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Abstract  

 
This paper uses panel data from the Living Standards Measurement Study - Integrated 

Surveys on Agriculture (LSMS-ISA) for Uganda to assess the farm-level effects of non-farm 

employment on agricultural intensification and productivity change. A sample selection 

model is used to account for both unobserved heterogeneity and potential simultaneity 

between agricultural production and non-farm income. Results show that non-farm 

employment can have differential impacts on farm technology intensity and productivity. 

Non-farm income is found to have a positive impact on farm hired labor and improved 

seed intensity; a negative effect on on-farm family labor use; and no significant impact on 

fertilizer, soil water management, and joint use of farm technologies. The econometric 

evidence also indicates that agricultural productivity declines as non-farm income 

increases. Taken together, our findings reveal important tradeoffs between non-farm 

employment and income and farm productivity growth under smallholder agriculture. The 

results indicated that targeted policies are required to reduce these potential tradeoffs 

between non-farm employment and agricultural intensification and productivity change. 

Keywords: Non-farm Employment, Agricultural Intensification, Productivity Change, 

Uganda. 
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1. Introduction  

In addition to its traditional contribution for improving food security and nutrition, agriculture 

remains a key sector for spurring growth, overcoming poverty, and creating employment 

opportunities in sub-Saharan Africa (SSA). In SSA, agriculture remains the major source of 

income and employment, representing about 34 percent of GDP and 64 percent of the labor force 

(Jack, 2013). Studies also indicate a strong continuing role of agricultural productivity growth in 

accelerating Africa’s poverty reduction (Christiaensen et al., 2011; Diao et al., 2012). For 

example, Diao et al. (2012) find that a one percent increase in agricultural growth could reduce 

the number of poor people living on less than US$1 per day by 0.6 to 2 percent, and that no other 

economic activity generates the same benefits for the poor. A persistent challenge confronting 

African agriculture is how best to accelerate productivity and promote sustainable intensification, 

a challenge that is heightened in the presence of rapid population growth. SSA is projected to 

become the most populous region, eventually overtaking South Asia, and East Asia and the 

Pacific, with population expected to reach 4 billion by 2100.1  

Technological innovation and diffusion are essential for increasing agricultural 

productivity and intensification and thereby for stimulating rural economic growth and poverty 

reduction (IFAD, 2011; Shiferaw et al., 2015; Duflo et al., 2008). Unfortunately, agricultural 

technology adoption in SSA has been severely limited by uninsured agricultural risk, credit 

constraints, transaction costs, poor access to information, weak institutional linkages, poor 

infrastructure, and other factors (Dercon and Christiaensen, 2011; Bardhan and Udry, 1999; 

                                                            
1Based on regional data from United Nations, Department of Economic and Social Affairs, Population Division 

(2013). 



3 

 

Pfeiffer et al., 2009; Bezu et al., 2014; Shiferaw et al., 2015, Kassie et al., 2013; Minten et al., 

2013; Anderson and Feder, 2007; Cole et al., 2013). 

Non-farm employment has been promoted as a means to help farmers in low-income 

areas overcome some of the key barriers to technology adoption, thereby fostering agricultural 

productivity, economic growth, and poverty reduction (Ellis and Allison, 2004). Proponents 

argue that employment and income from non-farm activities can help smallholder farmers cope 

with shocks and manage agricultural risks, and may help relax the liquidity constraints that 

prevent them from undertaking productivity-enhancing investments (Ellis and Freeman, 2008; 

Shiferaw et al., 2015; Barrett et al., 2001; Morton, 2007; Howden et al., 2007). For example, 

Fletschener and Zepeda (2002) show that non-farm income enables small-scale farmers in 

Honduras to purchase external inputs for improving yields and labor productivity and has a 

strong, positive relationship with household food security. Similarly, Chavas et al. (2005) find 

that income from non-farm activities improves farm technology input and increases agricultural 

productivity in rural Gambia. Research highlighted above helps explain why the share of non-

farm employment and income to total household income is significant and growing in many 

developing countries (Barrett et al., 2005; Reardon et al., 2006; Haggblade et al., 2009). Indeed, 

Davis et al. (2010) report that the non-farm income share has grown to 40–60% of rural income 

in Africa, Latin America and Asia. But, other research suggests there might be important 

tradeoffs between non-farm employment and income and farm productivity growth under 

smallholder agriculture. 

First, non-farm opportunities may be correlated with agricultural income and may not 

offer effective buffering options in the event of shocks that affect farm income (Barrett et al., 

2001; Ito and Kurosaki, 2009). Second, non-farm employment may reduce the labor available for 
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undertaking important labor-intensive farm activities and reduce the incentives for investing in 

soil and water conservation and farm intensification practices (Holden et al., 2004). Furthermore, 

other research (e.g., Goodwin and Mishra 2004; Chang and Wen, 2011; Kilic et al., 2009) 

indicates that income from non-farm activities may not necessarily improve agricultural 

intensification and increase on-farm efficiency. In summary, the overall impact of non-farm 

employment and income on agricultural intensification and productivity remains an empirical 

question of significant policy relevance. There is an urgent need for careful, country-specific 

analyses of farm and non-farm linkages to elucidate appropriate policymaking in the process of 

agricultural and rural transformation.  

This paper uses a three-year panel dataset for Uganda from the Living Standards 

Measurement Study - Integrated Surveys on Agriculture (LSMS-ISA) to assess the agricultural 

intensification and productivity effects of non-farm employment. The paper contributes to the 

literature in several respects. First, whereas much research has examined the relationship 

between non-farm employment and agricultural input use and family labor, there is limited 

evidence on how non-farm employment will affect agricultural intensification and productivity 

change. Second, the paper tests the effect of non-farm income on both farm intensification  and 

productivity change using multiple proxies including joint use of inputs and farm technology and 

joint and crop-specific land productivity variables. In this way we are able to show the synergies 

and tradeoffs from input use and intensification and how this relates to productivity change. 

Another key issue that has not been adequately addressed in the non-farm and farm production 

linkage literature is unobserved heterogeneity which could cause endogeneity and/or selection 

bias. We address this using a sample selection model that accounts for the endogeneity of non-
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farm income and sample selection through the inclusion of selection terms based on the 

estimated non-farm income model.  

The remainder of the paper is organized as follows. Section 2 presents a conceptual 

model to better understand the direct and indirect interactions and linkages between farm and 

non-farm sectors. Section 3 presents the empirical model and identification strategy. Section 4 

presents the data and the key variables used for the analysis. The empirical results are presented 

in Section 5 before we conclude in the final section, highlighting the main findings and policy 

implications. 

 

2. Conceptual framework  

The paper employs a non-separable farm household model with missing markets (Singh et al., 

1986; de Janvry et al., 1991) as the key conceptual framework.2 In terms of motivating the 

empirical analysis, we consider a household that maximizes utility:  

 𝑈 = 𝑈(𝐶, 𝐿𝑒),                  (1) 

where 𝑈 is a quasi-concave, continuous and non-decreasing utility function; 𝐶 is a vector of 

consumption goods; and (𝐿𝑒)  is leisure. The associated production function with concavity 

assumptions is given by: 

𝑞 = 𝑞(𝐿𝑎 , 𝐾, 𝐴),                                   (2) 

where 𝐿𝑎is total labor application in farm production; 𝐾 is  a vector of non-labor inputs such as 

farm technology; and 𝐴 represents farmland and other fixed assets. In order to capture the 

conditions in many African rural economies, we assume imperfections in labor and credit 

markets. In the incomplete market settings, farm household may not be able to easily replace 

                                                            
2Rural market imperfections and market failures are often related to incomplete or missing markets for labor, 

insurance and credit markets (de Janvry et al., 1991). 



