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Abstract

This study measures and compares labor productivity in staple crops, high value crops, and
non-farm activities and explains the determinants of observed productivity gaps. We first
examine labor productivity gaps across sectors using a random effects tobit model to
account for the censored structure of the balanced panel data. Then, a seemingly
unrelated regression approach is used to estimate the determinants of income shares.
Finally, the normalized Herfindahl-Simpson’s diversity indices are calculated to reveal
income diversification patterns and a correlated random effects double hurdle choice
model is used fo explain how labor productivity differentials shape or alter household
livelihood strategies across sectors. Labor productivity in non-farm activities in Uganda and
Nigeria is, respectively, twelve and three times higher when expressed on a per worker
basis but falls fo twofold when expressed on a per person-days basis. These findings provide
some evidence of an underemployment gap in the farm sector relative to the non-farm
sector. Diversification intfo non-farm activities seems to be negatively affected by higher
returns in staple or high value crops, indicating the existence of some tradeoffs to
improvements in farm and non-farm labor productivity. Analysis of the Herfindahl-Simpson
index shows that in rural areas of Uganda and Nigeria, the poorest and richest households
have the most diverse income sources. In Uganda, income diversification seems to be
driven primarily by pull factors while in Nigeria on the other hand, push factors appear to
have major effects in driving the poorest households to engage in several income activities
to improve their livelihoods.
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1. Introduction

In many sub-Saharan African (SSA) countries, high population growth in rural areas has reduced
farm sizes and induced expansion of non-farm sources of employment and income to enhance
rural livelihoods. The vast majority of rural households in SSA are small-scale producers and
operate on very small land holdings averaging less than lha (Gollin et al., 2014a). Poor
infrastructure and limited access to markets in rural areas prevent smallholders from taking
advantage of scale economies for improving agricultural productivity. Coupled with land
degradation and limited household assets, rural households are increasingly reliant on activities

other than farming to improve their livelihoods and reduce risks (Haggblade et al., 2007).

Increased agricultural productivity, including the productivity of labor and land, is important for
agricultural transformation and increased diversification of income from non-farm activities.
When labor productivity is low in agriculture compared to non-farm activities, reallocation of
family labor into non-farm sectors can contribute to rural transformation (Gollin et al., 2014b;
Haggblade et al., 2007). Within the agricultural sector, labor productivity growth can be
achieved through technological change, which increases output per unit of working time or per

unit of land area and other factors used (McCullough, 2015).

Historically, technological change is viewed as the primary impetus of long run economic
growth and welfare improvement (Lele et al.,, 2013). Agricultural growth as a result of
technological change begins with growth in agricultural land and labor productivity (Timmer and
Akkus, 2008), which directly benefits agricultural workers. Labor productivity growth in
agriculture would reduce unemployment and underemployment in the sector and facilitates

transfer of agricultural labor to non-farm activities, both in rural and urban areas (de Janvry and


http://ees.elsevier.com/wd/viewRCResults.aspx?pdf=1&docID=8409&rev=0&fileID=209802&msid={74723326-9B54-4084-8A05-EDB1A4EF4C1C}

Sadoulet, 2009). Moreover, growth in agricultural labor productivity, which accompanies the
process of agricultural productivity growth, has long been recognized as an important instrument
for structural transformation and contributes to accelerated poverty reduction (Timmer and
Akkus, 2008). This transformation is particularly central to economic growth in  SSA countries
where agriculture still accounts for about one fifth of the national GDP and employs over half of
the total labor force (IMF, 2012; Pardey, 2011). Therefore, in order to facilitate structural
changes in African agricultural and rural economies, patterns of labor productivity across sectors
and constraints to labor productivity growth, especially in the agricultural sector, would need to

be addressed.

The process of structural transformation often consists of a decline in the share of agriculture
both in employment and in GDP (Davis et al., 2010). Accordingly, a shrinking share of rural
employment and income from agricultural activities often implies an expanding non-farm sector.
Given its contributions to inclusive growth and employment, an increasing number of studies
have stressed the potential contribution of farm and non-farm income diversification to economic
growth, poverty reduction, and improvement of household welfare (Christiaensen et al., 2010;

Ravallion and Chen, 2007).

Traditionally, as a means of diversifying livelihoods, rural farm households allocate part of their
own labor to non-farm activities such as: employment in the farm labor market, wage
employment in the non-farm labor market, self-employment in the local non-farm sector, and
participation in out-migration (Reardon, 1997). In the development literature, determinants of
income diversification are often grouped into push and pull factors. The push factors refer to
external shocks (e.g., weather, risk, policy changes) affecting farm income and motivate rural

households to select a portfolio of activities in order to stabilize income flows and smooth



consumption and to mitigate the impact of these adverse factors (Barrett et al.,, 2001).
Furthermore, opportunities for diversification can be linked to pull factors such as market
development for commercial agriculture triggered by improved road infrastructure, urbanization,
higher returns to labor and capital, and less risk in the non-farm sector than in agriculture.
Market development often implies higher demand, better prices, and higher profitability of
certain agricultural activities (e.g., fruits and vegetables, poultry, dairy). These factors create
incentives for farm households to actively participate in rural markets and invest in new
technologies and inputs to raise farm productivity and living standards (Barrett, 2008); they also
provide opportunities for development of the non-farm sector through self-employment and non-
farm wage employment in emerging small and medium enterprises (Winters et al., 2009). Barrett
et al. (2001) indicate that diversification patterns also reflect incomplete or missing markets for

land, labor, credit, or insurance that affect and shape individual household decisions.

However, many empirical studies that examine determining factors of labor productivity change
and income diversification for SSA focus on major staple food crops in agriculture (Barrett,
2008; Gollin et al., 2014b) or the aggregate agricultural sector, including hunting, forestry and
fishing (McMillan et al., 2014; Winters et al., 2009). These studies do not explore the
productivity differentials within the agricultural sector and how they compare with the non-farm

sector in terms of labor productivity and income diversification patterns.

Missing in the literature is the critical importance of how the agricultural and non-farm sectors
are transforming, the patterns and dynamics of this change, and the determinants of this process
of transformation. Yet, labor productivity gaps between traditional food staples and high value
agriculture and other non-farm sectors, which can induce gradual transfer of family labor from

the low to high labor productivity sectors, are poorly understood. Despite the proliferation of



papers explaining labor productivity and income diversification, much less is known about the
shifting patterns of household labor allocation and productivity changes in both agriculture and
non-farm activities, across sectors and within sectors. More research is needed on labor
productivity differentials and how this process alters and shapes household income

diversification strategies within agriculture and non-farm activities.

This paper aims to bridge this gap in order to examine meaningfully patterns of labor
productivity in agriculture and allied non-farm sectors, productivity gaps across the sectors, and
how this affects household income diversification strategies within agriculture and the non-farm

sector in the process of structural transformation.

The contribution of the paper is threefold. First, the study complements previous empirical work
by examining how labor productivity differentials between high value agriculture, staple food
production, and non-farm activities affect income diversification. Second, the paper expands on
existing literature by examining the drivers and determinants of labor productivity gaps and
income diversification across high value agriculture, food staples and non-farm activities among
urban and rural households. Third, the paper explores how labor productivity differentials alter

and shape income diversification strategies in the process of transformation.

The rest of the paper is organized as follows. Section two presents a succinct overview of the
existing literature. Section three develops the conceptual framework for the empirical analysis.
Section four describes the data and presents summary statistics. The empirical models and
econometric estimation techniques are presented in Section five. Discussion of results and main
findings are presented in section six. The last section concludes highlighting the key findings and

the policy implications.



2. Review of literature

2.1 Labor productivity

Labor productivity growth can be achieved either within sectors through technological change
and capital accumulation or across sectors through structural change by shifting labor from lower
to more productive enterprises (McCullough, 2015). Within agriculture, labor productivity has
grown faster than land productivity in Africa between 2000 and 2010 mainly due to the exit of
agricultural workers (Pardey, 2014) and intensification in agriculture, which primarily took the
form of higher cropping intensity and a shift to higher value crops (Nin-Pratt and McBride,
2014). This attracts interest about the relationship between technological improvement and labor
productivity within the agricultural sector, especially considering traditional food crops and high
value agriculture. Given that large numbers of the poor are found in the rural sector, labor
productivity change associated with the introduction of modern technologies in the agricultural
sector has also contributed to reducing poverty considerably (de Janvry and Sadoulet, 2009;

Christiaensen et al., 2010; Lele et al., 2013; Ravallion and Chen, 2007).

