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Abstract

Cowpea covers the largest area of any grain legume in Africa and is especially impor-
tant in West Africa where Nigeria and Niger alone account for over 75% of the total
cowpea production in the world. Despite successes of international and national cow-
pea improvement research in the development and release of several improved vari-
eties, there is limited empirical evidence of adoption and ex-post impacts of improved
cowpea. Using a nationally representative survey data from a sample of 1,525 cow-
pea-growing households in northern Nigeria cultivating over 2,500 cowpea plots, we
assess the adoption and impacts of improved cowpea varieties on cowpea yields, net
returns and production costs. We apply a control function approach and propensity
score matching models to estimate the causal effects of adoption of improved cowpea
varieties. Our results show that 38% of the cowpea plots were planted with improved
varieties, and cowpea yields, net returns and production costs increase significantly
with the adoption of improved cowpea varieties. Adoption of improved cowpea vari-
eties is associated on average with 26% yield gains, 61% increase in net returns and
14% increase in production costs. We also show that farmers who have a lower
propensity to adopt improved cowpea varieties also face higher costs of production.

Keywords: Cowpea; improved varieties; adoption; impacts, control function;
propensity score matching; Nigeria.
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1. Introduction

Cowpea covers the largest area of any grain legume in Africa and is especially impor-
tant in West Africa, with Nigeria and Niger alone accounting for over 75% of the
total cowpea production (Walker et al., 2014). It is an important food legume and an
essential component of cropping systems in the savannas of sub-Saharan Africa where
it is grown as a sole crop, relay, or inter cropped in various combinations with millet,
sorghum and maize (Singh et al., 2002; Alene and Manyong, 2006; Kamara et al.,
2010; Boukar et al., 2011). Cowpea is an important crop to small-scale farmers as a
source of cash net returns, high quality protein food, and fodder for animals and also
contributes to soil fertility improvement (Singh ez al., 2002; Kristjanson ez al., 2005;
Mishili et al., 2009). It is often referred to as a poor man’s meat because it is an
important source of relatively cheap protein coupled with the fact that it does not
require refrigeration making it possible for poor households to easily store the grain
(Mishili et al., 2009). Nigeria is the largest cowpea producer in the world and, with
about 25% of the population of Sub-Saharan Africa, is also the largest consumer and
importer of cowpea in the region (Langyintuo ez al., 2003; Alene and Manyong, 2007;
Mishili et al., 2009).

Given its importance, increasing cowpea productivity is an essential policy objective
in Nigeria. However, cowpea production in Nigeria is constrained by several factors
which include biotic stresses (insect pests, striga and alectra infestations), abiotic stres-
ses (drought, heat and low soil fertility) and poor access to seeds of improved varieties
(Monyo and Gowda, 2014). The International Institute of Tropical Agriculture
(ITTA) and its partners such as the Institute for Agricultural Research (IAR) of Nige-
ria have developed and promoted improved cowpea varieties that are resistant to
striga, alectra, insect pests, and are also drought tolerant (Singh et al., 2002; Boukar
et al., 2018). Since 2007, two projects — Tropical Legumes II and III — have also sup-
ported the development and release of several varieties that have the beneficial traits
mentioned above. Taken together, these efforts have resulted in the release of over 20
improved cowpea varieties in Nigeria since the early 1980s (NACGRAB, 2016).
Through the Tropical Legumes projects, significant strides forward have also been
made to improve the cowpea seed systems during the period 2010-2013 (Boukar
et al., 2016). Despite all these positive developments with regards to cowpea improve-
ment and dissemination, there is limited empirical evidence on the extent and impacts
of adoption of improved cowpea varieties in Nigeria.

