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Note: This draft contains preliminary results

Abstract

The process of economic development is embodied by rising output per agricultural

worker and the exit of labor from agriculture to other sectors, which together result

in rising incomes and falling incidence of poverty. This paper addresses agricultural

technology’s role in slowing or speeding exits of labor from agriculture in Tanzania

through its effects on labor productivity. Using a structural multinomial model of

occupational choice, I model households’ decisions to participation in different activi-

ties, i.e. farming, self employment, and working as a wage laborer. Using nationally

representative household survey datasets from Tanzania, I jointly estimate households’

returns to participating in these activities and their occupational choices conditional

on important contextual features, such as agro-climatic potential and market access.

Then, I simulate the impacts of interventions, such as improved agricultural technology,

infrastructure, and human capital, on labor productivity and labor exits from agricul-

ture. I discuss the implications of the research for policy makers seeking to understand

how key policy interventions are likely to influence structural change trajectories in

different contexts.

1 Introduction

Economic development is characterized, almost universally, by rising output per agricul-

tural worker and the movement of labor from agriculture to other sectors, which together

result in rising incomes and falling incidence of poverty (Timmer 2009). African countries

are mostly in the early stages of this structural transformation process, with large cross-

sector productivity gaps and large labor shares still in agriculture (Gollin, Lagakos, and

Waugh 2014). Recently, growth has been observed in national incomes (as reflected in na-

tional accounts) and in per-capita consumption (as reflected in household surveys) (Young

2012). Labor exits from agriculture to other sectors explains about half of recently observed

increases in labor productivity (McMillan and Harttgen 2014).

It is widely believed that technology-led agricultural productivity growth is an essential

lever for launching structural transformation (e.g., Johnston and Mellor 1961; World Bank

2008; Christiaensen, Demery, and Kuhl 2011). Growth in agricultural labor productivity

is closely associated with poverty reduction, through direct effects on the many workers
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who participate in the agricultural sector, and indirectly, because it causes growth in non-

agriculture sectors (De Janvry and Sadoulet 2010).

Some agriculture-skeptics argue, however, that in Sub-Saharan Africa today, smallholder

farmers are weak agents for labor productivity growth of the magnitude necessary to trigger

large scale poverty reduction via agricultural exits because of poor prospects for improving

labor productivity within agriculture (e.g., Dercon 2013; Collier and Dercon 2014; Dercon

and Gollin 2014). Barriers to agricultural productivity growth arise from biophysical chal-

lenges (e.g., most agricultural land is upland and rainfed) and economic ones (e.g. poor

infrastructure, poor enabling policy environment). Today’s debate on agriculture’s role in

overall economic growth in in Sub-Saharan Africa hinges on the potential for technology

improvement, or other interventions, to raise labor productivity in agriculture and in other

sectors.

The occupational choice decisions that underlie agricultural labor productivity and labor

exits play out among many households, farms, and firms in heterogeneous settings. And while

there is empirical regularity in the aggregate relationships between productivity growth, non-

farm growth, agricultural exits, overall economic growth, and poverty reduction, the micro-

economic processes that underlie these relationships are not well understood (Foster and

Rosenzweig 2007). To my knowledge, no empirical study has explicitly examined the micro-

economic dimensions of agricultural transformation in Sub-Saharan Africa in the context

of occupational choice and technological change. Bustos, Caprettini, and Ponticelli (2013)

examine the micro-economic impact of agricultural technology on agricultural labor shares

in Brazil.

One major reason for research scarcity in this area has been, until very recently, a shortage

of datasets that cover relevant farming and non-farming activities of households in both urban

and rural areas, including household-managed enterprises and farms as well as wage labor.

Taking advantage of newly available, innovative Living Standards and Measurement Studies -

Integrated Surveys in Agriculture (LSMS-ISA) datasets, I examine the role that introduction

of improved agricultural technology plays in fostering structural change in African economies.

When new technologies are made available, what are the effects on occupational choices, time

allocation, and productivity? Do these labor allocation responses reinforce or mediate labor

exits from agriculture and cross-sector productivity gaps?
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2 Model

I use a basic household level random utility model with discrete occupational choices

to derive estimation equations for model parameters. I use a discrete choice framework

because, from a structural change perspective, the extensive margins of labor supply (i.e.,

participation and non-participation) are of greater interest than the intensive margins (i.e.,

hours supplied to each activity given participation decisions). Therefore, participation is

discretized.

