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Tobit and Double-hurdle Models in rural Ethiopia for a panel of 1306 households from the
recent two rounds over the period 2004–2009 of the Ethiopian Rural Household Survey
(ERHS). The results suggest that many of the variables that determine non-farm
diversification–education, household size, consumption, and asset holdings– reflect that nonfarm diversification is pursued by wealthier households. This situation in turn may reflect the
existence of entry-barriers and poverty traps, which call for specific policy measures that
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credit, infrastructure and increasing public investment in social services, mainly education
and employment.

Keywords: Non-farm income diversification, risk minimization, accumulation, rural Ethiopia
JEL codes: Q12 J24 R20 D19 C26

*Assistant Professor, the Centre for African and Oriental Studies, Addis Ababa University, P.O. Box: 1176 or
150302 Addis Ababa, Ethiopia. E- mail: zerihun.berhane@aau.edu.et

1|P a g e

Rural Non-farm Diversification in Ethiopia

Zerihun B. Weldegebriel

1. Introduction

Diversification involves the maintenance and continuous alteration of a highly-varied range
of activities and occupations to minimize household income variability, reduce the adverse
impacts of seasonality and provide employment / additional income (Ellis, 2000; Barrett et
al., 2001; Lanjouw and Lanjouw, 2001; Davis and Bezemer, 2004; Matsumoto et al., 2006;
Haggblade et al., 2010). Despite such benefits, diversification can also have negative sides
depending on the motivation behind it (Hart, 1994). For instance, certain types of
diversification may provide short-term security but trap households in low-return activities
that make poverty persistent (such as poorly-paid piecework that leads to the neglect of farm
production) or can degrade the natural-resource base (such as unsustainable charcoal
production) (Barrett, Reardon, and Webb, 2001; Ellis and Freeman, 2004). Therefore, there is
an important conceptual distinction among two types of diversification: off-farm and nonfarm strategies (see also Weldegebriel and Prowse, 2013).

Activities of the non-farm economy are usually categorized into three major sectors: trade,
manufacturing and service. This paper follows Ellis (2000) and categorizes activities not
directly related to agricultural production as non-farm, including non-agricultural wage or
salaried employment and self-employment, rent income, transfers, and remittances. It
excludes agricultural wage or exchange labour and natural resource extraction (mainly
charcoal making) as off-farm income. The focus of this paper is on non-farm diversification
and its contribution in transforming the rural economy (Reardon 1997; Lanjouw and
Lanjouw, 2001; Haggblade et al. 2010).

Most analyses on diversification in Ethiopia focus on poverty and inequality and have shown
the importance of non-farm income for rural livelihoods (Tegenge, 2000; Woldehanna and
Oskam, 2001; Bezu and Barrett, 2012; Bezu, Barrett and Holden, 2012; Porter, 2012). But
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only few studies dealt with the determinants of diversification strategies (Tegenge, 2000;
Demisse and Workinhe, 2004; Lemi, 2006; 2010). These studies however, used sectoral
categorization and mostly included off-farm activities as part of the Non-Farm Rural
Economy (NFRE).1 This paper complements these few studies and addresses the lack of
empirical evidence especially on non-farm diversification motives in two ways. First,
following Ellis (1998; 2000) and Barrett et al. (2001), it makes use of a rigorous operational
definition that clearly distinguishes between non-farm and off-farm activities. This distinction
is important for analysing the implications of livelihood strategies on risk management, asset
accumulation, natural resource management and climate adaptation as will be discussed in the
next paragraphs. Second, the paper uses the recent rounds of ERHS surveys and applies
various econometric models including count data, Tobit and double-hurdle models in order to
ascertain the determinants of nonfarm diversification both in terms of activity and income.

The rest of paper proceeds as follows. Section 2 provides a brief overview of definitional
concerns related to non-farm diversification and establish a working definition of non-farm
income that will be used throughout the paper. Section 3 discusses the theoretical framework.
Section 4 gives a survey of the literature. Section 5 describes the data and econometric
approach used. Section 6 presents and discusses the empirical findings and Section 7
concludes with some policy implications.

2. Rural livelihood diversification: Definition and Measurement

1

Lanjouw and Lanjouw (2001) define the rural nonfarm economy (RNFE) as a set of economic activities in
rural areas excluding activities related to the production of primary agricultural products. It mainly incorporates
activities such as food processing, small businesses, income from interests, dividends, rents, remittances, and
social transfers.
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The literature offers several definitions of diversification. Some view diversification referring
to an increase in multiple activities (pluri-activity) irrespective of the sector (Meert et al.,
2005). Others focus on sectoral change and take a shift away from traditional/agricultural
sector to non-traditional activities in rural or urban areas as diversification (Start, 2001).

Perhaps by far the most widely used definition of livelihood diversification that comprises
both ‘multiplicity’ of activities and sectoral transformation is the one used by (Ellis, 1999:2)
which defines it as the process by which rural households construct an increasingly diverse
portfolio of activities and assets in order to survive and to improve their livelihood.

Diversification also refers to an increase in the sources of income and the balance between
different sources (Ellis, 2000; Minot, 2006). Accordingly, a household with one source of
income would be less diversified than a household with two sources of income, and a
household with two income sources, each contributing equal share of the total would be more
diversified than a household with one source accounting for 90 percent of its income and the
second only for 10 percent (Joshi, 2002 as cited in Minot, 2006:5).

The term income diversification is mostly used in connection with livelihood diversification
for ease of analysis and interpretation. However, Ellis (1998) makes a distinction between the
two and defines income diversification as the composition of household income at a given
point in time while livelihood diversification is considered as an active social process
involving engagement in increasingly complex portfolio of activities overtime.

According to Barrett et al. (2001), diversification can be measured by using activities, income
and assets. Households use both productive assets, mainly land and human capital, and
unproductive assets such as household items and property and engage in various activities to
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generate income. Thus, assets, activities and income can serve as complementary indicators
of diversification (Barrett et al., 2001; Senadza, 2012).

The valuation of assets is difficult especially in the African context due to the lack of
secondary asset markets and variability of returns to assets because of asset fixity. 2 Activities
on the other hand, despite being useful in identifying diversification choices, are difficult to
value and lack direct theoretical relevance. For instance, Ellis (2004) observes that using
activities as a diversification measure can be misleading as the poor may report higher
degrees of diversity based on the number of activities than their better-off counterparts and
yet the poor diversify in the form of off-farm casual labour, while the better off are engaged
in non-farm businesses. Therefore, in most studies of livelihood diversification, income is
used as a measure of diversification since it provides a clear interpretation of the welfare
outcome (Barrett et al., 2001). Similarly, in this paper, income is employed as an indicator of
the level of livelihood diversification of households since livelihoods and income are
intimately linked as the composition and level of household’s income at a given point in time
is the most direct and measurable outcome of the livelihood process.

Barrett et al. (2001) propose using a three-way classification of income earned from different
activities for the purposes of analysing diversification. These are sectoral, functional and
spatial.
1. Sectoral classification is the most basic classification that follows the national accounting
systems and makes distinctions among primary, secondary and tertiary economic sectors.
Primary sector comprises agriculture, mining and related extractive activities. Secondary
sector mainly refers to manufacturing activities and tertiary sector constitutes a range of
service provision activities. If one follows this classification, all activities and income
earned outside agriculture are considered as non-farm income. A problem with this
approach is that one can make the mistake of classifying wage-employment within the
2

Refers to the problem of agricultural inputs such as land unable to adjust to changing market signals or price
changes in the agricultural sector of less developed countries (see Colman and Young, 1997).
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agricultural sector as farm income while in reality, it should be classified as off-farm
(away from one’s own farm) income.

2. Functional classification concerns with making a distinction between waged or salaried
employment vs. self-employment. According to Barrett et al. (2001) such classification
can be depicted in a continuum with distinctions made between skilled and unskilled
employment and most skilled labour participating in non-farm activities.

3. Spatial classification. This can be of two types– local and distant or away from home
(migratory). The local can be subdivided into two categories: On-farm and off-farm i.e.
away-from one’s own land. This classification also includes non-farm activities in the offfarm category. The migratory type can also be two sub-types– domestic and international
(cross-border) migration.
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Ellis (1998) distinguishes three different categories of income sources– farm, off-farm and
non-farm. Farm income source include income earned from crop and livestock production,
including own consumption and sales. Off-farm income mainly refers to wage or exchange of
labour in cash or in-kind away from one’s own land within agriculture. It also includes some
self-employment in natural resource extraction activities. On-farm income broadly comprises
of the following non-agricultural income sources– rural non-farm wage employment, selfemployment (own business), property income (from rents) and remittances and transfers.

This paper adopts the sectoral classification of Barrett et al. (2001) alongside Ellis’s
categories of farm, off-farm and non-farm income sources and defines non-farm income as
income derived from rural non-agricultural activities including waged or salaried
employment3, self-employment4, rents and remittances. In addition to income, activities are
used to cross-check on the inferences obtained from income as recommended by Barrett et al.
(2001).

3. Theoretical Model/ Framework
There are different theoretical models that apply to the analysis of nonfarm activities. One
such model is the theory of agricultural households, which is based on the works of
economists in the 1960s such as Mellor (1963) and Sen (1966). The theory views a rural
household having a dual role as production and consumption unit. In this case, the rural
household or individual’s decision to supply labour to the rural non-farm sector can be
conceptualized as a specific application of the class of behavioural models of factor supply in
general, and labour in particular (Barrett and Reardon, 2000; Reardon et al., 2007).
3

Nonfarm wage income is composed of income earned from the following sources as reported in the data:
Professional (Teacher, government worker), skilled labourer (Builder, Thatcher), Soldier, driver/Mechanic,
unskilled non-farm worker, domestic servant, and guard.
4

Nonfarm self-employment largely constitutes income earned from own-business activities such as
Weaving/spinning, milling, handicraft, including pottery, trade in grain/general trade, income from services such
as traditional healer/religious teacher, transport (by pack animal), selling injera and wett (stew), hairdressing and
tailoring. It also includes the making and selling of local drinks, carrying goads, builder (masonry), making roof
for houses, rock splitting, and fruit and vegetable vending.
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Economists model both the labour supply and capital investment in a particular non-farm
activity, as a function of incentives and constraints. In other words, “the household is
assumed to want to maximize earnings subject to constraints imposed by its limited resources
and in trade-off with its desire to minimize risk” (Reardon et al., 2007:137).