Several studies in Africa that have shown that adoption of improved agricultural
technologies plays a vital role in increasing productivity and net returns (Abdulai and
Huffman, 2014; Khonje et al., 2015; Manda et al., 2017; Wossen et al., 2018a)
focused on other crops, rather than improved cowpea varieties (ICV). The few previ-
ous studies on adoption and impacts of improved cowpea varieties in Nigeria (e.g.
Kristjanson et al., 2005; Alene and Manyong, 2006, 2007) were highly localised and
covered few states that were not nationally representative. These studies mainly con-
sidered the determinants of adoption and did not rigorously assess the impacts of
improved cowpea varieties on yields, net returns and production costs at plot level. In
addition, most of these studies assumed that the returns to adoption are homogenous
and ignored the possibility that there may be heterogeneity in the returns to improved
agricultural technology adoption.
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We contribute to the growing literature on adoption and impacts of agricultural
technologies by estimating the determinants and impacts of the adoption of improved
cowpea varieties on yields, net returns and production costs using rigorous economet-
ric approaches and comprehensive plot and household level data. We contribute to
the relevant literature on adoption and impacts of agricultural technologies as fol-
lows. First, to our knowledge, this is the first study in Nigeria to use unique recent
nationally representative comprehensive household and plot level data to assess the
adoption and impacts of improved cowpea varieties. Specifically, we apply the control
function approach (CFA), which is an instrumental variable technique (Rivers and
Vuong, 1988; Wooldridge, 2015), on a sample of 2,550 cowpea plots to estimate the
impacts of adoption of improved cowpea varieties. Previously, CFA has mainly been
used with panel data with continuous endogenous regressors (Mason and Smale,
2013; Bezu et al., 2014; Mathenge et al., 2014; Smale and Mason, 2014). The
approach allows us to first study the nature of self-selection, similar to the Endoge-
nous Switching Regression (ESR) model (Lee, 1978) where the coefficient on a binary
endogenous explanatory variable is allowed to differ in both observed and unobserved
ways across units (Wooldridge, 2015; Murtazashvili and Wooldridge, 2016). Second,
we assess the marginal returns to adoption by estimating the marginal treatment
effects (MTE) using the polynomial model. We use this MTE model because it is
based on less restrictive assumptions compared with their parametric normal counter-
parts, which require the normality assumption to be satisfied. We explicitly examine
whether the impact of improved cowpea varieties on yield, net returns and costs asso-
ciated with cowpea production vary within a population in correlation with unob-
served characteristics. To our knowledge, very few studies (e.g. Suri, 2011; Zeng et al.,
2015; Wossen et al., 2018b) have assessed the marginal returns to agricultural technol-
ogy adoption using rigorous econometric methods. We check the robustness of the
CFA impact estimates by estimating the effects using a propensity score matching
(PSM) approach. Finally unlike most studies that use farmers self-reported farm sizes,
we use Global Positioning System (GPS) to accurately measure the area under cowpea
production thereby reducing errors with either under- or over-estimating productivity,
net returns and production costs.

The rest of the article is organised as follows. In the next section, we present the
empirical framework for the estimation of the CFA and MTEs to assess the impacts
of ICV on yields, net returns and production costs. Section 3 presents the sampling
procedure and some descriptive statistics. The fourth section presents the empirical
results, and section 5 draws conclusions and policy recommendations.

2. Conceptual Framework and Empirical Procedure

Cowpea is well adapted to the northern drier Sudan savanna region in Nigeria, partly
because it is a drought tolerant crop. Although predominantly produced in this
region, cowpea has also tended to move south to the humid areas, where it is difficult
to produce legumes because of increased pressure from pests and diseases, while car-
bohydrates have moved north (Langyintuo et al., 2003). In terms of regional cowpea
trade, Nigeria is a net importer of cowpea. While it imports cowpea from several
countries including Cameroon, Chad and Benin, it is estimated that Nigeria’s average
annual imports from Niger accounts for about 73% of Niger’s surplus production
(Langyintuo et al., 2003).
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Production of cowpea is mainly done under rain-fed conditions by smallholder
farmers and is usually intercropped in maize, sorghum and millet plots. These farmers
grow cowpea both for consumption and for sale. However, the economic environment
of rural households in developing countries is often characterised by imperfect or
missing markets, resulting in non-separability of the household production and con-
sumption decisions (Feder and Umali, 1993). Hence, the decision to grow either
improved or local cowpea varieties can be viewed from the perspective of the well-
known non-separable household model, in which family members organise their
labour to maximise utility over consumption goods and leisure in an economic envi-
ronment with market failures (de Janvry et al., 1991; Pradhan and Quilkey, 1993). In
this model, effective decision prices are endogenous and influenced by observed mar-
ket prices and household characteristics, since consumption cannot be separated from
production decisions. The decision to adopt ICV in this framework is influenced by
household (e.g. education and household size) and market characteristics (transaction
costs and price of inputs), as well as agro-ecological and plot characteristics (e.g. loca-
tion and fertility of the plots). It is expected that the adoption of ICV will lead to an
increase in productivity and cowpea net returns. In the initial years of adoption, pro-
duction costs are also expected to increase, but gradually reducing with time.