Random utility occupational choice models are widely used in labor economics to study

the effects of policies and taxes on labor supply (e.g., Keane and Wolpin 1997; Keane and

Moffitt 1998; van Soest, Das, and Gong 2002). Utility received by household i from decision

j (uij) is known to the decisionmaker (household i) but not to the researcher. Household i

chooses option k if and only if uik > uij ∀ k 6= j . In this example, the household chooses

a combination of participation (P ) in three different activities, with P = (P F , PE, PM) for

farm operation, self employment, and marketed labor, respectively. The household’s decision

follows:

max
P=(PF ,PE ,PM )

ui(Yi) = α(Yi − si)γ + δ(P ) + εi(P ) (1)

s.t.

Yi = I(P F
i = 1) · ΠF + I(PE

i = 1) · ΠE + I(PM = 1) · ΠM
i + Ri (2)

P a
i ∈ {0, 1} ∀ a = F,E,M (3)

εi(P ) ∼ type 1 extreme value (4)

Consider representative utility function Uij = U(Cij, Xij). Then uij can be decomposed

as: uij = Uij + εij. So that ε is defined as the difference between true utility and the

part of utility captured by Uij. The error term for individual i is a random vector, εi =

(εi1, εi2, ..., εiJ) with a joint density of f(εi).

Let Uij = α(Yi−si)γ+δj, following Stone-Geary form with household specific subsistence

requirement si. The household derives utility from the consumption of one good, income

(Yi). There is no leisure consumption in the model. Rather, the supply of labor affects utility

through taste shifters associated with the occupational choice of the household (δj), where j
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refers to each option in the choice set (i.e. each possible combination of P = (P F , PE, PM).

After estimating model parameters, I can confirm empirically whether utility is increasing

or decreasing in labor supply without imposing it a priori. I do not distinguish between

unemployment (seeking participation in some activity) and non-participation in the labor

force. Both are observed as Pi = (0, 0, 0).

Each household’s income (Yi) is determined by income constraint in equation 2, comprised

of the net returns to participating in the activities in which the household takes part –

farming, a household enterprise, and/or wage labor market participation – and other income

sources (R). In order to estimate model parameters, one must observe covariates not just for

households’ chosen occupations, but also for non-chosen occupations. Therefore, returns to

activity participation must be modeled based on variables that can be observed regardless

of the households’ occupational choice. In order to keep the choice set finite, I do not model

endogenous input decisions. Rather, I model a stylized profit function that takes input and

output prices as arguments, along with activity-specific relevant context variables. Given

the developing country setting, there is strong evidence suggesting input and output market

failures (Dillon and Barrett 2014). Therefore, decision makers will face household-specific

shadow prices. I include in the profit functions possible instruments for household specific

shadow prices, as discussed in the next section.

Profit functions take a flexible Generalized Leontief form, where qn refers to the price (or

shadow price instrument) for input or output n for returns to activity a ∈ F,E,M .

Πa
i (P

a
i ) =


∑N

n=1

∑N
k=1 βnk(q

1/2
n q

1/2
k ) + β′aXa + eai, if P F

i = 1

eai, if P a
i = 0

(5)

Here, Xa refers to relevant context variables for activity a that may condition activity

returns. Mean rainfall is a relevant control for returns to farming, for example. The error

term ea is distributed Normal mean 0 variance σa. When fixed costs are ignored, discrete

choice labor supply models tend to under-predict non-participation in an activity (van Soest,

Das, and Gong 2002). Occupation-specific preference shifters can pick up fixed costs. In the

absence of observing the fixed costs directly, they will be absorbed in the preference shifters.

The consequence is that one cannot then disentangle the effects of fixed costs vs different

preferences on participation choices.

The yield gap between low and high technology use scenarios is considered to proxy

for the returns to existing agricultural technology, as discussed in the next section. In
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this case, technology refers both to the genetics encoded in seeds, or corresponding quality

improvements in other inputs, and the management practices that transform physical inputs

into outputs. Parameters in the profit function associated with improved technology, on its

own or through interactions, will describe the impact of improving the technology potential

on returns to farming.

Each element of the household’s choice set J consists of a binary participation decision

for each of the three activities (farm, enterprise, and marketed labor). J contains 8 options

(23). A household chooses option j ∈ J iff:

Uj ≥ Uk , ∀ k 6= j ∈ 1, ..., J (6)

This model rests on several assumptions. It is a single-period, static model. Households

therefore cannot borrow or save. Risk and uncertainty are not featured in the profit func-

tions for farm and non-farm enterprises. At this point, equilibrium effects are not explored.

Relevant equilibrium effects in the structural change context include employment effects

resulting in changing wage rates, changes in relative output prices due to non-homothetic

demand and non-tradability of goods and services consumed (or closed markets).