However, technological stagnation, market failures associated with poor roads and other
infrastructure, poor market access, and adverse agro-climatic conditions can undermine labor
productivity growth in the farm sector. This may lead to locking certain types of households into
subsistence production and poverty traps with limited participation in markets, while others are
able to diversify into farm and non-farm activities and integrate actively into the larger economy,

which may open opportunities to escape poverty and further transform agriculture.

Related literature also reveals the importance of sectoral productivity differentials in the early

development process and underpins the fundamental role of labor reallocation out of agriculture



into more productive non-farm sectors (Chanda and Dalgaard, 2008; Restuccia et al., 2008).
Existing studies clearly indicate that labor productivity differentials across farm and non-farm
sectors prevail in SSA and can be very large (Haggblade et al., 2007). The larger the productivity
gap between agriculture and other sectors of the economy, the greater the opportunity for growth
and employment through structural change and transformation. As returns to labor adjust across
sectors, productivity gaps will tend to fall overtime (McCullough, 2015) but the gaps between

agriculture and other sectors may also persist (Lele et al., 2013).

However, the extent of productivity gaps between the farm and non-farm sectors is not well
understood. This is particularly true in SSA, where empirical estimates suggest that labor is up to
six times more productive outside of agriculture than in agriculture using macro-level (national
accounts) data and up to three times more productive using micro-level data (Gollin et al.,
2014b). Nevertheless, overestimation of sector and cross-sector productivity differentials may
arise from the assumptions of same levels of human capital across sectors, equal number of hours
worked in each sector, and the classification of workers as agricultural or non-agricultural. More
recently, McCullough (2015) attempts to address this problem by explicitly considering the time
inputs (hours worked) by sector using Living Standards Measurement Study (LSMS) data in the
analysis of labor productivity across sectors. She finds that productivity gaps between the
agricultural and non-agricultural sectors tend to disappear when expressed on a per-hour basis
and concludes that labor productivity levels observed using the national accounts data appear to

be employment gaps rather than gaps in the returns to hours worked across sectors.

Furthermore, high cross-sector productivity differentials suggest substantial entry barriers to
diversify into high return niches in the non-farm economy (Barrett et al., 2001). These authors

also indicate that the difficulty to enter a market niche may increase with higher returns to the
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activity. More lucrative activities tend to have significantly higher entry barriers due to the
necessity of acquiring skills, capital and equipment. Similarly, the returns to activities with low
entry barriers tend to be small. The poor in rural Africa have little choice when participating in
non-farm enterprises; they tend to go into unskilled activities with low entry barriers and
generally poor returns (Barrett et al., 2005). Several studies have also established the existence of
significant entry barriers to rural households in the form of limited human capital, poor ex-ante
endowment, poor access to markets and lack of financial capital to enter into the more profitable

non-agricultural sector (Barrett et al., 2001; Davis et al., 2010; Reardon et al., 2000).

2.2.Income Diversification

A large body of empirical work has investigated the determinants of rural household
participation in rural non-farm employment and income diversification in developing countries,
described the patterns of income diversification, and characterized the importance of rural non-
farm income for escaping poverty (Barrett et al., 2001; Davis et al., 2010; Haggblade et al., 2007;
Lanjouw and Lanjouw, 2001). The major conclusion of these studies is that rural household
income diversification is the norm, and rural households diversify their income for risk
mitigation, consumption smoothing and income growth. These studies indicate that the
determinants of income diversification, as described earlier, fall into two broad categories: push

and pull factors.

According to Wiggins and Hazell (2011) better access to new technologies, modern farm inputs,
and market access in certain regions lead to increased agricultural productivity and trade

opportunities which pull households into the non-farm economy. When agricultural labor



productivity increases, rising per capita food production releases some farm labor for potential
employment in the non-farm sector, thereby reducing underemployment in the farm sector.
Additionally, farm income is expected to increase with productivity growth making capital

available for investment in allied non-farm activities.

On the other hand, where a dynamic economic base is lacking, combined with high population
density, low agricultural potential, risky production environments (droughts, land degradation,
floods, etc.), and missing or incomplete credit and insurance markets, rural households self-
insure by diversifying into farm and non-farm activities to cope with risk (Barrett et al., 2001).
Without technological change, agricultural land and labor productivity will fall resulting in
distress diversification (i.e. due to push factors) into low return and labor intensive farm and non-
farm activities (Wiggins and Hazell, 2011). This study provides insights by looking at patterns of
diversification across three income sources: staples, high value crops, and non-farm employment

in two countries which provide contrasting results.

3. Conceptual framework

3.1.Labor productivity

To examine patterns of labor productivity within and outside agriculture, a measure of labor
productivity is first constructed. In staple and high value crops, labor productivity is given by the
ratio of the returns to family labor and land to the total labor input (in person days or workers).
Similarly, the ratio of the returns to family labor and capital to the total labor input in wage and

self-employment is used to measure labor productivity in the non-farm sector.



Lp, = X8 1)

LIy

where k denotes activity sectors of staple crops, high value crops, and non-farm activities; LP;, is
labor productivity in sector k; NRy, is net returns; and LI, is labor input used in terms of person

days or workers.

Given the censored nature of labor productivity in the three sectors (e.g., about 41% of Ugandan
households do not participate in non-farm activities; in Nigeria, 74% of households do not grow
high value crops), the determinants of labor productivity differentials across the three sectors are

investigated using a random effects tobit model (Wooldridge, 2010):
LPy; = max (0,9 + x; B+ci+ Uit ) )

The individual household heterogeneities c; are assumed to be serially independent of the
regressors x;, such thatw;|x;, c;~N(0,02) and ¢;|x;~N(0,02); i and t respectively index

households and panel years.

Where x;; represent the covariates that determine LP;, and uncorrelated with the error term

Uit

3.2.Income diversification

Two different indices are used to determine factors affecting income diversification and the
relationship with labor productivity across staple crops, high value agriculture, and non-farm
activities: the shares of income from different activities and the normalized Herfindahl-Simpson

diversity index.



The income shares are given by the ratio of income from a sector of activities to the total sum of

incomes across sectors at the household level (excluding livestock, remittances and transfers).

ISy = i 3)

Ii=2k1k’i’

where ISy ; is household i’s income share from k (staple crops, high value crops, or non-farm),
Iy ; is household income for a given activity sector, and I; is total household income across all
activity sectors. For households involved in one or more activities, the system of income share

equations is defined as (Cameron and Trivedi, 2005):
ISk = X 1 B + Exie 4)

where x, ;; represent the independent variables correlated to income shares but not to the error
term, Bs denote parameters to be estimated and eis a disturbance term. Since the majority of
households in this analysis (respectively, 69% and 52% of households in Uganda and Nigeria)
are involved in more than one sector, cross-equation error terms will likely be correlated for the
same household in the form of Eley ;. e1:c|X] = 6k and E[ppiepyiclX] = Ok, for k #1.
However, the correlation of the disturbances across households is assumed to be zero
(Wooldridge, 2010). Estimating each equation separately using OLS will give consistent
estimates; but given the correlated nature of error terms across equations, a joint estimation of
the system using a seemingly unrelated regression will be more efficient (Cameron and Trivedi,

2005). Since the income shares from the three sector of activities sum to one (XIS, ;, = 1),

adding-up restrictions on parameter estimates and error terms will further be imposed (Cameron
and Trivedi, 2005). Income shares are used to understand the extent of dependence or reliance on
a particular sector as the major source of income and the key determinants. Therefore, the
income share measurement mainly focuses on one metric of the extent of dependence on a
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particular sector of activities (Barrett et al., 2005). Other indices are needed to capture the extent

of diversification across different sectors of activities as sources of household income.

The Herfindahl-Simpson and Shannon-Weiner indices have been used in numerous studies to
measure patterns of income diversification (Barrett et al., 2005; Babatunde et al., 2009;
Schwarze and Zeller, 2005; Joshi et Al., 2004). In this study, the Herfindahl-Simpson diversity
index is used as it offers the advantage of comparing households based onhow evenly income is

distributed and the number of income sources (Barrett et al., 2005).
HS;y = Y1 ISI%,it (5a)
where HS;; is the Herfindahl-Simpson concentration index calculated as the sum of squared

income shares from various farm and non-farm activities. Since we are interested in measuring

income diversification, one minus the normalized HS is used.

NHS;; =1 — Hs“_l(Z) (5b)

1-(3)
where NHS;; is the normalized Herfindahl-Simpson diversification index distributed between

zero (specialization in one activity) and one (full or complete diversification). The higher the

normalized index the more diversified is household income.