Incentives include the level and variability of prices and wages in both farm and non-farm
activities, variation in relative risks involved in pursuing activities such as climatic, market,
or other risks. Constraints are related to the capacity of a household to diversify into non-farm
activities including individual and household characteristics: age, gender, education
household size, assets and access to credit (Reardon et al., 2007). Incentives can be shaped by
capacity variables. For instance, prices may differ among rural households due to
heterogeneous access to markets, differing human capital and asset endowments.

According to Reardon et al. (2007:138), the set of incentives and constrains is assumed to
create “paradoxes at the meso and micro-level”. At the meso-level and in resource-poor areas,
farmers have higher incentives to participate in non-farm activities but are highly constrained
in their ability to do so as there are limited non-farm economic opportunities. Likewise, at the
household level, asset-poor households despite having higher incentive to engage in non-farm
activities, will be constrained by their lack of asset and are mostly pushed to lowremunerative activities for lack of choice or due to distress.

The driving forces of demand-pull and distress-push processes are approached by a welfare
model which explains that the labour allocation processes is mainly prompted by wage and
income incentives and shows that benefits do not only accrue for demand-pull shifters, who
take up better paid non-farm employment, but also for distress-push shifters who, despite
engaging in low-paying activities, benefit from increased aggregate household income
(Möllers and Buchenrieder, 2005).
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The demand-pull and distress-push framework also explains the distinction between
diversification for necessity and diversification by choice (Hart, 1994). In other words,
diversification may occur either as a deliberate household strategy (Stark, 1991) or as an
involuntary response to crisis.

Similarly, Ellis (1998, 2000) uses the Sustainable Livelihoods Framework (SLF) to illustrate
the context within which rural nonfarm activities are undertaken. In this framework, different
livelihood activities pursued by rural households are enabled or constrained by access to
capital and assets, in the context of institutions and social relations, and are modified by
trends and shocks, with varying effects on livelihood security and environmental
sustainability. The SLF can be complemented by the demand-pull/distress-push concept that
offers a set of motives, which prompt households to diversify. This paper mainly employs the
demand-pull/distress-push approach to investigate the determinants of non-farm participation
and returns using a set of variables that reflect incentives and constrains to participate in the
rural non-farm economy that pertains to the Ethiopian context. Table 1 gives a summary of
the push and pull factors.
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Table 1: A summary of demand-pull/distress-push factors for non-farm diversification
Level

Micro

Push factors
Risk reduction
Diminishing returns in land and
labor or coping with inefficiency
Seasonality
Compensating for failures in credit
markets/liquidity constraints

Pull factors
Gradual transition to new activities
Building on complementarities between
activities, e.g. crop-livestock integration.
Comparative advantages based on the
existence of skills, resources and
technologies

Incomplete or weak financial
Commercial agriculture
Location (proximity to urban centers)
Macro systems
Constraints in labor and land
markets
Lack of support to agricultural
prices
-Population pressure
-Climatic uncertainties
Source: compiled from Barrett et al. (2001) and Deshingkar (2004:3)

4. Literature Review
The literature on household income diversification into rural non-farm activities can be
divided into two main groups. In the first category, we have several studies that deal with the
determinants of non-farm employment and income diversification (Ellis, 2000; Woldenhanna
and Oskam, 2001; Barrett et al., 2001; Corral and Reardon, 2001; Escobal, 2001;YúnezNaude and Edward Taylor, 2001; Lanjouw, Shariff, and Rahut, 2007; Lemi, 2010). The
second group of literature looks into the impact of diversification on household welfare,
poverty and inequality (Berdegué, Ramırez,́ Reardon, and Escobar, 2001; Kijima,
Matsumoto, and Yamano, 2006; Minot, 2006; Van Den Berg and Kumbi, 2006; Haggblade,
Hazell, and Reardon, 2010; Akaakohol and Aye, 2014). This paper surveys the first group of
literature that investigated the determinants of non-farm diversification. Table 2 below
provides a summary of some of these studies.

Table 2: Summary of previous studies on the determinants of non-farm diversification
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Authors
Escobal (2001)

Country
Peru

Abdulai and
CroleRees
(2001)
Lanjouw et
al.(2007)

Mali

Dimova and Sen
(2010)

Tanzania

Atamanov and
Van Den Berg
(2011)

Kyrgyz
Republic

Sendaza (2012)

Ghana

Akaakohol and
Aye (2014)

Nigeria

India
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Data, sample size and methods
Living Standard Measurement Studies
(LSMS) (1985-97); 2,284 households;
Tobit double-censored estimations
farm household survey of 1993/94 1995/96; 120 households; conditional
fixed-effects logit model
large rural data (1993-94); 32,000
households; Multinomial logit

Significant determinants
education, access to credit,
access to roads and
electricity
education, capital (asset)
and location

household panel data from the Kagera
Health and Development Survey
(KHDS) (1991-1994), 800 households;
fixed and random effects models
two national household budget surveys
(2005 and 2006); 1,800 rural households;
probit and double-hurdle model

household size,
dependency ratio, credit,
and access to motor road

Education and land
holding

human capital (gender and
education), access to
infrastructure and cash
resources.
Ghana Living Standard Surveys (GLSS) Age, education, access to
(2005/6); 8,700 households; Poisson
credit, access to electricity,
regression and Tobit (double censored) and markets
methods
120 households; logistic regression
Education, access to credit,
farm experience and
distance to market
(location)

The literature indicate that the rural non-farm sector is gaining importance in most
developing countries, even if agriculture remains the main source of income and
employment. In this regard, Haggblade, et al. (2007) note the increasing importance of nonfarm diversification in the developing world, especially for households with unstable farm
income. Lanjouw et al. (2007) also emphasize the role of the non-farm sector as a potential
safety net for households that are mainly engaged in farming.

Empirical studies show that about 30 to 50 % of rural household income in sub-Saharan
Africa is typically derived from non-farm income sources (Reardon, 1997, cited in Ellis,
1998; Haggblade et al., 2010). In some regions, for example in Southern Africa, it reaches up
to 80to 90 %. In South Asia, where many landless families wholly depend on non-farm
income as source of survival, the average proportion is around 60 % (Ellis, 1998). A figure
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frequently cited for Ethiopia is 36 % (Degefa, 2005) and a recent study estimates that 25 % of
rural households participate in the non-farm sector (World Bank, 2009).5

Escobal (2001) using three national surveys from rural Peru from 1985-97, examined the
determinants of non-farm income diversification for 2,284 households. The results show that
households with sufficient education, access to credit and roads and electricity are able to
take on non-farm employment such as handicrafts making, repairing and renting equipment
and trade.

Ruben and Van Den Berg (2001) analysed the role of non-farm for 2,727 rural households in
Honduras using national income and expenditure survey from 1993 to 1994. They used
Logistic regression and find that education, large household size, having more female adults,
and location (in Northern regions of Honduras, where industrial free zones have established).

Using data from a large-scale National Socioeconomic survey, Berdegué, et al. (2001) studied
the evolution of rural non-farm employment in Chile during 1990-96. They applied probit and
OLS regression linked by two-stage Heckman model on a large sample consisting of 25,793
and 35,730 households in 1990 and 1996 respectively. They found that the determinants of
rural non-farm employment are related human capital variables such as age and gender of
household head, schooling, access to credit and physical capital. Moreover, the quality of
roads and economic dynamism of the study zones determine the level of non-farm income.

Lanjouw et al. (2007) in their study of non-farm employment in India, used a large rural data
from 32,000 households for the year 1993–94 and find that education wealth, caste, village
level agricultural conditions, population densities, and other regional effects determine access
to non-farm occupations. They used multinomial logit estimates of non-farm employment

5

These figures are likely to include off-farm activities as the literature on diversification lacks a standard
convention to classifying non-farm and off-farm activities (Barrett et al., 2001).
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probabilities and highlight that education increases non-farm employment and income while
larger landholdings reduce the chances of participating in non-farm activities.

Pham, Tuan, and Thanh (2010) used the Vietnam Household Living Standard Surveys
(VHLSS), 1993–2006 with 9,189 households and analysed the determinants of participation
in rural non-farm sector. They used a multinomial logit model and find that individual and
community level characteristics such as education and household size have positive effects on
non-farm participation. Dependency ratio and landholding negatively affect participation.
Further, they report the positive impact of physical and institutional factors, mainly access to
public transport on non-farm participation.

Abdul-Hakim and Che-Mat (2011) investigate farm households’ participation in off-farm
employment using a logit model on primary data from 384 households in the Kedah Darul
Aman region in Malaysia. They find that education, gender (male), land size and location in
industrial area have positive effects on participation while dependency ratio, age and
household size decreases off-farm/non-farm participation.

Atamanov and Van Den Berg (2011) used two national household budget surveys from the
Kyrgyz Republic and analysed factors influencing participation and returns from different
types of non-farm activities for 1,800 rural households in 2005 and 2006. They applied probit
model for primary participation in non-farm activities and double-hurdle model to determine
participation and income from non-farm activities. They find that human capital (gender and
education), access to infrastructure and cash resources determine both access to non-farm
activities and the size of income from the activities.
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Using a four-period panel data from Cambodia from the years 2001-2011 and applying fixed
and random effects models, Kimsun and Sokcheng (2013) find that the number of male
household members aged in the active age group, durable assets, agricultural land
endowment, crop failure, are among the prominent determinants of income diversification.
Moreover, they find evidence that accumulation is the main motivation for household’s
diversification into non-farm activities.

Abdulai and CroleRees (2001) study the determinants of income diversification in Southern
Mali. Data were pooled from a farm household survey from the 1993/94 and 1995/96
consisting of 120 households and a Conditional fixed-effects logit model was used. The
results show that lack of capital and location (being remote from markets) limits
diversification while education increases participation in non-farm activities. The study also
indicates entry-constraints in diversification and recommends improving infrastructure.