The decision to adopt ICV, however, may be endogenous as farmers usually self-
select into adoption based on both observable and unobservable characteristics. With-
out controlling for this, the effects of adoption on the outcome variables (yield, net
returns and production costs) will be biased. To ensure that we account for selection
bias and endogeneity, we use the instrumented CFA and the MTE models. Following
Alene and Manyong (2006) and Shiferaw et al. (2014), we denote the utility derived
from adopting ICVs on a plot as U); and the utility from growing local varieties as
Uy;. A farmer will adopt ICV if I7 = U;; — Uy; > 0. I} is an unobserved latent variable
that captures the benefit of adopting ICVs on a plot. What is observed is 7, which rep-
resents the observed behaviour of the farmer regarding adoption of the technology:

Iy =9Z; + v, (1)

where Z is a vector of observed household and farm characteristics determining adop-
tion, y is the vector of unknown parameters to be estimated, and v is the vector of ran-
dom disturbances related with the adoption of ICV with mean zero. The subscript i
denotes individual plot level observations. Denoting the adoption decision index by
D, such that, 1 = if a farmer adopts ICV on a plot and 0 = otherwise, then the adop-
tion decision can be expressed as:

L if >0
D"{o if [ <0

The adoption (treatment) equation can then be expressed as:
D,’ = E(D,|Z,) =+ ;. (2)

The empirical specification we outline below is based mainly on Wooldridge (2010)
and Wooldridge (2015).

Let Yjy denote the potential outcome for non-adopters and Y;; for adopters, such
that:

Yio = E(Yio| Xi) + o = tio + Xy + 1y, (3)

© 2019 The Agricultural Economics Society



Ex-post Impacts of Improved Cowpea Varieties 169

Yio = E(YulXi) + puy = o + XBy + w1 (4)

where X; is a vector of exogenous explanatory variables, f§ represent the parameters to
be estimated and u; is unobserved random component. The observed treatment and
outcome can be expressed as:

Y,' = D,’ Yil + (1 — Dz) Y,’o. (5)

The unobserved components in the potential outcome should be independent of Z;
such that the correlation between D; and the unobserved components must be equiva-
lent to the correlation between u; and v, More formally this can be expressed as:

E(ui/|X,~,Z,~) = E(ul,|Zl) = E(u,,|X,) =0 forj S (0, 1) (6)

Farmers usually take into consideration the potential benefits of new technologies
when making adoption decisions (Abdulai and Huffman, 2014). However, in most
cases, technology adoption is either voluntary or some technologies are targeted to a
given group of farmers (Alene and Manyong, 2007). Farmers may decide to adopt a
new technology due to their innate managerial and technical abilities in understanding
and using new agricultural technologies. Thus, selection bias may result because farm-
ers who would obtain lower than average returns for an improved technology, given
prices and fixed factors, may choose not to adopt hence truncating the observed
improved technology profit distribution (Pitt, 1983). Thus, the treatment variable D
may be correlated with the error term in equations (3) and (4) such that:

E(uy|D) # 0j € (0, 1). (7)

To break the correlation between the possibly endogenous treatment variable and
unobservables affecting the outcome variable, we use the instrumental variable con-
trol function approach. An instrument is expected to fulfil the orthogonality condi-
tion, i.e. it must be strongly correlated with the treatment variable, but does not
directly affect the outcome variables. Following Abdoulaye ef al. (2018), Di Falco
et al. (2011), Di Falco and Veronesi (2013) and Shiferaw ez al. (2014), we use ‘cowpea
varietal information sources’, i.e. information from extension agents, farmer groups
and research organisations as identifying instruments. In the agricultural technology
adoption theory, it is expected that farmers will only adopt an improved variety if
they have information or know about the particular variety. When farmers become
aware of a certain technology or variety, they decide whether or not to adopt it by
evaluating the expected net benefits from the technology, taking into account the ini-
tial investment and related variable costs (Adegbola and Gardebroek, 2007; Zeng
et al., 2017). Government extension agents play a vital role in spreading information
about new technologies including varieties. Similarly, research organisations through
their varietal demonstration plots and field days also help in disseminating informa-
tion about new varieties which can in turn help farmers to learn about new varieties.
Other farmers who may not have access to information from extension agents or
research organisations can obtain information about new agricultural technologies
from their fellow farmers through farmer groups. Membership in farmer groups indi-
cates the intensity of contact with other farmers (Adegbola and Gardebroek, 2007).