3 Data and variables

To estimate the model parameters, I use the Tanzanian National Panel Survey, which

is part of the Living Standards and Measurement Studies - Integrated Surveys in Africa

dataset. The surveys are nationally representative, multi-topic and multi-purpose surveys

that allow for construction of occupational choice, time use, and returns to participation

variables. They also include relevant covariates, such as firm and farm inputs and outputs,

infrastructure and market access, and household characteristics. I use the most recent round

of data to estimate the model, and reserve other panel rounds for out of sample validation.

I do not estimate a fixed effects model because the time periods between panel rounds are

fairly short, and occupational switching is thus somewhat limited.

For each household, I generate labor supply variables based on individual level, activity-

specific time recall variables over the 12 month period preceding the survey date. I then

classify households by their corresponding occupational choice Pi = (P F , PE, PM) based on

whether household members supplied positive hours to each activity. Simple tabulation of

participation rates and average per capita income is provided below in Table 1.
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Table 1: Tabulation of Occupational Choices

F=0, F=0, F=0, F=0, F=1, F=1, F=1, F=1,
E=0, E=0, E=1, E=1, E=0, E=0, E=1, E=1,
M=0 M=1 M=0 M=1 M=0 M=1 M=0 M=1

Rural
Number HHs 125 137 139 76 896 362 579 269
Share HHs 0.0393 0.0303 0.0266 0.0162 0.382 0.152 0.240 0.114
Per capita consumption, usd 1,081 2,125 1,430 1,300 706.6 680.4 812.6 863.4

(sd) 1,184 1,891 1,345 1,039 505.8 490.7 519.6 616.3

Urban
Number HHs 118 262 326 209 77 69 128 74
Share HHs 0.0787 0.187 0.265 0.149 0.0711 0.0567 0.128 0.0651
Per capita consumption, usd 2,430 2,623 2,143 2,044 936.6 1,430 1,240 1,308

(sd) 2,003 2,069 1,797 1,638 554.3 1,206 1,115 1,134

Summary statistics for all covariates are contained in Table 2. In the agricultural profit

functions, the contextual variables are derived from the Harvest Choice geospatial dataset,

gridded to 5 arc-minute cells.1 Household observations are matched to the dataset according

to the grid within the household’s geolocation falls. The agroclimatic variables include

mean rainfall during the wettest quarter of the year, the coefficient of variation on rainfall,

average slope, terrain roughness, soil wetness potential, soil nutrient retention capacity, soil

workability, and the share of land under irrigation. Farm price variables include the local

producer prices of fertilizer and major crops (maize, rice, cassava, banana, sweet potato, and

sugar), generated from the LSMS-ISA dataset. Local median wages per acre paid to hired

farm workers, also from the LSMS-ISA dataset, are also included. Proxies for irrigation

prices include estimated returns required for profitability of small scale irrigation, which are

part of the Harvest Choice dataset. Proxies for farm land prices include population density

and land owned by the household. Farm technology returns are proxied by the ratio between

yield potential under a high technology scenario and yield potential under a low technology

scenario, as estimated in the Global Agro-Ecological Zones dataset.2 The same instrument

for technology potential was used by Bustos, Caprettini, and Ponticelli (2013) in an analysis

of the impacts of technology on employment in Brazil. Tables 3 and 4 contain summaries

of farm agroclimatic, technology and price instrument variables tabulated across the eight

occupation choices.

1http://harvestchoice.org/
2http://www.fao.org/nr/gaez/en/
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The self employment variables include the median local average cost per hired worker,

generated from the LSMS-ISA dataset. Access to capital is proxied by each household’s

relative asset wealth index, a measure generated by the Rural Income Generating Activities3

group of the Food and Agriculture Organization. The prevalence of energy inputs is proxied

by nighttime light intensity, which is part of the Harvest Choice dataset. Table 5 summarizes

enterprise variables by occupational choice. Wage labor variables include local median annual

returns to wage employment across all key sectors of the economy local mean participation

shares in wage employment in each sector of the economy. These are meant to proxy for the

demand for wage employment. The wage labor variables are summarized by occupational

choice in Table 6.

Additional demographic and geographic controls are also included. Incoming household

transfers from public and private sources are included in household income. Demographic

variables include household size, the share of household members who are dependent (young

and elderly), whether the household is female headed, and the age of the head. The years

of education by the household head, and by adult household members on average, are also

included, as is the share of education-age children who are enrolled in school. These variables

are summarized by occupation choice in Table 7. General geographic controls include travel

time to the nearest population center of at least 100,000 people, distance to the nearest

major road, and dummies for whether a household is located in a periurban or urban area,

as described in Table 8.