Smith et al. (2001) based on a qualitative and quantitative analyses of data from two districts
in Uganda, studied the patterns and determinants of livelihood diversification across the two
districts. They find that service provision such as access to formal sources of credit and
rehabilitation of road networks are the main determinants of non-farm diversification.

Senadza (2012) examine the pattern and determinants of non-farm income diversification in
rural Ghana using data from Ghana Living Standards Survey (GLSS) conducted in 2005/6 on
8,700 households. The number of non-farm income sources is estimated by applying Poisson
regression and the results indicate that household characteristics such as age and education,
access to credit, electricity and markets are the main determinants of non-farm activities and
income.
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Babatunde and Qaim (2009) used data from a household survey carried out in 2006 on 220
rural households in Nigeria and study the determinants and impacts of income diversification.
They employed the number of income sources as a measure of diversification. The results of
their Tobit and Poisson regression show that education, assets, and access to social facilities
such as access to water and piped-water, and roads are positively associated with income
diversification. Using a two-stage least square technique, they also find that the
diversification is pursued as a means of accumulation as the rich households are diversifying
more than the resource poor.

Akaakohol and Aye (2014) examine the determinants of diversification in Nigeria using a
sample of 120 households. The results of their Logit estimations show that education and
access to credit increase diversification, while farming experience and distance to market
negatively affects off-farm/non-farm activity participation.

Diversification in Ethiopia
In rural Ethiopia farming is the main source of livelihood for the overwhelming majority of
farming households, but it has long been established that households tend to diversify their
income sources (Demeke and Regassa, 1996; Degefa, 2005). Accordingly, rural households
are usually engaged in multiple activities both within agriculture and non-farm sectors. Some
households depend exclusively on crop farming for their livelihoods while others on mixedfarming and also try to exploit opportunities of rural non-farm activities in densely populated
areas (Dercon and Krishnan, 1996; Demeke, 1997).

Similar to most developing countries, the importance of non-farm activities in the livelihoods
of rural people in Ethiopia varies by region (Carswell, 2002). For instance, results from a
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survey conducted in five regions (Amhara, Tigray, Oromiya, South region and the sedentary
farming areas of Afar) shows that while 44 per cent of households were engaged in temporary
agricultural work (an off-farm activity) or non-farm activities in previous years, the average
contribution of these activities to total household income was only 10.2 per cent (a survey by
Ministry of Labour and Social Affairs’, 1997 cited in Sharp et al., 2003). However, in Wollo
(a North-Eastern province frequently hit by drought) only 26 percent of households had a
second occupation such as petty trading, daily labouring, or handicrafts (Sharp et al., 2003).
Such low participation to off- and non-farm activities suggest the existence of substantial
entry barriers. Woldenhanna and Oskam (2001) in their study of income diversification
Tigray in North Ethiopia using a Tobit and multinomial logit on a sample of 402 farm
households documented some of these entry barriers. Their result show that households
diversify into non-farm activities according to their wealth category. Poorer households
mostly engage in off-farm wage labour whereas wealthier households are able to enter higher
return activities such as masonry, carpentry and petty trade.

Another study by Block and Webb (2001) based on a survey of 300 households find that
wealthier households tend to have more diversified income sources. Also, using median
regression they find that age of household head, higher dependency ratio, and farm assets
increase chances of income diversification.

Similarly, Demissie and Workneh (2004) in their study of diversification in south Ethiopia,
indicate that asset ownership, especially livestock, plays a major role in influencing
households’ decision to diversify into non-farm activities. Moreover, they show that labour,
both in terms of its quantity and quality, determines the choice of diversification as this
overcomes entry barriers to non-farm activities. Factors such as land size, cash crop
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production and agricultural extension services did not encourage households to engage in
non-farm diversification activities.

Lemi (2010) investigates the determinants of diversification using the Ethiopian Rural
Household Survey (ERHS) of the first and second rounds and finds that age of household
head and number of female family members increases participation in non-farm
diversification.
A recent study by Demissie and Legesse (2013) apply multinomial logit and Tobit models on
a cross-sectional survey of 120 households and assess that the participation in non-farm
activities and the level of returns depend mainly on human capital ( age and economically
active member and education), livelihood assets and infrastructure ( proximity to market).
Dercon and Krishnan (1989) reported by Ellis (2000:35) highlight how in five regions in
Ethiopia the share of non-farm income across all regions was low owing to policy constraints
on trade and wage labour. However, looking at the wealthier groups, rich households tended
to engage more in non-farm activities that require investment and skills (such as carpentry)
while the poorest households were likely to engage in less rewarding off-farm activities such
as firewood collection. These findings suggest wealthier households are drawn towards nonfarm diversification in an attempt to accumulate. A further study by Deressa, Hassan, and
Ringler (2008) on farmers’ vulnerability to climate change also shows the importance of pull
factors: here, a greater degree of access to technology (farm inputs in the form of pesticides,
fertilizers, and improved seeds) and proximity to infrastructure were found to be critical for
engaging in non-farm diversification.

However, the literature is not in full agreement on this matter. A study by Tegegne (2000) in
two districts in the South of Ethiopia found two pull factors (proximity to urban centers and
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density of population) but also one push factor (low crop yields) as the most important
variables influencing diversification. More importantly, a recent study by Sosina, Barrett, and
Holden (2012) finds that non-farm income positively correlates with household’s
consumption expenditure growth across all wealth groups in Ethiopia. Pulling the studies
together, two main positions are advanced in the literature: first, that non-farm diversification
is caused by pull/accumulation factors and mainly conducted by wealthier households; and
second, that it is caused by both pull/accumulation and push/distress factors.
Push factors such as rural population growth, farm fragmentation and declining agricultural
productivity are commonly-cited causes for diversifying into non-farm activities (Degefa,
2005; Bezu and Holden, 2014). Moreover, studies show that pull factors such as urban or local
demand, can lead to non-farm activities, enhancing the household’s economic standing
(Yared, 1999). Thus, rural households tend to engage in a variety of non-farm activities
including food-for-work schemes, grain trading, petty trading, migration, liquor sales and the
sale of handicrafts (Yared, 1999; Degefa, 2005).

In general, the empirical studies reviewed so far have identified several factors that determine
participation and earnings from non-farm activities. These factors can be categorized into
individual and household characteristics such age, education, gender, household size,
dependency ratio, land holding, assets, and income; and community characteristics such as
distance to markets, proximity to towns, and access to physical infrastructure such as roads.
However, there is no agreement in the direction and magnitude these determinants, due to
mixed results in the empirical literature.

5. Data and Empirical Approach

5.1. Description of the Data
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This paper uses data from the Ethiopian Rural Household Survey (ERHS) for the period
2004–2009.6 It is a panel household survey that includes 1,306 households in 15 districts of
rural Ethiopia. The surveys cover four major regions (Amhara, Tigray, Oromya and South)
where the country’s largest proportion of settled farmers are found. The ERHS surveys are of
high quality with low attrition rates and have been used in numerous studies.7 According to
Dercon and Hoddinott (2011), the ERHS surveys can be considered as broadly representative
of households in non-pastoralist farming systems although not nationally representative.
Although the information contained in all survey rounds is fairly consistent, there are
modules present in the 2004 and 2009 rounds that are not included in previous surveys. These
modules mainly include questions about covariate shocks related to major climatic events
such as droughts and flooding, access to electricity and roads and for this reason, this paper
uses the two recent surveys.

Between the two recent survey rounds (2004 and 2009), fundamental changes occurred that
shaped the microeconomic structure of the rural economy, in particular the high food price
inflation ( Uregia et al., 2012; De Brauw, Mueller, and Woldehanna, 2013). These changes
are exogenous factors to households’ income diversification and thus the time between these
survey rounds can be utilized to assess the effects of changes and to determine their impact on
non-farm diversification.

In all survey years, households were asked about their participation in a range of activities
and the income obtained from these activities in the past four months.8 Data on income are

6

The data were collected by the Economics Department of Addis Ababa University (AAU), the Centre for the
Study of African Economies (CSAE), University of Oxford and the International Food Policy Research Institute
(IFPRI).
7

Until, 2010 the number of publications that have used the ERHS data in their analysis have reached 303 with
77 journal articles, 4 books and 26 book chapters with more than 3,000 citations (Slade and Roger 2013).
8

This reporting period offsets the problem of memory lapse and can be taken as ideal time to capture income
from various activities in the immediate season before the surveys (The surveys were conducted between April
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both in monetary values and in-kind quantities (which have been changed to monetary
values). Conversion factors, constructed at Peasant Association (PA) levels and provided by
IFPRI along with the official version of ERHS data, were used to convert local units to
standard (metric) units. The units include local measurements for area and weight. 9 These
units were converted into kilograms by using the conversion factors that are included in the
data sets based on surveys on local measurement units that took place during round 3 of the
survey (Dercon and Hoddinott, 2011).

For missing units, the median conversion unit at the next aggregate level i.e. district or region
was used. Following Bachewe (2009), after converting the in-kind amounts to standard units,
nominal prices available at PA level for each round of survey, were used to obtain the
monetary value of the items. Items with missing prices have been estimated using the median
prices at the next aggregate level. Moreover, for few items that still have missing price
information, average retail prices from the Central Statistical Agency (CSA) are used that
corresponds to the season and district are used.10

Since food represents around 75 % of the consumption basket for the surveyed households,
consumption was deflated by a food price index calculated as a Laspeyres index, based on
peasant association prices and using average shares in 1994 as weights (see also Dercon et al.,

and June which largely correspond to the Belg season (short-rainy season) and the four months prior to this
period largely refers to the Bega (dry season)–an ideal time for engaging in nonfarm activities).The downside of
this is, however, lack of reporting activities that household engaged in the other seasons (e.g. farming season).
Thus, it is likely that households may have underreported income earned from some activities.
9

These units differ for each region and district, which requires changing to standard units of measurement. For
instance, “chinet” and “dawela”are frequently used in most regions as weight measurements but differ in terms
of the PA and type of item in their conversions into metric units. For example, in Shumshea PA, Amhara region,
both ‘chinet’ and ‘dawela’ are equated to 30 kgs, while the same units are converted into 50 and 100 kgs
respectively in Sirbana-Goditi PA of Oromia region.
10

There were 27 items in 2004 that did not have data on prices at any level in 2004. In 2009, these items were
only 12. Beet root, fenugreek, groundnuts, turmeric, field peas, and linseed are among the common items that
lacked price data.
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2012). The same food price indices are also used to deflate the value of farm and non-farm
income of households. Thus, all incomes are expressed in real terms using 1994 prices.