Using NHS as the dependent variable, a censored model is applied to investigate the
determinants of the degree of income diversification. The dependent variable is continuous over
a limited range between zero and one with a significant proportion of households presenting
corner solutions (NHS=0 in the absence of diversification). The standard tobit model assumes a
single mechanism determines the choice to diversify into farm and non-farm activities and the

degree of diversification (Wooldridge, 2010). Therefore, the correlated random effects double
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hurdle model is used to control for this censoring by first identifying determinants of the decision
to diversify into income generating activities and second examining determinants of the

intensity of the diversification (Cameron and Trivedi, 2005):

Pr[d = 0|x] if NHS=0

f(NHS|x) = {Pr[d = 1|x]. f(NHS|d = 1,x) if 0<NHS<1. ©

4. Data and descriptive statistics

4.1.Data

This study uses Living Standards Measurement Study-Integrated Surveys on Agriculture
(LSMS-ISA) panel data for Nigeria (2010/11 and 2012/13) and Uganda (2009/10, 2010/11,
2011/12). The LSMS-ISA datasets are nationally representative, and there is some uniformity to

survey instruments across countries offering a unique opportunity for cross-country analysis.

In Figure 1, we present Venn diagrams for the numbers and percentages of households involved
in the production of staple and high value crops and participating in non-farm activities. The data
consist of a total of 6,427 sample households from Uganda and Nigeria. We constructed
balanced panels of 2,008 Ugandan households and 4,419 Nigerian households. Ellis (1998)
defined livelihood diversification as the process by which households choose different income
portfolios as a survival strategy and a way to improve their living standards, and evidence of
such diversification is observed in Figure 1. About three quarters of sample households
participate in activities other than farming, 59% in Uganda and 87% in Nigeria. In Uganda,
agriculture is still the dominant activity employing 80% of households in staple crops and
involving 61% in high value agriculture. On the other hand, in the most populous and largest

GDP African country, Nigeria, non-farm activities occupy the largest share of household
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employment (87%). In both countries, there is generally a wide variation in sectoral repartition
across rural and urban areas. Rural households remain more involved in crop production than in
other sectors, with a less important participation in non-farm activities in both countries. By
contrast, in urban areas non-farm activities dominate households’ employment, and farming is
found to involve a smaller portion of the population, especially in Nigeria where only 21% of
urban households grow staples or high value crops. This seems to indicate the growing
importance of non-farm activities in household livelihood strategies in the process of structural
transformation which may involve a gradually shrinking agricultural sector and expanding non-
farm sector (Davis et al., 2010; Ellis, 1998). Although households’ portfolio diversification in
more than one sector is the dominant strategy, about a third (29%) and half (54%) of the
households in Uganda and Nigeria, respectively, specialize in either staple, high value, or non-

farm sector of activities.

[Figure 1 here]

4.2 Descriptive statistics

Table 1 presents incomes and income shares from the three main activity sectors for the sample
households. On the farm, households’ activities are categorized by the type of crops grown:
staple food crops primarily for own food consumption and higher value crops mainly destined
for markets." Using harvested volume and local level prices, the total value of the harvest is
calculated. The corresponding production variable costs from hired labor and major factors of

production (organic and inorganic fertilizers, pesticides, seeds, herbicides, and animal and

1 . . .
Maize, sorghum, millet, cassava, peas, beans, potatoes and other cereals are staple crops while avocado, coffee,
tea, onion, cotton, tobacco and other fruits and legumes included under are high value crops.
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equipment rental) are then subtracted to calculate crop income for staple crops and high value
agriculture. Non-farm income is calculated using wages from labor market participation and self-
employment income minus costs associated with non-farm employment. The variable costs in
non-farm activities include operating costs to run family owned business (salaries and wages,
purchases of raw materials, transport costs, fuel costs, maintenance costs, insurance premiums,
interest payments, and rent). Hence, incomes from farm and non-farm activities represent,

respectively, returns to family labor and land, and returns to family labor and capital.

In Uganda, about 45%, 15%, and 41% of households’ incomes originate from staple crops, high
value agriculture, and non-farm activities, respectively (Table 1). In Nigeria, corresponding
figures arel6%, 5%, and 79%. Furthermore, in Figure 2 we show that the contribution of non-
farm income to total rural household income is remarkably different across countries: 30%
(Uganda) versus 69% (Nigeria). These estimates are consistent with existing empirical work by
Reardon (1997) who shows that the share of non-farm income to total rural household income
ranges from 22-93% in SSA. A broader comparison of income sources from the De-
Agrarianisation and Rural Employment (DARE) research findings in SSA concludes that about
60-80% of total household income is from non-farm sources (Bryceson, 1999 & 2004), while
Ellis (1998 & 2000) gives a range of 30-50%.% In Nigeria, the DARE case study suggests that
rural non-farm income sources account for 71.6% of household total cash income (Meagher,
1999). These studies indicate the substantial variation and role of non-farm income sources for
rural household livelihoods in SSA and demonstrate that rural households deriving income

exclusively from farming are in a minority.

[Table 1 here]

? Reardon et al. (1998) find an average contribution of non-farm income sources in the rural economy of about
42% in Sub-Saharan Africa, and 40 and 32% respectively in Latin America and Asia.
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In Table 2, we present mean values for participation, income, and labor productivity in each
sector of activities. Respectively 80-61-59% and 43-26-87% of households are engaged in staple
crops, high value crops, and non-farm activites in Uganda and Nigeria. The average income from
the non-farm sector is substantially greater than the incomes from staple and high value
agriculture in both countries. Using the number of workers engaged in the activity, we find labor
productivity per worker in the non-farm sector in Uganda is eleven and thirteen times greater
than labor productivity in the staple and high value sectors respectively. In Nigeria, labor
productivity per worker in the non-farm sector is only about three times greater than labor
productivity in the staple and high value sectors. Although the staple and high value farming
activities tend to engage large number of workers, each worker spends substantially fewer days
working on-farm compared to the non-farm sector workers The average number of days spent
per worker engaged instaple crops, high value agriculture and non-farm activities are
respectively 5-4-22 days in Uganda and 31-32-52 in Nigeria.® When labor productivity is
measured per person days,the non-farm sector has, on average, two times greater productivity
than in the farm sector, across the two countries. Similar differences are reported by McCullough
(2015) comparing per-worker and per-hour measures of labor productivity in Ethiopia, Malawi,
Tanzania, and Uganda. She finds that labor productivity differentials between farm and non-farm
sectors disappear when expressed on a per-hour basis and concludes that what appears to be an

inter-sector labor productivity differentialis in fact an employment gap (McCullough, 2015).

Within the farm sector of both countries, staple crops are more important than high value crops
in terms of participation, number of workers, and income. The staple crop sector hashigher labor

productivity per worker compared to high value crops in Uganda, but opposite results are found

* For instance, about 60 (15) workers worked 274 (479) person days in staples while 7 (11) workers engaged in
non-farm activities contributed to 154 (590) person days in Uganda (Nigeria).
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in Nigeria. However, in both countries, there is no significant difference in labor productivity

whenadjusted for the number of working days.

[Table 2 here]

Some of the key differences related to age, education, assets and proximity to urban areas and
markets are highlighted for households in staples, high value crops, and non-farm activities
(Table 3). Household heads involved in non-farm activities appear to be slightly younger, more
educated, and living in rural towns and peri-urban areas. The mean education of household

members follows the same patterns.

Total household assets are substantially higher among those participating in non-farm activities,
but livestock and land holdings tend to be lower compared to staple and high value crop
households. Statistics in Table 3 also indicate a positive association between participating in the
non-farm sector and proximity to markets and central administration districts, important for

accessing governance services.

[Table 3 here]

5. Empirical models and econometric estimation

In this section, we present the empirical framework for the analysis of labor productivity income
diversification and the empirical framework to identify determining factors with special interest
to explain how differences in labor productivity across sectors may affect diversification

patterns.
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5.1.Labor Productivity

Using labor productivity measures per person day for each sector of activity, we fit a random
effects tobit model on the full sample for the two study countries to identify the determining
factors. This model accounts for sector specific income for households not participating in one of
the sectors and allows us to further cross-examine the existing productivity gap across staple
crops, high value crops, and non-farm activities. The empirical model of labor productivity per

person days is specified as follows:
InLPyie = Po + B1ln Hy iy + B2In My i + B3ln Cy e + Boln Ep i + 41 (7

where the dependent variable, InLP, ., is the natural logarithm of labor productivity measured in
net income per person days in the k™ sector of activities from household i in year t. In the
equation, Hy ;, is a vector of the household heads’ characteristics, such as their age, gender, and
educational level; M, ;. refers to other household characteristics such as average age and
education among all household members and dependency ratio; Cy; captures community
characteristics including whether the household is urban or rural and distance to tarmac roads
and the nearest market; and E ;, is a vector of household economic characteristics such as the
number of income generating activities, household assets, livestock and land ownership, and
whether or not households produce staple or high value crops or participate in non-farm

activities. Finally, g, ;. is the error term.