6 

 

family members who work in non-farm activities without incurring transaction costs in 

undertaking specific farm activities. Accordingly, the family labor input into farm production 

(𝐿𝑎) cannot exceed the family’s adult time endowment(𝑇)  minus non-farm work (𝐿𝑛)  and 

leisure (𝐿𝑒) given by:  

𝐿𝑎 + 𝐿𝑒 + 𝐿𝑛 ≤ 𝑇.                 (3) 

Given credit market imperfections, household expenditure on farm inputs (𝑃𝑘) including 

hired labor cannot exceed own exogenous income and savings (𝑆) plus income received from 

non-farm work(𝜔𝐿𝑛): 

𝑃𝑘𝐾 ≤ 𝜔𝐿𝑛 + 𝑆.                 (4)  

The household also faces the usual budget constraint, which requires that consumption 

expenditures (C) cannot exceed total household income:   

𝐶 ≤ 𝑃𝑞𝑞 + 𝑃𝑘𝐾 + 𝜔𝐿𝑛 + 𝑆,                                             (5) 

where 𝑃𝑞 is the price of farm output and 𝜔 is the market wage rate. The first-order conditions 

associated with maximizing household utility conditional on time, liquidity and income 

constraints imply the following equilibrium conditions:  

𝑃𝑞
𝜕𝑞

𝜕𝐿𝑎
=

𝜕𝑈

𝜕𝐿𝑒
𝜕𝑈

𝜕𝐶

=
𝜇

𝜂
= 𝜔 (1 +

𝛿

𝜂
)                           (6) 

𝑃𝑞
𝜕𝑞

𝜕𝐾
= 𝑃𝑘 +

𝛿

𝜂
𝑃𝑘 ,                            (7)  

where 𝜇 is the marginal utility of leisure and 𝜂 is the marginal utility of consumption. Equation 

(6) relates the marginal rate of substitution between consumption and leisure to the shadow 

wage. When the liquidity constraint is binding(𝛿 > 0), the shadow wage exceeds the market 

wage by a factor equal to the shadow price of liquidity(
𝛿

𝜂
). When there is no liquidity 

constraint(𝛿 = 0), equation (6) reduces to the familiar condition that the labor-leisure choice 
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equilibrates the marginal rate of substitution between consumption and leisure with the market 

wage rate, and the shadow wage in family-farm production(
𝛿

𝜂
)  equals the non-farm wage (𝜔). 

The relation in equation 7 indicates that in the presence of incomplete credit markets (𝛿 > 0), 

the marginal value product from purchased input does not equate to the price of the input. The 

term (
𝛿

𝜂
) 𝑃𝑘  in equation (7) indicates that improving information on farm technology and 

increasing the demand for inputs, costs more than the price of the input. In other words, for 

liquidity constrained households, the shadow value of purchased farm inputs is higher than for 

unconstrained households; as a result constrained households use fewer purchased inputs.  

The direction of the effect of non-farm employment on agricultural intensification and 

productivity is ambiguous. For households who have surplus labor and liquidity constrained, 

non-farm income could finance its farm activities such as hiring labor and purchasing capital 

input such as fertilizer, pesticides and improved seeds and thus increase agricultural 

intensification and productivity. On the other hand, non-farm employment may compete for 

family labor, and hence reduces the labor available for undertaking important farm activities. 

Also, farmers may not be able to easily substitute family labor allocated to non-farm activities 

without incurring large transaction costs in implementing specific farm operations. In the next 

section we develop empirical model that we used to examine the direction of the effect of non-

farm employment on agriculture intensification and productivity. 

 

3. Empirical strategy  

Building on our conceptual framework, we address two main objectives in the empirical 

estimation. First, we investigate the determinants of non-farm employment, including 

participation and earnings. Since not all farm households in our sample engage in non-farm 
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employment, we use the following latent regression model for non-farm income of the 

household:  

𝐿𝑖𝑡
∗ = 𝛽𝑥𝑋𝑖𝑡 + 𝛽𝑣𝑉𝑖𝑡 + 𝛽𝑧𝑍𝑖𝑡 + 𝛽𝑐𝐶𝑖𝑡 + 𝜃𝑖 + 𝜀𝑖𝑡 

𝐿𝑖𝑡 = 𝐿𝑖𝑡
∗  𝑖𝑓 𝐿𝑖𝑡

∗ > 0                                                (9) 

𝐿𝑖𝑡 = 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒   

where 𝐿𝑖𝑡 is a latent variable on non-farm employment income3 which is observed only when 

household 𝑖 engages in non-farm employment in period t; 𝑋𝑖𝑡 is a vector of household 

characteristics such as education, age, gender, and household size; 𝑍𝑖𝑡 is a vector of wealth 

indicators that include land size, livestock, and non-land assets4; and 𝑉𝑖𝑡 is a vector of risk 

variables, including observed weather conditions and shocks. We also include community-level 

characteristics (𝐶𝑖𝑡), such as percent agricultural land within a 1 km buffer, access to public 

services and access to infrastructure, to address inter-community heterogeneity as an explanation 

for non-farm employment. Finally, 𝜃𝑖 is unobserved heterogeneity in non-farm income, and 𝜀𝑖𝑡 is 

a pure random component. It is assumed that 𝜃𝑖 and 𝜀𝑖𝑡 are independently and normally 

distributed with zero mean and constant variance. 

Second, we address the impact of non-farm employment on agricultural intensification and 

agricultural productivity using the following equation:   

𝑌𝑖𝑡 = 𝑓(𝐿𝑖𝑡; 𝛽) + 𝛿𝑇𝑇𝑖𝑡 + 𝜂𝑖 + 𝛾𝑖𝑡 ,             (10) 

where 𝑌𝑖𝑡  is a farm-level agricultural intensification and agricultural productivity indicator for 

household 𝑖 is in period 𝑡; 𝐿𝑖𝑡 is non-farm income;  𝑇𝑖𝑡 is a vector of other explanatory  variables; 

                                                            
3 Following Yen (2002), we use the natural logarithm of (one plus) the actual level of non-farm income to deal with 

normality assumption in the random effects tobit model.  

4 The non-land assets variable is constructed by multiplying the numbers of owned assets by the respective value of 

each asset, as reported by the household.  
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𝜂𝑖 is an unobserved individual farm-level effect; and 𝛾𝑖𝑡   an error term. The level of agricultural 

intensification is measured using individual and joint adoption of productivity increasing and 

sustainability enhancing agricultural inputs and land and water management practices. This 

includes variables like fertilizer, improved seeds, labor (both family and hired), and soil and 

water management practices. Farm productivity is measured in terms of crop yields for major 

staples such maize, beans and bananas as well as the total value of crop harvest per unit area. The 

main interest is to see how opportunities for non-farm diversification are related to farm 

productivity change and, more specifically, to understand the potential synergies and tradeoffs 

involved between investment and productivity change at the farm level and increased 

engagement in non-farm enterprises and employment. 