It is important to admit that finding a perfect instrument is almost impossible,
hence even though the instruments are relevant, it may not necessarily imply that they
are valid. It can be argued that, apart from learning about improved varieties, farmers
might also obtain additional productivity or income enhancing information from
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these information sources. Second, it may also be argued that farmers who are more
likely to adopt ICVs are also inclined to search for information relating to improved
varieties. However, the use of these instruments can be justified because information
on ICV should not directly affect yield, net returns and production costs other than
through its effect on adoption. We test the relevance of these instruments in sec-
tion 4.1 and the results show that these instruments are strongly correlated with the
adoption (treatment) variable.

The estimation of the CFA proceeds in two steps; in the first step, we use a probit
model to fit equation (2) (including the instruments) and obtain the generalised resid-
ual, ¥; as the difference between the treatment and the estimate E(D,|Z;). Following
Wooldridge (2015) we can include the residuals in the linear outcome equation in the
second step such that:

E(Yy|Xi,vi, Di = j) = X|p); + ‘.’Aiﬁzj forj € (0,1). (8)

Finally, we estimate the average treatment effect on the treated (ATT) using the
generalised method of moments (GMM). The ATT can generally be represented as:

ATT = E(Yl,'— YO[|X,D = 1) = (uli —u()i) —|—E(V1i — V0i|X,D = 1) (9)

We also estimated the propensity score matching (PSM) model to assess the robust-
ness of the CFA model. For the sake of brevity, we do not explain the estimation pro-
cedure for the PSM, which is provided by Wooldridge (2010).

Lastly, we estimated the marginal treatment effects (MTEs) (Bjorklund and Moffitt,
1987; Heckman et al., 2006) to assess the relationships between yield, net returns and
production costs with a change in the propensity score. In other words, the MTEs
allow us to capture heterogeneity in the treatment effect along the unobserved dimen-
sion in the propensity not to be treated or resistance to treatment (Scott and Wal-
strum, 2014; Andresen, 2018). Following Scott and Walstrum (2014), we can redefine
equation (1) as:

[>05yZ>ve F,(0Z) > F,(v) & P(Z) > up. (10)
where F, is the cumulative distribution function of v and P(Z) is the propensity score
which denotes the probability of treatment; and up is a uniformly distributed random
variable between 0 and 1 representing the propensity not to be treated or resistance to
treatment. Following Carneiro et al. (2017), we can rewrite equation (5) as:

Y — Yio = o — oo X(By — Bio) + i — Hao- (11)

The return to adoption varies across individuals and plots with different X’s and
different p;, p,o. This distinction between marginal returns and average returns
emphasises heterogeneity in returns (Carneiro et al., 2017). Combining equations (10)
and (11), the MTE can be defined following Andresen (2018), Carneiro et al. (2011),
Heckman et al. (2006) and Scott and Walstrum (2014), as:

MTE = E(Y,‘] — Y,'()|X: X,Up = u)
= x(Bi—B)  + E(wi—uoilup =u) (12)
N e

Heterogeneity in observables ~ Heterogeneity in unobservables

Equation (12) shows that the MTE can alternatively be interpreted as the aver-
age effect of treatment for persons on a margin of indifference between participa-
tion and non-participation in treatment (Brinch et a/., 2017). Heckman and

© 2019 The Agricultural Economics Society



Ex-post Impacts of Improved Cowpea Varieties 171

Vytlacil (2005) show that the ATT can be constructed as a weighted average of
the MTE. We adopt the notation used by Carneiro ef al. (2017) and define the
ATT from MTEs models as:

ATT = /MTE(X, V)F<1".\‘><1")()dv' (13)

3. Survey Design, Data Collection and Descriptive Statistics
3.1. Survey design and data collection

Our data come from a survey conducted in 2017 by IITA under a project called Tropi-
cal Legumes III. This was a nationally representative sample of 1,525 cowpea produc-
ers and 2,550 cowpea plots in Nigeria. A survey questionnaire was prepared and
administered using computer assisted personal interviewing (CAPI) based software
(Surveybe) by trained enumerators who collected data from households through per-
sonal interviews. The survey was conducted in 10 states — Borno, Bauchi, Gombe,
Jigawa, Kaduna, Kano, Katsina, Kebbi, Sokoto and Zamfara — which represent
about 75% of the total cowpea production in Nigeria. These states mainly fall within
the Sudan Savanna, which is the major agro-ecological zone for cowpea production in
Nigeria. Figure Al (online Appendix) shows the distribution of the sampled
households across the 10 states.