5.2 Income Diversification

The extent of income diversification has been measured in the literature using different indices

(shares of income; Herfindahl, and Shannon indices). Despite their popularity, there are
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limitations and advantages of each measure of diversification (Smith and Wilson, 1996).
Whereas the income shares measurement focuses on the dependence on a specific sector (Barrett
et al., 2005), the Shannon index stresses on the richness and rare activities while the Simpson
index emphasizes on the evenness and dominant activities present in the sample (Nagendra,
2002). In this study, the income shares across sectors and the normalized Herfindahl-Simpson
diversity indices are used to measure patterns of income diversification. Normalizing the
Herfindahl-Simpson index by the number of activities compensates for the effect of evenness

and dominance (Smith and Wilson, 1996).

Shares of income

Income shares are used to understand the key determinants of dependence or reliance on a
specific sector of income source. The system of equations for income shares (IS) for the three
main sources is estimated using a seemingly unrelated regression (SUR) approach.
ISk = ayo + Praln Hy; + Broln My ; + By sln Cy i + By 4INEy ; + Py sln PredLP_Sy
+ Brsln PredLP_HV} ; + By 7In PredLP_NFAy ;

+ Sk,i . (8)

Given that the income shares add up to unity for each individual household, adding-up
restrictions are imposed in the econometric estimation (Cameron and Trivedi, 2005). This
requires imposing restrictions on intercepts, parameter estimates, and error terms across
equations with Yx axo =1, Xk fr. = 0, and Yy &x; = 0.* The restriction on the income share
(1S) error terms implies singularity in the matrix and therefore one income share equation has to

be dropped during the estimation of the system (Cameron and Trivedi, 2005). The parameters of

* The cross equation restrictions are as follows: aso + apgyo+ Anpao =1, Bs1 + Buv1 + Byrar = 0, ...,
Bs7 + Buvy + Byraz = 0,and &s; + egy; + expa; = 0 for household i.For more details on systems with cross
equation restrictions, see chapters 6 & 7 Wooldridge (2010).
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the dropped equation can be reconstructed using the imposed adding-up restrictions.® In this
model, the response variable ISy, ; is income share from staple crops, high value crops or non-
farm activities. PredLP_Sy ;, PredLP_HV;, and PredLP_NFA, ; are respectively, predicted
values of labor productivity in staple crops, high value agriculture, and non-farm activities. The

remaining vectors of independent variables, Hy, ;;, My, i1, Cy ;andE}y ;, are as previously defined.
Normalized Herfindahl-Simpson diversity index (NHS)

The normalized Herfindahl-Simpson diversity indices measure the intensity of income
diversification. The correlated random effects double hurdle model is used to explain how labor
productivity affects the degree of income diversification. The model follows a two step-
regression approach. In the first step, the first hurdle equation is estimated using a tobit with a
binary response variable to determine factors affecting the household’s decision of whether or
not to diversify their income. The intensity of income diversification is analyzed in the second
hurdle conditional on passing the first hurdle. The two hurdles are modeled using households’
socio-economic characteristics and labor productivity from staple, high value, and non-farm

sectors.
The first hurdle is specified as:

Pr[d = le] = BO + Blln Hk,it + ﬁzln Mk,it + ﬁgln Ck,it + ﬂ4_ln Ek,it + ﬁsln PT'edLP_Sk,L't

+ ,36171 PTedLP_HVk’it + ﬁ7ln PTedLP_NFAk’it + Ek,it . +gk,it . (9a) (9(1)

> Assuming the income share equation on staple crops is dropped, the intercept term of the dropped equation can
be derived by calculating ag = 1 — ayy — ayra. We re-estimated the regressions by adding the dropped equation
in the system to generate the standard errors and other statistics on parameter estimates. In Stata 13, panel data
XTSUR command does not allow restrictions on parameters. Therefore, we rely on pooled data analysis using the
SUREG command which allows for systems with cross equation restrictions on parameter estimates.
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The second hurdle is specified as:

Prd = 1|x]. F(NHS|d = 1,x)
=pBo+ B1lnHy ;s + Boln My + B3ln Cy i + B4ln Ey iy + Bsln PredLP_ S ;;
+ Bg¢ln PredLP_HVy ;; + B,In PredLP_NFAy ;

+ ek,it . (9b)

In equations (9a) and (9b), the vectors of covariates are as previously defined.

6. Results and discussion

6.1.Determinants of labor productivity

The determinants of labor productivity per person days in staple crops, high value crops, and
non-farm activities are shown in Table 4. Across the study countries, the factors that appear most
influential to the labor productivity differential are education, living in urban or rural areas, the
number of income generating activities, and households’ choice of economic activities as
measured by the dummy variables for involvement in staple crop production, high value crop
production, and non-farm activities.

Formal education of the household head has a negative correlation with labor productivity in
staple crops but a positive correlation with labor productivity in non-farm activities. This implies
that one major source of the labor productivity differential could be the lower level of education
that constrains households involved in staple crops. This finding that formal education increases
non-farm labor productivity is further supported by the positive and significant coefficients on
average education of household members in the non-farm sector labor productivity for the two

countries. Higher education may provide household members with better opportunities in wage
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and self-employment, increasing the likelihood of their participation in these activities. This is
consistent with the large, significant differences in labor productivity found between households
living in urban versus rural localities. There is a positive association between living in urban
areas and non-farm labor productivity, but the relationship is negative in the staple and high
value crop equations. One plausible explanation is that workers in urban areas tend to be more
educated and more likely to possess the necessary skills to compete in the non-farm sector. In a
similar way, rural households have much to gain by seeking better opportunities in urban areas in
order to increase their labor productivity. However, there are considerable entry barriers to these
higher labor productivity and higher payoff niches in the non-farm urban activity sectors (Barret
et al., 2005; Davis et al., 2010; Reardon et al., 2000), and we expect households meeting these
minimum requirements will self-select into those activities.

Urban householdsgenerally,live closer to markets and tarmac roads than rural households. We
find that distance to tarmac roads is negatively associated with labor productivity in non-farm
activities, whereas the variable for distance to markets was insignificant. This may imply that for
rural households to participate in non-farm activities, improvements in road infrastructure should
be at the policy front.

We find astrong, positive correlation between the number of income generating activities of
household members and labor productivity in each activity sector and across countires. Results
also indicate that households participating in non-farm activities have lower labor productivity
in the staple and high value sectors, and reversely, households engaged in staples or high value
crops are less productive in the non-farm sector. In the farm sector, households can increase their
labor productivity when combining staple and high value crop production, but labor productivity

in both farm sectors decreases when households participate in non-farm activities. Similarly,
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non-farm labor productivity decreases with participation in farm activities, both staple and high
value crop production. This implies a tradeoff, at the household level, between increasing labor

productivity in the farm versus the non-farm sector.

[Table 4 here]

6.2 Determinants of income diversification
Income shares

The estimates of the system of income share equations are presented in Table 5. The results show
some similarities and some differences across the two countries and the three sectors. The results
show the effects of push-factors (remoteness or geographical isolation, land holdings, family
pressure), and pull-factors (education, proximity to roads, proximity to urban areas or towns) in

explaining participation in and income shares derived from different activities.

Non-farm income shares are higher among urban households, and the income shares from staple
and high value crops are higher in rural areas. This is consistent with the finding of a positive
association between distance to tarmac road and the staple crop income share and a negative
association of distance to tarmac road with non-farm income. In short, households living in
remote areas distant to tarmac roads have fewer opportunities of participating in non-farm

activities and tend to derive a larger share of their income from farm activities.

Table 5 also shows that land assets are positively correlated with a higher income share from
staple crops but negatively associated with the income share from non-farm activities. Household
size is negatively correlated with the staple crop income share but positively correlated with non-

farm income shares, indicating the value of family labor force. The two findings imply that
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households face family labor and land pressures, and these push effects lead households to

increase their participation in and greater reliance on the non-farm sector.

In both countries, male headed-households and age of household heads are negatively correlated
with the share of income from non-farm. Households endowed with human capital (education)
have higher income shares from non-farm employment. Similarly, older households appear to
derive a larger share of their income from non-farm activities while the younger households
seem to rely more on farm income, which may indicate the effect of social capital, experience

and other non-observed assets.