The inclusion of explanatory variables in the empirical model is based on a review of 

theoretical work and previous empirical studies of agricultural intensification and productivity 

(e.g. Kassie et al., 2013; Minten et al., 2013; Cole et al., 2013; Pfeiffer et al., 2009; Chang and 

Wen, 2011; Shiferaw et al., 2015; Duflo et al., 2008). We include household characteristics like 

education, age and gender of the household head, average years of schooling of household 

members, and family size. In collective decision-making, and in situations where the unitary 

household model is not valid, education and human capital of the entire family can be relevant. 

Based on previous studies, we expect that education has a positive effect on farm households’ 

agricultural intensification and productivity. In order to capture the effect of exogenous and pre-

existing factors and farm characteristics, we also include soil fertility5, irrigated land6 and 

                                                            
5The soil quality variable was computed as the share of total cultivated land that the farmer reports as being in plots 

with differing levels of soil quality (low to high).  

6The share of land irrigated was constructed by dividing the area of the cultivated plots reported to be irrigated by 

the total cultivated acreage. 
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linkages to agricultural extension services measured by the availability and frequency of 

extension contact during the previous season. It is expected that good soil quality and irrigated 

land will be associated with higher farm productivity and harvest value per acre. We also control 

for household endowments and wealth indicators such as total value of assets, livestock, and 

farm size, which can be highly relevant determinants, especially when land and financial markets 

are imperfect. We expect that wealthier households are more able to finance the purchase of 

inputs and in turn increase farm productivity. On the other hand, the same variables also open 

more opportunities for engagement in non-farm activities. We also include community-level 

characteristics that condition access to markets and services and thereby influence agricultural 

intensification and productivity (e.g., distance to markets, major roads, and extension providers). 

In low-income areas, smallholder farming is greatly affected by various risks and shocks. This is 

captured by including in the empirical model self-reports of events recently experienced by 

households such as rainfall shocks (e.g., droughts), pest problems, and illness or death of family 

members. 

Several important econometric issues must be taken into account in estimating equation 

(10). First, non-farm income could be endogenous to agricultural intensification and productivity 

due to time-invariant individual effects and time specific unobserved heterogeneity that could be 

potentially correlated with other observable factors that affect agricultural intensification and/or 

productivity. Second, the function 𝑓(𝐿𝑖𝑡; 𝛽)indicates that household non-farm income may enter 

the agricultural intensification equation in a non-linear way. Third, since not all farm households 

in our sample engage in non-farm employment, non-farm income in equation (9) is censored (at 

zero). In this case, estimating the impact of non-farm employment on agricultural intensification 
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using standard fixed or random effects panel data estimation methods could lead to biased 

estimates or inefficiency (Greene, 2000; Maddala, 1983).  

To address the above econometric issues, we apply a sample selection model developed 

by Vella and Verbeek (1999) for two-step estimation of panel data models with censored 

endogenous variables which allows us to explicitly account for potential endogeneity of non-

farm income and alternative forms of unobserved heterogeneity effects. Using Vella and 

Verbeek’s two-step approach, we estimate the non-farm income and agricultural intensification 

decisions jointly. In the first stage, we estimate the parameters in the non-farm income equation 

(9) using a random effects tobit, and then the selection terms are calculated from these 

equations7. In the second stage, we estimate the agricultural intensification equation consistently 

by adding the selection terms from the first stage using OLS and adjusting the standard errors to 

account for the estimated nature of the selection terms (Vella and Verbeek, 1999). We apply this 

econometric model to a large LSMS-ISA panel dataset for Uganda (the dataset is detailed in the 

next section). Using the panel data and the selection model that controls for unobserved 

heterogeneity (e.g., differences in skills, ability, motivation, and culture) in intensification and 

productivity across farms, we are able to identify the impact of non-farm employment on 

                                                            
7To control for the selection bias and endogeneity of agricultural intensification and non-farm income, we assume 

unobserved components in equation 9 and 10 are correlated. It is specified as υit = κi + γit and πit = ϑi + εit. The 

conditional expectation of the υit is a linear function of the πit and given by  E{υit|X, Z C, T, πit} = φ1πit + φ2π̅ , 

where    π̅𝑖 =
1

N
∑ πit.   

The selection terms estimated are calculated using numerical integration which is given by 𝐸[𝜋𝑖𝑡|𝑋, 𝑍, 𝐶, 𝑇] =

∫[𝜂𝑖 + 𝐸{𝛾𝑖𝑡|𝑋, 𝑌, 𝐶, 𝑇, 𝜂𝑖  }]  𝑓(𝜂𝑖|𝑋, 𝑌, 𝐶, 𝑇)𝑑𝜂𝑖, where 𝑓(𝜂𝑖|𝑋, 𝑌, 𝐶, 𝑇)𝑑𝜂𝑖 denotes the conditional density of 𝜂𝑖 .  
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agricultural intensification, thereby ensuring that estimated effects are not simply due to 

differences in these unobserved factors8.  

 

4. Data and descriptive results  

4.1. Data  

The longitudinal data for this paper come from the Uganda LSMS-ISA, representing the years 

2009, 2010 and 2011. The LSMS-ISA datasets are publicly available and currently cover eight 

African countries.9 These nationally representative datasets include detailed information on 

household characteristics such as education, demographic characteristics, household shocks, 

assets, agricultural production, non-farm income, other sources of income, allocation of family 

labor, hiring of labor, access to services, and consumption expenditure. The agriculture module, 

among other things, contains information on agricultural and livestock production, farm 

technology, use of modern inputs, and productivity of crops and livestock. The community-level 

instrument contains information on local level infrastructure, basic public goods, precipitation 

and percentage of agricultural land10 that could potentially affect the agricultural production and 

productivity.  

  

4.2. Description of key variables in the data  

                                                            
8As a robustness check, we also estimate the same without selection terms using both random effects and fixed 

effects estimators. The results are consistent with our reported estimates and are available on request from the 

authors.  

9The LSMS-ISA data are publicly available at the World Bank website. 

10The share of agricultural land in the community within 1 km buffer is calculated based on the proportion of rainfed 

croplands, mosaic crop land and vegetation, closed and open broadleaved deciduous forest and woodland etc. from 

the total area of the community.  

file:///C:/Users/mamare.PEP/AppData/Local/Temp/(http:/econ.worldbank.org/WBSITE/EXTERNAL/EXTDEC/EXTRESEARCH/EXTLSMS/0,,contentMDK:23512006~pagePK:64168445~piPK:64168309~theSitePK:3358997,00.html)
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In this section, we present descriptive statistics for selected variables used in the analysis.  Non-

farm income is computed from both non-farm wage and non-farm self-employment11. To 

examine the impact of non-farm employment on agricultural intensification, we measure 

agricultural intensification in different ways: (i) adoption of a single farm technology such as 

fertilizer usage acre planted, the share of area under improved seed, the share of area under soil 

and water management practice (SWMP), and the cost of hired labor per acre; and (ii) the share 

of farm land which has benefited from joint use of fertilizer, improved seed, and enhanced 

SWMP.  We measure agricultural productivity as the total value of crop output per acre and the 

quantity harvested per acre for crops widely grown (harvested maize, beans, bananas and sweet 

potatoes per acre s under respective crops).  