4 Estimation

I estimate a generalized extreme value model, with unobserved portions of utility jointly

distributed as type 1 extreme value, following Train Train (2002). I estimate model pa-

rameters using exact maximum likelihood to avoid some of the challenges associated with

simulation. Occupational choice and returns to each occupational choice are jointly modeled.

Let Pij be the occupational choice for household i, where Pi = 1 in the jth element of

Pi and 0 elsewhere. Let h(X, q, ε; δ, β, γ, α) be a deterministic behavior function mapping

observables (Xi,qi) and unobservables (εi) onto choice Pi given parameters δ, β, δ, γ, α.

3http://www.fao.org/economic/riga/rural-income-generating-activities/en/
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Pr(I[Pi = j] = 1|Xi, qi) = Pr(I[h(Xi, εi; δ, β, γ, α) = Pj] = 1)

=

∫
I[h(Xi, qi, εi; δ, β, γ, α) = Pj] f(ε)dε (7)

Pr(Pi = j|Xi, qi) = Prob(ε s.t. h(Xi, εi) = Pi)

Estimation then depends on assumptions about the error vectors εi. I use a nested

logit model, with decisions falling under a hierarchy. The specification of such nests for

relaxation of the strict assumption of independence of irrelevant alternatives that is required

of multinomial logit models. The nest partitioning is depicted below in Figure 4. First a

household chooses whether or not to operate a farm. Then, whether or not to engage in

self employment activities. Then, whether or not to participate in wage labor. This is not

meant to imply temporal staging of decisions, just to relax the assumption of independence

between nests.

HH 

Farm 
No 

farm 

Ent 

yes no 

No 
Ent 

Ent 
No 
Ent 

No 
Wage 

Wage 
No 

Wage 
Wage No 

Wage 
Wage 

No 
Wage 

Wage 

yes 

no no no no 

yes no 

yes yes yes yes 

no 

f1_e1_m1 
j=8 

f1_e1_m0 
j=7 

f1_e0_m1 
j=6 

f1_e0_m0 
j=5 

f0_e1_m0 
j=3 

f0_e1_m1 
j=4 

f0_e0_m0 
j=1 

f0_e0_m1 
j=2 

Under this structure, the occupational choice set is partitioned into K non-overlapping

nests. Let Bk, k ∈ 1, ..., K denote each nest. Then, under the extreme value distribution

assumption, the vector of unobserved utility, εi = (εi1, εi2, ..., εiJ) has the following cdf. The

parameter λk represents the independence in the unobserved utility for nest k, with complete

9



independence within nest k if λk = 1. All decision makers are assumed to have the same

correlations among unobserved characteristics.

exp( −
K∑
k=1

(
∑
j∈Bk

e−εijλk)λk) (8)

Errors across nests are not correlated. That is, cov(εij, εim) = 0 for any j ∈ Bk and

m ∈ Bl, with l 6= k. The probability of option m in nest k (m ∈ Bk) follows.

Pr(Pi = m|Xi; |δ, β, γ, α) =
eUim(Xim|δ,β,γ,α)/λk(

∑
j∈Bk

eUij(Xij |δ,β,γ,α)/λk)λk−1∑K
l=1(

∑
j∈Bl

(eUij(Xij |δ,β,γ,α)/λl)λl
(9)

After normalizing by a base occupation, in this case, farming only, the likelihood function

is derived based on the probability of observing errors given parameter estimates, data, and

the specified functional form.

5 Results

I begin with a two-stage estimation, first estimating the returns to each activity based

on the participants in that activity. Using predicted profits, I estimate the random utility

parameters. The results of this estimation are shown in Tables 9 and 10. The farm profit

model explains about 20% of the variation in farmers’ annual returns to farming. The self

employment profit model explains a similar share. The wage returns profit model explains

60% of the variation observed in returns to wage labor. The preference shifters are lowest

for those involved in self and wage employment, suggesting possible fixed costs.

I estimate several variations of a joint model. The first iteration is as described above,

where I estimate respective profit function parameters separately for each of the eight occu-

pational choices. That is, no restriction is imposed that the farm profit function parameters

for a farmer who only farms are the same as the farm profit function parameters for a farmer

who also is self employed. In another iteration, I impose the restrictions and test for differ-

ences in parameters. Differences in parameters would imply either participation synergies

or hierarchical sorting across occupational choices. Next, I estimate a more generalized ex-

treme value model with different error correlation assumptions. In this case, I will assume

correlation across nests, with correlation within all nodes of farm participation and all nodes

of farm non-participation, and correlation within all nodes of enterprise participation and
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enterprise non-participation, etc.