As explained before, the ERHS data set is ideal for the study of rural non-farm diversification
as it has a range of variables that relate to activities and income. Besides, it furnishes detailed
information on household characteristics including measures of asset wealth, consumption,
production, and shocks from which can be used to draw explanatory variables. The data set
however is not without limitations one of which has to do with the exclusion of the pastoralist
or agro-pastoralist livelihood zones that represent the most vulnerable livelihood systems in
the country. Hence, it cannot be considered representative of the whole of rural Ethiopia.11

Moreover, the data set does not contain detailed information on all types of household labour
supply. This has limited the possibility of studying the relationship between labour supply
decisions and particular non-farm activities, mainly migration. As a result, we are forced to
rely on ex-ante information–income from remittances, as a proxy for capturing migration.12

This study uses both the number of non-farm activities and income earned from non-farm
activities as measures of non-farm diversification. Negative binomial regression is used to
estimate the number of non-farm activities while a double-hurdle, fixed and random effect
models and instrumental variable regression are employed for the estimation of the
determinants of the level of non-farm income. These methods are described in detail in
section 5.3 and 5.4. Before we embark on that discussion however, the selection of

11

According to Dercon, Hoddinott, and Woldehanna (2012), pastoral areas were excluded from the ERHS
because of the problem of tracing and re-surveying such highly mobile households over long periods of time.
12
Migration is recognized as one of the most important form of diversifying income for rural livelihoods (Ezra
and Kiros, 2001). However, there seems to be a lack of consistency in the classification of migration in the
literature. Some writers consider migration as a diversification strategy in its own right (Sabates-Wheeler et al.,
2008), while others treat it as part of the non-farm sector (Ellis, 1998; Reardon, 1997). For ease of analysis this
study leans towards the latter classification and treats migration as part of non-farm activities.
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explanatory variables, their relationship to one another and the expected relationship to the
dependent variable are briefly explained in section 5.2 below.

5.2. Selection of Variables

Based on the review of the empirical literature, the determinants of non-farm diversification
can be summarized into the following categories (see Reardon et al.1998; Barrett et al., 2001;
Corral and Reardon, 2001; Escobal, 2001; Janvry and Sadoulet, 2001; Woldenhanna and
Oskam, 2001; Lanjouw et al., 2007; Kimsun and Sokcheng, 2013): (1) Human capital
variables (household size and composition such as age, gender, education); (2) Location
variables (distance to markets and towns, availability of electricity) (3) Initial household
wealth ( durable assets) (4) Financial assets (access to credit) (5) Risk indicators (exposure to
shocks).

Hypothesis and expected signs of determinants

The human capital variables mainly household size, age, and education are expected to
increase the labour, the experience, the know-how, and the skills important to engage in nonfarm activities. Thus, household size and education can be expected to positively influence
non-farm income diversification. Larger household size may suggest the availability of more
labour, which can participate in non-farm occupations.
Age can have both negative and positive effects on non-farm diversification. This is because
as the head or an active member of the household gets older, he or she is likely to be less
active. Thus, having more active household members within the economically productive age
group (i.e. between 15 and 64) is likely to increase a household’s participation into non-farm
income generating activities. In this study, this condition is captured by using dependency
ratio at a household level, which is also assumed to qualify household size.
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Women-headed households are generally expected to increase their participation in non-farm
earning activities given the rigid and patriarchal agricultural division of labour that limits
women’s employability in farming rural Ethiopia. For instance, Sosina et al. (2012) citing the
study by Bevan and Pankhurst (1996), on the 15 villages included in the ERHS data set
indicate that ploughing, a major agricultural activity, is only undertaken by men. However,
the participation of women in non-farm activities is also limited to less-remunerative
activities such as selling food and drink due to their limited asset base.

Agricultural-specific assets mainly land is hypothesized to have both negative and positive
coefficients, depending on the main motive behind non-farm diversification i.e. accumulation
or survival. Accordingly, having more land may mean higher farm income and lessens the
need to take up non-farm employment for those who are motivated to diversifying income as
a fall back strategy (risk-minimization) (Reardon et al., 2000). In order to control this effect,
crop income is used in the models. If the motive is asset accumulation, then increased land
holding may not decrease non-farm diversification. Clearly, one has to control for initial
wealth of the household in order to identify the effect of land holding on non-farm
diversification. In view of this, initial wealth/capital endowment, which by itself is also an
important determinant of non-farm participation (see Reardon et al., 2000; Loening and
Mikael Imru, 2009; Sosina and Barrett, 2012), is captured through livestock holding and
durable assets (index).

Livestock holding is central in smallholder agriculture systems as source of cash, a substitute
for credit market and as a store of value (Ellis and Freeman, 2004; Lemi, 2006). Thus,
livestock as an asset can be expected to have a positive relationship with non-farm
diversification as it helps to cover the finances required to invest in non-farm activities.
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Access to market is expected to have a positive impact on non-farm diversification. It
sustains non-farm enterprises through continuous demand for goods or services or helps to
create new non-farm activities to meet emerging demands. Distance to nearest town (with a
market) from a village is used as a proxy to access to market. Thus, shorter distance to the
nearest town (market) is expected to positively impact non-farm diversification as it
relatively reduces the transaction and transport costs than would be the case for a distant
market. Similarly, access to credit and electricity are also expected to positively affect nonfarm diversification.

Apart from these variables, which largely signify household capacities and incentives to
participate in non-farm diversification, one has to also take into account the role of risk
indicators as determinants of non-farm diversification (see Reardon et al., 1998). Thus, risk
indicator variables in the form of exposure to shocks of both idiosyncratic (illness and death
of a working household member) and covariate (climatic hazards) are included in the models.
5.3. Participation and Returns Models and Econometric Approach

As explained before, for the analysis of the determinants of non-farm diversification,
measured by the number of non-farm activities, we have used count data models since the
outcome variable is a discrete variable.13The standard count data models are Poisson and
negative binomial regression and depending on the nature of the count-data other variants of
these models can be used. Thus, if there are many observations or individuals with many zero
counts, the zero-inflated Poisson (ZIP) or the zero-inflated negative binomial (ZINB) models

13

Discrete count outcome variables violate basic assumptions of the Ordinary Least Square (OLS) model. OLS
assumes that the response variable takes a continuous value, to be normally distributed, and linearly related to
the explanatory variables (McClendon, 2002).
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are suggested to be more appropriate (see Greene, 2008;Cameron and Trivedi, 2010; Allison,
2012).
5.3.1. The Poisson and the Negative Binomial Regression Models

Poisson is one of the count-data models that is widely applied in situations where a dependent
variable is discrete (Cameron and Trivedi, 2010). Some studies have also used this model to
analyse the determinants of non-farm diversification (see Olivia and Gibson, 2008; Sendaza,
2012).
In the Poisson model, the observed number of non-farm activities for each household, yi is
assumed to be drawn from a Poisson distribution with mean  i , where  i is estimated from
observed characteristics (Wooldridge, 2008; 2010).

i  E  yi Xi   expXi β 

(1)

The exponential X i β ensures that  i stays positive, since counts can only be zero or positive.

Py   

e μ y
y!

(2)

Where:  = expected count (and variance) and
y= observed count
The Poisson model assumes that the conditional variance of the dependent variable (in our
case, number of non-farm activities) is equal to the conditional mean. This is a strong
assumption called ‘equidisperson’ (Greene, 2008; Cameron and Trivedi, 2010).
However, in most cases, this assumption cannot be fulfilled as the conditional variance is
greater than the conditional mean for most count data sets, which is referred as overdispersion (Wooldridge, 2010; Allison, 2012). Over-dispersion is most often caused by highly
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skewed dependent variables. In our case, due to the high numbers of zeros in the number of
non-farm activities reported in the data, making the distribution of the outcome variable to be
highly skewed (see Figure 1 annex).

An alternative model, which corrects for such over-dispersion in the data is the Negative
binomial model (NBM) (Cameron and Trivedi, 2010). The NBM modify the Poisson model
to address over-dispersion by including a disturbance/error term to the Poisson model. The
NBM therefore has a less restrictive assumption, which accounts for the fact that the variance
may not necessarily be equal to the mean (Greene, 2008).
.

Var y x  μ  αμ 2

(3)

Where: the parameter α represents the extent of over-dispersion
If  = 0, the model reduces to simple Poisson regression;
If  > 0, over-dispersion; and
If  < 0, under-dispersion

Before choosing between Poisson and negative binomial regression, one has to measure the
distribution of the dependent variable to check if the Poisson assumptions can be observed
(Piza, 2012). This involves running a simple Pearson Chi‐Square goodness‐of‐fit test, which
is incorporated with an exploratory Poisson regression model. The test helps to identify the
distribution of the data and ensures the selection of the correct statistical model (Cameron and
Trivedi, 2010). Accordingly, the Pearson goodness‐of‐fit test result for non-farm activities,
indicate that the distribution significantly differs from a Poisson distribution, giving a p-value
of 0.000 (Prob > chi2), which falls far below the standard threshold of 0.05. Therefore, we fit
a negative binomial model for the over-dispersed count data (see Table 1 Annex). In addition
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to this test, we have run a series of graphical inspections to identify the model that best fits
the data. As expected, the distribution of non-farm activities relatively fits well the negative
binomial distribution than the Poisson distribution (see Figure 2 annex).