Using a balanced sample of 1846 households12 for the three rounds of panel data in 

Uganda, Table 1 reports mean values for farm size, farm technology adoption variables, and 

agricultural productivity indicators. The average farm size is about 4.47 acres. As in other SSA 

countries, famers in Uganda have low levels of agricultural technology adoption. For example, 

the average fertilizer usage per acre 13  is about 2.75 kg for the total sample. Similarly, the results 

show that the farm technology intensity increases over years, whereas joint use of multiple 

improved farm technologies is minimal, particularly, the area under joint use of all the three 

technological inputs is very small. On average, agricultural productivity decreases from 2009 to 

                                                            
11We define non-farm income as income earned from non-farm wage employment and self-employment. 

Remittances can be interpreted either as an income transfer or as an economic return to households from allocating 

their time to migrant labor markets. Our findings do not change substantively if migrant remittances are omitted 

from off-farm income.  

12As the main objective of this paper is to explore the links between non-farm income and agriculture, only 

households who have harvested some crops for all years were retained. This procedure resulted in a balanced panel 

of 1846 households in three years.  

13The average inorganic fertilizer usage for those who apply some fertilizer is about 72 kg per acre.    
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2010, and then increases from 2010 to 2011. All productivity indicators are higher in 2011 

compared to 2009 and 2010.  

The average annual sources of income14 per capita for the three survey years are reported 

in Table 2. Annual income per capita increases from 936 (in thousand UShs) in 2009 to 1264 in 

2011. Non-farm income increases by about 3.5 times over the 2009–2011 period (i.e., from 103 

in 2009 to 348 in 2011).  In the same period, the share of non-farm income increases from 0.11 

to 0.28 for sampled households. On the other hand, the share of crop income decreases over the 

period of 2009-2011.  

Table 3 reports the income shares for pooled households by income quintile. The 

importance of both crop and non-farm income increases as income increases. The share of non-

farm income is 0.12 (poorest income quintile) and 0.23 (top income quintile), while 

corresponding figures for the share of household crop income are 0.46 and 0.67. Table 3 clearly 

shows that the poorest households in rural Uganda are more reliant on income diversification, 

compared with households in upper income quartiles.    

Table 4 presents average figures across the three survey years for a range of variables. 

Summary statistics are reported for the full sample, households with non-farm income (about 

52% of the sample), and households without non-farm income. Households with positive non-

farm income have significantly lower income from crops but higher total income, compared with 

households without non-farm income. Households with non-farm income have higher levels of 

physical assets, own more livestock, and have larger farm size. Households with non-farm 

income also tend to be better educated and have greater labor endowments. Table 4 also indicates 

statistically significant differences in agricultural intensification and productivity indicators 

                                                            
14To make some comparisons across time possible, we report real values adjusted using the national consumer price 

index with 2005/06 as the base period. 
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between households with and without non-farm employment. For example, the cost of hired 

labor and the share of area under SWMP are significantly higher for households with non-farm 

income. Households with non-farm income seem to use less fertilizer and family labor per acre 

than households without nonfarm income. However, there is no significant difference between 

households with and without farm income for improved seed intensification or joint farm 

technology adoption. The data also suggests that households with non-farm income have 

significantly lower agricultural productivity, as measured by total value of farm harvest per acre 

and maize productivity per acre. The descriptive analysis also indicates that households with 

non-farm income reside in communities with better access to major roads and are less likely to 

live in rural areas.  

 

5. Econometric results  

In the previous section, we provided a general overview of the non-farm income, agricultural 

intensification and productivity condition in Uganda. In this section, econometric analysis of 

panel data is used to assess the determinants of non-farm income and examine the potential 

effect of non-farm income on agricultural intensification and productivity. 

  

5.1. Determinants of households’ non-farm income  

Table 5 presents the results of the determinants of non-farm income using random effects tobit15 

and panel hurdle models16. The two econometric models provide similar estimates, both in terms 

                                                            
15 To control for heteroscedasticity, the estimation was done using bootstrapped standard errors. But the coefficients 

in the random effects tobit model did not change much in the significance level.  

16The panel-hurdle model used here relaxes the assumption that there is no correlation between the error terms in the 

two hurdles. Estimation of the panel-hurdle model is achieved using maximum likelihood techniques. For a fuller 

discussion of the methodology including the likelihood function, see Engel and Moffatt (2014).  



16 

 

of sign and magnitude, for most variables. It is also reassuring that most of the variables in the 

model have the hypothesized signs based on economic theory or previous empirical work. The 

discussion of the empirical results will henceforth focus on the random effects tobit model. The 

bottom of Table 5 reports panel-level and individual standard deviations (labeled 𝛿𝜃 and 𝛿𝜆, 

respectively), rho (the percent contribution to the total variance of the panel-level variance 

component), and the likelihood ratio test. Rho is significantly different from zero, indicating that 

unobserved heterogeneity is important in this regression. Moreover, the log likelihood ratio test 

rejected the pooled tobit in favor of the random effects tobit at 1% significance level (p-value = 

0.001).  

The random effects tobit results show that households with more adult labor earn higher 

non-farm income than households with fewer adults (Table 5). Non-farm income also seems to 

be negatively associated with the age of the household head, suggesting that younger families 

engage more in off-farm activates, other things equal. Consistent with expectations, education of 

the household head and average education of household members are positively associated with 

non-farm employment. The significant contribution of family education in shaping employment 

outcomes is consistent with previous empirical evidence (e.g., Jonasson and Helfand (2010) in 

Brazil; Matsumoto et al (2006) in Ethiopia, Kenya, and Uganda). The agricultural shocks 

variable is also significant, and may suggest that farmers use non-farm employment to cope with 

agricultural shocks. We find a positive and significant relationship between the level of 

household assets and non-farm income, which may indicate entry barriers into non-farm 

employment, especially remunerative non-farm activities. Other studies similarly find that 

farmers with relatively low start-up capital are less able to engage in higher-return activities, 
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including  non-farm employment, as these activities often require substantial working capital for 

participation and continued competitiveness (Bezu et al., 2012; Barrett et al., 2005). 

Results for the community variables indicate a positive association between non-farm 

income and residence in communities with better access to main roads and financial institutions. 

These findings are similar to Jonasson and Helfand (2010) who show that access to quality 

(paved) roadways is associated with higher non-farm employment labor hours. Results in Table 5 

also reveal that households in communities with higher precipitation during the main planting 

season have significantly lower non-farm income. It is highly plausible that households living in 

vulnerable areas, such as those prone to drought, may diversify into non-farm employment as a 

coping strategy. Also, households who live in communities with higher agriculture potential tend 

to earn less non-farm income. This is logical given that relative returns to labor in such areas can 

be high in agriculture than in non-farm employment although this may change as income grows 

and access to markets and urban areas increases.  