A multistage stratified sampling procedure was used to select the houscholds. In the
first stage a list of villages and Local Government Areas (LGAs) used for conducting
national census in Nigeria was obtained from the National Population Commission
(NPC). The 10 states were first grouped into two geopolitical zones; northeast and
northwest. In the second stage, 25 and 13 LGAs were selected in each region using
probability proportional to size (PPS) sampling. Only 13 LGAs were selected in the
northeast region because only three states were considered (Borno, Bauchi and
Gombe) due to security problems experienced in that region during the survey. In the
third stage, five cowpea producing villages were then randomly selected from each of
the selected LGAs. With the help of the extension agents from the Agricultural Devel-
opment Programme (ADPs) in the selected villages, cowpea growing households were
listed and a sampling frame was developed. In the final stage, eight households were
randomly selected from each village resulting in 995 and 530 housecholds selected in
the northwest and northeast regions, respectively.

The survey collected information on several factors at both plot and household
levels. Seed samples of the popular local and improved varieties were used to facilitate
the interviews with farmers about whether and when they have adopted particular
improved varieties. To avoid measurement errors common with self-reported plot
sizes, we used GPS devices to measure the area under cowpea varieties. Data were also
collected on production systems, technology choices and preferences, input use,
farmers’ patterns of resource use, socioeconomic characteristics of households and
plot-specific characteristics.

3.2. Definition of variables and descriptive statistics

Adoption in this study was defined at plot level in terms of whether or not an
improved variety was planted on the plot. Table Al (online Appendix) shows the
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adoption of ICV by some of the popular varieties at plot level” for the all the cowpea
plots. On average, about 88% of plots intercropped cowpea with other crops such as
millet and sorghum. We asked farmers during the survey to estimate the percentage of
the area covered by cowpea and other crops. We then used this percentage to adjust
the area we measured using GPS to account for intercropping. Table A2 (online
Appendix) also shows that, on average, about 96% of the farmers owned one cowpea
plot and only 4% possessed more than one cowpea plot. Overall, 38% of the plots
were planted with ICV with the most widely adopted variety being Sampea 11 (on 7%
of the plots) (Table Al). Released in 2009, Sampea 11 variety is popular with farmers
because it is resistant to nematodes, aphids, major insect pests and has good seed
quality with a yield potential of 2 tons/ha. Interestingly, the adoption rates in
Table Al indicate that other popular varieties have not yet been released, implying
that farmers obtained these varieties from demonstration plots, which are usually con-
ducted across several agro-ecological zones before the variety is finally released.
About 5% the households adopted Sampea 9, a dual purpose variety with both good
grain and folder yields, suggesting that livestock ownership may also be important in
increasing the adoption of ICV (Kristjanson et al., 2005) especially in northern
Nigeria where livestock ownership is a vital part of the farming system.

Table 1 presents the definition of the outcome and explanatory variables together
with the mean differences in these variables by adoption status. We draw on existing
literature on the theory of farm household decision-making under imperfect markets
and past adoption and impact studies to identify these covariates (e.g. de Janvry et al.,
1991; Feder and Umali, 1993; Kristjanson et al., 2005; Abdulai and Huffman, 2014).
We consider three outcome variables: cowpea yield (total harvest per ha. in the 2016
season), net returns (gross value less input costs per ha) and total variable costs® of
cowpea production (purchase of seed, insecticides, herbicides, and hired labour). The
average yield of 643 kg/ha is quite low compared to the potential yield of 800 kg/ha
for some of the improved varieties, although adopters had obtained slightly higher
yields than non-adopters (Table 1). The average net returns per ha for the sample
plots was about 193,068 (US$ 633),* with adopters achieving N17,818.49, signifi-
cantly more than non-adopters. Non-adopters also had greater production costs com-
pared with adopters by about 31,150 on average.

Our explanatory variables include household characteristics such as household size,
age of the household head and the extent of education (whether the household head
attended junior secondary school). The size of the household (labour endowment)
was greater for adopters. Adopters were a bit older than non-adopters and they spent
0.02 more years in junior’ secondary school than non-adopters. As proxies for human
capital these variables are expected to encourage ICV adoption (Mason and Smale,
2013). Livestock ownership (equines), measured in Total Livestock Units (TLU) is
also proxy for household wealth. Adopters had more horses and donkeys than non-
adopters. Especially in the hot and dry northern part of Nigeria, these animals are

2All the analyses in the subsequent sections were done at plot level.