Another particular feature of our chosen dependent variable is that there are ‘excessive’
numbers of households with 0 counts. In this context, a special case of negative binomial
model, the zero-inflated negative binomial (ZINB) model can be more efficient than the
conventional negative binomial (see Greene, 2005; Cameron and Trivedi, 2010; Allison,
2012). The ZINB is a two-part model and assumes that the dependent variable is composed of
two types of groups: a group who have a zero probability of a count greater than zero and a
group whose counts are generated by the conventional negative binomial regression model
(Allison, 2012). In other words, the ZINB model deals with the zeros in two different ways.
First, it lets the zeros occur as an outcome of the binary process (0, 1) and second, as a
realization of the count process (0, 1, 2, 3…). For example, a household either participates in
non-farm activities or not (this is the binary decision process with 0 and 1 options) if the
household decides to participate, the number of non-farm activities they can take up is 0, 1, 2,
3, etc. Thus, a household may choose to participate in non-farm activity but not necessarily
engage in the activity in a given period of time, which generates the excess zeros in the data.

Despite the theoretical appeal of the ZINB model, in practice the model can only best fit to
certain situations where a probability of having a greater than zero count is a rare occurrence,
such as for instance, the number of children born to a sample of 60-year-old women (see
Allison, 2012). In our case, the zeros in the number of non-farm activities are mostly the
results of the data generating process and therefore do not reflect the rarity of non-farm
activity participation. In fact, the notion that farm households across the developing world
participate and earn an increasing share of their income from non-farm sources has long been
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established (see Reardon et al., 2007). For this reason, our analysis relies on the conventional
negative binomial model.

The regression model for the full negative binomial Model is given as:



 α 
   α  μ 

Γ y  α 1
Py | X  
y! Γ α 1

1

1

α 1

 μ 
 1

α  μ

y

(4)

Where y is the number of non-farm activities undertaken by the household members in the 12
months prior to the surveys.

α as explained under equation 3, represents the extent of over-dispersion. If α = 0, the model
reduces to simple Poisson regression.

X includes a vector of variables that are believed to determine a household’s participation in

non-farm income generating activities. These include individual and household characteristics
such as age and gender of household head, education, dependency ratio, household size,
agricultural assets (land and livestock), other durable assets, access to electricity, location (
distance to nearest town or major market), access to credit.

5.3.2. The Tobit and Double-hurdle Models

This section examines the determinants of non-farm diversification using income as a
measure of the level of household’s diversification. Our dependent variable in this case is the
level of income earned from non-farm activities, which is a continuous variable. In the data
set, a significant sample of households (33 %) did not report income from non-farm activities,
which resulted in a highly skewed distribution with many zeros. As explained before, the
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Ordinary least-squares (OLS) regression would give both biased and inconsistent parameter
estimates if a dependent variable has many zeros (Cameron and Trivedi, 2010). The
conventional approach to deal with such data is to use a class of limited dependent-variable
models or censored regression models, namely the standard Tobit and double-hurdle models.
The following section briefly discusses these models in their analytical forms and provides a
rationale for their adoption.

The standard Tobit model originally formulated by James Tobin (1958) is the first model to
attempt to handle a censored dependent variable. It attributed the censoring to a standard
corner solution (Bierens, 2004; Burke, 2009). The Tobit model assumes that the observed
dependent variables

Yi

for observations i = 1..., n satisfy



Yi  max Yi , 0



(5)

where the Yi  ’s is a latent variable generated by the following classical linear regression
model:

Yi*  Xi β  ui ,

ui Xi ~ Normal (0, σ 2 )

 Yi  if Yi  0
Yi  
0, otherwise

(6)

(7)

where the Yi  ’s are latent variable generated by the classical linear regression model with X a
vector of regressors, and β the corresponding vector of parameters. The model errors ui are
assumed to be homoscedastic and normally distributed (Bierens, 2004).

The condition 7 indicates that we only observe Yi  when Yi > 0. Then the zero non-farm
income can be interpreted as a left-censored variable (or censored at zero). The censoring can
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be due to the fact that the surveyed household’s did not choose to participate and earn income
from non-farm activities (true zero). The observed non-farm income Yi can also be zero in the
following conditions: (1) if there is error in reporting non-farm income in the survey, or (2) if
some random circumstance is introduced in the data generating process that may influence a
zero response (random zeros)(Carlin and Flood, 1997).

Under a Tobit model, the relationship between a vector of predictor variables, X, and the
latent outcome variable,

Yi  for a censored observation (at zero) is conditioned by “the same

set of Tobit coefficients that governs the probability distribution of the censoring outcome
and the expected value of the outcome variable given that an individual’s outcome score is
observed” (Smith and Brame, 2003:368). Thus, the model considers a dependent variable to
be censored at zero but ignores the source of zeros (Newman, Henchion, and Matthews,
2003). For instance, non-farm income censored at zero means that the observed zeros can be
either “true” zeros (i.e. household’s deliberate choice) or censored zeros (i.e. due to data
collection process).

Thus, applying this model imposes the assumption that the choice of being censored
(participation) and expected value conditional on un-censored (level of participation) are
determined by the same parameters (Newman et al., 2003). This assumption tends to be
restrictive since it does not take into account the possibility that the zeros may arise for
reasons other than non-participation choice, which may not be explained by the same
parameters (Martinez-Espineira, 2006).

Moreover, the Tobit model cannot handle situations in which the effect of a covariate on the
probability of participation and on the size of non-farm income may have different signs
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(Garcia, 2013). For instance, higher crop income may act as a disincentive to participating in
non-farm activities for lack of the need to minimizing agricultural risk. However, the same
variable may increase the size of non-farm income by allowing the investment of savings in
lucrative non-farm activities for accumulation reason (Atamanov and Van Den Berg, 2011).
Clearly, the two effects cannot be determined by the same process.

Heckman (1979) modified the Tobit model to include this two-stage estimation procedures
with the first step estimating the participation decision i.e. the probability of observed
positive outcome and the second step estimating for the level of participation conditional on
observed positive values. Accordingly, this model sometimes called Heckit after Heckman (
Wooldridge, 2002), allows for the possibility of estimating the first- and second-stage
equations using different sets of explanatory variables. However, it assumes that there will be
only positive observations in the second stage once the first-stage selection is passed. This
assumption may not hold true for some situations such as expenditures in household budgets
(see Deaton and Irish, 1984) and tobacco expenditure patterns (see Aristei and Pieroni, 2008).
Similarly, in non-farm diversification there are many cases in which households that choose
to engage in non-farm activities may not earn income from the activity. This indicates that
there is a possibility of observing zero non-farm income in the second-stage decision. Thus,
the double-hurdle model (DHM hereafter) that allows for observing zero values in the second
hurdle fits with the context of non-farm income than the Heckit model.

The DHM is first proposed by Cragg (1971) was extensively used to analyse a wide range of
individual and household commodity demand and labour supply decisions (Deaton and Irish,
1984;Yen and Jones, 1997; Newman, Henchion, and Matthews, 2001; Newman et al., 2003).
There are also few studies that have applied the DHM in relation to non-farm diversification.
Examples include, a study on off-farm labour allocation decisions among smallholders in
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Zimbabwe by Matshe and Young (2004) and a study by Atamanov and Van Den Berg (2011)
on the determinants of participation and returns from different types of non-farm activities
Kyrgyz Republic (central Asia).

In the context of this study, the DHM is used as it provides a general approach to modelling
the determinants of participation and returns from non-farm activities as a two-stage decision
process. The model is a more flexible alternative than both the Tobit and Heckit models and
assumes that there are two hurdles to overcome before observing positive values. In our case,
the first-hurdle refers to the participation decision and the second hurdle refers to the rate of
participation, which is likely to increase the return or extent of income earned from
participating in non-farm activities.14

Thus, the DHM has a participation (D) equation:
Di  1 if Di*  0 and 0 if Di*  0

(8)

The parameters of the participation equation can be estimated independently using a truncated
regression model:

Di*  Z i  ui ; ui ~ N 0, 1

(9)

Where D i is a latent participation variable that takes the value 1 if the household participates in
non-farm income generating activities and 0 otherwise, Z is a vector of explanatory variables
and α a vector of parameters.

The level of non-farm income returns can be given by:

14

Cragg (1971) modifies the Tobit model to relax the restrictive assumption inherent in it, namely, that the
process that generates variation in the dependent variable, conditional on ability to observe the outcome, is the
same as the process that creates variation in the censoring outcome (i.e., whether a household’s non-farm
income exceeds the censoring threshold (0)) (Smith and Brame, 2003).
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Yi  X i β  vi ; v i ~ N 0,σ 2 
Y  , if Di  1 and Yi   0
Yi   i
0, if Di  0


(10)

(11)

Where equation 10 is the same as the Tobit equation (6). The difference of the DHM to that
of the Tobit is expressed by condition 11 that indicates the observed level of non-farm
diversification, Yi is zero either when there is censoring at zero ( Yi   0 ) or due to
circumstances other than the household’s choice pertaining to the data generating process.

The decisions of participating in non-farm income generating activities and the intensity of
participation can be modelled (1) jointly, if the two decisions are made simultaneously by the
household (2) independently, if the decisions are made separately or (3) sequentially, in
which the decision that is made first influences the second decision, which can be modelled
by using the dependent double-hurdle model (Martinez-Espineira, 2006; Aristei and Pieroni,
2008). If the decisions are assumed to be made separately, the independence model applies,
with independent error terms distributed as follows:
ui ∼ N (0, 1)
v i ∼ N (0,  2 )

With the assumption of independent error terms, the heteroscedastic Double-hurdle model
can be estimated by the following log-likelihood function:



1
L   1  ΦZ i α  Φ  X i β σ i   Φ Z i α   Yi  X i β  σ i 
σi
0
 


(12)

This model assumes that the participation and the size/level of non-farm income (returns)
are made separately or independently (see Aristei and Pieroni, 2008).
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Assuming that there is independence between the two error terms, the log-likelihood function
of the double-hurdle model is equivalent to the sum of the log likelihoods of the truncated
regression model and the Probit model (Martinez-Espineira, 2006; Aristei and Pieroni, 2008).
As demonstrated by McDowell (2003), the log-likelihood function of the DHM can be
estimated by maximizing the two components separately. In this study, the log-likelihood
function of the DHM was estimated using the user-written programme of Burke (2009) in
Stata.

