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Abstract

The use of improved crop varieties can increase agricul-
tural productivity and enhance the welfare of farmers.
This study examined whether the adoption of improved
maize varieties (IMV) is associated with the increased
welfare of farmers in rural Ethiopia. A panel data set with
1886 observations collected in three waves from 2009/10 to
2014/15 were used for the analysis. The adoption decision
was modelled using a double-hurdle model, and the welfare
effect of IMV adoption was estimated using a fixed-effects
instrumental variable approach. Our findings reveal that
IMYV affects the welfare of farmers. Specifically, we found
that IMV adoption increases households' income, asset
ownership and maize consumption while also reducing in-
come poverty. The poverty estimates indicate that a 10%
increase in the area allocated to IMV was associated with
a 4.79% reduction in the probability of being below the
$1.90 poverty line. However, the poverty-reducing effect
of IMV adoption was heterogeneous across households,
with the most pronounced effect experienced by house-
holds with extensive landholdings. Our findings suggest
that facilitating access to IMV and land under cultivation
can effectively improve farmers' welfare and reduce pov-
erty in rural Ethiopia.
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1 | INTRODUCTION

Despite growing recognition that agricultural innovation can help achieve food security and
reduce poverty, the link between agricultural technology adoption and rural household wel-
fare remains complex and unresolved (Manda et al., 2019; Ogundari & Bolarinwa, 2018a). The
Green Revolution, which offered farmers higher-yielding crop varieties (HY V), has signifi-
cantly increased agricultural productivity and crop yields of major food grains, mainly in Asia
and Latin America (De Janvry & Sadoulet, 2002; Evenson & Gollin, 2003; Pingali, 2012). In
Sub-Saharan Africa (SSA), despite efforts by various governments to promote the adoption
of HYYV, as has featured prominently in policy debates, food insecurity and poverty con-
tinue to rise, remaining a significant social and economic issue (De Janvry & Sadoulet, 2009;
Dercon, 2009). Despite achieving the millennium development goals to reduce extreme pov-
erty by half between 1990 and 2015, extreme poverty has decreased only marginally in SSA
compared with other regions (United Nations, 2015). In recent times, poverty incidence has
been rising in SSA, particularly in rural areas, which account for nearly 80% of the population
still living in extreme poverty (World Bank, 2018).

Enhancing agricultural productivity can contribute to rural development, either directly
or indirectly. The direct effect of increased agricultural productivity is the increase in agri-
cultural production and, consequently, income, resulting in an improvement in the welfare of
farm households (De Janvry & Sadoulet, 2002). The indirect effects of increased agricultural
productivity are induced gains, such as lower food prices and growth linkage effects that cre-
ate employment by adjusting real wages for unskilled workers (Minten & Barrett, 2008; Zeng
et al., 2017). There is growing empirical evidence for developing countries to suggest that the
direct and indirect effects of HYV adoption have led to substantial welfare gains (Becerril
& Abdulai, 2010; Minten & Barrett, 2008; Ogundari & Bolarinwa, 2018b). However, a recent
meta-analysis by Ogundari and Bolarinwa (2018a) revealed that the association between agri-
cultural technology adoption and rural poverty remains complex within the context of SSA.
While the dissemination of IMV crops remains an overarching policy in many SSA countries,
debate on the role of IMV in rural poverty reduction in SSA has featured prominently in policy
discourse (Geffersa et al., 2019a; Ogundari & Bolarinwa, 2018a).

This paper explores whether the adoption of HYV improves the welfare of farm house-
holds. We used a sample consisting of 1886 household-level panel data from three waves of sur-
veys (2009/10 to 2014/15) conducted under the Sustainable Intensification of Maize-Legume
Cropping Systems for Food Security in Eastern and Southern Africa (SIMLESA) project. We
specified improved maize varieties (IMV) adoption using a double-hurdle model and esti-
mated it as a correlated random-effects regression to correct unobservable heterogeneity. We
apply a control function approach to control endogeneity resulting from nonrandom access to
improved seeds. We establish a link between technology adoption and household wealth by
introducing a novel way to construct an asset-based welfare index using latent trait modelling
drawing insights from Item Response Theory (IRT) models. The welfare effect of IMV adop-
tion was estimated using an instrumental variable regression approach where predicted values
from the double-hurdle model were used as an instrument for IMV adoption.
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The paper provides new empirical evidence about the relationship between technology adop-
tion and the welfare of the farmers in SSA. Three arguments are advanced in the agricultural
technology adoption literature to explain the weak relationship between the adoption of HYV
and the welfare of rural households in SSA. First, the contentious relationship between HY'V
and welfare is due to the disproportionate access of farm households to physical resources
(Dercon & Christiaensen, 2011; Manda et al., 2019; Verkaart et al., 2017), wealth status of farm
households (Bezu et al., 2014) and size of landholdings (Alwang et al., 2019; Zeng et al., 2015).
Second, the disparity arises from the failure to adequately account for randomness arising from
the heterogeneity of households' ability to cultivate HY'V (Abay et al., 2018; Verkaart et al., 2017).
Third is the unobservable differences due to varying skills, risk-taking inclinations and percep-
tions of farmers about the benefits of adopting HY'V compared with traditional varieties (Abay
et al., 2018; Michler et al., 2018; Suri, 2011). For example, Michler et al. (2018) and Suri (2011)
have argued that failure to account adequately for household heterogeneity and endogeneity
in modelling farmer adoption may bias the effect of adoption of HYV on the welfare of farm
households.

A growing number of theoretical and empirical studies have emerged examining the effect
of HY'V adoption on the welfare of households (see Ahmed et al., 2017; Jaleta et al., 2018;
Zeng et al., 2015, 2017). In SSA, adoption studies have focussed on examining the effect of
HYV adoption on crop yield and basiceconomic returns of farmers (Jaleta et al., 2018; Manda
et al., 2019; Michler et al., 2018), household income (Kassie et al., 2017; Verkaart et al., 2017),
child nutrition (Manda et al., 2019; Zeng et al., 2017), food security (Jaleta et al., 2018; Shiferaw
etal., 2014), household consumption (Asfaw et al., 2012; Bezu et al., 2014) and household wealth
(Manda et al., 2019; Mathenge et al., 2014; Verkaart et al., 2017). Notwithstanding the contri-
bution of these previous studies, the findings are mixed (see Ogundari & Bolarinwa, 2018a).
Earlier SSA studies have relied on cross-sectional data (see Ahmed et al., 2017; Jaleta et al., 2018;
Zeng et al., 2015, 2017). A major criticism of these studies is that the use of cross-sectional
data prevents undertaking a comprehensive analysis and accounting adequately for unobserv-
able household heterogeneity. This could thus bias the inferences from the empirical results
and the generalisability of the findings (see Abay et al., 2018; Michler et al., 2018; Suri, 2011).
Furthermore, these previous studies fail to account for the long-term welfare outcomes of
HYV adoption. There are a few exceptions, such as the studies by Bezu et al. (2014), Mathenge
et al. (2014) and Kassie et al. (2017). However, these studies fail to account for the differences
in access to technology, which is critical for technology adoption decision-making (Verkaart
et al., 2017).

This paper contributes to the agricultural technology adoption literature by analysing the
heterogeneous effect of IMV adoption on smallholder household welfare and poverty in rural
Ethiopia. Using a composite household welfare measure based on latent-trait modelling, our
results complement the policy implications of earlier SSA studies that mainly used direct mon-
etary measures of household welfare. We show that IMV adoption enhances the welfare of
maize farmers by increasing household maize consumption, income and asset ownership, while
also reducing poverty. We find a heterogeneous effect of IMV adoption on welfare. Although
the adoption of IMV raises household income above the $1.90 poverty line, its impact is more
pronounced for farmers with large landholdings. This finding provides strong empirical ev-
idence to highlight that ignoring the heterogeneous nature of farm households may bias the
effect of IMV adoption on welfare estimates.

The remainder of this paper is outlined as follows. Section 2 presents the background of
maize production in Ethiopia, while Section 3 introduces the analytical framework, high-
lighting the theoretical and empirical models and presents the data and descriptive statistics.
Section 4 reports and discusses the observed results. Finally, Section 5 concludes and draws
some policy implications of the empirical findings.
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2 | OVERVIEW OF MAIZE PRODUCTION IN ETHIOPIA

In SSA, Ethiopia's economy reflects the general dependence on agriculture. More than 83% of
the country's population derives livelihood from smallholder agriculture (CSA, 2019). Despite
the immense potential of the country's agricultural sector, poverty in Ethiopia is widespread.
Recent official estimates indicate that the poverty rate in Ethiopia is 23.5%, which declined
from 29.6% in 2011 (World Bank, 2020). However, the reduction has been substantially slower
in rural areas than in urban areas, indicating that poverty is still a predominantly rural phe-
nomenon in Ethiopia. Compared with urban areas, where there has been a 10.9% poverty
decline since 2011, the reduction has been substantially slower in rural areas, with only a 4.8%
decline in the same period (World Bank, 2020). Furthermore, the gap between food production
and consumption continues to widen in Ethiopia.