 

5.2. The impact of non-farm income on agriculture intensification  

Table 6 reports results for the effect of non-farm income on agricultural intensification. To 

address potential endogeneity of non-farm income to agricultural intensification, we include as 

explanatory variables two selection terms, computed via numerical integration from the random 

effects tobit model results (Table 5). As the decision to not participate in non-farm employment 

corresponds to a zero value for non-farm income, the inclusion of the selection terms also 

accounts for potential selection bias from estimating over the sub-sample of non-farm income 

earners. As shown at the bottom of Table 6, the selection terms  (πit and π̅𝑖)  are statistically 

significant for several measures of agricultural intensification, indicative of the presence of 
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selection bias. The p-values for joint significance of the selection terms suggests that non-farm 

income is endogenous to agricultural intensification.17 

Results for the association between non-farm income and seven measures of agricultural 

input intensity are reported in columns 1 to 7, at the top of Table 6.The empirical results indicate 

no significant impact of non-farm income for several measures of input intensity: fertilizer use 

intensity, area under SWMPs, and plot-level adoption of multiple farm technologies. These 

findings may indicate that non-farm activities divert time and effort away from agricultural 

activities, reducing investment in technologies, and having subsequent implications on 

agricultural productivity. However, the positive effect of non-farm income on improved seed 

intensity and cost of hired labor suggests that households that engage in non-farm employment 

need to hire labor to undertake timely farm practices and some of the non-farm income is used to 

finance purchase of improved seeds. The results also show that non-farm employment reduces 

family labor use in farming and indicates a substitution between farm and non-farm employment 

as well as an income effect. This is in line with previous studies, such as Pfeiffer et al. (2009) 

who find that off-farm employment has a negative effect on the use of family labor on the farm.  

Turning now to other explanatory variables reported in Table 6, the results generally 

indicate positive and significant associations between agricultural intensification and the 

following variables: livestock, soil quality, frequency of contact with extension agents and 

precipitation. These results generally conform to prior expectations. For example, the positive 

effect of access to extension service reaffirms the key role of extension in helping farmers 

overcome barriers to information regarding new technologies. In general, the following are found 

to negatively correlate with agricultural intensification: farm size and remoteness (as measured 

                                                            
 



19 

 

by distance to extension office, roads, and markets). Controlling for other factors, there is an 

inverse relationship between farm size and agricultural intensification, which is consistent with 

extensive empirical literature. The inverse land size-intensification relation has been mostly 

explained by market failures (Barrett, 1996, Carletto et al., 2013). Furthermore, joint use of farm 

technologies (Column 6 &7) show  that  for both  seed and fertilizer joint use or for integrated  

use of these farm inputs with sustainability enhancing SWMP, wealth  and community 

characteristics  are most important  while integrated use and joint adoption is very limited. There 

seem to be negatively correlated with farm size, distance to markets and extension and positively 

correlated with livestock assets and good precipitation. Demographic shocks also seem to reduce 

joint adoption.  

 

5.3. The impact of non-farm income on agricultural productivity 

The previous section has shown that non-farm income has different impacts, depending on the 

definition of agricultural intensification. This section explores the association between non-farm 

income and agricultural productivity. As above, we correct for endogeneity and sample selection 

bias through the inclusion of selection terms calculated with estimates from the non-farm income 

model. Results are reported in Table 7. Both selection terms, individually and jointly, are 

statistically significant indicating the presence of two forms of endogeneity due to time-invariant 

and time variant unobservable. The t-statistics significance tests on the selection terms indicates 

the presence of selection bias.   

The empirical results indicate that non-farm employment reduces agricultural 

productivity, although the estimated effects for banana and sweet potato productivity are not 

statistically significant. There are a few highly plausible explanations for these findings. First, 
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non-farm employment competes for family labor, and hence reduces the labor available for 

undertaking important farm activities. Second, in incomplete labor market settings, farmers may 

not be able to easily substitute family labor allocated to non-farm activities without incurring 

large transaction costs in implementing specific farm operations. Third, in the presence of 

imperfect labor markets individuals working on their family farm may be more productive than 

hired workers coming from outside the household. Several empirical studies have found that 

increased reliance of farm households on non-farm income results in less time devoted to farm 

management and less efficient farming (e.g., Holden et al., 2004; Goodwin and Mishra, 2004; 

Pfeiffer, et al., 2009).  

Looking at the other covariates in Table 7, the results generally indicate positive and 

significant associations between staple crops’ productivity and the following variables: 

household size, average household member education, assets, soil quality and frequency of 

contact with extension agents, fertilizer use, improved seed use, hired labour use, and 

precipitation. In general, the following are found to negatively correlate with agricultural 

productivity: agricultural and demographic shocks and remoteness (as measured by distance to 

extension office, roads, and markets). These results generally conform to prior expectations.  

 

6. Conclusions  

Whereas significant research has been done on the relationship between non-farm employment 

and input use and family labor on the farm, limited evidence is available on how non-farm 

employment affects agricultural intensification and productivity change. Using nationally 

representative panel data for Uganda, we assess whether synergies or tradeoffs are more likely 

for agricultural intensification and productivity, when farm households diversify into non-farm 
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employment. We address three important policy questions in the process of testing these 

relationships. First, what are the main determinants of household participation in non-farm 

employment?  Second, how does the opportunity to earn income from non-farm employment 

affect agricultural intensification and productivity? Third, what are the main determinants of 

farm technology intensification in terms of joint use of key inputs (fertilizer, seeds and SWMP)?  

To address selection bias in the context of censored data, we estimate the determinants of 

non-farm income using both random effects tobit and panel-hurdle models. The regression 

results show that household non-farm employment increases with human capital (e.g., adult 

members and education), household assets (non-land assets), and access to local public goods 

(e.g., roads and banks). These results suggest that resource-poor farmers may face significant 

entry barriers in leveraging non-farm opportunities, because of limited human and physical 

capital (e.g., Jonasson and Helfand, 2010; Matsumoto et al., 2006; Bezu et al., 2012; Barrett et 

al., 2005). Findings also reveal that households have higher non-farm income if the household 

recently experienced an agricultural shock and resides in a community with relatively low 

precipitation. This suggests the value of non-farm income in smoothing consumption and 

enhancing resilience in the event of external shocks and the value of access to local public goods 

such as roads and markets in improving non-farm employment opportunities for poor 

households, which could also contribute to absorbing seasonal surplus farm labor.  

In order to account for unobserved heterogeneity and the potential simultaneity between 

agricultural production and non-farm income, we use two-step estimation methods for panel data 

models (Vella and Verbeek, 1999). The results show that non-farm income increases the amount 

of improved seed usage and the intensity of hired labor, but it decreases family labor use in 

farming activities. We found no significant evidence of farm intensification using inorganic 
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fertilizers, sustainable agricultural practices and joint use of farm technology. The positive effect 

of non-farm employment on improved seed intensity and hired labor indicates that non-farm 

income could provide the means to undertake timely farm operations and to finance investments 

in use of modern seeds. The negative effect of non-farm employment on farm level family labor 

use however indicates a substitution between farm and non-farm employment as well as a 

potential negative income effect of non-farm employment on labor use in agriculture.  

Our analysis also suggests that rural non-farm employment can reduce agricultural 

productivity. There are three possible reasons for this finding: First, under the incomplete market 

settings, farmers may not be able to easily replace family labor allocated to non-farm activities 

without incurring high transaction costs in implementing specific farm operations. Second, non-

farm employment and specialization into non-farm activities may undermine the incentives for 

investing in farm intensification practices that improve agricultural productivity (i.e., negative 

income effect). Third, in the presence of imperfect labor markets individuals working on their 

family farm may be more productive than hired workers coming from outside the household.  