First, I compare and interpret parameters. One key area of interest is how the taste

shifters vary across occupational choices. I explore whether these taste shifters are increasing,

decreasing, or constant in labor supply. That is, holding participation in two activities

constant, how does a shift from non-participation to participation in a third activity affect

utility? I expect utility to be decreasing in labor supply, but I recognize that the preference

shifters capture fixed costs of activity participation in addition to preferences. I will check

that the nest correlation parameters (λk) fall within the expected range. I will explore

evidence of push-based labor exits relative to pull-based labor exits. And I will examine how

the occupational choice response to agricultural technology varies in different contexts, with

different overall agroclimatic potential, population density, and remoteness.

Then, I evaluate the performance of each model. First, I compare the reduction in

uncertainty for each model due to the data, following van Soest, Das, and Gong (2002). I

compare parameter estimates and model across the different approaches. Then, I compare

within-sample goodness of fit across models. I use entropy measure H(p∗) based on the

estimated probabilities and compare this with an entropy measure corresponding to a uniform

distribution where pij = 1/J . If the data are informative, H(p∗) will be close to zero and

I(p∗) will be close to 1. If data are not informative, H(p∗) will be close to H(p0) and I(p∗)

will be close to 0.

H(p) = −1/N
∑

i=1,...,N

∑
j=1,...,J

pijlogpij

I(p∗) = 1−H(p∗)/H(p0)

I test out-of-sample model performance by holding some data out and checking the fore-

casting accuracy. Next, I check out of performance accuracy. I reserve one newer round of

survey data for out of sample validation, forecasting occupational choices using the same

parameter estimates but Xi and qi data from the newer rounds.

Finally, I simulate the labor exit responses to key policy changes, by shocking different

model parameters. I focus primarily on shocking farm technology parameters, but also

simulate the own- and cross-activity participation elasticities of productivity shocks in wage

and self employment. That is, if there is a positive shock to the productivity parameters of

self-employment, what happens to participation in wage employment and farming?

Understanding the links between technology, occupational choice, and labor allocation

has important implications for prioritizing between and targeting delivery of development
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interventions. A major pathway by which agricultural technology improvement has resulted

in poverty reduction, historically, has been through the eventual reallocation of labor out of

agriculture. These pathways are very context-specific, however, and depend on what income-

earning opportunities are available to households in addition to, or in lieu of, farming. This

analysis will help policy makers start to understand how households might change respond

to different policy interventions, and the implications for structural change trajectories.
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Table 2: Summary statistics of regressors

(1) (2) (3) (4) (5)
VARIABLES N mean sd min max

Household size 3,846 5.216 3.105 1 55
HH dependent share 3,846 0.333 0.267 0 1
Female head 3,832 0.248 0.432 0 1
Age of head 3,830 46.06 15.76 16 105
Years educ, head 3,758 6.583 4.537 0 20
Yrs educ, adults (ave) 3,770 6.521 3.981 0 20
School enrlmt share (<16) 3,787 1.061 1.216 0 10
Number hh members 16-65 3,787 2.844 1.749 0 24
Hrs travel to nrst town >100k 3,836 2.478 2.748 0 20.35
Dist nrst major rd (km) 3,839 17.18 23.42 0 135.4
Peri-urban dummy 3,846 0.0772 0.267 0 1
Urban dummy 3,846 0.328 0.470 0 1
Transfers recvd (usd) 3,840 77.32 151.8 0 1,315
Cost hired lbr (med smth, usd/acre) 3,063 113.3 275.4 0.920 5,848
Rate of tractor use (med smth) 3,063 0.0385 0.136 0 1
Land owned (ha, RIGA) 3,846 1.148 1.859 0 19.83
Irrigation cost (HC) 3,840 5.431 14.19 0 117.4
Mean precip wettest qrtr (mm, HC) 3,777 580.0 172.2 231 1,440
CV of annual rainfall (HC) 3,514 0.0872 0.0113 0.0522 0.115
Slope (pct, HC) 3,839 4.830 4.858 0 46.60
Terrain roughness (HC) 3,826 4.573 3.385 1 13
Soil potential wetness index (HC) 3,839 13.57 3.463 0 36
Soil nutrient retention capacity (HC) 3,839 1.489 0.980 0 7
Soil workability (HC) 3,839 1.508 1.150 0 7
Share land irrigated (HC) 3,840 0.599 2.941 0 35.01
Maize yld pot (kg/ha, GAEZ) 3,840 3,156 1,157 29 6,633
Rice yld pot (kg/ha, GAEZ) 3,840 975.6 708.9 0 3,917
Cassava yld pot (kg/ha, GAEZ) 3,840 633.7 321.7 0 1,399
Banana yld pot (kg/ha, GAEZ) 3,840 725.0 841.5 0 4,214
Sweetpot yld pot (kg/ha, GAEZ) 3,840 792.9 368.8 0 1,678
Sugar yld pot (kg/ha, GAEZ) 3,840 2,381 1,443 0 8,112
Cost/hired worker (med smth, usd) 3,029 828.9 807.4 2.049 6,148
Nighttime light intensity (HC) 3,840 8.384 13.60 0 47.64
HH wealth index, urban (RIGA) 3,846 0.0526 0.631 -1.353 5.866
HH wealth index, rural (RIGA) 3,846 0.146 1.109 -0.949 8.379
Returns/ag worker (med smth, usd) 3,846 694.7 1,676 0 23,056
Returns/ind worker (med smth, usd) 3,846 2,056 4,470 0 76,513
Returns/ser worker (med smth, usd) 3,846 2,627 3,915 0 72,414
Partpn in ag emplmt (med smth sh) 3,846 0.108 0.203 0 1
Partpn in ind emplmt (med smth sh) 3,846 0.0627 0.163 0 1
Partpn in ser emplmt (med smth sh) 3,846 0.241 0.305 0 1
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Table 3: Summary statistics for agroclimatic variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Mean precip wettest qrtr (mm, HC) 600.9 593.2 579.4 562.1 585.8 580.6 572.9 563.8
(sd) 165.6 145.5 129.3 117.1 192.6 192.6 186.0 171.4