Maize is predominately a subsistence food crop in Ethiopia, and household food security
is mainly defined by access to maize, as in most SSA countries. In recent years, maize has
emerged as a leading crop in Ethiopia in terms of scale and volume of production, number of
farmers producing maize and household consumption (CSA, 2016, 2019). This positions maize
as a significant food source in rural Ethiopia relative to other cereal crops. Maize has the larg-
est share in the country's crop production, next to feff (CSA, 2016, 2019). For example, in the
2017/18 cropping season, maize accounted for an estimated 48% of the cropped area and 56%
of crop production volume (CSA, 2019). Compared with other significant cereals produced in
Ethiopia, maize comprises the majority of the production scale, accounting for about 30% of
the total cereal production and 20% of the total area allocated to the production of cereals in
the 2017/18 cropping season (World Bank, 2019).

In addition to having the highest volume of total annual production and per hectare yield,
maize recently emerged as the single most important food crop in Ethiopia in terms of the
number of farmers engaged in cultivation. For example, in the Meher 2014/15 cropping season,
about nine million smallholder farmers (about 60-70% of the total farming households) pro-
duced maize, which accounted for 95% of the national maize production (World Bank, 2019).
Over the past two decades, the share of maize in total cereal consumption in Ethiopia has
rapidly increased. For example, in the 2015/16 cropping season, household consumption ac-
counted for 76% of total maize production, and the share of maize supplied to the market was
about 11% (CSA, 2016). Compared with other major cereal grains produced in Ethiopia, maize
provides the highest caloric intake for consumers in Ethiopia—accounting for 17 to 20% of
per-capita calorie intake (World Bank, 2018). As such, maize is crucial for rural poor house-
holds. For example, in 2014, it was estimated that maize dominated rural consumption, with
436 per-capita calories—more than four times the per-capita calories in urban areas (Food and
Agriculture Organization of the United States [FAO], 2014). Relative to other cereals, maize is
also a cheaper source of protein (FAO, 2014).

Given the growing importance of maize in household food consumption and food security,
the Ethiopian government has continued efforts to enhance smallholder maize productivity
(Assefa et al., 2020; Geffersa et al., 2022). To enhance maize productivity, over the past few
decades, the government of Ethiopia has substantially increased the extension agent to farmer
ratio (1:476) to improve farmers' access to modern inputs (Geffersa et al., 2022). Since the early
1970s, over 60 IM Vs have been released by the national system (Abate et al., 2015). These include
the first locally developed, early maturing hybrid maize variety (BH140) that was introduced in
1988, followed by BH660 (a late-maturing hybrid), BH540 and PHB3253 (the Pioneer hybrid)
(Abate et al., 2015). Among smallholder farmers in Ethiopia, commonly grown maize varieties
are grouped into hybrid varieties, improved open-pollinated varieties (OPV) and local OPV
(Abate et al., 2015; Zeng et al., 2015). As a result, the use of modern agricultural inputs more
than doubled in the past decade, leading to a substantial improvement in maize productivity
in Ethiopia (see Abate et al., 2015; Bachewe et al., 2018). Although the contribution of maize
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to household well-being remains the policy priority in Ethiopia, rigorous microlevel evidence
concerning the constraints on IMV adoption and its effects on household welfare and poverty
reduction is scarce in Ethiopia.

3 | ANALYTICAL FRAMEWORK
3.1 | Theoretical model

In developing countries such as Ethiopia, farm households make production and consump-
tion decisions simultaneously because of the prevalence of market imperfections that result in
trade-offs between profit-maximisation and utility-maximisation (Bezu et al., 2014; De Janvry
et al., 1991). As a result, the assumption of separability between production and consumption
decisions is unlikely to hold. Therefore, we viewed the welfare effect pathways of IMV adop-
tion through the theoretical lens of Singh et al.’s (1986) nonseparable farm household model
that assumes, in an economic environment with market failures; family members organise
their labour to maximise utility over consumption goods and leisure. Following Singh et al.
(1986), we assume that farm households produce goods for consumption or sale, and cash con-
straints are relaxed primarily through farm sales of surplus products where production and
consumption-related decision-making of maize farmers is determined simultaneously (Smale
et al., 1994; Verkaart et al., 2017).

We consider household welfare in a utility framework such that a household (i) maximises
utility, U, subject to resource constraints. While producing maize for home consumption and
sale, a household drives utility from the returns of land allocation for IMV. We assume that a
household i adopts IMV if the expected utility from adopting is higher than the utility from
disadopting. Following Feder et al. (1985), the returns from IMV adoption were assumed to
be a function of the area allocated, where the total land allocated to IMV production (A4) is
a function of output prices (P). Under imperfect factor markets, farmers may not rely solely
on market prices in production decisions. Thus, we assumed IMV production to likewise be a
function of a set of other factors, denoted by five vectors of variables:

A=f(P;l,H,E.V) M

where | denotes family labour endowment; H represents farm household characteristics; V' rep-
resents village-level factors that capture access-related variables, such as the availability/acces-
sibility of IMV seeds and other institutional and village covariates; and E represents variables
affecting environmental characteristics.

The adoption of IMV is expected to influence household welfare through changes in maize
yield. To conceptualise this, we specify the farm household welfare function (W) as a function
of IMV adoption (A):

W=f(4,2') @)

where Z denotes a vector of a set of variables representing the socio-economic characteristics of a
household. Other variables are as defined above.

Increasing maize yield is expected to enhance household food consumption and raise
household income by allowing households to sell surplus maize. In addition, the increased
use of IMV could indirectly affect household income in three main ways. First, by releasing
land for or taking land away from the production of other food crops. Second, via livestock
production through the increased supply of straw for livestock feed. Third, through the effect
on household energy and construction (e.g. fences and beehives), enhanced maize production
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would save cash spent on fuel and construction materials. If farmers used IMV successfully
over the years, we would expect that the resulting increase in income could be capitalised to an
accumulation of household assets and raise their households above the poverty line (Mathenge
etal., 2014; Verkaart et al., 2017). The increase in household income would, in turn, translate to
consumption expenditure. We, therefore, hypothesised a positive relationship between house-
hold welfare and IMV adoption.

3.2 | An empirical model for estimating IMV adoption decision

Before empirically estimating the welfare function, we first modelled the adoption decision
of the farm households. The empirical IMV adoption model was guided by the theoretical
model specified in Equation (1). The adoption decision is often quantified as a binary choice
variable by identifying growers and nongrowers of improved varieties. However, for divisible
technologies, this variable does not refer to the degree (intensity) of the use of new technology
as a quantitative measure of the extent of adoption (Smale et al., 1994; Verkaart et al., 2017).
The plausible empirical approach for divisible innovations is to define the adoption decision
as a rate or a continuum of the land share using censoring methods (Bezu et al., 2014; Smale
et al., 1994; Verkaart et al., 2017). Thus, we defined the adoption decision as a rate or a con-
tinuum of the land share using a censored regression framework after distinguishing between
IMYV adopters and nonadopters. We used the area allocated to IMV production as a measure
of adoption:

A, =Max(0,L}) A3)
AL =a+pP,+1l,+6H, +vV,+nE, +¢, )

where A7 is a latent variable for IMV adoption; €, ( = k; + ;) is an error term composed of two
components (unobserved time-invariant factors, k;, and unobserved time-variant shocks, y;,) that
could affect adoption decisions; and p, 7, §, v and # are vectors of coefficients to be estimated.

Given that the outcome variable in Equation (4) is truncated above zero, the model can
be estimated using the standard Tobit model that assumes ¢, as normally distributed
(Wooldridge, 2010). However, the existence of a significant number of nonadopters in the con-
text of developing countries makes the Tobit model inappropriate because it assumes the adop-
tion decision and the degree of adoption (adoption intensity) to be determined by the same
process (Ricker-Gilbert et al., 2011; Verkaart et al., 2017). Thus, a non-linear corner solution
framework expresses the model in Equation (4) more appropriately. Therefore, we estimated
our adoption model employing Cragg's (1971) flexible double-hurdle model that relaxes the
restrictions of the Tobit estimator. Our double-hurdle model had two steps. In the first step
(or hurdle), farmers decide whether to use IMV, estimated using a binary choice (probit/logit)
model. Once the first hurdle has been crossed, the farmers decide on the amount to adopt (or
the intensity of adoption), referred to as hurdle two (or the second hurdle).