The negative effect of non-farm employment on agricultural intensification and 

productivity change is somewhat troubling and requires policies to stimulate synergies and 

reduce tradeoffs in support of agricultural transformation in Africa. At the initial stages, non-

farm employment is particularly important in areas of high density and low agricultural potential, 

but also in land-constrained areas with high agricultural potential to absorb the surplus labor 

associated with productivity growth. For non-farm employment to have positive outcomes on the 

rural economy, movement of surplus labor out of agriculture or employment in the non-farm 

sector should not lead to declining agricultural productivity. This indicates that targeted policies 

are required to reduce these potential tradeoffs between non-farm employment and agricultural 
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intensification and productivity change so that some of the income from non-farm sources can be 

re-invested in farm productivity-enhancing innovations. This may require additional analysis to 

understand the constraints to invest in agriculture and the kinds of policies that would foster use 

of non-farm income to improve farm productivity and modernization of smallholder agriculture. 

The complementarity between non-farm employment and agricultural productivity may however 

be enhanced through better functioning labor markets to substitute family workers engaged in 

non-farm activities and improved access to productivity-enhancing inputs such as fertilizer and 

improved seeds, which are underutilized in Uganda.   
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Table 1: Farm technology intensity and agricultural productivity    
   Year 

 N Average  2009 2010 2011 

      

Farm size (acre) 5538 4.47 4.90 4.30 4.22 

Inorganic fertilizer (kg/acre) 5538 2.75 3.9 1.94 2.4 

Organic fertilizer (kg/acre) 5538 104.2 83.01 74.30 74.64 

Share of area under improved seed  5538 0.17 0.08 0.06 0.38 

Share of area under SWMP  5538 0.31 0.34 0.24 0.36 

Share of area under fertilizer & improved seed  5538 0.02 0.02 0.01 0.01 

Share of area under fertilizer, improved seed & SWMP  5538 0.01 0.01 0.01 0.01 

Cost of hired labor (1000 Ugandan shillings) /acre  5538 15.66 16.7 15.22 15 

Family labor use (person days own labor) /acre  5538 160.78 172.56 157.12 152.68 

Productivity indicators      

Total value of  harvest  (1000 USh) /acre  5538 2276 2448 1315 3066 

Total maize harvest (kg/acre) 3694 486 414 360 684 

Total bean harvest (kg/acre)  3732 195 124 139 322 

Total bananas harvest (kg/acre) 2613 1351 1224 994 1836 

Total sweet potatoes harvest (kg/acre) 2950 956 768 774 1626 

Source: Based on LSMS-ISA surveys in Uganda.  

 

Table 2: Per capita income (in thousands) by income sourcea 
  Year 

Income sources  Average 

(N=5538) 

2009 

 (N= 1846) 

2010 

 (N= 1846) 

2011 

 (N= 1846) 

Value  Share  Value Share  Value Share  Value share  

Income from crops  646 0.65 687 0.73 480 0.60 770 0.61 

Income from livestock  46 0.05 49 0.05 49 0.06 43 0.03 

Income from non-farm  202 0.20 103 0.11 154 0.19 348 0.28 

Income from remittances  53 0.05 47 0.05 56 0.07 56 0.04 

Income from other sources   52 0.05 50 0.05 59 0.07 48 0.04 

Total household income  999  936  797  1264  

Source: Same as in Table 1  

Note: Other sources of income include income from property income, current transfers and other benefits.  

           a Income values are adjusted using the national consumer price index with 2005/06 as a base 

period.      
 

Table 3: Income shares by income quintile (N=5538) 
Sources Poorest quintile 2nd quintile 3rd quintile 4th quintile 5th quintile 

Crops 0.46 0.53 0.59 0.60 0.67 

Livestock  0.11 0.10 0.08 0.08 0.03 

Nonfarm 0.12 0.12 0.13 0.15 0.23 

Remittance  0.18 0.14 0.11 0.09 0.03 

Other sources 0.13 0.11 0.09 0.09 0.04 

Source: Same as in Table 1.  

Note: Households are pooled across the survey years for descriptive statistics in this table.  
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Table 4: Key characteristics of sample households by non-farm income status  
Variable  Description  Total 

sample  

HHs with 

non-farm inc. 

HHs without 

non-farm inc.  

(N=5538) (N= 2874) (N= 2664) 

Income source per capita (1000 USh)     

Crops income  Income from crop  646 588 710*** 

Livestock income  Income from livestock  46 58 34* 

Nonfarm income  Income from non-farm  202 389 - 

Rem income  Income from remittances  53 61 79* 

Other income    Income from other sources   52 66 44* 

Total income  Total household income  999 1162 826*** 

Nonfarm inc. share Ratio non-farm income to total income 0.20 0.34 - 

Crop inc. share  crop income to total income share 0.65 0.51 0.86 

Wealth indicators     

Livestock  Livestock (measured in tropical livestock unit, TLU) 1.95 2.15 1.74** 

Total asset  Value of total assets (USh) per capita 1386 1564 1194** 

Farm size  Land holdings (acres) 4.47 4.90 4.02** 

Poor soil share of land with poor soils    0.03 0.02 0.03 

Fair  soil share of land with fair soils    0.21 0.19 0.24** 

Good soil share of land with good soils    0.47 0.52 0.41* 

Irrigated  share of land irrigated 0.01 0.01 0.01 

Household  characteristics    

Family size Number of household members  6.65 7.00 6.26* 

Dependent  Number of dependents (age <=14 and > 65) 3.72 3.82 3.60 

Mean education Average years of schooling of household members  6.70 7.61 5.73*** 

Educ. HH head  Years of schooling of household head 2.07 2.32 1.79** 

Age HH head Age of the household head  47.86 46.06 49.81* 

Gender HH head  Gender of the HH head (male=1) 0.71 0.74 0.67* 

Agri. shocks   HH experienced agricultural shocks: drought and pests (yes=1) 0.44 0.46 0.43 

Demog. shocks  HH experienced  demographic shocks (illness & death) (yes=1) 0.12 0.12 0.11 

Ext service  HH gets extension service (yes=1) 0.09 0.11 0.07 

Cont extension   Frequency of contact with extension agents 0.46 0.47 0.44 

Agricultural intensification    

Inorg fert.  Inorganic fertilizer /acre   2.33 0.64 4.12** 

Org fert. Organic fertilizer /acre  104.2 107.91 101.83 

Imp seed  Share of area under improved seed  0.17 0.20 0.16 

SWMP  Share of area under SWMP  0.31 0.36 0.16** 

Fert & imp seed Share of area under fertilizer & improved seed  0.02 0.02 0.01 

Key inputs   Share of area under fertilizer, improved seed & SWMP  0.01 0.01 0.01 

Hired labor  Cost of hired labor (1000 USh) /acre  15.66 18.50 12.66** 

Family  labor Family labor use (person days own labor) /acre  160.78 153.03 168.10* 

Productivity indicators     

Val harv.   Total value of  harvest (1000 USh) /acre  1311 2053 2518** 

Maize    Total maize harvest (kg/acre) 325 319 333* 

Beans   Total bean harvest (kg/acre) 134 131 138 

Bananas   Total bananas harvest (kg/acre) 639 648 629 

Sweet potatoes  Total sweet potatoes harvest (kg/acre) 610 617 602 

Community characteristics    

Precipitation  Precipitation during wettest quarter (mm) 453 450 456 

Percent agric. Percent agriculture land within approx 1 km buffer 45 44 46 

Dis bank  Distance to the nearest bank (km) 47.04 47.05 47.02 

Dis ext office  Distance to the extension office(km) 16.30 16.53 16.06 

Dis market   Distance to the main market (km) 32.72 32.97 32.45 

Dis road Distance to the main road (km)  8.10 7.59 8.65* 

Rural  Rural community(Yes=1) 0.89 0.86 0.94** 

Source: Same as in Table 1.  

