are assigned a weight of 0.5
Number of family members with positive hours working on farm (no count of hired or exchange workers
available). Children (age 5-14) are assigned a weight of 0.5
Net farm returns are taken from RIGA (see section 2 of paper). Quantity of auto-consumed farm production is
estimated using the consumption module of the survey. Net returns are truncated at zero.
For each indiv/plot/task:
hours / day, days / week,
weeks / season

For each indiv/plot/task:
hours / day, days / week,
weeks / season

A-2

Table A.3: Non-Farm enterprise (NFE) variable construction notes

Participation
(indiv)
Time use
aggregate
(indiv)
Cleaning
(time)

ETHIOPIA
2011-12
HH indicates operation of
NFE; up to 5 HH members
can be listed as workers
Based on 7-day recall in
labor module

MALAWI
2010-11
HH indicates operation of
NFE; up to 4 HH members
can be listed as workers
For each HH member
listed as NFE worker:
months / last year; typical
days / month worked;
typical hours / day worked

TANZANIA
2010-11
Indiv indicates whether he
/ she is involved in self
employed activities
Based on 7-day recall in
labor module

UGANDA
2010-11
HH indicates operation of
NFE; up to 5 HH members
can be listed as workers
Individuals report NFE
employment in labor
module (months / last
year; typical weeks /
month; hours / last week)

Truncate unreasonably large values (e.g., >16 hours per person per day.)

Sector
information

Industry code provided in
NFE module

Industry code provided in
NFE module

Industry code provided in
labor module

Industry codes missing for
2/3 of NFEs. They are
predicted using industry
coding from labor module.

Hired labor

Number employees working
for NFE (past 12 months)

Number of male, female
and child employees (and
hours worked) in a typical
month of operation

Number employees working
for NFE (past month)

Number employees working
for NFE (past month)

Can recover number of
workers (own and hired),
not hours worked
Net firm revenues
(reported gross sales minus
reported costs)

Can recover number of
workers (own and hired),
not hours worked
Net firm revenues
(reported gross sales minus
reported costs)

Firm labor
inputs
Annual
returns
Cleaning
(returns)

Can recover number of
workers (own and hired),
not hours worked
Net firm revenues
(reported gross sales minus
reported costs)

Can recover number of
workers and hours worked
Reported net firm revenues

Reported revenue and cost variables are winsorized (p=.01). Net revenue variable is truncated at 0
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