Recently, Burke et al. (2015) introduced a triple hurdle approach that uses the third dimen-
sion to extend the double-hurdle model. The first stage integrates whether a farmer produced a
particular crop (maize in our case). However, in the context of our study, the empirical model
in the first stage did not involve whether to produce maize as a choice to be made by the farmer
because all sample households targeted by the surveys were maize producers from the selected
maize-based farming system in Ethiopia. Therefore, our empirical adoption modelling relied
on Cragg's (1971) flexible double-hurdle model. We estimated the first hurdle using a probit
model, while we used a truncated normal regression model for hurdle two.
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We included the determinants of IMV adoption in both hurdles, which were identified based
on the theoretical and empirical adoption literature (P, |, H, V, E in Table 1). We expected that a
higher maize price observed in a previous period could stimulate adoption by encouraging farm-
ers to allocate more areas for maize cultivation. Therefore, we hypothesised a positive effect of
maize price on the adoption of IMV. The influence of teff price and wheat price could extend in
either direction, depending on whether a farmer was a net seller or buyer of maize outputs.

We used family labour to capture the influence of household labour endowment in the
adoption decision. According to Feder et al. (1985), adopting input-intensive improved crop
varieties may be less attractive for those with limited family labour or those operating in areas
with less access to labour markets because it may increase the seasonal demand for labour. As
documented by previous studies from developing countries, such as those by Langyintuo and
Mungoma (2008), Asfaw et al. (2012) and Ghimire and Huang (2015), the availability of an ac-
tive labour force positively affects the adoption of HY'V. Therefore, we hypothesised a positive
influence of household labour endowment on IMV adoption.

Age, which captures the aspects of the farming experience that could increase the likelihood
of investing in innovations, was expected to affect IMV adoption positively. The gender of the
household head, often included in adoption modelling to capture fixed social bias (Langyintuo &
Mungoma, 2008), was expected to positively affect IMV adoption decisions because male farmers
in Ethiopia have better access to crucial farm resources. The education level of the household's
head was included to capture the human capital effect in farm production (Geffersa et al., 2019a).
Given that educated maize farmers are more likely to have better access to information and man-
agerial skills, we expected that households led by more educated farmers would be more likely to
use improved technologies. Family size was expected to positively affect IMV adoption because a
large household would have more access to a labour force for farming operations.

Landholding and initial level of asset ownership were included to capture the effects of access to
physical capital endowments. We used the initial level of asset ownership, measured in terms of the
monetary values of all household assets, including livestock,' to control for the initial difference in
asset endowments (Verkaart et al., 2017). In Ethiopia, livestock is an essential asset for rural
households that could influence maize production by crowding in/out of the land. Using organic
amendments, such as livestock manure, could improve soil fertility and enhance maize produc-
tion. However, maize and maize straw could be fed to livestock, limiting the use of maize stock as
organic manure to improve soil fertility. We expect that landholding and initial level of asset own-
ership to influence IMV adoption positively because a better position with physical capital endow-
ments would encourage farmers to grow IMV. We anticipated adverse effects from off-farm
employment on IMV adoption; off-farm involvement could decrease the adoption of IMV, as farm-
ing may be less critical to farmers who allocate more time to off-farm work.

Village-level factors (V) included a wide range of variables that represented access to
improved seed, institutional services and technical supports. These variables were hypoth-
esised to affect IMV adoption positively because the pattern of technology uptake is signifi-
cantly determined by the availability (accessibility) of a given technology and institutional
supports (Feder et al., 1985; Verkaart et al., 2017). Smallholder farming is characterised by
environmental disturbances, and accounting for environmental variations (E) helps to con-
trol covariate shocks that could result in adverse welfare consequences. However, in devel-
oping countries such as Ethiopia, obtaining microlevel data on environmental factors, such
as weather shocks and soil quality, is difficult (Adamie et al., 2018). Adamie et al. (2018)
noted that the second-best solution is to use farmers' observations in the absence of reliable
data on such variables. Thus, we used subjective measures, such as farmers' observations on

Tt is worth noting that other important variables related to household wealth, such as livestock ownership, could also influence
IMYV adoption decisions. However, we excluded the variable from our final model, as it is arguably endogenous to the technology
adoption decision.
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TABLE 1 Description of variables used for modelling IMV adoption and welfare impacts.

Exp.
Variables Variable description sign
Adoption outcome variables
Binary adoption variable Equals 1 for IMV adopters
Area under IMV The total area allocated for IMV cultivation
Welfare indicators (W)
Household income Household income (real per capita/year, constant 2010
USD PPP)
Household maize consumption Households' consumption of maize from their own
production (per capita per year, kg)
Poverty index Foster—Greer-Thorbecke (FGT) poverty index (defined
using the international poverty line <1.90 US$ PPP/day)
Asset index An asset-based wealth index generated using an IRT model
Determinants of IMV adoption (P, |, H,S; V, E)
Market-level factors: Output prices (P)
Maize price Village-level maize price prior to planting season +
teff price Village-level teff price prior to planting season —I+
Wheat price Village-level wheat price prior to planting season =+
Labour endowment (l): Family labour ~ Family members working on maize farm (man-equivalent) +
Household and farm characteristics (H)
Age Age of the household head (years) +
Gender Male household head (1 = yes) +
Education level Years of schooling of the household head +
Family size Total family size (in adult-equivalent) +
Asset ownership The initial value of assets owned by the household (in ETB)  +
Landholding Total land size owned (in hectares) +
Off-farm employment Equal to 1 if the household participated in off-farm -
income-generating activities; zero otherwise
Village-level factors (V): Institutional services, technical supports and village-level
covariates
Access to improved seed Equal to 1 if the household has access to IMV seed in the +
village; zero otherwise
Extension service Waking minutes to the nearest agricultural extension -
office
Credit access Equal to 1 if the village has farm credit institutions
Farmer group Equal to 1 if the head is a member of farmer groups
Market access Equal to 1 if a village has access to the primary market
Environmental and Agro-ecologic characteristics (E)
Land quality Land quality index (1= best, ..., 9 = worst) =
Pest occurrence Equal to 1 if pest occurred in maize farm in the previous -
season; zero otherwise
Rainfall shortage Equal to 1 if the household experienced rainfall shortagein  —
previous production season; zero otherwise
(Continues)
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TABLE 1 (Continued)

Exp.
Variables Variable description sign
Region dummies
Oromia Equal to 1 for farm household in Oromia region; zero =+
otherwise
SNNP Equal to 1 for farm households in the SNNP region; zero =+
otherwise
Benishangul-Gumuz Equal to 1 for farm households in the Benishangul-Gumuz = —/+
region; zero otherwise
Time dummies: The Year 2010 Equal to 1 for production season 2009/10; zero otherwise =+
The year 2013 Equal to 1 for production season 2012/13; zero otherwise =+
The year 2015 Equal to 1 for production season 2014/15; zero otherwise —/+
Reduced-form Instrumental Variable Number of years household head has lived in the village =+

rainfall availability, pest incidences and soil quality, to measure environmental distur-
bances (see Table 1). A composite variable for the land quality index (land quality) that
captured differences in plot quality was developed following Adamie et al. (2018) and Abro
et al. (2014). A higher value indicated lower land quality, according to our coding.’

3.3 | An empirical model for estimating the welfare effects of
IMYV adoption

Following our theoretical household welfare function (in Equation 2), we specified the empiri-
cal model as:

Wy=wo+®@A,+yZr, +e, ®)

where W, is a welfare outcome variable for household i at time ¢; 4;, is an IMV adoption indica-
tor (as defined earlier); Z/;, is a vector of control variables (presented in Table 1); ® and y are the
vectors of the parameters to be estimated; and y, and e;, are the intercept and disturbance terms,
respectively.

We used four welfare indicators: household income, household maize consumption, pov-
erty index and asset-based welfare index. Earlier studies have explored several other welfare
measures, such as child nutrition (Manda et al., 2019; Zeng et al., 2017), food security (Jaleta
et al., 2018; Shiferaw et al., 2014), household consumption expenditure (Asfaw et al., 2012;
Bezu et al., 2014) and household wealth (Manda et al., 2019; Mathenge et al., 2014; Verkaart
et al., 2017). Although using such variables as additional welfare indicators would offer deeper
insights into the multidimensional effect of IMV adoption on household welfare, the choice
was limited by data availability. In particular, household consumption expenditure would have
been an appropriate measure to reflect actual increases in household welfare, as it is closely
related to changing economic opportunities (Bezu et al., 2014; Dercon & Christiaensen, 2011).