Note:  Households are pooled across the survey years for computing descriptive statistics. 

           The significance tests between households with and without nonfarm income are the t-tests for 

continuous variables and the Pearson chi2 test for categorical variables. Standard deviations in 

parentheses. *** p<0.01. ** p<0.05. * p<0.10. 
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Table 5: Random effects tobit and panel-hurdle model estimates of household non-farm 

income (dep. var =log of non-farm income) 
Variables  Random Effects Tobit Panel-Hurdle Model 

coef/se coef/se 

Household characteristics   

Adult labor 1.276*** 1.583*** 

 (0.175) (0.079) 

Dependents   -0.036 -0.325*** 

 (0.134) (0.061) 

Age HH head  -1.133*** -1.494*** 

 (0.203) (0.094) 

Male headed   0.222 0.051 

 (0.165) (0.069) 

Educ. HH head  0.262*** 0.223*** 

 (0.074) (0.032) 

Mean Education   0.665*** 0.787*** 

 (0.086) (0.042) 

Ratio input cost to output    0.004* 0.003* 

 (0.003) (0.002) 

Agric. shocks   0.268** 0.398*** 

 (0.123) (0.062) 

Demo. shocks   0.093 0.243*** 

 (0.176) (0.091) 

Wealth indicators    

Ln farm size per cap 

 

-0.076 -0.153* 

(0.162) (0.082) 

Livestock   0.075 0.226*** 

(0.092) (0.046) 

Ln asset per cap   0.112*** 0.093*** 

(0.029) (0.015) 

Community variables   

Ln dist. Road -0.466*** -0.566*** 

 (0.089) (0.097) 

Ln dist. market  0.003 0.003 

 (0.108) (0.108) 

Ln dist. bank  -0.066** -0.166** 

 (0.032) (0.045) 

Precipitation  -0.003*** -0.015*** 

 (0.001) (0.000) 

Percent agric. land   -0.012*** -0.112*** 

 (0.004) (0.001) 

Rural -1.309*** -1.709*** 

 (0.260) (0.061) 

Cons  3.921*** 1.968*** 

 (1.130) (0.419) 

𝛿𝜃  2.545*** 1.294*** 

(0.079) (0.036) 

𝛿𝜆  2.887*** 4.072*** 

 (0.050) (0.029) 

rho 0.437***  

 (0.017)  

Likelihood-ratio test of 𝛿𝜃(chibar) 629.65*** 

(0.001) 

 

Transformed rho  0.013 

  (0.633) 

N 5,538 5,538 

Source: Same as in Table 1. 

Note: The regression included a dummy for year and sub-counties. *** p<0.01. ** p<0.05. * p<0.10. 
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Table 6: Effect of non-farm income on agricultural intensification: sample selection 

estimation 
  Dependent variables   

 Ln fert 

(kg/acre)   

(1) 

Area  

under imp 

seed (2) 

Area  under 

SWMP 

(3) 

Ln cost of 

hired labor 

/acre (4) 

Ln person 

days /acre  

(5) 

Area under  

fert & imp 

seed (6) 

All key 

inputs (7) 

Ln non-farm income -0.001 0.004** 0.004 0.220*** -0.031*** 0.000 0.000 

 (0.002) (0.002) (0.004) (0.029) (0.008) (0.000) (0.000) 

HH Characteristics        

HH size -0.006 -0.018 0.111*** 0.560** -0.157** -0.003 -0.003 

 (0.022) (0.015) (0.039) (0.236) (0.064) (0.003) (0.003) 

Adults 0.002 -0.024 -0.000 -0.959*** 0.373*** 0.002 0.000 

 (0.024) (0.017) (0.058) (0.293) (0.081) (0.004) (0.004) 

Age HH head -0.048** -0.009 0.023 -0.430* 0.153** 0.004* 0.004* 

 (0.019) (0.020) (0.047) (0.235) (0.062) (0.002) (0.002) 

Male-headed 0.034*** 0.006 0.058* -0.510*** 0.041 0.002 0.002 

 (0.013) (0.009) (0.024) (0.179) (0.047) (0.002) (0.001) 

Educ. HH head 0.000 0.005* -0.015 0.165* -0.059** 0.001 0.001 

 (0.008) (0.004) (0.017) (0.086) (0.026) (0.001) (0.001) 

Mean education  0.001 -0.003 0.012 0.058 -0.004 -0.000 -0.001 

 (0.008) (0.009) (0.020) (0.126) (0.038) (0.001) (0.001) 

Agri. shocks   0.008 0.017* -0.007 -0.250* -0.061 -0.000 -0.001 

 (0.013) (0.009) (0.016) (0.136) (0.037) (0.001) (0.002) 

Demo. Shocks -0.012 0.009 0.012 0.321 0.029 -0.002* -0.002* 

 (0.019) (0.012) (0.034) (0.196) (0.055) (0.001) (0.001) 

Wealth indicators         

Ln farm size per capita -0.009 -0.044*** 0.357*** 1.861*** -1.377*** -0.006** -0.006*** 

 (0.018) (0.012) (0.131) (0.199) (0.082) (0.002) (0.002) 

Livestock  0.033*** 0.022*** 0.051 0.990*** -0.101*** 0.005*** 0.004** 

 (0.010) (0.007) (0.040) (0.098) (0.029) (0.002) (0.002) 

Ln assets per capita 0.002 -0.000 0.005 0.181*** -0.040*** 0.000 0.000 

 (0.002) (0.002) (0.005) (0.037) (0.010) (0.000) (0.000) 

Soil quality and extension services      

Soil good -0.002* 0.003 0.090 -0.099*** 0.080*** -0.000 0.000 

 (0.001) (0.002) (0.066) (0.020) (0.028) (0.000) (0.000) 

Soil fair -0.001 0.002 0.092 -0.150*** 0.091*** -0.000 -0.000 

 (0.002) (0.003) (0.104) (0.034) (0.023) (0.000) (0.000) 

Soil poor -0.011 -0.013 0.129 -0.437 0.318*** -0.001 -0.000 

 (0.014) (0.012) (0.134) (0.323) (0.093) (0.001) (0.001) 

Ext information  -0.006 -0.003 -0.043 0.775*** -0.101 0.001 0.001 

 (0.030) (0.006) (0.034) (0.220) (0.067) (0.002) (0.001) 

Ln contact extension 0.054*** 0.018*** 0.040* 0.241 0.027 0.001 -0.001 

 (0.019) (0.004) (0.029) (0.137) (0.047) (0.001) (0.001) 

Community characteristics       

Ln dis extension office 0.001 -0.021*** -0.009 -0.113*** 0.001 -0.001*** -0.001*** 

 (0.002) (0.004) (0.006) (0.038) (0.010) (0.000) (0.000) 

Ln dis road 0.004 -0.020*** 0.008 0.247** 0.002 -0.000 -0.001 

 (0.011) (0.007) (0.022) (0.113) (0.031) (0.002) (0.002) 

Ln dis market  0.005 0.010 -0.010 0.148 -0.105*** -0.002** -0.002** 

 (0.006) (0.007) (0.016) (0.108) (0.030) (0.001) (0.001) 