The share of non-farm income also increases with labor productivity in this sector. Likewise,
labor productivity in staple crops or high value crops is also positively correlated with higher
income shares from these sectors. This indicates that diversification into non-farm activities is
partly driven by higher relative labor productivity fin the non-farm sector. Combining this result
with the possible tradeoffs that households face between increasing labor productivity in the
farm and non-farm sectors simultaneously (Table 4) illustrates the rational income maximizing
behavior in livelihood choices. Households derive higher incomes from a sector where they have

comparative advantage of higher labor productivity for their livelihoods.
[Table 5 here]

In Figure 2, we present income shares from staple crops, high value crops, and non-farm
activities by income quintiles in urban and rural areas. The distribution of the income shares
shows that the share of non-farm income increases with income quintiles and household
residence in urban areas. In rural areas, Uganda presents greater reliance on staple crops in
income generation across all income quintiles. The share of non-farm income appears to increase

as household wealth improves but crop income remains the dominant source of livelihoods.
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However, in Nigeria, we find that non-farm activities dominate in both urban and rural areas and
across income quintiles. The predominance of non-farm income as the main source of
livelihoods in Nigeria in both rural and urban areas is in direct contrast to Uganda where staple

crops remain dominant at national level.
[Figure 2 here]
Normalized Herfindahl-Simpson diversity index (NHS)

As household income shares vary between urban and rural areas and across different income
groups, their activity choices are also expected to vary. The Herfindahl-Simpson diversity index
uses both the number of income sources and the evenness of the distribution of income shares to
generate the household income diversification score. Households with the same number of
income activities but different distribution shares will have different income diversification
indices; the more even the distribution of income shares, the higher is the Herfindahl-Simpson

diversity index.

In Table 6, we present descriptive statistics of the normalized Herfindahl-Simpson diversity
index of income diversification by income quintiles in rural and urban areas. The mean income
diversification indices are respectively 0.712 and 0.635 in Uganda and Nigeria. Overall, across
countries and rural and urban areas, the poorest households (1% income quintile) have the most
diversified incomes followed by the richest households (5™income quintile). As expected, the
indices are higher in rural versus urban areas implying that rural households diversify their

portfolios more than urban households.

Important implications can be drawn by relating these findings to the distribution and

determinants of income shares presented in Figure 2 and Table 5. In Uganda, income
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diversification seems to be driven primarily by pull factors, where the less financially
constrained households and the more human capital endowed households participate in more
income generating activities especially off farm. In Nigeria on the other hand, push factors
appear to have major effects in driving the poorest households to engage in non-farm and other

income activities to improve their livelihoods.
[Table 6 here]

Having measured the normalized Herfindahl-Simpson diversity indices, we now identify factors
explaining the intensity of income diversification and the relationship with labor productivity
across sectors. Results of the determinants of income diversification are presented in Table 7. In
both countries, we find empirical evidence that the magnitude of income diversification is driven
by household size, geographic proximity to urban, peri-urban and large cities, proximity to
markets, household assets, land holdings, and labor productivity across the three sectors. In
addition, in Uganda, the average education of household members, dependency ratio, distance to
tarmac roads, and livestock size appear to affect households’ income diversification. Gender and
education of household head are the other significant variables explaining income diversification
in Nigeria.

A negative significant sign on a parameter implies a negative association with the income
diversification index and hence disfavors income diversification while a positive sign encourages
households to engage in more income generating activities. As expected both push and pull
factors appear to have major effects in instigating households to engage in several income
activities to improve their livelihoods. The significant variables across the two countries show
different signs except on proximity to markets and labor productivity in staple and high value

crops which are positively correlated with the index of diversification. In Uganda, while
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diversification decreases with household size, land holding and among rural households and

those possessing less assets, the opposite is found in Nigeria.

Another key finding is the relationship between labor productivity in non-farm activities and the
Herfindahl-Simpson diversity index. A negative significant sign on the coefficient of non-farm
labor productivity is found in Uganda indicating that higher non-farm labor productivity
decreases income diversification. This indicates that households with higher labor productivity in
the non farm sector tend to have less diversified income portfolios. In Nigeria, overall income
diversification increases with labor productivity in non-farm activities. This could imply that
Nigerian households are more likely to rely on many activities and tend to diversify their income

portfolios further even when labor productivity in non-farm sector increases.

[Table 7 here]

7. Conclusion

This study aims to measure labor productivity in staple crops, high value crops, and non-farm
activities and explain to what extent labor productivity differentials affect diversification into
various income sources. The analysis of panel data shows that labor productivity in non-farm
activities in Uganda and Nigeria is, respectively, twelve and three times higher when expressed
on a per worker basis but falls to twofold when expressed on a per person-days basis. These
findings provide some evidence of an underemployment gap in the farm sector relative to the
non-farm sector, suggesting that workers in the farm sector could increase their productivity by
allocating some of their time to non-farm activities. The higher labor productivity in the non-
farm sector could be a key driver for structural economic transformation in Uganda and Nigeria.

Within the farm sector of both countries, no difference in labor productivity per person days was
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found between staple and high value producers. The determining factors of labor productivity
gaps appear to be the average education of household members, living in urban or rural areas, the

number of activities, and households’ choice of specific economic activities.

The analysis also highlights the importance of push-factors (remoteness or geographical
isolation, small landholdings and other assets, family pressure) and pull-factors (education,
proximity to roads, proximity to urban areas or towns) in explaining participation and income
shares derived from each sector. We find that in rural areas of Nigeria and Uganda, households
from higher income quintiles are more likely to engage in different income generating activities.
In urban, peri-urban, large cities, and towns, non-farm sources of income are predominant
especially among the highest income quintiles. The analysis of the dependence on one sector of
activity using the shares of incomes shows the effects of push and pull-factors in both countries.
The higher share of non-farm income in Nigeria seems to be driven by lower farm sizes and land
constraints as well as poverty in livestock assets. Push factors hence appear to be the major
drivers of income diversification in Nigeria while in Uganda on the other hand, pull factors such
as better education, access to roads and proximity to urban areas seem to predominate. Non-farm

income shares grow with higher labor productivity in this sector.

The normalized Herfindahl-Simpson’s diversity index (NHS) analysis shows that the poorest
(lowest income quintile) and richest (highest income quintile) households have the most diverse
sources of income indicating a U-shaped response. Diversification seems to be important for
livelihoods particularly at low levels of income, while the richer households diversify their
portfolios as a means of further increasing their income. Overall, the NHS results suggest a more
diversified income portfolio in rural than urban areas. We find rural households engage more in

different income generating activities and the number of activities increases across higher
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income quintiles among wealthier households. In urban areas, non-farm sources of income are
predominant especially in the highest income quintiles. However, in Uganda, the share of non-
farm income is 41% compared to 79% in Nigeria. A larger share of households in Nigeria also

resides in townships close to urban and peri-urban areas.

The negative effect of non-farm labor productivity in staple and high value crop income shares
indicates a potential tradeoff between farm and non-farm incomes; non-farm income may
increase at the expense of farm income. The magnitude of income diversification is driven by
household size; geographic proximity to urban, peri-urban, and large cities; proximity to
markets; household assets; land holdings; and labor productivity in staple crops, high value
agriculture and non-farm sectors. Household size, proximity to markets, household assets, and
land holdings seem to have a stronger effect on income diversification in both countries. The
presence of these drivers and diversification options in Nigeria may have allowed a large share
of households to engage in non-farm activities and earn a large proportion of their income from
non-farm sources. In Nigeria, the NHS increases with labor productivity from non-farm activities
indicating higher diversification even when labor productivity in the non-farm sector improves.
In Uganda, income diversification is negatively associated with non-farm labor productivity, and
hence households participating in non-farm activities have potentially less diversified income
portfolios. The diversification index is positively correlated with labor productivity in staple

crops and high value agriculture in both countries.

At the policy front, the productivity differential between farm and non-farm sectors suggests a
potential for productivity growth in farming activities where the largest share of the work force
and the poor are concentrated. This could be improved by promoting the uptake of improved

technologies (e.g., inorganic fertilizers and high-yielding seeds) to boost productivity in staple
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and high value crops. While investing in farm technology development and adoption is important
for bridging the labor productivity gaps on-farm, education and market infrastructure play an
important role in reducing underemployment in the farm sector and help absorb excess labor or
create jobs for the poor or for those who want to step-out of agriculture. In addition, policies
should aim to reduce potential tradeoffs between on-farm and off-farm sources of income and
promote synergies and complementary investments for inclusive growth across sectors. More

research is needed to identify such  win-win  policies and  strategies.