%Prior to indexing, values of one for a flat slope, two for a medium slope, and three for a steep slope were assigned to every plot.
Similarly, if soil fertility was good, we assigned a value of one; if medium, we assigned a value of two; and if bad, we assigned a
value of three. Finally, a quality indicator was developed by multiplying the slope and fertility indicators in such a way that a plot
with a value of one had the best land quality, while a plot with the lowest quality had a value of nine. Furthermore, we used region
dummies to control for regional differences among farmers and for other environmental variations.
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Unfortunately, we could not use consumption expenditure in our analysis because of several
missing values.

However, an asset-based approach to measuring household welfare can provide an al-
ternative to incomplete, unavailable or unreliable expenditure data (Filmer & Scott, 2012;
Langyintuo & Mungoma, 2008; Vandemoortele, 2014). According to Vandemoortele (2014),
an asset-based approach offers the added advantage of measuring a household's material
well-being, which is often distinct from income or expenditure because economies in devel-
oping countries are primarily informal. Sahn and Stifel (2003) argued that, in rural settings,
an asset index is a more valid predictor of long-term household welfare changes because it
captures the child health and nutrition dimension of rural poverty. Similarly, Langyintuo and
Mungoma (2008) argued that asset-based measures are expected to contribute to household
wealth directly and could serve as a more accurate indicator of households' economic well-
being. For Moser (2006), asset-based approaches for measuring household well-being offer a
forward-looking, dynamic framework for measuring movements in and out of poverty.

To date, there is an increasing awareness that using asset ownership as a latent variable
can avoid measurement issues stemming from the existence of tremendous asset ownership
variations among households (Abdul-Salam & Phimister, 2017; Faye et al., 2011; Filmer &
Scott, 2012; Vandemoortele, 2014). Therefore, we construct the asset-based welfare index using
latent trait modelling (LMT). Given that LTM draws on item response theory (IRT), it is also
referred to as the IRT model (henceforth, we use IRT to maintain consistency). The IRT model
infers the asset ownership of farm households using their levels of access to various household
items or assets. Following Birnbaum (1968), we specified the IRT logistic model (Equation 6)
to generate a latent variable for the asset-based wealth index using a range of household items,
presented in the Appendix S1 (Table S2):

(6, —b;
_ GXP{a](l f)} ;0,7 N(,1) ©
I+exp{a; (0, b))}

it}

where 7, is the estimated probability that household 7 has access to item j at time 7; 0, is a con-
tinuous latent variable that captures household i's asset ownership at time #; and a;and b; are the
estimated level of ‘discrimination’ and level of ‘difficulty’ of item j, respectively.

We estimated poverty in our sample using the Foster—Greer-Thorbecke (FGT) indices

(Foster et al., 1984), defined as:

=

where N is the total number of sample households; ¢ denotes the number of poor households; W;
is a measure of the household welfare (in our case, real household income per capita per day); & is
a parameter of inequality aversion; and z is the international poverty line.

We used the revised current international poverty line of US$1.90/day at 2011 purchasing
power parity (PPP) values (Ferreira et al., 2016). Table 1 presents all the variables used in
welfare analysis. We estimated a separate equation for each welfare indicator. The two wel-
fare indicators (household maize consumption and household income) were computed per adult,
equivalent to family size adjustment. Household maize consumption connotes the sum of house-
hold maize consumption (quantities in kilogrammes of both green and dry) from the home
production of maize in a given cropping season. Household income includes both farm (crop
and livestock) and nonfarm income.

Finally, household income and other key variables measured in Ethiopian birr (ETB) were
converted to real values. We used regional consumer price indices created and published by the
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Central Statistical Agency of Ethiopia (CSA) to deflate nominal values, using 2010 as a base.
According to the 2011 International Comparison Program (ICP) of the World Bank (2015),
national poverty assessments differ across countries because of differences in national curren-
cies. Therefore, we converted the constant 2010 prices in ETB values to US dollar PPPs. We
used the World Bank's (2015) estimates of PPPs extrapolated from the 2011 ICP benchmark.

3.4 | Choice of estimators and econometric issues
34.1 | Controlling for unobserved heterogeneity

Failure to control unobserved time-invariant household heterogeneity (k; in Equation 4) that
could correlate with adoption and welfare indicators could lead to a selection bias. For in-
stance, some farm households may adopt maize technology because of unobservable charac-
teristics, such as skill, risk-taking tendencies or individual perceptions about the technology,
despite having higher welfare levels before adoption. Although a household fixed-effects
model can help control unobservable heterogeneity, as Wooldridge (2013) argued, applying
fixed-effects to a nonlinear model is difficult because of the potential incidental parameters
problem. Therefore, we adopted the correlated random-effects (CRE) framework to control
unobservable heterogeneity when estimating our double-hurdle model (Equation 4). The CRE
approach proposed by Chamberlain (1982) and Mundlak (1978) is a parametric approach that
addresses the incidental parameter problem of a fixed-effects model by allowing dependence
between exogenous variables and time-invariant, unobserved factors (see Wooldridge, 2013).
Following Wooldridge (2013), we implemented the CRE strategy by augmenting the time-
average values (7)) of the time-varying explanatory variables:

k; = Tiﬂi +u; )

In our specification of household welfare (Equation 5), we controlled for unobservable het-
erogeneity using a household fixed-effects estimator, depending on whether the welfare mea-
sure was linear. The household fixed-effects estimator is used when welfare is measured by
per-capita household income and maize consumption. Given that the variable measuring the
poverty status was binary, we estimated the poverty equation using a probit model. Given the
non-linearity of the equation, we used a CRE framework to control for unobserved heteroge-
neity in the probit model for poverty estimation. We used a similar approach (as in Equation 8)
to implement the CRE strategy by augmenting the time-average values (7';) of the time-varying
control variables used in the welfare equation.

34.2 | Addressing potential endogeneity issues

Our adoption model's first potential endogeneity issue could arise from nonrandom house-
hold access to IMV seed (S;,). This is because S;, is likely to correlate with unobserved,
time-varying factors (y;,), leading to an endogeneity problem. We addressed this by apply-
ing a control function (CF) approach (Smith & Blundell, 1986; Wooldridge, 2015). While the
CF approach is technically similar to the standard two-stage least squares (2SLS) method,
the CF method is more efficient than the standard 2SLS technique when estimations in-
volve a nonlinear corner solution (as in our adoption equation) (Verkaart et al., 2017,
Wooldridge, 2015).

We followed Wooldridge (2015) to implement a two-stage endogeneity test using the CF
approach. First, we used the probit model to estimate the reduced-form equation for access

O PR SWB L 83895 *[7202/70/9T] uo ARigi8uIluo A1IM ‘A VHEIT NOSTIM OLT YLOSINNIW 4O ALISHIAINN AQ 6812T'68v8-L9FT/TTTT 0T/I0pAW00 A8 | 1M A1 puIjuO//Sdny WOy pepeojumod ‘t ‘2202 '6878L9%T

35US0 17 SUOLLLLIOD BAIEa1D a|gealdde au Aq pauenob ae sspie O 88N J0 sajn. Joy Ariqi auluo A3|IMm uo



WELFARE IMPACT OF AGRICULTURAL TECHNOLOGY ADOPTION | 871

to improved seed (S;,) as a function of exogenous variables that included the control variables
used in the second-stage estimation (adoption equation) alongside a variable used as an instru-
mental variable (IV). Second, we obtained the generalised residual, which we included in our
structural equation (i.e. the double-hurdle adoption model), along with observed access to the
improved seed variable to test and control endogeneity (Wooldridge, 2015). The reduced-form
equation for access to improved seed was specified as:

Sy =wlV, + pX;, +¢; ©)

where S}, is a dummy variable representing access to improved maize seed; IV, is an appropriate
instrument; X;, denotes a vector of the variables used in the adoption equation; w is a vector of the
parameters to be estimated; and ¢;, is the error term.

In estimating Equation (9), we applied the CRE approach (i.e. we included the means of the
time-varying exogenous variables) to control for unobserved heterogeneity. Finally, following
Wooldridge (2015), we tested the null hypothesis that access to seed is exogenous by using the
generalised residual from the reduced-form model (first-stage estimation of access to seed)
that was included as an additional regressor in the structural model (second-stage estimation:
the double-hurdle adoption model). This approach to test and control endogeneity is consistent
with earlier empirical technology adoption studies in SSA (see Bezu et al., 2014; Ricker-Gilbert
et al., 2011; Verkaart et al., 2017).