CV of annual rainfall (HC) 0.0871 0.0847 0.0855 0.0840 0.0894 0.0854 0.0889 0.0863
(sd) 0.00873 0.00900 0.00905 0.00842 0.0118 0.0127 0.0120 0.0120

Slope (pct, HC) 3.680 3.678 3.288 2.979 6.064 5.635 5.046 5.626
(sd) 3.309 3.128 2.648 1.964 6.046 5.279 4.842 5.609

Terrain roughness (HC) 3.385 3.238 2.978 2.788 5.647 5.274 5.153 5.437
(sd) 2.632 2.817 2.552 2.424 3.553 3.370 3.377 3.555

Soil potential wetness index (HC) 13.36 13.65 13.99 13.86 13.51 13.28 13.52 13.41
(sd) 3.876 3.564 2.933 3.673 3.721 2.821 3.638 3.061

Soil nutrient retention capacity (HC) 1.342 1.387 1.382 1.458 1.512 1.531 1.539 1.659
(sd) 0.760 0.984 1.092 1.245 0.867 0.817 0.975 1.156

Soil workability (HC) 1.279 1.171 1.205 1.285 1.686 1.541 1.673 1.764
(sd) 0.906 0.992 1.116 1.308 1.133 0.934 1.210 1.307

Share land irrigated (HC) 0.656 0.342 0.666 0.272 0.845 0.723 0.470 0.443
(sd) 3.722 2.338 3.441 1.538 3.451 3.440 2.150 2.094

Net returns from farm (usd) 185.6 172.8 245.7 128.2 1,028 781.0 939.5 891.1
(sd) 254.5 358.8 468.3 275.1 966.4 813.3 946.6 914.0
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Table 4: Summary statistics for farm technology and price variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Maize yld pot (kg/ha, GAEZ) 3,431 3,472 3,476 3,489 2,939 2,985 3,039 2,964
(sd) 970.8 886.5 944.2 934.7 1,245 1,219 1,228 1,224

Rice yld pot (kg/ha, GAEZ) 1,022 997.5 1,019 974.6 913.9 990.7 986.3 995.0
(sd) 676.0 576.5 643.6 533.6 774.1 751.2 753.0 735.4

Cassava yld pot (kg/ha, GAEZ) 748.5 749.4 765.0 777.6 537.6 585.3 576.8 573.7
(sd) 285.3 286.7 287.1 265.5 319.8 316.8 320.4 325.0

Banana yld pot (kg/ha, GAEZ) 1,000 1,092 978.8 1,013 529.2 671.9 528.3 550.9
(sd) 929.2 879.8 825.5 750.3 772.9 889.7 769.2 744.5

Sweetpot yld pot (kg/ha, GAEZ) 902.1 901.6 922.5 926.6 702.3 738.8 747.5 723.1
(sd) 314.6 296.9 307.2 287.7 391.5 376.4 380.8 386.9

Sugar yld pot (kg/ha, GAEZ) 3,007 3,099 3,025 3,091 1,917 2,161 2,003 2,022
(sd) 1,451 1,367 1,269 1,147 1,377 1,455 1,360 1,279