29



REFERENCES

Babatunde, R. O., &Qaim, M. (2009). Patterns of income diversification in rural Nigeria:
determinants and impacts. Quarterly journal of international agriculture, 48(4), 305-

320.

Barrett, C. B., Reardon, T., Webb, P., 2001. Nonfarm income diversification and household
livelihood strategies in rural Africa: concepts, dynamics, and policy implications.

Food Policy 26(4), 315-331.

Barrett, C.B., 2008. Smallholder market participation: Concepts and evidence from eastern

and southern Africa. Food Policy 33(4), 299-317.

Barrett, C.B., 2005. Rural poverty dynamics: Development policy implications. Agricultural

Economics 32(s1), 45-60.

Barrett, C. B., Bezuneh, M., Clay, D. C., & Reardon, T. (2005). Heterogeneous constraints,
incentives and income diversification strategies in rural Africa. Quarterly journal of

international agriculture, 44(1), 37-60.

Bryceson, D. F. (1999). African rural labour, income diversification & livelihood approaches:
a long-term development perspective. Review of African Political Economy, 26(80),

171-189.

Bryceson, D. F. (2004). Agrarian vista or vortex: African rural livelihood policies. Review of

African Political Economy, 31(102), 617-629.b

Cameron, A.C., Trivedi, P.K., 2005. Microeconometrics: Methods and Applications.

Cambridge University Press.

30



Chanda, A., & Dalgaard, C. J. (2008). Dual economies and international total factor
productivity differences: Channelling the impact from institutions, trade, and

geography. Economica, 75(300), 629-661.

Christiaensen, L., Demery, L., Kuhl, J., 2010. The (Evolving) Role of Agriculture in Poverty
Reduction. An empirical perspective. Journal of Development Economics96(2), 239-

254,

Davis, B., Winters, P., Carletto, G., Covarrubias, K., Quifiones, E.J., Zezza, A., Stamoulis,
K., Azzarri, C., DiGiuseppe, S., 2010. A Cross-Country Comparison of Rural Income

Generating Activities. World Development 38(1), 48-63.

deJanvry, A., Sadoulet, E., 2009. Agricultural Growth and Poverty Reduction : Additional

Evidence. The World Bank Research Observer.

Ellis, F. (1998). Household strategies and rural livelihood diversification. The journal of

development studies, 35(1), 1-38.

Ellis, F. (2000). The determinants of rural livelihood diversification in developing countries.

Journal of Agricultural Economics, 51(2), 289-302.

Gollin, D., Lagakos, D., Waugh, M., 2014a. Agricultural Productivity Differences Among

Countries. The American Economic Review 104, 165-70.

Gollin, D., Lagakos, D., Waugh, M.E., 2014b. The Agricultural Productivity Gap (No.

w19628). National Bureau of Economic Research.

Haggblade, S., Hazell, P.B.R., Reardon, T., 2007. Transforming the rural nonfarm economy,
Opportunities and threats in the developing world. International Food Policy Research

Institute. Washington DC.

31



IMF, 2012. Regional Economic Outlook. Sub-Saharan Africa. Maintaining Growth in an

Uncertain World. IMF Report.

Joshi, P.K., Gulati, A., Birthal, P.S., Tewari, L., 2004. Agriculture Diversification in South
Asia: Patterns, Determinants and Policy Implications. Economic and Political Weekly

39, 2457-2467.

Lanjouw, J.O., Lanjouw, P., 2001. The rural non-farm sector: Issues and evidence from

developing countries. Agricultural Economics 26(1), 1-23.

Lele, U., Agarwal, M., Goswami, S., 2013. Lessons of the Global Structural Transformation

Experience for the East African Community.

McCullough, E.B., 2015. Labor Productivity and Employment Gaps in Sub-Saharan Africa.

World Bank Policy Research Working Paper No. 7234. World Bank, Washington DC.

McMillan, M., Rodrik, D., Verduzco-Gallo, I., 2014. Globalization, Structural Change, and

Productivity Growth, with an Update on Africa. World Development 63, 11-32.

Meagher, K. (1999). If the drumming changes, the dance also changes: De-Agrarianisation
and Rural Non-Farm Employment in the Nigerian Savannah. Centre for
Documentation and Research and Leiden: African Studies Centre Joint Working

Paper, 40.

Nagendra, H. (2002). Opposite trends in response for the Shannon and Simpson indices of

landscape diversity. Applied Geography, 22(2), 175-186.

Nin-Pratt, A., & McBride, L. (2014). Agricultural intensification in Ghana: Evaluating the

optimist’s case for a Green Revolution. Food Policy, 48, 153-167.

Pardey, P.G., 2011. African Agricultural Productivity Growth and R&D in a Global Setting.

Global Food Policy and Food Security Symposium Series.

32


http://fsi.stanford.edu/research/global_food_policy_series

Ravallion, M., Chen, S., 2007. China’s (uneven) progress against poverty. Journal of

Development Economics 82(1), 1-42.

Reardon, T., 1997. Using evidence of household income diversification to inform study of the

rural nonfarm labor market in Africa. World Development 25(5), 735-747.

Reardon, T., Stamoulis, K., Balisacan, A., Cruz, M. E., Berdegué, J., & Banks, B. (1998).
Rural non-farm income in developing countries. The state of food and agriculture,

1998, 283-356.

Reardon, T., Taylor, J.E., Stamoulis, K., Lanjouw, P., Balisacan, A., 2000. Effects of non-
farm employment on rural income inequality in developing countries: an investment

perspective. Journal of agricultural economics 51(2), 266—288.

Restuccia, D., Yang, D. T., & Zhu, X. (2008). Agriculture and aggregate productivity: A

quantitative cross-country analysis. Journal of Monetary Economics, 55(2), 234-250.
Smith, B., & Wilson, J. B. (1996). A consumer's guide to evenness indices. Oikos, 70-82.

Schwarze, S., & Zeller, M. (2005). Income diversification of rural households in Central

Sulawesi, Indonesia. Quarterly Journal of International Agriculture, 44(1), 61-74.

Timmer, B.C.P., Akkus, S., 2008. The Structural Transformation as a Pathway out of
Poverty : Analytics , Empirics and Politics. Center for Global Development Working

Paper No. 150.

Wiggins, S., & Hazell, P. (2011). Access to rural non-farm employment and enterprise

development. Background Paper for the IFAD Rural Poverty Report.

Winters, P., Davis, B., Carletto, G., Covarrubias, K., Quifiones, E.J., Zezza, A., Azzarri, C.,
Stamoulis, K., 2009. Assets, Activities and Rural Income Generation: Evidence from

a Multicountry Analysis. WorldDevelopment 37(9), 1435-1452.

33



Wooldridge, J. M. (2010). Econometric analysis of cross section and panel data. MIT press.

34



Figure(s)

Summary of Ugandan data-overall

N =6024 Non-Farm activities
{69 %)
/ -\\
/ 1055 \
‘ 18% \
ST AN
SN ek / ook \\
/ N/ ) \
‘f . - \
| T |
'\ 508 | 1785 | 67
\oots o w% ) 1% //'
\\\ \\\ / ) / Hig(l:};;&;l;e agriculture
Staple crop production b -
(80%) S

Summary of Nigerian data-overall

N =883 Non-Farm activities
(67 %)
/ -\\
/ 3986 \
[ 45% {
——
VAN BN - BN
SN e/ Now Sy
SN wm
/ N s S \
| \f,\__ . :v/ \
| I |
‘-\ 61 | 38 ] 8 |
\ o T% ‘ 4, /," 2% /
N\ N\ / /" High value agriculture
N L /
Staple crop production e S (26 %)
(43 %) ST

Summary of Ugandan data-rural

N =4935 Non-Farm activities
(54%)
’ N\

/ 492 \
| 10% \
(/ T T T \_\J
A S ™,
VAN RN N
/ \\\ %/ 2%/ \\
/ \\ \'; ) / \\
‘/ ANV \". /-'/ \
| ] .f
'\ 546 | 1674 | 8
\ 1% \oww 1w/
\ \ /

/
/" High value agriculture
g (68 %)

\ N/

Staple crop pmduction\ P A
e

Summary of Nigerian data-rural

. Non-Farm activities
(82%)
/ '\\
/ 1749 \
‘ 2% .
T T
A N .
PARRRIE: /_/ N 69 ™
/N By IR
/ oo \
f NSoomw S \
| ] f
Lose s )
'\ 10% ) 6% f 2% ; /‘
A N } .
. N\ / / High value agriculture