The CF approach requires an IV to be used in the reduced-form equation (Equation 9).
An appropriate I'V for our model should be correlated with access to the IMV seed variable
(S;), yet uncorrelated with the variable measuring adoption (i.e., land allocated to IMV
production). We used a variable denoting the number of years that the household head had
lived in the village as an IV for our model. There are no theoretically sound household-level
instruments used to capture smallholder production in the existing literature because of a
lack of reliable data. Hence, we followed earlier studies (Bezu et al., 2014; Ricker-Gilbert
et al., 2011), and used the number of years a household head had lived in a village as an in-
strument for access to improved seed.® We expected that the variable we used as an instru-
ment could be justified because the number of years a household head lives in a village
cannot directly affect a household's land allocation for IMV production, other than through
access to improved seed.

We expected that the more years farmers had lived in the village, the more access to im-
proved seed they would have, at least in these three different ways. First, they would be more
familiar to neighbours in their village, which may increase access to seeds as a gift from neigh-
bours. Second, they would likely be more familiar with the village market, which would help
them purchase improved seeds. Third, the more years a farmer lives in a village, the more
acquainted that farmer becomes with community leaders, who often allocate improved seed
through borrowing from a revolving seed fund. Until recently, there have been regulations in
Ethiopia restricting improved seed sales by private companies to government-designated areas
or parastatals (Abate et al., 2015). The selection of this IV was also consistent with the argu-
ment of earlier studies by Bezu et al. (2014) and Ricker-Gilbert et al. (2011) that this variable is
a measure of socio-political capital that could influence households' access to modern inputs.

Concerning instrument validity, we could not implement standard testing for weak instru-
ments in linear IV regression, such as that by Stock and Yogo (2005), because our adoption
model was a non-linear corner solution model. Therefore, we followed the approach of Ricker-
Gilbert et al. (2011), who argued that the presence of non-linearity in adoption decision-making

Recent studies suggested incorporating insights into the importance of social networks and peer effects in technology adoption to
construct an IV (see Verkaart et al., 2017; Zeng et al., 2017). Unfortunately, we could not apply social interactions or networks in
technology adoption to construct our I'V because such information was not available in our data.
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models has meant that the best instrument validity test is the use of partial correlation of the
IV with a potentially endogenous variable in the reduced-form model. Additionally, we ran
a correlation analysis between the IV and other explanatory variables used in the analyses.
Furthermore, we followed Mason and Smale (2013) to include our I'V as an additional explan-
atory variable in the structural equation.

Another potential endogeneity issue may stem from the endogenous nature of the adoption
indicator (the area allocated to IMV) in welfare equations. Previous adoption literature (see
Bezu et al., 2014; Verkaart et al., 2017) has suggested using the unconditional expected val-
ues of the adoption equation as an instrument for observed adoption in the welfare equation.
According to Wooldridge (2015), this approach is more efficient in linear models than other
standardised methods used to address endogeneity, such as 2SLS and the CF approach dis-
cussed above. Following that literature, we used the predicted value from the double-hurdle
model (Equation 4) as an instrument for 4,, in the welfare equation (Equation 5). The exclusion
restriction in the welfare equations was satisfied by the improved maize equation variables yet
excluded from the welfare equations. The excluded variables that provided the exogenous vari-
ation necessary for identification included distance to the extension office, access to market,
pest occurrence in a previous cropping season and access to seed. These variables were not
expected to directly affect the welfare outcome equations after controlling for improved maize
planted.

3.5 | Data and descriptive statistics

This study used comprehensive three-wave farm household survey data collected from small-
holder maize farmers in Ethiopia as part of the SIMLESA programme led by the International
Maize and Wheat Improvement Center (CIMMYT) (Marenya et al., 2016). The SIMLESA
surveys were conducted in collaboration with the Adoption Pathways regional project im-
plemented by the Ethiopian Institute of Agricultural Research in close collaboration with
CIMMYT. The SIMLESA surveys covering 2009/10, 2012/13 and 2014/15 cropping seasons
were undertaken on selected maize-producing areas from the SIMLESA project interven-
tion districts in Ethiopia's three regional states: Oromia; Southern Nations, Nationalities and
Peoples' Region; and Benishangul-Gumuz (Marenya et al., 2016). The SIMLESA surveys gen-
erated rich information at the household, farm and village levels. We relied on the SIMLESA
surveys because the surveys exclusively focussed on areas that have been established as signifi-
cant maize-based farming regions in Ethiopia and elicited information from maize farmers.
We expected surveys to concentrate on a specific commodity to avoid difficulty identifying
specific improved crop varieties.

The baseline SIMLESA survey conducted in 2011 (covering the 2009/10 production season)
consisted of 8§98 sample households. The second round conducted in 2014 covering the 2012/13
production season elicited information from 874 farm households, with a success rate of 97.3%.
In the third-round survey conducted in 2016 (covering the 2014/15 production season), inter-
viewed sample households dropped to 798. Some households either deceased or left the village,
giving an attrition rate of 8.7%. We compared the characteristics using the first round of data
to ensure that our results were unaffected by nonrandom attrition and found no significant
differences between attritions and nonattritions. To ensure that the results were not affected
by households that left the panel between surveys, we tested the robustness of our results by
checking for potential attrition bias. The detailed strategy used to investigate potential attri-
tion bias can be obtained from the corresponding author upon request.

Our study differentiated the maize varieties based on consultation with researchers and
maize breeders at CIMMYT and earlier maize adoption studies in Ethiopia (e.g. Jaleta
et al., 2018; Zeng et al., 2015), as either improved (IMV) or local varieties. Hybrid maize seeds

O PR SWB L 83895 *[7202/70/9T] uo ARigi8uIluo A1IM ‘A VHEIT NOSTIM OLT YLOSINNIW 4O ALISHIAINN AQ 6812T'68v8-L9FT/TTTT 0T/I0pAW00 A8 | 1M A1 puIjuO//Sdny WOy pepeojumod ‘t ‘2202 '6878L9%T

35US0 17 SUOLLLLIOD BAIEa1D a|gealdde au Aq pauenob ae sspie O 88N J0 sajn. Joy Ariqi auluo A3|IMm uo



WELFARE IMPACT OF AGRICULTURAL TECHNOLOGY ADOPTION | 873

or OPV, freshly purchased from a formal source, were identified as IMV. Moreover, recycled
OPYV (saved from the previous harvest) that had not been recycled for more than three cropping
seasons was also identified as IMV. Recycling hybrid maize seed leads to rapid yield loss and
other traits while the yield loss for OPV is much slower; hence, the OPVs retain their traits for
longer than hybrids upon recycling (Jaleta et al., 2018). Therefore, OPV seeds which farmers
recycled for more than three cropping seasons were categorised as local (see Jaleta et al., 2018;
Zeng et al., 2015). Table 2 presents the descriptive statistics of the variables used in this study.

4 | EMPIRICAL RESULTS
4.1 | Determinants of IMV adoption

Before estimating our empirical models, we used a CF approach to account for potential endo-
geneity resulting from the endogenous nature of the access to improved seed, as discussed in
Section 3.4. Following Wooldridge (2015), we tested the null hypothesis that access to seed is
exogenous by using the generalised residual from the first-stage model for access to seed that
was included as an additional regressor in the second-stage estimation (IMV adoption equa-
tion; see Table 3). As indicated by the results from the first-stage estimation reported in the
Appendix Sl (Table S1), years in the village, which was used as an IV for access to seed, was
highly significant in the first-stage model—indicating the statistical validity of the instrument
(Ricker-Gilbert et al., 2011; Wooldridge, 2015). Additionally, we ran a correlation analysis be-
tween the IV and other explanatory variables used to validate years in the village as an TV. The
results indicated weak correlations between variables employed in the analyses. Furthermore,
we followed Mason and Smale (2013) to include our IV as an additional explanatory variable
in the structural equation. We found that years in the village was insignificant, indicating that
the exclusion restriction was met. These results are available from the authors upon request.

Table 3 presents the results for the IMV adoption model estimated using a CRE double-
hurdle model (Equation 4). The statistically significant coefficient for the generalised residual
in both hurdles (see Table 3) indicated that access to improved seed was endogenous in the
technology adoption equation. Therefore, our procedure was necessary. The coefficient on
access to improved seed was positive and statistically significant for both hurdles. This in-
dicates that the probability of adopting and intensity of IMV adoption increase with access
to improved seed. The finding offers evidence that the expanded adoption of IMV among
smallholder maize farmers in Ethiopia is constrained by access to improved seeds. While the
coefficient for age was negative in both hurdles, it was statistically significant only in the sec-
ond hurdle. This indicates that younger and older farmers are similarly likely to adopt IMV,
yet younger farmers allocate a more substantial portion of their land for IMV cultivation.
This could be because older farmers are less flexible in trying improved varieties than younger
farmers. Although the coefficient for gender was positive in both hurdles, it was statistically
significant only in the second hurdle—suggesting that the gender of the farm household head
significantly affects IMV adoption intensity, yet not the likelihood of adopting IMV.