Cost hired lbr (med smth, usd/acre) 177.7 203.5 168.9 242.4 77.87 87.79 110.1 108.6
(sd) 549.6 492.0 158.3 545.6 131.7 180.5 304.9 199.3

Rate of tractor use (med smth) 0.0221 0.0122 0.00468 0.0152 0.0484 0.0417 0.0422 0.0449
(sd) 0.0869 0.0964 0.0302 0.0989 0.153 0.129 0.139 0.157

Land owned (ha, RIGA) 0.197 0.0385 0.157 0.141 1.791 1.415 1.831 1.723
(sd) 0.577 0.232 0.839 0.642 1.964 1.845 2.341 1.969

Irrigation cost (HC) 3.424 3.455 5.238 4.968 6.069 5.890 5.859 6.510
(sd) 12.16 12.37 17.01 16.14 13.08 13.73 14.38 14.59
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Table 5: Summary statistics for self-employment variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Cost/hired worker (med smth, usd) 1,099 1,420 1,227 1,350 573.0 586.8 552.1 536.3
(sd) 795.1 1,090 903.1 1,007 537.2 569.4 536.8 535.8

Nighttime light intensity (HC) 15.31 20.06 19.29 22.15 1.383 1.866 2.686 3.648
(sd) 17.43 15.91 16.46 15.91 3.079 4.131 6.700 7.709

HH wealth index, urban (RIGA) 0.000433 0.217 0.197 0.335 -0.0370 -0.0680 -0.0241 0.0324
(sd) 0.810 0.954 0.925 0.946 0.237 0.355 0.396 0.480

HH wealth index, rural (RIGA) 0.0210 0.444 0.378 0.602 -0.159 0.0472 0.0717 0.341
(sd) 0.955 1.353 1.365 1.647 0.745 1.005 0.792 1.199

Net returns from ent (usd) 0 0 9,296 8,133 0 0 2,771 2,850
(sd) 0 0 30,466 25,921 0 0 9,098 10,347
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Table 6: Summary statistics for wage employment variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Returns/ag worker (med smth, usd) 966.4 1,029 1,150 1,218 374.6 518.3 495.2 601.5
(sd) 2,164 1,766 2,417 2,734 620.0 1,294 1,133 1,885

Returns/ind worker (med smth, usd) 2,609 3,341 3,350 3,904 1,133 1,340 1,428 1,684
(sd) 5,344 5,713 5,383 7,812 2,404 3,287 3,163 3,805

Returns/ser worker (med smth, usd) 2,843 4,107 3,232 3,962 1,966 2,128 2,125 2,361
(sd) 4,017 5,852 3,673 5,265 2,958 3,913 2,736 3,662

Partpn in ag emplmt (med smth sh) 0.0465 0.0408 0.0202 0.0415 0.0898 0.278 0.0958 0.263
(sd) 0.120 0.152 0.0735 0.144 0.149 0.297 0.155 0.307

Partpn in ind emplmt (med smth sh) 0.0436 0.137 0.0514 0.174 0.0183 0.0790 0.0307 0.0830
(sd) 0.104 0.257 0.103 0.278 0.0726 0.182 0.0877 0.198

Partpn in ser emplmt (med smth sh) 0.171 0.606 0.203 0.579 0.0829 0.280 0.0995 0.323
(sd) 0.220 0.334 0.220 0.334 0.144 0.310 0.157 0.338

Net returns from market (usd) 1,617 6,247 804.2 6,375 108.5 2,113 327.6 2,478
(sd) 4,884 10,832 3,589 15,593 988.4 5,423 3,743 6,590
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Table 7: Summary statistics for demographic variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Household size 3.280 3.957 4.344 5.568 5.298 5.849 5.820 6.671
(sd) 2.183 2.648 2.452 2.937 2.934 2.833 3.635 3.263

HH dependent share 0.326 0.214 0.254 0.236 0.420 0.351 0.365 0.325
(sd) 0.352 0.268 0.255 0.223 0.274 0.231 0.239 0.215

Female head 0.420 0.206 0.311 0.215 0.239 0.223 0.249 0.175
(sd) 0.495 0.405 0.463 0.411 0.427 0.417 0.433 0.381

Age of head 43.51 37.64 41.03 42.83 52.02 47.53 46.59 47.31
(sd) 18.20 12.84 13.64 13.09 16.94 14.95 14.44 14.45

Years educ, head 7.294 9.713 8.332 8.905 4.555 5.744 5.918 6.497
(sd) 5.245 4.559 3.922 4.484 3.923 4.204 3.895 4.399