Staple crop prt;g?c%lj;m \‘\\—_—_!_:yf\m_\_ F_/// (33%)

Summary of Ugandan data-urban

N=1068 Non-Farm activities
(84 %)
/ -\\
/ 563 \
52% |
P \?|
) e “\ "
PR / 16 [N
/N 2% N1e Sy
fooN ) \
“/ \\ {. 19% ,v Vi \
| I |
' 72 N E 9
\\ 5% ‘ 10% /,-' 1w/
N \ / /" High value agriculture
AN N /
Staple crop production prd ,/ (31%)
(46 %) S

Summary of Nigerian data-urban

=2 Non-Farm activities
(97 %)
/ -\\
/ 237 \
[ 8% \
(/--- —-x“\\ T
A A \
/ Lo, 18
V8% NoB% S
/ N \
« NP \
| T !
| L I T R A
\\ %\ 0% /'I 1% /
\\ \'\ / /" High value agriculture
™, /
Staple crop production\ e A (11 %)
(14%) e T -
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Table(s)

Table 1. Household income and income shares from staples, high value crops and non-farm

Uganda Nigeria
(three years balanced data) (two years balanced data)

Staple High value | Non-farm Staple High value | Non-farm

crops crops activities crops crops activities
Household income 1830.02° | 592.77° | 1,67851° | 126.94° | 30.03° 642.78°
from activity (1,000)
Income per capita
(1,000) 286.97 92.95 263.21 20.89 6.57 105.77
Shares of activities in 0 0 0 0 0 0
household total income 44.6% 14.5% 40.9% 15.7% 4.9% 79.4%
Nnumber of 6,024 8,838
observations
Nnumber of households 2,008 4,419

per wave

& Returns to family labor and land (Uganda Shillings or Naira in Nigeria)
® Returns to family labor and capital.
Note: Returns have been adjusted for inflation using the World Bank consumer price index
(cpi2010=100). Shares are calculated at the mean values of the deflated incomes.
Source: Authors’ calculation using LSMS-ISA data.




Table 2. Incomes and labor productivity in staples, high value crops and non-farm (local

currency unit)

Uganda Nigeria

Staple High value | Non-farm | Staple | High value | Non-farm

crops crops activities crops crops activities
Percentage of households
involved in activities 80% 61% 59% 43% 26% 87%
Income generated from |5 591 95 | 96929 | 2:829.14 | 20253 | 156.00 739.12
activity (1,000)
Number of workers 60.15 32.20 6.97 15.63 8.07 11.40
engaged in activity
Labor productivity per a c c a c c
worker (1,000 ) 38.11 30.10 406.02 18.71 19.33 64.84
Ratio of labor
productivity per worker
between non-farm and 10.7 135 1.0 3.5 3.4 1.0
farm sectors
thrif/‘??ydays engaged in 274.40 115.23 15363 | 47932 | 262.14 590.17
Labor productivity per a a c a a c
oerson days (1,000) 8.35 8.41 18.42 0.61 0.60 1.25
Ratio of labor
productivity per person 2.2 2.2 1.0 20 21 1.0
days between non-farm
and farm sectors
Number of observations 4,810 3,684 3,574 3,835 2,262 7,686

Note: ® denotes a non-statistical difference of the paired t-test compared to the staple activity
reference group. ® and © denote respectively statistical significance at 5% and 1% of the
paired t-test difference compared to the staple activity reference group.

Source: Authors’ calculation using LSMS-ISA data.



Table 3. Socio-economic characteristics of households engaged in staples, high value crops
and non-farm

Uganda Nigeria
(three years balanced data) (two years balanced data)
High High
Staple Non-farm | Staple Non-farm
value L value L
crops activities crops activities

crops crops
Percentage of households 80% 61% 59% 43% | 26% 87%
involved in activities
Characteristics of
Age of household head 47.4 48.1 44.4 49.5 52.5 49.6
Gender of household 0 0 0 0 0 0
head(%male) 73.5% 74.7% 74.4% 92.4% 86.6% 85.0%
Years of education of
household head 3.4 3.5 4.1 2.6 3.0 3.9
Household heads living in 10.4% | 9.2% 25.7% | 10.0% | 13.2% 35.4%
urban areas (%)
Household characteristics
Average age of all household 23.1 235 21.9 258 | 291 27.7
members
Average education level of all 70 79 8.7 25 30 36
household members
Household size 6.5 6.6 6.5 6.8 6.4 6.1
Number of dependents (less
than 15 and greater than 64) 3.7 3.7 3.5 3.5 3.1 3.0
Workforce (15-64) 2.9 2.9 3.0 4.1 4.8 2.2
Dependency ratio 1.51 1.50 1.38 1.18 1.07 1.05
Household assets
Total assets
(10,000 local currency unit) 1,670.0 | 1,700.0 2,490.0 6.0 7.9 115
Livestock holding (TLU) 2.1 2.8 1.7 10.7 12.1 6.0
Land holding (acres) 4.4 4.8 4.1 1.3 1.0 0.6
Community characteristics
('?('snf)e‘”ce to nearest market 2.5 2.63 1.88 538 | 5.71 4.83
([I)('Snf)ance tonearesttarmac road | 5y 15 | 51 97 1644 | 1456 | 10.42 9.97
Distance to central
administration of district 21.80 22.44 19.81 63.94 54.35 44.76
headquarter (km)
Distance to nearest land border | g5 0 | g3 g 10535 | 201.62| 296.20 | 228.95
crossing (km)
Number of observations 4,810 3,684 3,574 3,835 2,262 7,686

Source: Authors’ calculation using LSMS-ISA data.




Table 4. Random effects tobit model estimation of factors affecting labor productivity

Uganda

(three years balanced data)

Nigeria

(two years balanced data)

Staple | High value | Non-farm Staple | Highvalue | Non-farm
Ln(labor productivity in sector) Ln(labor productivity)

Sj&‘iﬂoﬁ’; head 0.280%** |  0.224* 0049 | 0.435%* -0.025 0.038
(Male=1) (0.106) (0.131) (0.150) (0.088) (0.115) (0.081)
Ln(Age of 0.351 0.423 -1.722*%** 0.157 0.063 -0.099
household head) (0.239) (0.298) (0.341) (0.120) (0.081) (0.114)
Ln(Education of -0.203*** 0.408*** 0.413*** -0.091** -0.124*** 0.080**
household head) (0.056) (0.069) (0.080) (0.036) (0.037) (0.033)
ﬁgﬁ?e‘gladge ageof | 73gwex | 526w 0070 | -0.605%** | 0258%* | .0.180*
members) (0.213) (0.265) (0.305) (0.106) (0.085) (0.200)
Ln(Average
education level of -0.018 0.105 0.587*** -0.088* 0.112%** 0.113***
household (0.065) (0.081) (0.094) (0.046) (0.037) (0.043)
members)
Ln (household size) -0.041 0.482*** 1.037*** -0.366*** 0.243*** 0.140*

(0.141) (0.175) (0.201) (0.084) (0.084) (0.078)

. -0.033 0.046 -0.192*** 0.042 0.002 -0.027

Dependency ratio (0.038) (0.047) (0.054) (0.032) (0.022) (0.030)
E'\%zet‘:tjrg‘aesds L114%% | -0.673%%% | 1OLL** | -0.802%*%* | -0.641%** | 0.280%**
(Yes=1) (0.134) (0.167) (0.192) (0.071) (0.084) (0.067)
Ln(Distance to 0.242*** 0.273*** 0.065 0.133*** 0.412%** -0.045
nearest market) (0.060) (0.074) (0.085) (0.030) (0.032) (0.028)
Ln(Distance to 0.255*** 0.207*** -0.394*** 0.146*** -0.033 -0.046*
tarmac roads) (0.054) (0.066) (0.076) (0.027) (0.034) (0.025)
Ln(Number of 0.714*** 0.653*** 0.442%** 2.184*** 0.707*** 2.068***
income sources) (0.070) (0.087) (0.101) (0.076) (0.053) (0.072)
Ln(Household 0.028* 0.091*** 0.117%** -0.043*** -0.007 0.268***
assets) (0.016) (0.019) (0.022) (0.015) (0.010) (0.015)
Ln(Livestock in -0.208 0.463** -0.081 0.561*** -0.074** -0.268***
TLU) (0.157) (0.197) (0.227) (0.044) (0.034) (0.042)
Ln(Land holding) 0.713*** 0.527*** 0.117 1.627*** 0.340*** -0.313***