A statistically significant parameter estimate for family labour in the first hurdle suggests
that an active family labour force increases the likelihood of planting IMV. This result revealed
labour shortage as a constraint to IMV adoption in Ethiopia. The positive parameter estimates
for initial asset ownership and landholding—in the second hurdle only—suggest that access to
physical capital influences the extent (intensity) of the adoption of IMV, yet not the probability
of improved planting. The positive effect of landholding on adoption intensity indicates that
farm households with large landholdings tend to allocate more land for IMV production. This
confirms that the availability of sizable cultivable land enhances adoption by allowing farmers
to expand the scale of production.
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TABLE 2 Descriptive statistics of variables used for empirical analyses, by year.

2009/10 2012/13 2014/15
Variables Mean (SD) Mean (SD) Mean (SD)
Adoption and Welfare indicators
Area under IMV (ha) 0.98 (0.96) 0.78 (0.77) 0.88 (0.82)
Household Income (per capita, USD PPP)* 699.2 (1841.4) 1394.5 (4472.7) 1000.1 (1605.3)
Household maize consumption (per capita, kg)* 63.18 (83.72) 414.9 (263.4) 423.8 (304.3)
Asset ownership index (latent variable) —=0.17 (0.69) 0.03 (0.77) 0.14 (0.78)
Poverty status (Poor = 1 for <1.90 US$ PPP/day) 0.85(0.35) 0.57 (0.49) 0.66 (0.48)
Household characteristics
Age of the HH (years) 41.25 (13.19) 43.87 (13.13) 46.71 (13.11)
Male-headed household (yes = 1) 0.91 (0.28) 0.92 (0.27) 0.92 (0.28)
Education level of the HH (years) 3.26 (3.39) 3.16 (3.38) 3.04 (3.34)
Family size (adult-equivalent) 4.94 (2.25) 5.04 (2.22) 4.93 (2.01)
Family labour (man-equivalent) 41.21 (39.13) 43.96 (51.92) 42.37 (83.31)
Initial asset ownership (real, USD) 1914.4 (6032.4) 1914.4 (6032.4) 1914.3 (6032.4)
Landholding (ha) 2.25(1.95) 1.72 (1.46) 2.17 (1.77)
Village-level covariates and access-related variables
Access to improved seed (yes = 1) 0.91 (0.28) 0.924 (0.266) 0.912 (0.284)
Maize price (ETB/kg in the previous season)® 4.82 (3.87) 10.05 (7.58) 6.938 (4.64)
Teff price (ETB/kg in the previous season)b 6.680 (4.082) 11.98 (7.65) 12.09 (7.64)
Wheat price (ETB/kg in previous season) 6.327 (4.356) 12.45 (10.87) 24.66 (20.32)
Extension service (minutes to the 30.74 (26.59) 30.74 (26.59) 30.74 (26.59)
nearest extension office)
Off-farm employment (yes = 1) 0.62 (0.49) 0.57 (0.50) 0.52 (0.50)
Credit organisation in the village (yes = 1) 0.21 (0.41) 0.21(0.41) 0.21 (0.41)
Membership in farmer group (yes = 1) 0.23 (0.42) 0.23 (0.42) 0.23(0.42)
Main market in the village (yes = 1) 0.10 (0.28) 0.10 (0.28) 0.10 (0.28)
Environmental characteristics
Land quality (1 = best....,9 = worst) 2.41 (1.46) 2.07 (1.41) 2.12(1.16)
Pest occurrence (yes = 1) 0.00 (0.00) 0.06 (0.24) 0.04 (0.19)
Rainfall shortage (yes = 1) 0.00 (0.00) 0.26 (0.44) 0.21 (0.41)
Reduced form IV (years HH has lived in the 33.33(13.97) 35.03 (14.36) 38.039 (14.79)
village)

“We used adult equivalent units, instead of the number of households, to convert the variables into per capita terms.
All monetary values are in real terms. Ethiopian-Birr (ETB) is a local currency, where 1 USD was equivalent to 17.01 ETB in 2010,
20.50 ETB in 2013 & 20.68 ETB in 2015 cropping seasons. HH: stands for the household head.

As expected, the adoption decisions of maize farmers were affected by village-level output
prices observed before the planting season. The positive and statistically significant parameter
estimate for maize price in both hurdles confirms that higher maize prices in a previous period
stimulated the adoption of IMV. The positive and statistically significant coefficient for wheat
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TABLE 3 Determinants of IMV adoption: CRE double-hurdle model.?

Adoption decisions

Hurdle 1: Probability of
planting IMV

Hurdle 2: Adoption

Determinants of adoption intensity (area under IMV)

Access to improved seed

0.605"" (0.115)

0.059" (0.035)

Generalised residual -0.056""" (0.008) -0.015"" (0.004)
Age of the head (years) —=0.002 (0.002) -0.001" (0.001)
Male-headed household (yes = 1) 0.148 (0.207) 0.040™ (0.015)
Education level of the head (years) 0.019 (0.020) 0.002 (0.002)
Family size (AEU)° —0.037 (0.055) 0.003 (0.006)
Family labour (man-equivalent) 0.002" (0.001) 0.001 (0.000)
Ln initial asset ownership (real ETB)° 0.078 (0.053) 0.012"" (0.001)
Ln landholding (ha) 0.186 (0.177) 0.566"" (0.027)
Maize price (ETB/kg in the previous season) 0.012"" (0.004) 0.006™" (0.000)
Teff price (ETB/kg in the previous season) 0.001 (0.003) 0.003 (0.004)
Wheat price (ETB/kg in previous season) 0.009™" (0.001) 0.002"* (0.000)
Extension service (minutes to extension office) -0.002"" (0.001) -0.000 (0.000)
Off-farm employment (yes = 1) 0.012 (0.184) —0.026 (0.017)
Credit organisation in the village (yes = 1) 0.308"" (0.081) —=0.008 (0.005)
Membership in farmer group (yes = 1) 0.247° (0.139) 0.019 (0.021)
Main market in the village (yes = 1) -0.047 (0.212) 0.023" (0.003)
Land quality (1 = best,....9 = worst) 0.072 (0.066) 0.002 (0.003)
Pest occurrence (yes = 1) -0.500"" (0.177) -0.004 (0.003)
Rainfall shortage (yes = 1) -0.286""" (0.044) -0.014" (0.007)
Constant 0.374 (0.567) -0.236"" (0.028)
Sigma 0.190"" (0.011)
Wald Chi? 35155
Number of observations 1885
Log pseudo-likelihood 56.198

“Regressions in both hurdles include time averages of all time-varying explanatory variables, year and region dummies as
additional regressors. We have not reported the full results here to save space, and they can be obtained upon request.

YAEU stands for Adult Equivalent Unit. The number of people in the household was converted into AEU based on the standard
conversion factors to account for age and gender differences.

°ETB, a local currency. 1USD was equivalent to 17.01ETB in 2010, 20.50USD in 2013, & 20.68USD in 2015.

Significance levels; *p <0.1, **p <0.05, ***p <0.01. Robust standard errors in parentheses.

price in both hurdles indicates that the higher prices of this potential substitute food crop en-
couraged maize production through the increased use and intensity of IM'V.

The negative parameter estimate for extension—in the first hurdle only—indicate that the
distance to an extension service significantly affected farmers' decisions to plant IMV, yet not
the intensity with which they adopted it. This suggests that maize farmers residing farther
from the extension service centre are less likely to grow IMV. The statistically significant pos-
itive parameter estimate on access to credit in the first hurdle indicates that the probability of
planting IMV is higher for farmers in a village with access to a credit organisation. This sug-
gests that a financial credit facility could enhance adoption by enabling farmers to purchase
required farm inputs.
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The statistically significant positive parameter estimate for the distance to the main market
in the second hurdle offers evidence supporting the argument that market access stimulates
farmers' technology by facilitating the purchasing of necessary farm inputs. The statistically
significant positive parameter estimate for group membership—in the first hurdle only—
indicates that group membership increases the likelihood of farmers planting IMV, yet not
the intensity with which they do so. This supports the broad consensus that farmers involved
in a farmers' group are more likely to adopt improved crop varieties because interacting with
neighbouring farmers provides better access to information about the improved technology
(see Geffersa et al., 2019b; Krishnan & Patnam, 2014; Wossen et al., 2017). As expected, farm
households that experienced rainfall shortages and pests in a previous cropping season were
less likely to grow IMV.

4.2 | Effects of IMV adoption on household welfare

Table 4 presents the instrumental variables regressions estimated to investigate the relationship
between IMV adoption and household welfare. Before we estimated our welfare equations, we
used the IRT model (specified in Equation 6) to quantify the underlying latent variable for
household asset ownership. Table S2 presents the results of the IRT model. In line with our
prior expectations, we found that the area allocated to IMV was positively and significantly
associated with increased household maize consumption, household income and asset ownership.
At the same time, it was negatively correlated with the poverty index.