Yrs educ, adults (ave) 7.071 9.473 8.215 8.873 4.511 5.783 5.922 6.536
(sd) 4.897 4.271 3.436 3.608 3.346 3.617 3.278 3.439

School enrlmt share (<16) 0.509 0.635 0.838 0.911 1.104 1.273 1.335 1.387
(sd) 0.863 1.024 1.085 1.086 1.186 1.239 1.328 1.367

Number hh members 16-65 1.888 2.617 2.592 3.661 2.577 3.009 2.959 3.727
(sd) 1.212 1.598 1.478 2.031 1.594 1.574 1.857 2.027

Transfers recvd (usd) 110.9 82.68 68.82 82.72 73.96 85.90 67.44 73.55
(sd) 171.8 182.5 157.7 189.8 138.9 142.2 128.2 142.5
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Table 8: Summary statistics for geographic variables, by occ choice

(1) (2) (3) (4) (5) (6) (7) (8)
f 0 e 0 m 0 f 0 e 0 m 1 f 0 e 1 m 0 f 0 e 1 m 1 f 1 e 0 m 0 f 1 e 0 m 1 f 1 e 1 m 0 f 1 e 1 m 1

VARIABLES mean mean mean mean mean mean mean mean

Hrs travel to nrst town >100k 1.882 1.206 1.246 0.875 3.323 3.095 3.096 2.917
(sd) 2.659 2.357 2.200 1.772 2.861 2.644 2.839 2.388

Dist nrst major rd (km) 14.01 7.279 6.502 5.680 24.70 21.28 22.35 17.69
(sd) 23.50 16.97 15.31 13.89 25.18 23.54 25.73 21.66

Peri-urban dummy 0.0947 0.115 0.112 0.0877 0.0473 0.0766 0.0651 0.0758
(sd) 0.293 0.320 0.315 0.283 0.212 0.266 0.247 0.265

Urban dummy 0.486 0.657 0.701 0.733 0.0791 0.160 0.181 0.216
(sd) 0.501 0.475 0.458 0.443 0.270 0.367 0.385 0.412
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Table 9: First stage Generalized Leontief estimation of returns. Common control variables
are included

Farm Ent Market

Hrs travel to nrst town >100k -0.019 -0.072 -0.030
(1.50) (2.17)* (1.58)

Dist nrst major rd (km) -0.001 0.006 0.004
(1.00) (1.49) (1.87)

Peri-urban dummy -0.173 0.033 0.074
(1.38) (0.15) (0.56)

Urban dummy -0.340 0.528 0.140
(4.31)** (2.46)* (1.43)

Household size 0.030 0.015 -0.066
(1.58) (0.32) (2.10)*

HH dependent share -0.175 1.303 0.272
(1.04) (2.86)** (0.96)

Female head -0.208 -0.212 -0.317
(3.37)** (1.43) (3.57)**

Age of head -0.000 -0.027 -0.001
(0.20) (5.49)** (0.50)

Years educ, head -0.018 -0.041 0.013
(1.64) (1.65) (0.85)

Yrs educ, adults (ave) 0.016 0.059 0.066
(1.25) (1.91) (3.63)**

School enrlmt share (<16) 0.049 -0.044 0.003
(1.78) (0.68) (0.06)

Number hh members 16-65 0.020 0.051 0.179
(0.58) (0.71) (3.77)**

Adjusted R2 0.20 0.22 0.61
N 2,170 800 1,310

* p < 0.05; ** p < 0.01
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Table 10: Second Stage nested logit model using predicted profits from Table 2

Occupational choice nodes

f 0 e 0 m 1 profits 2.194 (4.53)**

cons -27.846 (4.49)**

f 0 e 1 m 0 profits 5.094 (6.94)**

cons -66.729 (6.66)**

f 0 e 1 m 1 profits 5.265 (7.51)**

cons -147.551 (7.29)**

f 1 e 0 m 0 profits 1.738 (1.82)

cons -16.616 (1.36)

f 1 e 0 m 1 profits 1.129 (1.70)

cons -24.954 (1.41)

f 1 e 1 m 0 profits 3.397 (6.13)**

cons -83.769 (5.43)**

f 1 e 1 m 1 profits 4.638 (5.44)**

cons -184.445 (5.06)**

Farm node

f 0 tau cons 12.671 (4.19)**

f 1 tau cons 7.974 (3.13)**

Self employment nodes

f 0 e 0 tau cons 1.877 (5.00)**

f 0 e 1 tau cons 11.529 (5.95)**

f 1 e 0 tau cons 3.119 (2.02)*

f 1 e 1 tau cons 13.008 (3.63)**

N 18,992

* p < 0.05; ** p < 0.01
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