(0.057) (0.071) (0.082) (0.067) (0.045) (0.066)
mgf\‘jzg'l‘:] Isstaple 3A41%%% | 2.781%%* -0.135%** | -1.705%**
crops (7esD) (0.138) (0.164) (0.047) (0.066)
Household is
involved in high 1.763*** -0.598*** -0.630*** -0.848***
value agriculture (0.083) (0.125) (0.069) (0.063)
(yes=1)
Household is
involved in non- -1.165*** -0.555*** -2.060*** -0.488***
farm activities (0.080) (0.101) (0.086) (0.058)
(yes=1)
Constant 4.065*** -6.323*** 8.738*** 2.487*** -1.658*** 1.743***

(0.684) (0.845) (0.967) (0.418) (0.389) (0.389)
Rho 0.2821 0.2686 0.2629 0.1975 0.8585 0.1243

(0.0151) | (0.0148) | (0.0148) | (0.0148) | (0.0041) | (0.0151)
Wald chisqr(16) 2,291.77 1,756.53 1,217.11 5,769.51 727.26 3,126.56
Prob > chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000




Number of 6,024 8,838
observations
Number of groups 2,008 4,419

Figures in paranthesis are standard errors and =,

10% respectively.

Source: Authors’ calculation using LSMS-ISA data.

™, " are significance levels at 1%, 5% and




Table 5. Seemingly unrelated regression (SUR) estimation of the determinants of income

shares
Uganda Nigeria
(three years balanced data) (two years balanced data)
Staple High value | Non-Farm Staple High value | Non-Farm
crops agriculture | activities crops agriculture activities
Shares of incomes Shares of incomes
Gender of household 0.008 0.003 -0.011* 0.027*** -0.007 -0.020***
head (Male=1) (0.008) (0.006) (0.006) (0.006) (0.005) (0.006)
Ln(Age of household 0.039** -0.008 -0.031** 0.013 0.005 -0.018*
head) (0.019) (0.016) (0.015) (0.009) (0.007) (0.009)
Ln(Education of 0.002 -0.010** 0.008** | -0.012*** | -0.006*** 0.018***
household head) (0.004) (0.004) (0.004) (0.003) (0.002) (0.003)
Ln(Average age of -0.051*** 0.025* 0.027* -0.029*** 0.007 0.022***
household members) (0.017) (0.014) (0.014) (0.008) (0.006) (0.008)
;gé';‘{fgzﬂzvel of -0.007 0.003 0.004 | -0.007** 0.003 0.004
household members) (0.005) (0.004) (0.004) (0.003) (0.003) (0.003)
Ln (Household size) -0.045*** 0.008 0.037*** | -0.026*** -0.009* 0.035***
(0.011) (0.009) (0.009) (0.006) (0.005) (0.006)
. -0.001 0.000 0.001 0.006** 0.000 -0.006**
Dependency ratio (0.003) (0.003) (0.003) | (0.002) (0.002) (0.002)
E'\i’ife:‘:tjrg‘aesds -0.037%%* | -0.020%* | 0.057*** | -0.021*** |  -0.003 0.024%**
(Yesgl) (0.010) (0.008) (0.008) (0.005) (0.004) (0.005)
Ln(Distance to -0.002 0.002 0.000 -0.014*** 0.005*** 0.009***
nearest market) (0.004) (0.004) (0.003) (0.002) (0.002) (0.002)
Ln(Distance to 0.017*** 0.005 -0.022*** 0.002 0.003* -0.005**
tarmac roads) (0.004) (0.003) (0.003) (0.002) (0.001) (0.002)
Ln(Number of -0.008 0.004 0.004 0.013*** 0.006* -0.020***
income sources) (0.006) (0.005) (0.005) (0.005) (0.003) (0.005)
Ln(Household assets) -0.001 0.001 0.000 -0.005*** 0.000 0.005***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Ln(Livestock in -0.025* 0.007 0.017 0.028*** -0.007*** -0.021***
TLU) (0.015) (0.012) (0.012) (0.003) (0.003) (0.003)
Ln(Land holding) 0.016*** 0.013*** -0.029*** | 0.057*** 0.005 -0.062***
g (0.005) (0.004) (0.004) (0.005) (0.004) (0.005)
grno(gl:gg'\zt&d"'fstzgle 0.070%%* | -0.017*%* | -0.053*** | 0.052%%* | -0.011*** | -0.041%**
crops) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
gp(fg&ig'\zt&d"'}aﬁgh 20.026%%% | 0.038*** | -0.012%%* | -0.025%** | 0.044*** | -0.020%**
value agriculture) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
gp(fg&ig'\ﬁgﬂ:}fg; -0.031%%% | 0.015%%% | 0.046%** | -0.071%%* | -0.035%*% | 0.107***
farm activities) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Constant 0.406*** 0.065 0.529*** | 0.628*** 0.185*** 0.187***
(0.051) (0.042) (0.041) (0.031) (0.023) (0.031)
R-sq 0.5764 0.3770 0.7720 0.6765 0.5512 0.7552
Prob > chi2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Total number of 6.024 8.838

observations

Figures in paranthesis are standard errors and =, ~, ~ are significance levels at 1%, 5% and

10% respectively.

Source: Authors’ calculation using LSMS-ISA data.
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Table 6. Summary statistics and distribution of the normalized Herfindahl-Simpson diversity
index by income quintiles

Uganda Nigeria
Overall Rural Urban Overall Rural Urban

1% income

nc 0.7568 0.8193 0.7453 0.6843 0.7455 0.6663
quintile (Q1)

nd :
2" Income 0.6907 0.7552 0.6807 0.6348 0.6753 0.6213
quintile (Q2)
3 income
quintite (03) 0.6832 0.7924 0.6612 0.6152 0.6392 0.6035
th -
4" Income 0.6892 0.7879 0.6677 0.5977 0.6040 0.5943
quintile (Q4)

th -
5" Income 0.7384 0.8054 0.7140 0.6412 0.6587 0.6283
quintile (Q5)
Overall 0.7117 0.7944 0.6934 0.6346 0.6575 0.6241
gta'?d"’.‘rd 0.2890 0.2570 0.2924 0.2450 0.2463 0.2436
eviation
Number of 6,024 4,935 1,089 8,838 6,039 2,799
observations

Note: 1%(Q1) and 5™(Q5) income quintiles denote households with the lowest and highest
incomes respectively.
Source: Authors’ calculation using LSMS-ISA data.




Table 7. Correlated random effects
Herfindahl-Simpson’s diversity index

double hurdle estimation

using the normalized

Uganda Nigeria
(three years balanced data) (two years balanced data)
_ 0.000 0.041***
Gender of household head (Male=1) (0.000) (0.010)
0.007 -0.013
Ln(Age of household head) (0.012) (0.014)
. 0.004 -0.011***
Ln(Education of household head) (0.003) (0.004)
-0.012 -0.004
Ln(Average age of household members) (0.011) (0.012)
Ln(Average education level of household 0.029*** -0.001
members) (0.003) (0.005)
. -0.031*** 0.098***
Ln (Household size) (0.007) (0.010)
Dependency ratio 0.005™* ~0.005
(0.002) (0.004)
S _ -0.042*** 0.037***
Household heads living in urban (Yes=1) (0.009) (0.008)
. -0.010*** -0.043***
Ln(Distance to nearest market) (0.003) (0.004)
. 0.012%** 0.004
Ln(Distance to tarmac roads) (0.003) (0.003)
0.002* -0.006***
Ln(Household assets) (0.001) (0.002)
. . -0.034*** 0.000
Ln(Livestock in TLU) (0.008) (0.005)
. -0.018*** 0.025%**
Ln(Land holding) (0.003) (0.007)
Ln(Predicted labor productivity in staple 0.012*** 0.033***
Ccrops) (0.001) (0.001)
Ln(Predicted labor productivity in high 0.016*** 0.023***
value agriculture) (0.001) (0.001)
Ln(Predicted labor productivity in non-farm -0.012*** 0.022***
activities) (0.001) (0.002)
*k*k
Constant 0.200 0.063
(0.035) (0.050)
Log likelihood -8,640.61 -1,970.04
Correlation in error terms (rho) 0.4175™ -0.9826%
(0.0966) (0.0444)
Prob > chi2 0.000 0.000
Number of observations 6,024 8,838

Figures in paranthesis are standard errors and =,

10% respectively.

Source: Authors’ calculation using LSMS-ISA data.

. are significance levels at 1%, 5% and
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