Controlling for other factors, we found that a 1% increase in the area allocated to IMV was
associated with an increase of approximately 0.55% in per-capita consumption of maize from
home production. Our results indicated a 1% increase in the area allocated to IMV produc-
tion increased the per-capita household income by 0.41%. As expected, the rise in household
income subsequently led to enhanced household asset accumulation and poverty reduction. As
the results in Table 4 show, a 10% increase in the area allocated to IMV increased household
asset accumulation by about 1.22%. This result corroborates our descriptive result reported
in Section 3.5 that indicated a consistent improvement in asset ownership over the years as the
adoption of IMV increased. As noted in the CRE probit model estimates, the coefficient for
the IMV area was negative and significant, suggesting a poverty reduction of IMV adoption.
The poverty estimates indicated that a 10% increase in the area allocated to IMV was asso-
ciated with a 4.79% reduction in the probability of falling below the $1.90 poverty line. This
result confirmed that the increase in household income resulting from the use of IMV was so
significant as to raise households above the $1.90 poverty line.

Our results are mostly consistent with those of earlier studies that found similar and positive
effects on household welfare arising from the adoption of HYV. In particular to IMV adop-
tion in SSA, Khonje et al. (2015) from Zambia, Bezu et al. (2014) from Malawi, and Mathenge
et al. (2014) from Kenya observed significant positive effects of IMV adoption on household
welfare. Studies on IMV adoption in countries such as Mexico (see Becerril & Abdulai, 2010)
have likewise found a positive impact of IMV adoption on household welfare through in-
creased cash income and rural poverty reduction.

For most of the exogenous variables with significant parameter estimates, the sign of the
coefficients was consistent with our prior expectations, except for family size (Table 4). We
observed a strong positive effect of the education level of the household head on asset own-
ership, which also reduced poverty. Family size had a welfare-reducing impact on the three
welfare indicators, aside from asset ownership. In particular, the positive and significant effect
of family size on poverty appeared anomalous. This may be because, for households with large
family sizes, the output effect might be offset by a possible consumption effect since large
families often place additional pressure on farming operations to meet immediate household
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TABLE 4 Estimations for welfare impacts of IMV adoption.

Welfare indicators

(1) In per capita (2) In per (4) poverty
household maize capita real (3) asset status®
Explanatory variables consumption” income” index® (poor <$1.90)
Ln area under IMV* 0.549%** 0.414%** 0.122%** —0.479%**
(0.209) (0.138) (0.029) (0.069)
Age of the HH (years) 0.004 —0.001 —-0.003 0.001
(0.011) (0.008) (0.002) (0.009)
Male-headed household —0.543 0.032 0.066 0.006
(0.447) (0.318) (0.064) (0.149)
Education of the HH (years) 0.015 -0.035 0.022" —0.038***
(0.042) (0.028) (0.008) (0.013)
Family size (no) —0.25] %+ —0.092%* 0.020%** 0.067"
(0.036) (0.025) (0.007) (0.027)
Landholding (ha) 0.088 0.086" 0.025" -0.033
(0.055) (0.039) (0.011) (0.037)
Off-farm employment (1 = yes) 0.020 0.798%*+* 0.080%** —0.997#**
(0.127) (0.094) (0.026) (0.105)
Land quality (1 = best,...,9 = worst) -0.053 —0.160%** —0.048%** 0.132%**
(0.052) (0.035) (0.010) (0.031)
Rainfall shortage (yes = 1) —0.556%** -0.253" -0.007 0.264"
(0.181) (0.117) (0.036) (0.132)
Constant 7.213%*% 4.911%** —1.024%** 2.680%**
(0.699) (0.506) (0.126) (0.296)
F statistic 232.86%** 29.54%**
Wald Chi? 529.70%** 313.69%**
Rho 0.36 0.44 0.60 0.13
Number of observations 1886 1886 1886 1886
Number of households 671 671 671 671
Log-likelihood —3521.514 —2039.289 —1528.279 —884.443

Note: All regressions include year dummies in addition to household fixed effects.

“The natural logarithm (Ln) of the IMV area is treated as endogenous using unconditional expected values of the observed Ln of
IMYV from the double-hurdle model as an instrument for the observed values of the area allocated for IMV.

"Welfare indicators are per adult equivalent. Given the skewness of their distributions, we used natural logarithmic to transform
the two welfare outcome variables prior to running our econometric models.

“The equations were estimated under CRE, where time averages of all time-varying explanatory variables were included as
additional regressors. We have not reported the full results here to save space, and they can be obtained upon request.

Significance levels *p <0.1, **p <0.05, ***p <0.01. Fully robust standard errors in parentheses.

consumption needs. This finding is supported by previous SSA studies, such as those by
Verkaart et al. (2017), Bezu et al. (2014) and Mathenge et al. (2014). Landholding significantly
influenced household welfare when evaluated based on its effect on asset ownership and in-
come. We found that increased household participation in off-farm income-generating activi-
ties raised income and asset ownership while significantly reducing poverty.

Overall, our results indicate that increased use of IMV has a robust positive effect on house-
hold welfare. This result is encouraging because realising increased food production through
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TABLE 5 The difference in well-being measures, by IMV adoption status.

Variables” Adopters Nonadopters t-test

Returns from maize production

Maize area (ha) 1.00 0.51 0.50%**

Maize yield (kg/ha) 3046.39 2699.54 346.85%*

Total income from maize (real, USD/ 698.30 159.94 538.36**
adult-equivalent)

Per capita income from maize (real, USD/ 147.83 35.37 112.46**
adult-equivalent)

Net returns from maize sale (real, USD/ha) 1132.75 528.09 604.66%**

Benefits and Welfare gains

Household maize consumption from its own- 1476.58 75771 718.87***
production (kg)

Per capita maize consumption from its own- 315.71 198.33 117.38***
production (kg)

Quantity of maize sold (kg) 943.24 197.26 745.98%**

Household income (real, USD PPP) 4079.32 2226.49 1852.83%**

Per capita income (real, USD PPP) 923.46 665.85 257.61*

Maize sales as a share of income (%) 26.62 45.19 —18.57***

*All values are pooled across all observations and periods.
Significance of the mean differences (s-tests) are presented as. *p <0.10, ¥*p <0.05, ***p <0.01.

area expansion might not be sustainable in Ethiopia because of population pressure. This
finding is of great importance, particularly for the smallholder maize sector in Ethiopia, where
a significant technology gap exists among smallholder farmers (Geffersa et al., 2022). We ob-
served several channels through which IMV might have contributed to household welfare.
As Table 5 shows, the IMV adopters, on average, harvested more maize per hectare than the
nonadopters—a statistically significant finding. The increase in maize yield allowed house-
holds to meet their food consumption needs and earn additional household income by selling
surplus maize. As Table 5 shows, IMV adopters consumed significantly more maize from their
production than nonadopters, indicating that the increase in maize yield had a direct food
consumption effect. On average, IMV adopters earned substantially more total and per-capita
household income (Table 5). IMV adoption led to substantially higher maize sales in terms
of the share of household income. The share of maize income for IMV adopters (45.19%) was
considerably higher than the 26.62% share of maize income for nonadopters.

4.3 | Effect heterogeneity of IMV adoption

To enrich our understanding of the effect of IMV adoption, we explored the possible heteroge-
neous effects of IMV adoption across households. As shown in Figure 1, the intensity of IMV
adoption (the size of the area under IMV) increased with initial land ownership. Therefore, we
disaggregated our welfare analyses by the initial wealth status of the households using the first
three quartiles for the initial land ownership of each household (denoted as Q1, Q2 and Q3).
To empirically test whether this difference produced heterogeneous effects on household
welfare, we allowed our coefficient of interest (& corresponding to the adoption indicator 4,,
in Equation 5) to vary with the households' initial land ownership, following an approach used
by Verkaart et al. (2017). We then re-estimated Equation (5), wherein our measurement of IMV
adoption interacted with an indicator for the initial land quartile. The results presented in
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FIGURE 1 The relationship between initial land ownership and the area under IMV.[Colour figure can be
viewed at wileyonlinelibrary.com]

Table 6 show that the effect of IMV adoption on household welfare was heterogeneous across
households, depending on their initial wealth status. The first column of the results in Table 6
indicates a highly significant and positive effect of IMV adoption on home-grown maize con-
sumption for households in the first quartile.