3Note that in the subsequent sections, we use costs, production costs and total variable costs
interchangeably.

“The official exchange rate at the time of the survey was 1 US$ = 305 N.

3In the Nigerian school system, junior secondary school consists of three years after completing
primary school.
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important in land cultivation as well as transportation of crop produce to the market,
and are also expected to encourage adoption. Some of the ICVs are dual purpose vari-
eties especially bred to produce both higher grain yield as well as high quantities of
nutritious fodder for livestock (Kristjanson ez al., 2005), hence we expect farmers who
have more livestock to adopt these varieties.

Social capital (the norms and networks that facilitate collective action, Woolcock,
1998) plays an important role in not only enhancing the adoption of improved agri-
culture technologies but also in mitigating against production and net returns risks.
The number of cowpea traders trusted by the household and the number of years the
household head has lived in the village are our proxies for trust and social capital. We
proxy wealth using agricultural implement and wealth indices constructed using prin-
cipal component analysis (PCA). Agricultural implements include ploughs, hoes and
ox/donkey carts. Our wealth index includes all assets owned by the household (bicy-
cles, motorbikes, cars, television sets, radios and cellphones) following Aguilar ez al.
(2015). We expect household’s adoption of ICV to increase with the agricultural
implements and wealth.

To capture variations in agro-ecological conditions, topography, and soil type and
soil fertility (Di Falco and Chavas, 2009), we included plot-level characteristics such
as crop stresses and self-reported slope of the plot (steep, moderately steep or flat) and
soil fertility (poor, moderate and good). We include the gender of the plot manager,
which has been suggested as a better proxy for gender than that of the household
head. Crop stresses usually affect adoption decisions in a negative way and we expect
the same effect on the outcomes variables (Kassie et al., 2013; Teklewold et al., 2013).
The distance of the plot from the homestead reflects the costs associated with the
movement of inputs to the farm as well as produce from the farm to the market; hence
it is expected that adoption will reduce with the distance. Adopters of ICV had signifi-
cantly more improved cowpea varietal information compared with non-adopters.

4. Empirical Results and Discussion
4.1. Determinants of adoption of improved cowpea varieties

Table 2 presents the first stage results of the control function endogenous treatment
effect estimates of adoption of ICV for the cowpea yields, net returns and total vari-
able costs. The results for the determinants of the outcome variables are presented in
Table A3 in the online Appendix. Village cluster robust standard errors are reported
in all specifications to account for heteroscedasticity and the sampling procedure. We
checked the relevance of our instrumental variables by testing whether the instruments
satisfied the orthogonality condition. The results show that all the instruments were
statistically significant in explaining adoption at the 5% significant level, which
suggests that the instruments are relevant.

Since the selection results are quite similar for the two equations, we focus on the
results for yields and net returns (Table 2, column (2)). Most of the variables in the
model have the hypothesised signs. Older farmers are less likely to adopt ICV, possi-
bly reflecting older farmers’ greater risk aversion. Education of the household head is
strongly significant in supporting adoption (Smale et al., 2018), in agreement with
Alene and Manyong’s (2006, 2007) results for adoption of ICV in northern Nigeria.
The number of traders that a farmer knows and trusts increases the adoption of ICV
(Kassie et al., 2013).
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Table 2

Control function endogenous treatment effects estimates (selection equation)