This study uses the independent double-hurdle model with the assumption of independent and
normally distributed error terms. However, given the hetroskedastic nature of the data, the
assumption of homoscedastic error terms was not achieved and thus a hetroskedastic DHM
was applied.15 The literature on DHM shows that if the assumptions of homoscedastic and
normally-distributed errors are violated then maximum likelihood (ML) parameter estimates
become inconsistent (Martinez-Espinera, 2006; Fennema and Sinning, 2007). Some
extensions to the double-hurdle model however allow for making corrections for these error
specifications. One way to accommodate the assumption of normality is by transforming the
dependent and latent variables using box-Cox transformation (Martinez-Espinera, 2006).16

The model can be modified to allow for heteroscedasticity by specifying the variance of the
errors as a function of a set of continuous variables (Newman et al, 2003 and Aristei and
Pieroni, 2008) as follows:

15

The Cragg model in Stata developed by Burke (2009) is used to estimate the DHM by fitting all parameters
simultaneously using craggit. This model enables specifying a model for heteroskedastic standard errors in the
second-tier estimations without compromising model misspecification in the first-tier.
16

This transformation was attempted in our analysis. However, the hypothesis test gave much greater support
for a log-linear model (  = 0) than the linear model (  = 1) with the estimate of e = 0.0609. Moreover, the
Box-Cox model with is difficult to interpret and use, and in the interest of brevity and interpretation, the loglinear model transformation was preferred in our estimations.
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 i  expci h 

(13)

where ci represents the continuous variables included in X i variables and h represents a vector
of coefficients (Yen and Jensen, 1996; Newman et al., 2003; Aristei and Pieroni, 2008).

A likelihood ratio test is also applied to assess whether a normal double hurdle model or a
heteroskcedastic version fits the data. The test’s assumption is that the homoscedastic double
Hurdle model ( the restricted model) is nested in the heteroskcedastic double hurdle model
(the unrestricted model). The test statistic is computed as follows:

LR  2 * ( LLRM  LLURM ) ~

 2k

(14)

Where:
LLRM is the log likelihood of the restricted model or the homoscedastic DHM
LLURM is the log likelihood of the unrestricted model or the heteroskcedastic DHM

 2 k is the chi-squared distribution with k degrees of freedom, k referring to the number of
variables in the heteroskcedastic equation i.e. the number of coefficients that are assumed to
be zero under the restricted model. The Ln of consumption per capita and Ln of annual crop
income are included in the heteroskcedastic model and in the homoscedastic model these
variables were excluded along with land size and asset index in another model. The results of
the likelihood ratio tests are presented in Table presented in Table E (annexed).

Equation specification and identification
The choice of explanatory variables for the participation and size of non-farm equations in the
double-hurdle model involves some difficulty since the model is not grounded within any
formal choice theory (Pudney, 1989). As a result, there is no theoretical guidance regarding
equation specifications for the DHM. Despite this apparent shortcomings of the model
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however, some authors have come up with practical ways to identifying parameters. For
instance, Pudney (1989) takes the first-stage or participation hurdle as being primarily
affected by non-economic factors than by economic variables such as levels of prices and
income. Thus, income and related variables can be excluded from the first hurdle or
participation equation. This method has been implemented by many studies that mainly
focused on determinants of consumption or expenditure (Yen and Jensen, 1996; Newman et
al., 2003, Aristei and Pieroni, 2008). Moreover, Newman et al. (2003) propose imposing
exclusion restrictions in DHM since the inclusion of the same regressors in both hurdles can
make parameter identification difficult. Cameron and Trivedi (2010) also suggest exclusion
restrictions with strong justification for imposing the restriction for more robust
identification.

Against this backdrop, the choice of variables for the first and second hurdle equations in this
study involved the use of relevant explanatory variables identified from previous studies on
non-farm income diversification. Hence, individual and household characteristics such age,
education, gender, household size, land holding, durable assets, and community
characteristics such as distance to markets, proximity to towns, and access to electricity were
used in the first-stage equation. In the second-stage equation, income and risk-related
variables that are hypothesized to have impacts on the intensity of participation in non-farm
activities were added along with the variables that have significant coefficients in the first
equation.17

Moreover, adopting the incentives and constrains approach to non-farm diversification, this
study reiterate the argument by Reardon et al. (2007) about how these incentives and
constraints create paradoxes at the meso and micro-level (see Section 3). This argument
17

The method of excluding insignificant variables from the second-stage equations has also been applied in
other studies that applied the DHM (see Jones, 1992;Yen and Jensen, 1996).
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indicates the possibility that the same variable that relate to a community or household’s
characteristics may increase or decrease participation or returns from non-farm activities
through its potentially conflicting effect on incentives and capacity. For instance, livestock
holding may decrease the incentive to participate in non-farm activities but it may also ease
liquidity constraints and enable farmers to actively engage in activities such as trading or
service provision like transportation, which in turn increase their non-farm income.

Model Specification
To identify the model that best identifies the determinants of non-farm income
diversification, a series of model specification tests namely, likelihood ratio (LR) tests are
undertaken. These tests can be used decide between the Tobit and the independent doublehurdle model since the standard Tobit model is a nested version of the DHM or Cragg model
(Martinez-Espineira, 2006; Aristei and Pieroni, 2008). We first estimate the Tobit model, the
Probit model, and the truncated regression model separately (see Table A, annexed), and used
a likelihood ratio (LR) test. Following Greene (2000), the LR−statistic for this test can be
computed as:

T  2 * log LT  log Lp  log LTR  ~ χ 2k

(15)

Where:

LT is the log likelihood for the Tobit model;
LP is the log likelihood for the Probit model;
LTR is the likelihood for the truncated regression model; and k is the number of independent
variables in the equations.
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We also used a simple test to compare the Heckman selection model against the Tobit model
using the following equation:

T  2log LT  log LH 

(16)

Where LT is the log likelihood for the Tobit model; and

LH is the log likelihood for the Heckman selection model

By comparing each pair of log likelihood values in equation (8), we tested the Tobit model
against the double-hurdle model. The log likelihood of double-hurdle model is given by the
sum of the log likelihoods of the truncated regression model and probit model. The results of
the specification tests show that the double-hurdle model provides a better fit than the Tobit
model. Results of the specification tests are given in Table B (see annex).
6. Results and Discussion

6.1. Determinants of Non-farm Activity Participation

In this section, the results of the determinants of non-farm activities participation are
presented. The number of income sources (mean distribution) among different types of
households is shown in Table 2.The maximum number of non-farm activities that households
engaged is eight. The number of activities has shown a marked increase between the two
survey periods.
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Table 2: Mean distribution of the number of non-farm activities
Year
Household categories
Female-headed

2004
19.75

2009
57.80

Male-headed

25.00

62.90

first quintile

22.00

44.84

Second quintile

23.53

64.75

Third quintile

17.30

71.00

Fourth quintile

23.56

69.23

Fifth quintile

31.00

41.34

All

23.74

61.00

Nonfarm activities > 0

1.14

1.68

Wealth category

Source: computed from ERHS 2004–2009.

Table 3 provides the results of the negative binomial regression models. Most of the
determinants of non-farm activity participation relate to household and demographic
characteristics. Household size, access to credit, and access to electricity increase the number
of non-farm activities in which household participate, while and age of household head,
dependency ratio, land size, death of a working member, and distance to the nearest town
(market) significantly reduce participation in all model specifications. These results are
indicative of the role of household characteristics in non-farm participation decisions. Most of
these results are to be expected, except that of education, which has not been found to be a
factor in determining activity participation in our estimations. This result is contrary to the
positive and significant role of education reported elsewhere in the literature (Barrett et al.,
2001b; Abdulai and CroleRees, 2001; Lanjouw et al., 2007). However, most studies that have
found education to be significant have used non-farm income as their response variable while
we used only the number of non-farm activities participation in our model. Besides, the
evidence on education as having a positive implication for non-farm diversification is by no
means cut- and-dry as a number of recent studies came up with mixed results. Thus, our result
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on education corroborates with some previous findings on non-farm diversification that find
insignificant results for Ethiopia (see Block and Webb, 2001), for Ghana (Canagarajah,
Newman, and Bhattamishra, 2001), and for Malaysia (Abdul-Hakim and Che-Mat, 2011). A
possible explanation for the result on education could relate to the nature of non-farm activity
participation in the sample districts: it is highly likely that most of the activities that
households participate may not require education as in the case of self-employment activities
in the informal sector.

The other key demographic indicator that determines non-farm activity diversification is age
of the household head. Here, we find that for each additional year of the household head, the
number of non-farm activities is likely to decline by 1.17%. This result is consistent with
other studies in Africa (see Canagarajah et al., 2001 for Ghana and Uganda) and Senadza,
(2012) for Ghana. This result makes sense if viewed from the human capital literature’s
angle, which generally argues that participation in the labour force declines as one gets older.
This result however, only works for number of activities and as we will see from the Tobit
and double-hurdle estimations for non-farm earnings, age has a slightly positive coefficient.
This could mean that once households decide to diversify into non-farm activities, households
with relatively older heads are likely to earn more than the younger ones, due to perhaps more
experience, accumulated wealth and social capital. Block and Webb (2001) based on data
from 300 rural households in Ethiopia reached similar conclusions with respect to
household’s age and non-farm income. Lanjouw et al. (2007) also find that non-farm income
increases with age in rural India.

Household size increases participation in non-farm activities with the number of non-farm
activities increasing by approximately 8.6% with every one person increase in the household.
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Most studies on non-farm diversification agree on the positive effect of household size since
it mostly relates to the supply of labour to the non-farm sector (Reardon, 1997; Clay et
al.,1995 as cited in Reardon, 1997; Barrett et al., 2001b; Abdulai CroleRees, 2001; Lanjouw
et al., 2007). However, one can argue that household size could be a liability for the overall
welfare of the household if the number of labour-contributing members is less than the
dependents. Thus, in order to capture this aspect of household labour supply, we have
included dependency ratio in a second model. The results show that dependency ratio is a key
demographic variable that negatively relates to non-farm activity participation. Accordingly,
a one unit increase in the dependency ratio is likely to reduce the number of non-farm activity
participation of a household by up to 58 %, statistically significant at less than 1 % level. This
result on dependency ratio mirrors findings from other studies (see Lemi, 2006; Saha and
Bahal, 2010 cited in Kuwornu, Bashiru, and Dumayiri, 2014; Khatun and Roy, 2012).