However, the effect of IMV adoption was insignificant for households in the two upper quar-
tiles, suggesting that IMV adoption had no effect on maize consumption for the most significant
landholding households. The effect on income poverty was insignificant for households in the
two lower quartiles, suggesting that the poverty-reduction effect of IMV adoption was substan-
tial for the most significant landholding households. Our estimates indicate that lifting maize-
producing households above the $1.90 poverty line requires a minimum land area of about 3.052
hectares. This finding supports earlier SSA studies, such as those by Alwang et al. (2019), Zeng
et al. (2015) and Dercon and Christiaensen (2011), who argue that the welfare gain from HY'V for
the rural poor in SSA is negligible because of the smallness of the landholdings.

Furthermore, one might expect that, if IMV adoption indeed makes a difference in the well-
being of the poor, equally poor households should experience different welfare gains, depending
on whether or not they adopt IMV. As indicated by a comparison of adoption intensities across
groups (see Figure 2), the area allocated to IMV cultivation was above the median for better-off
households. Therefore, we compared the welfare outcomes of the poorest households disag-
gregated by their IMV adoption status. The result in Table 7 shows that, among the poorest
households, those who adopted IMV experienced significantly more gains from the adoption—
measured in terms of key well-being measures. This result suggests that IMV indeed makes a
difference to the well-being of farm households with equal levels of household income.

4.4 | Robustness checks

To check the robustness of our main results, we undertook several additional analyses (pre-
sented in Appendix S1). First, we estimated the CRE Tobit model (Model 1) to compare our re-
sults from Cragg's (1971) double-hurdle model. The results (presented in Table S3) are similar.
All the signs of the explanatory variables were as predicted by the double-hurdle model, except
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TABLE 6 Adoption impact of IMV by initial land ownership.

Welfare indicators

Ln per capita household maize Poverty status
Different specifications consumption (poor < $1.90/day)
Quartile 1 * Ln area under IMV* 1.288%* -0.081

(0.357) (0.055)
Quartile 2 * Ln area under IMV* 0.142 =0.060

(0.391) (0.050)
Quartile 3 * Ln area under IMV* 0.110 —0.157%%*

(0.269) (0.054)
Number of observations 1886 1886
Number of households 671 671

Note: All regressions include explanatory variables from Table 4.

“The results are similar to the results from the baseline model (primary results) presented in Column (2) and Column (4) of Table 4,
except that the IV (the unconditional expected values of the Ln of improved maize area) interacts with an indicator for the initial
land quartile to which each household belongs.

Significance levels; *p <0.1, **p <0.05, ***p <0.01. Robust standard errors in parentheses.
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FIGURE 2 Theintensity of IMV adoption, by wealth status.[Colour figure can be viewed at
wileyonlinelibrary.com]

for slight variations in the level of significance. However, Cragg's double-hurdle model fits the
IMYV equation better, as supported by a likelihood ratio test, which suggests rejection of the
Tobit model in favour of the double-hurdle model. Second, we re-estimated the CRE double-
hurdle model, treating access to improved seed as exogenous to adoption decisions (Model 2;
see Table S4). Third, we re-estimated our CRE double-hurdle model using the measure of the
adoption intensity measured by the quantity of IMV seeds planted as an alternative specifica-
tion for the adoption equation (Model 3; see Table S5).

Following this, we verified the validity of our results for the effects of IMV adoption on wel-
fare. We re-ran separate analyses for each welfare outcome variable using the predicted value
for IMV adoption from the newly estimated models (Models 1 to 3). Table 8 presents the results
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TABLE 7 Differences in well-being measures among the poor households, by adoption status.

Poverty status (<1.90 US$ PPP/day)

Welfare and household well-being measures Poor adopters Poor nonadopters t-test

Household maize consumption from own- 1275.69 687.42 588.27%**
production (kg)

Per capita maize consumption from its own- 256.73 157.90 08.83%**
production (kg)

Income from maize sale (real, USD PPP) 180.69 62.89 117.81%**

Per capita income from maize sale (real, 34.65 12.75 21.90%**
USD PPP)

Total income (real, USD PPP) 1044.20 744.17 300.03%**

Per capita income (real, USD PPP) 199.85 172.71 27.14%*

Significance of the mean differences (¢-tests) are presented as. *p <0.10, ¥*p <0.05, **¥p <0.01.

alongside the baseline results. The overall results of the supplementary analyses indicated that
the welfare effects of IMV adoption were robust across the alternative specifications.

Furthermore, we examined the consistency of our empirical results using an alternative
instrument for access to seed: having friends or relatives in a leadership position in or outside the
village (IV2). Finally, we verified the validity of our results for the impacts of IMV adoption
on welfare by re-estimating the welfare equations using an alternative IV. In line with our
discussion in the main section, we checked the partial correlation of the V2 with a poten-
tially endogenous variable in the reduced-form model for the instrument validity. The cor-
relation coefficients indicated weak correlations between the IV2 and variables employed in
the analyses. At the same time, it is significantly correlated with the potentially endogenous
variable in the reduced-form equation, indicating that the instrument is valid. Additionally, we
included our I'V2 as an additional explanatory variable in the structural equation. The variable
was insignificant in the structural equation, indicating that the exclusion restriction was met.
Overall, the additional results presented in Tables S6—S7 are similar to those reported in the
paper's main section.

5 | CONCLUSIONS AND POLICY IMPLICATIONS

Previous studies have explored the effect of agricultural technology adoption on the wel-
fare and poverty of rural households, yet the empirics are contentious and unresolved.
Understanding the impact of IMV adoption on welfare and poverty is critical for achieving
sustainable development in developing countries. This paper contributes to the literature
by investigating whether agricultural technology adoption enhances welfare and reduces
poverty using IMV adoption in Ethiopia. We extended the existing literature by explic-
itly accounting for unobserved farm household heterogeneity and endogeneity in technol-
ogy adoption decisions. We specified the adoption decision using the double-hurdle model
and estimated it using CRE regression. We corrected for unobservable heterogeneity and
endogeneity using a CRE regression and a fixed-effects instrumental variable approach.
We evaluated the model using panel data from three waves of surveys (from 2009/10 to
2014/15) conducted under the SIMLESA project for major maize-producing regions in rural
Ethiopia.

Our empirical findings revealed that IMV adoption has heterogeneous effects on the wel-
fare and poverty of rural households. We found that IMV adoption increases households' in-
come, asset ownership and maize consumption while reducing income poverty. The poverty
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estimates indicated that a 10% increase in the area allocated to IMV was associated with
a reduction in the probability of being below the $1.90 poverty line by 4.79%. However, the
poverty-reducing effect of IMV adoption was heterogeneous across households, with the most
pronounced effect felt by households with extensive landholdings. Our findings suggest that
providing IMV and land under cultivation to farmers can serve as an effective strategy for
improving farmers' welfare and reducing poverty in rural Ethiopia.

With the increasing pressure to improve the welfare of rural households and reduce poverty
in developing countries, our empirical findings highlight the importance of understanding the
drivers influencing the adoption decision of rural farmers. We argue that reducing rural pov-
erty and food insecurity through enhancing IMV adoption in Ethiopia necessitates addressing
the structural bottlenecks in the adoption of IMV. In addition to promoting the use of IMV,
there is a need to tackle other vital factors, such as access to family labour; physical resource
endowments, such as land and physical assets; output price; and access to improved seed,
financial credit, central markets and extension services. The significant influence of access
to improved seed suggests that agricultural policies that help create greater seed access can
help increase IMV adoption. Furthermore, implementing policies that create greater access to
cultivable land through land rental markets can help improve welfare and reduce poverty. The
fact that unfavourable agro-climatic conditions, such as rainfall shortage and pest occurrence,
could negatively influence IMV adoption suggests the need for governments to provide ex-
panded access to drought and pest resistant maize varieties. Governments need to implement
policies to increase farmer access to extension services, as this can increase IMV adoption and
thus increase welfare and consequently reduce poverty.

While the findings of this study are consistent with the existing literature, two points are
worth noting in terms of the generalisability of our empirical results. First, farmers may have
adopted other agricultural technologies, such as soil fertility management and chemical fer-
tilisers. However, given the lack of adequate data, it was impossible to account for this in
the modelling. Future research should seek to investigate the complementarity of technology
adoption. Second, IMV adoption may produce indirect welfare effects on both adopters and
nonadopters through growth linkage effects. A full exploration of the economy-wide distribu-
tional effects of IMV adoption is beyond the scope of this study because the study is limited to
partial-equilibrium welfare analysis. Future research with a more comprehensive assessment
of general equilibrium effects would help to generalise our findings. Despite this, our paper
has uncovered meaningful relationships between IMV adoption and welfare and poverty. The
results are critical for informing rural households' welfare and poverty reduction policy. By
establishing these relationships within a developing country context, we have shed new light on
the heterogeneous effect of agricultural technology adoption on welfare and poverty reduction.
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