Variables Yield/net returns Total variable costs
Total household size 0.01 (0.01) 0.01 (0.01)
Age of the household head —0.04* (0.02) —0.04* (0.02)
Age of the household head squared 0.00* (0.00) 0.00* (0.00)
Attended junior secondary school 0.41%%(0.18) 0.41%%(0.17)
Total cultivated land —0.04 (0.03) —0.04 (0.03)
Ln Livestock ownership 0.42 (0.32) 0.46 (0.32)
Ln Traders 0.09% (0.06) 0.10* (0.06)
Agricultural implement index 0.03 (0.03) 0.03 (0.03)
Wealth index —0.02 (0.03) —0.02 (0.03)
Access to off farm income 0.08 (0.11) 0.08 (0.11)
Government support 0.01 (0.08) 0.01 (0.08)
Number of years —0.00 (0.00) —0.00 (0.00)
Ln Pesticide prices 0.41 (0.25) 0.41 (0.25)
Ln Wage rate —0.44%*%*(0.13) —0.45%%*(0.13)
Ln Herbicide prices —0.03** (0.02) —0.03** (0.02)
Ln Male labour —0.09* (0.05) —0.08* (0.05)
Female plot manager —0.06 (0.17) —0.06 (0.17)
Pest and disease stress —0.04 (0.06) —0.03 (0.07)
Animal trampling stress —0.17 (0.21) —0.15(0.21)
Flat slope —0.01 (0.19) —0.02 (0.19)
Medium slope —0.09 (0.20) —0.10 (0.20)
Medium soil fertility —0.20 (0.14) —0.19 (0.14)
Good soil fertility —0.20 (0.15) —0.18 (0.15)
Field distance from residence —0.00* (0.00) —0.00* (0.00)
Farmer group 0.30** (0.12)

Research organisations 0.85%* (0.34) 0.81%* (0.34)
Government extension 0.32%*(0.17)
Northwest region dummy 0.25%%(0.12) 0.24**(0.12)
Constant 0.41 (2.03) 0.411(2.03)
Observations 2,550 2,550

Notes: Village cluster robust standard errors in parentheses. *P < 0.10, **P < (.05,
**xp < 0.001.

Adoption of ICV apparently reduces with the wage rate and herbicide prices
(Table 2). Previous studies (e.g. Abdulai and Huffman, 2014) show that higher input
prices reduce the net benefits of adoption, hence the higher the wage rate and herbi-
cide prices the more costly it becomes for farmers to adopt improved ICV. Consistent
with our theoretical expectations, the distance to the plot from the homestead is nega-
tively associated with the adoption of ICV. Information on improved varieties, from
farmer groups, research organisations, or extension agents is, as expected, significant
for adoption. Finally, the region dummy reflects the agro ecological as well as security
differences in the northern part of Nigeria. Relative to the northeast region, adoption
of ICV is greater in the northwest region, which may reflect the security problems
experienced in the northeast during the survey, which displaced farmers from their
residential areas and affected cowpea production.
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4.3. Average and marginal returns to the adoption of improved cowpea varieties

The estimates of the average treatment effect (ATT) on the treated from the CFA
approach are shown in Table 3 accounting for both observed and unobserved hetero-
geneity. Adoption of ICV is associated on average with a significant 26% yield gain,
comparable to the researcher and farmer managed on-farm trials reported in Kamara
et al. (2010) for Nigeria. Net returns and production costs per hectare are greater on
ICV plots on average by 61% and 14%, respectively. However, the net returns gain
relative to the yield gain is higher and this is so because adopters faced relatively lower
production costs than non-adopters (Table A4 in the online Appendix).

Since the estimation of marginal treatment effects (MTE) are conditional on a given
realisation of the propensity score, we first checked whether there was considerable
overlap between the adopters and non-adopters propensity scores. Estimating reliable
MTEs requires this overlap because it implies that there are adopting and non-adopt-
ing households with similar characteristics. Figure A2 (online Appendix) shows that
there is substantial overlap between adopters and non-adopters of ICV, and therefore
we can proceed to estimate the effects. The identification of the MTE models depends
heavily on the common support assumption for the propensity score, which requires
that there exist positive values of the estimated propensity scores in the range of (0,1)
for adopters and non-adopters (Scott and Walstrum, 2014).

Figure 1 shows the MTE estimates for yield, net returns and costs from the polyno-
mial® model. The x-axis shows the unobserved resistance to treatment while the y-axis
is the MTE. The yield and net returns MTEs have a negative slope (consistent with
the results from Wossen et al., 2018b). This shows that the treatment effects are
heterogeneous. This implies that the marginal return to ICV increases with the
propensity to adopt ICV. Consistent with Suri (2011), this further suggest that based
on their comparative advantage, farmers may self-select into adoption. Unlike the
yield and net returns MTEs, the cost MTE is an increasing’ function of the unob-
served resistance to treatment i.e. farmers with a lower propensity to adopt face higher
costs of production relative to those with a higher propensity to adopt. This suggests
that there are structural differences between these two groups. Reducing these struc-
tural barriers that make adoption more expensive for famers with a lower propensity
to adopt is imperative to fully harness the benefits from adoption (Wossen et al.,
2018b).