Precipitation  0.001*** 0.001*** -0.000* 0.004*** -0.001*** 0.001*** 0.001*** 

 (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (0.000) 

Percent agriculture  -0.000 -0.001*** 0.000 -0.001 0.003*** -0.000 -0.000 

 (0.000) (0.000) (0.001) (0.004) (0.001) (0.000) (0.000) 

Rural  -0.026 0.022 -0.097 0.643* -0.034 0.003 0.005 

 (0.030) (0.023) (0.060) (0.330) (0.094) (0.005) (0.004) 

Selection terms        

πit 0.014 0.011 -0.075* 0.552** -0.116* 0.003 0.002 

 (0.021) (0.017) (0.044) (0.230) (0.066) (0.003) (0.003) 

π̅𝑖  -0.027** 0.002 -0.022 0.887*** -0.080** 0.003** 0.003* 
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 (0.013) (0.010) (0.020) (0.133) (0.040) (0.001) (0.001) 

Cons  0.037 0.020 -0.148 -1.195 4.650*** -0.034*** -0.030*** 

 (0.105) (0.087) (0.184) (1.235) (0.341) (0.011) (0.010) 

N 5,538 5,538 5,538 5,538 5,538 5,538 5,538 

Adjusted R2 0.118 0.120 0.191 0.218 0.297 0.114 0.112 

Ho: Both selection terms zero: (𝜒2) p 

value 

 

0059 

 

0.559 

 

0.018 

 

0.019 

 

0.009 

 

0.059 

 

0.049 

Source: Same as in Table 1.   

Note: The regression included a dummy for year and sub-counties. Standard errors in parenthesis are 

adjusted for two step estimation and are robust to heteroskedasticity and autocorrelation. 
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Table 7: Effect of non-farm income and agricultural productivity: sample selection   

estimation  
Dependent variables 

 Ln total value of 

harvest /acre  (1) 

Ln maize 

yield /acre  

(2) 

Ln beans 

yield /acre  

(3) 

Ln banana 

yield /acre  

(4) 

Ln sweet 

potato  yield 

/acre (5) 
Ln non-farm income -0.117*** -0.075*** -0.056*** -0.014 -0.022 

 (0.016) (0.018) (0.015) (0.021) (0.021) 

HH Characteristics      

HH size -0.330** 0.546*** 0.208* 0.502*** 0.629*** 

 (0.138) (0.141) (0.113) (0.155) (0.162) 

Age HH head -0.148 -0.033 -0.129 0.699*** 0.466** 

 (0.129) (0.140) (0.120) (0.178) (0.183) 

Male-headed 0.115 0.192* -0.048 -0.000 -0.315** 

 (0.110) (0.109) (0.093) (0.128) (0.125) 

Educ. HH head -0.038 0.049 -0.020 0.062 -0.068 

 (0.048) (0.054) (0.044) (0.057) (0.068) 

Mean educ. 0.386*** 0.140* 0.201*** 0.400*** 0.178* 

 (0.102) (0.076) (0.063) (0.089) (0.091) 

Agri. shocks   -0.495*** -0.143* -0.573*** -0.704*** 0.088 

 (0.078) (0.087) (0.075) (0.094) (0.101) 

Demog. shocks -0.144 -0.311** -0.365*** -0.521*** 0.086 

 (0.128) (0.131) (0.110) (0.131) (0.144) 

Wealth indicators       

Ln farm size per capita -0.860*** 0.357** 0.160 -0.099 0.537*** 

 (0.118) (0.140) (0.110) (0.137) (0.161) 

Livestock  -0.025 -0.108 -0.131** -0.157** -0.144* 

 (0.063) (0.068) (0.057) (0.073) (0.082) 

Ln assets per capita 0.121*** 0.016 0.038** 0.190*** 0.011 

 (0.025) (0.022) (0.016) (0.028) (0.024) 

Soil quality and extension services     

Soil good 0.038** 0.082*** 0.049*** 0.029 0.073*** 

 (0.017) (0.027) (0.015) (0.018) (0.024) 

Soil fair 0.039*** -0.091** -0.018 -0.088* -0.054*** 

 (0.012) (0.040) (0.027) (0.051) (0.020) 

Soil poor 0.271* -0.475** -0.107 -0.215 -0.474** 

 (0.155) (0.222) (0.152) (0.185) (0.186) 

Ext information  0.036 0.081 0.212* -0.381*** -0.353** 

 (0.155) (0.142) (0.117) (0.128) (0.171) 

Ln contact extension  0.192** 0.130 0.068 0.384*** 0.217** 

 (0.082) (0.092) (0.071) (0.091) (0.102) 

Farm technology       

Fertilizer  0.223*** 0.326*** 0.271*** 0.452*** -0.141 

 (0.060) (0.089) (0.067) (0.110) (0.113) 

Imp seed 0.026 0.406*** -0.108 -0.785*** -0.863*** 

 (0.086) (0.123) (0.120) (0.129) (0.123) 

SWMP 0.110*** -0.007 0.025 0.095* -0.007 

 (0.026) (0.059) (0.034) (0.058) (0.062) 

Irrigated  0.042 0.035 -0.087 0.205*** -0.328*** 

 (0.086) (0.195) (0.143) (0.069) (0.127) 

Hired  labor 0.041*** 0.019** 0.017** -0.011 0.008 

 (0.009) (0.009) (0.008) (0.011) (0.011) 

Community characteristics      

Ln dis extension office 0.017 0.047* -0.097*** -0.109*** 0.113*** 

 (0.020) (0.025) (0.020) (0.027) (0.031) 

Ln dis road -0.377*** -0.180*** -0.279*** -0.428*** -0.387*** 

 (0.069) (0.068) (0.058) (0.077) (0.080) 

Ln dis market  0.014 0.174*** -0.203*** -0.206** -0.161** 

 (0.075) (0.067) (0.058) (0.081) (0.081) 

Precipitation  0.006*** 0.003*** -0.005*** -0.014*** 0.005*** 
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 (0.001) (0.001) (0.001) (0.001) (0.001) 

Percent agriculture  0.030*** 0.003 0.030*** 0.055*** 0.018*** 

 (0.003) (0.003) (0.002) (0.003) (0.003) 

Rural  0.684*** 0.429** 0.389** 0.565** 0.556** 

 (0.186) (0.198) (0.170) (0.231) (0.229) 

Selection terms      

πit 0.507*** -0.084 0.242** 0.717*** -0.383** 

 (0.166) (0.134) (0.104) (0.161) (0.157) 

π̅𝑖  0.578*** 0.185** 0.251*** 0.409*** 0.165* 

 (0.087) (0.083) (0.067) (0.089) (0.099) 

Cons  5.268*** -1.310* 3.285*** -0.295 -4.197*** 

 (0.881) (0.776) (0.668) (0.983) (0.933) 

N 5,538 5,538 5,538 5,538 5,538 

Adjusted R2 0.296 0.175 0.179 0.374 0.170 

Ho: Both selection terms 

zero:(𝜒2) p value 0.009 

0.0

59 

0.0

09 

0.

009 

0.00

6 

Source: Same as in Table 1.   

Note: The regression included a dummy for year and sub-counties. Standard errors in parenthesis are 

adjusted for two step estimation and are robust to heteroskedasticity and autocorrelation. 
 

 

 

  