Participation in non-farm activities seems to be negatively related to the performance of the
farming sector. This is partly reflected by the negative and significant coefficient of land size.
Thus, if farm size keeps on increasing, farmers may opt to engage in farming activities rather
than increasing their non-farm activity participation. The influence of landholdings on
participation in and earnings from rural non-farm activities is found to be mixed in the
literature. That is to say, landholding may encourage participation in the RNFE serving as
collateral to raise capital or increase access to own-capital by raising farm income. On the
other hand, by raising farm income, it may discourage participation into the RNFE (Reardon
et al., 2007).

Access to electricity is found to be an important and highly significant determinant of nonfarm activity diversification. Compared to those households who do not have access to
electricity, households that have access are likely to increase the number of non-farm
41 | P a g e

Rural Non-farm Diversification in Ethiopia

Zerihun B. Weldegebriel

activities by up to 32 %. This result is consistent with what other studies have found
elsewhere such as in Peru (Escobal, 2001) and India (Lanjouw et al., 2007).

Table 3: Determinants of non-farm activity diversification in rural Ethiopia
Dependent variable:
Number of non-farm activities
Age of household head
Male head(=1)
Education of household head
Household size

(1)
NBM
-0.0131***
(0.00374)
-0.0401
(0.115)
-0.00623
(0.0158)
0.0825***
(0.0195)

Dependency ratio
Livestock holding (in TLU)
Credit dummy (=1)
Land size ( in ha)
Ln crop income
Climate shocks index
Death of a working member
Illness dummy
Access to electricity
Distance to nearest town ( in kms)
_cons
No. observations
No. groups
Wald chi2
Prob > chi2

0.00347
(0.0128)
0.316**
(0.102)
-0.287**
(0.0921)
-0.0409
(0.0302)
0.0656
(0.109)
-0.288**
(0.108)
0.107
(0.0985)
0.317***
(0.0934)
-0.0269*
(0.0107)
-0.338
(0.309)
1981
1142
146.7
0.0000

(2)
NBM
-0.0119**
(0.00373)
0.0481
(0.115)
0.0103
(0.0156)
-0.585***
(0.173)
0.00916
(0.0117)
0.327**
(0.102)
-0.280**
(0.0904)
-0.0346
(0.0297)
0.0940
(0.108)
-0.345**
(0.107)
0.128
(0.0968)
0.307***
(0.0922)
-0.0230*
(0.0109)
0.163
(0.310)
1981
1142
125.9
0.0000

Standard errors in parentheses
*
p < 0.05, ** p < 0.01, *** p < 0.001
Notes:
NBM= Negative Binomial Model.
GEE population-averaged model
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6.2. Determinants of Non-farm Income Participation and Earnings
This section, presents the results of the determinants of non-farm income along with
participation model from the standard Tobit and double-hurdle models. Annual non-farm
income (log-transformed) is used as an indicator of the level of non-farm diversification of
households.
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Table 4: Maximum Likelihood Estimation of Double-Hurdle Model for the Ln log of
non-farm income

Age of household head
Male head (=1)
Education of Household head
Household size
Livestock holding (in TLU)
Credit dummy (=1)
Land size ( in ha)
Asset index
Climate shocks index
Access to electricity (=1)
Distance to nearest town

First Hurdle

Second Hurdle

0.00635**
(0.00231)
-0.309***
(0.0726)
0.0399***
(0.0120)
-0.0293*
(0.0136)
-0.0259**
(0.00909)
0.0651
(0.0647)
-0.101**
(0.0337)
-0.0601
(0.261)
0.101
(0.0696)
0.424***
(0.0673)
-0.00761
(0.00909)

0.00532*
(0.00254)
-0.171*
(0.0815)
0.0332*
(0.0150)
0.0916***
(0.0173)
0.00381
(0.0113)

Ln annual crop income
Ln consumption/capita
_cons
sigma
_cons
Log likelihood
chi2
Observations

0.724***
(0.186)

-0.0105
(0.0404)
-0.261**
(0.0807)
0.0360
(0.0746)
-0.0519**
(0.0188)
0.224***
(0.0498)
4.544***
(0.264)
1.274***

-3367.4
216.8
1977

1977

Robust standard errors in parentheses
*
p < 0.05, ** p < 0.01, *** p < 0.001
Notes:
Regional dummies are estimated but not reported.

Source: computed from ERHS, 2004–2009
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Table 4 presents the results of the double-hurdle model. The coefficients in the first hurdle
indicate how a given variable affects the likelihood (probability) to participate in non-farm
income generating activity. The second hurdle presents the variables that influence the
level/intensity of non-farm income diversification, given that a decision is made to participate
in non-farm activities.

The results show that there are some visible differences in the parameter estimates of the
variables in the participation and level of non-farm equations. Moreover, except for age,
gender, and education all variables do not have similar statistical significance and magnitude
in both equations. Accordingly, age of the household head and education significantly
increase both the participation and the level of non-farm income. The effect of age in terms of
magnitude is very small as each additional year increases the probability of non-farm
diversification by only 0.63 % and the level of non-farm income by 0.53 %. Education on the
other hand, has a relatively greater effect as each year of schooling results in 3.9 % and 3.3 %
increase in participation and returns respectively.

The results on age as a factor for non-farm diversification may indicate that those households
with more experienced heads are likely to participate more in non-farm income but with
declining rate of returns. The positive result on education is to be expected and consistent
with the theoretical literature (Barrett et al., 2001b) and previous findings from Latin America
(Taylor and Yunez-Naude, 2000;Yunez-Naude and Taylor, 2001; Escobal, 2001) and from
Africa (Abdulai and CroleRees, 2001; Canagarajah et al., 2001; Babatunde and Qaim, 2009).
Studies in Ethiopia do not provide a clear indication with regards to the effect of education on
non-farm diversification ( see Block and Webb, 2001; Woldenhanna and Oskam, 2001) and
some even report negative impact of education particularly on non/off-farm wage
employment (Demissie and Legesse, 2013).
45 | P a g e

Rural Non-farm Diversification in Ethiopia

Zerihun B. Weldegebriel

The demographic variable of household size has a negative effect on participation while
positively affecting the rate/level of return from non-farm income once households engage in
such activities. Crop income reduces the intensity or rate of non-farm returns while growth in
consumption/capita increases the level of return from non-farm income. These results jointly
may hint to the existence of ‘push’ factors since households who have a viable income from
farm activities, may not opt to engage in non-farm activities. Reardon et al. (2000) explain the
relationship between farm and non-farm income in terms of seasonal, transitory, and
permanent changes relating to farm income. In the first case, farm income may drop below
what is needed to survive during off-seasons. Thus, farmers choose to engage in nonfarm
activities to smooth income and consumption (inter-seasonal smoothing). Second, a drop in
farm income due to some unexpected shocks like drought can result in an ex-post coping
through nonfarm activities. The third situation is when there is permanent (inter-year) drop in
farm income due to (macro) and meso factors including land redistribution, or reduction in
landholding.

Access to electricity has a positive and significant effect on participation. However, once
households decide to participate in non-farm activities, their level/rate of return or earnings
from their participation seems to be less affected by their access to electricity (see Table 4).
This is perhaps due to the nature of the non-farm activities that smallholders engage, which
are most likely to be less electricity-dependent enterprises because of the requirements of
higher capital cost to have one’s own electric supply (e.g. diesel-powered grain mills) (see
Gordon and Craig, 2001).

Locational characteristics– distance from the nearest town and therefore from a major market,
has not been found to have any significant effect both on participation and level/rate of non-
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farm earning. This is contrary to what has been reported elsewhere in the literature (Escobal,
2000; Canagarajah et al., 2001; Senadza, 2012).

Climatic shocks index (aggregated from self-reported experiences of drought, flooding and
frost hazards by households) was included in the model to control for risk and vulnerability
factors. The results show that climatic shocks may not be significant in determining the
participation decisions but play a role in significantly reducing the rate/level of non-farm
income.

Interestingly, consumption per capita has a positive and significant association to the level of
non-farm diversification (a 100 % increase in consumption, increases the level of non-farm
income by up to 22.4 %, significant at less than 1 %). This is an important finding because of
its implication for ascertaining the motivation for engaging in the rural non-farm economy.
Thus, this finding requires further investigation as to the extent to which growth in
consumption influences non-farm income as well as the direction of causality (which will be
discussed in the next section).

In sum, the double-hurdle model help to identify the major factors that influence non-farm
income diversification and, compared to the standard Tobit model, provides a better estimate
by separating factors that affect participation from those that determine the level of non-farm
income. In the next section, we will present results from fixed, random effects estimations
and Instrumental variable regression in order to cross-check the results from the Poisson, and
double-hurdle estimations and establish the direction of causality between consumption and
non-farm income. This would also help to understand the motivations behind diversifying
decisions.
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7. Summary and Conclusions
This paper examined the determinants of non-farm diversification using both activity and
income indicators for a panel of rural households in Ethiopia for the period 1994–2009. The
analysis indicates that although smallholders are trying to diversify their income sources, the
contribution of non-farm income to total household income is very low. This partly reflects
the extreme poverty prevalent in the smallholder agricultural system in the country.

The results from our estimation indicate that eight variables– age of household head,
household size, education, consumption per capita, asset holding, livestock holding, access to
electricity and access to credit, positively affect non-farm diversification. Of these variables,
household size is found to have a consistent effect across all model estimations followed by
education and consumption variables.

Most of these variables belong to pull factors and indicate inter-household differences in
capacities and incentives such as comparative advantages based on the existence of human
capital (household size and education) and financial capital (higher consumption, asset and
livestock holding) at micro level. At macro level, only one pull factor–access to electricity is
found to be significant with its influence limited to determining household’s participation or
entry into non-farm activities but having no significant effect on the rate of returns from nonfarm activities. With regards to proximity to urban centres, we have found no evidence of its
role in non-farm diversification in our estimations.

The finding on the role of electricity is consistent with previous studies on the dual role of
rural electrification on the non-farm economy (Lanjouw et al., 2007). In general, the role of
infrastructure is not as straightforward as it seems. In this regard, Renkow (2007: 197-198)
asserts that infrastructure’s role varies according to context and type of rural non-farm
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economy. According to Renkow, infrastructure can be considered as “a double-edged sword”:
on one side it promotes the development of rural industries serving as a fixed input into the
production process. On the other side, infrastructural development may lead to the “crowding
out” of remote rural firms by exposing them to higher market competition.

Other variables, such as dependency ratio, landholding, and climatic shocks negatively affect
non-farm diversification and have consistent coefficients across many of the model
specifications. Taken jointly, these results may indicate the existence of competition over the
major factors of production between farm and non-farm activities, particularly labour. This in
turn may reflect the lack of labour substituting technologies and the subsistence nature of
farming. This condition has long been recognized as an impediment for achieving growth in
the non-farm sector. The following quote from FAO’s report aptly describes this situation:
“…[R]igidities in the technology of a given sector may block labour availability
for development of the other. For example, a traditional labour-using technology
can keep smallholder labour “bottled up” on the farm and thus make it unavailable
for off-farm activity. ...Thus, investment in technological change in the farm
sector, which may only be accessible to the asset-rich households, is needed to
free up labour for the non-farm sector” (Reardon et al., 1998: 322).
In general, the factors that affect non-farm diversification negatively, may also suggest that as
long as smallholders have enough factors of production such as land, labour and capital (in
the form of assets like livestock and oxen) and farm income is reliable, they are less likely to
engage in non-farm activities. This means that non-farm activities are perhaps considered as
an alternative means of securing income during agricultural off-seasons. It could also mean
that non-farm income is likely to be re-invested into farm activities for renting in more farm
land, purchasing inputs and oxen. In the long-run this may have a dynamic effect in creating
capital that substitutes for labour, encouraging participation in non-farm activities (Reardon et
al., 1998).
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Our findings on the landholding partly re-affirms the farm/non-farm linkages (Reardon et al.,
2000) and the dominant pattern consumption-driven non-farm income growth observed in
some African countries such as Zambia (Hazell and Hojjati, 1995).
The fixed, random and instrumental variable estimations largely indicate that non-farm
diversification seems to be pursued by wealthier households while poorer choose it only in
case of shocks as a survival strategy. This result supports the increasingly strong empirical
evidence that income diversification is being used as a means of accumulation in sub-Saharan
Africa (see Block and Webb 2001; Barrett et al. 2001b; De Weerdt 2010; Dimova and Sen
2010).
In light of the findings of the positive roles of access to electricity and markets, it can be
suggested that a more focused policy towards infrastructural development in rural areas can
facilitate the transformation of the rural economy goals explicitly stated in the government’s
Growth and Transformation Plan (GTP) (FDRE, 2010). Increasing investments to promote
access to electricity and roads could improve access to markets and remove some entry
barriers for poorer households. This is crucial, as non-farm activities can remove some of the
current pressure on farm land and reduce the rate of land degradation by providing alternative
sources of income to smallholders in densely populated areas in Ethiopia. Enabling the poor
to participate in non-farm activities also requires improving their asset base through creating
alternative employment and income generating opportunities. Public work schemes can be
play important role in this regard.
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Table A: Pearson goodness‐of‐fit test result for non-farm activities
ystar
muhat

Coef.
1.683078

Std. Err.

t

P>|t|

[95% Conf. Interval]

.3154693

5.34

0.000

1.064391

2.301765

Note:
The test shows that number of non-farm activities is over-dispersed

A goodness-of-fit test for the Poisson Model
Deviance goodness-of-fit = 2233.921
Prob > chi2(1961)
= 0.0000
Pearson goodness-of-fit = 3658.821
Prob > chi2(1961) = 0.0000
Goodness-of-fit chi2 = 3658.821
Prob > chi2(1961) = 0.0000
Since the probability is below .05, the predicted counts are significantly different from the
observed ones, and therefore Poisson model doesn’t fit well for the data.
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Table A: Tobit, Probit, and Truncated Regression models of non-farm income
determinants
Tobit
Probit
Truncated
estimates*
regression
regression
Age of the household head
Household head is male (=1)
Education (years of schooling)
Household size

0.0172*
(0.00667)
-0.616**
(0.204)
0.150***
(0.0342)
0.00377
(0.0382)

Dependency ratio
Livestock holding (tlu)
Access to credit (=1)
Landholding ( in ha)
Asset index
Ln crop income
Climate shock index
Death of a working member (=1)
Illness dummy (=1)
Access to electricity (=1)
Distance to nearest town ( in kms)
_se
_cons

-0.0708**
(0.0239)
0.183
(0.187)
-0.349***
(0.0870)
0.577
(0.787)
-0.344***
(0.0558)
0.0715
(0.194)
-0.301
(0.226)
0.573**
(0.182)
0.963***
(0.193)
-0.0240
(0.0186)
3.768***
(0.0800)
4.736***
(0.638)

0.00427
(0.00226)
-0.377***
(0.0674)
0.0270*
(0.0117)
0.108
(0.136)

0.135*
(0.0640)
-0.0821
(0.0748)
0.237***
(0.0606)
0.398***
(0.0657)
-0.00456
(0.00595)

0.00425
(0.00967)
0.0853
(0.0746)
0.0118
(0.0364)
0.454
(0.342)
-0.0132
(0.0205)
-0.276***
(0.0777)
-0.110
(0.0908)
0.171*
(0.0721)
0.0335
(0.0760)
0.0101
(0.00747)

0.107
(0.173)

5.007***
(0.247)

2013
112.4
-1200.2

1.280***
(0.0247)
1348
66.12
-2245.7

0.0602
(0.0622)

sigma
_cons
N
chi2
ll

1977
217.4
-4298.8

0.00576*
(0.00263)
-0.168*
(0.0798)
0.0398**
(0.0132)
0.0720***
(0.0152)

Standard errors in parentheses
*
p < 0.05, ** p < 0.01, *** p < 0.001
Notes:
The LR test statistics is -2*( lTobit-(lprobit+ ltrunc))= 1705.8
* The restricted model is Tobit. The unrestricted more flexible model is the two-part model. Here the test
statistic is large enough; we will reject the null that the restrictive Tobit model is valid.
The  (15) = 1705.8, this is less than the critical value 25. Thus, the two-part model is a better fit than the
Tobit model.
2

62 | P a g e

Rural Non-farm Diversification in Ethiopia

Zerihun B. Weldegebriel

Table B: Specification tests for Tobit and Double-Hurdle models
Model
Test value
Heckman selection model vs 1870.023(18)***

Decision
Reject Heckman and accept Tobit

Tobit model
Test for Tobit vs Probit and 1705.8 (15)***

Reject Tobit and accept the two-step

truncated regression

model (Cregg or double-hurdle models)

Source: computed from ERHS 2004–2009.
Notes:
The degrees of freedom of the chi-square statistics are given in parentheses.
***, **, * denote significance level at the 1 %, 5 % and 10 %.
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Table C: Descriptive Statistics of the variables used in the estimations (1994–2009)
Variable
Obs
Mean
Std. Dev.
Min
Max
Age of household head
4917
Male head(=1)
4960
Highest grade completed
4810
Literacy status(=1)
4906
No. students
4926
Dependency ratio
4922
Household size
4960
Poor
4935
Livestock holding (tlu)
4918
No. oxen
4957
Land size (ha)
4840
Land quality index
4488
Loan taken dummy
4936
Log of asset value
4960
Log Annual crop income
4548
Annual non-farm income
2261
Asset index
4820
Perennial crop production
4960
Death of a working member 4888
Source: computed from ERHS dataset

48.97
.74
3.27
.43
1.12
.48
6.41
.42
3.45
.74
1.19
2.21
.503
5.25
6.896
5.632
0.312
.575
.24

15.14
.4396
3.575
.4955
1.519
.2137
2.93
.494
4.161
1.075
1.357
1.43
.4968
1.402
1.316
1.407
.3512
.4943
.427

15
89
0
1
0
16
0
1
0
12
0
1
1
31
0
1
0
61.85
0
11
0
16.25
0.28
9
0
1
0.29
10.99
0.40
11.27
0.68
10.76
-2.72
1.056
0
1
0
1

Notes:
Dependency ratio is defined as ratio of family members below age 15 and above age 60 to
total family size.
Poor is a dummy variable determined by using the Poverty line of 50 Birr/adult equivalents
per month in 1994 prices. This poverty line has been used by various authors and calculated
from a food poverty line (constructed using a bundle of food items that would provide 2300
Kcal per adult per day) and a non-food bundle using the method employed by Ravallion and
Bidani (1994) (cited in Dercon et al. 2011). Poverty in the sample surveys is high (Porter
2012) increasing from 47.3 % in 1994 to 53% in 2009. During the survey years especially
between the two recent rounds, households faced high inflation especially on food prices.
Average Land Quality Index is a composite variable that takes both slope and nutrient content
of the soil into consideration. It is calculated by multiplying the two indicators .Thus, for
example if a land has a flat slope, it is assigned a value of 1 and if it is rich in its mineral
content it is given similar value of 1. Similarly, land with high slope and poor nutrients gets
3*3=9.
Loan taken dummy refers to a yes or no response to the survey question “have you ever taken
out a loan of at least 20 Birr?” This doesn’t necessarily indicate access to formal credit
institution.
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Figure 3: Double-hurdle model Specification assumptions.
(A) Standardized normal probability plot of residuals for Tier-1
(B) Standardized normal probability plot of residuals for Tier-2
(C) Kernel density estimate of residuals
(D) Plot of residuals against predicted values
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