Using equation (12), we also estimated ATTs for the polynomial® and parametric
MTE model specification and the results are presented in Table A5 (online Appendix).
The results show that adoption of ICVs increases yield, net returns and production
costs, similar to the results presented in Table 3 for the CFA estimates. The results
from these models therefore suggest that our CFA model was not misspecified.

Overall, the results from the control function and MTE models suggest that adop-
tion of ICVs significantly increased yields and net returns. The net returns increase is
higher than the yield increase and this is because adopters faced significantly lower

®We also estimated the parametric and semiparametric MTEs and the results are presented in
Figures A3 and A4 in the online Appendix.

"Note that this is contrary to what we expected, hence this result must be interpreted with
caution.

8We could not estimate the ATT using the semiparametric models because the full support is
not generated in the semiparametric specification.
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Table 3
Control function average treatment effects on adopters
Outcome variables Adopters Non-adopters ATT! Percent change
Cowpea yield (kg/ha) 6.24 4.94 1.31%* 26.43
(0.65)
Net returns (naira/ha) 10.28 6.37 391%* 61.40
(3.65)
Total variable costs (naira/ha) 9.99 8.73 1.26* 14.43
(0.67)

Notes: 'Estimates in natural logarithms; Village cluster robust standard errors in parentheses;

*P < 0.10, #*P < 0.05.

Yield MTE
Net returns MTE

15

10

-10

T
0O 01 02 03 04 05 06 07 08 09 1

Unobserved resistance to treatment

Cost MTE

T T T T T T T T
0 01 02 03 04 05 06 07 08 09 1
Unobserved resistance to treatment

0 01 02 03 04 05 06 07 08 09 1

Unobserved resistance to treatment

Figure 1. Polynomial yield, net returns and cost marginal treatment effect estimation. Solid
lines show the estimated marginal treatment effects (MTE); dashed lines refer to 95% confi-
dence intervals obtained through bootstrapping. [Colour figure can be viewed at
wileyonlinelibrary.com]
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production costs than non-adopters, a result confirmed by the cost MTE curves. The
results in Table A4 (online Appendix) show that adopters had significantly lower pes-
ticide and herbicide costs. This is because local varieties on average take longer to
mature compared to improved short-duration varieties which may require less weed-
ing. Consistent with Michler et al. (2018), farmers therefore may be adopting ICV not
only because of their potential yield gains, but also for the potentially significant cow-
pea returns due to lower production costs. Finally, it is important to mention that the
net returns were calculated using estimated costs based on farmers’ responses which
may also bias our results presented above. So despite our attempts to control for
selection bias using the rigorous econometric methods, some bias may still be present
especially that we are using cross-sectional data.

4.4. Robustness checks

We estimated the yield, net returns and cost ATTs using the PSM as a robustness
check for the CFA estimates, though PSM only accounts for observed heterogeneity.
The results in Table A6 (online Appendix) show that the adoption of ICV increases
yields and net returns on average by 54 kg and N 6,050, respectively. The cost of pro-
duction however increases with the adoption of ICV. The cost of production increased
by about ¥ 4,293 on average, which is lower than the increase in net returns. These
results lend further evidence of the credibility of the CFA estimates in Table 3.

5. Conclusions and Policy Implications

We examine the adoption and impact of improved cowpea varieties on yield, net
returns and production costs in northern Nigeria using plot and farm household sur-
vey data collected in 2017. Our data come from a representative sample of 1,525 cow-
pea producers using 2,550 cowpea plots. We use an instrumented control function to
control for observed and unobserved heterogeneity, and a marginal treatment effects
model to assess impact heterogeneity with propensity score matching to assess the
robustness of the control function estimates.

Consistent with previous adoption studies, our results indicate that the main factors
influencing adoption of improved varieties are age and education of the household
head, distance of the cowpea plot from the homestead and varietal information
sources. However, both higher hired labour and herbicide costs tend to reduce adop-
tion rates according to our data.

The average treatment effects from all the estimation methods used in this study
were largely consistent and indicate that improved cowpea adoption has a significant
and positive impact on yields and net returns. Adoption of improved cowpea varieties
is associated with an average 26% yield and 61% net returns gain, even though adop-
tion also increases production costs by more than 14%.

Our marginal treatment effect (MTE) estimates show that the yield and net return
gains are heterogeneous, with farmers adopting improved cowpea varieties based on
their comparative advantage. The results for both yield and net returns consistently
show positive selection on unobservable gains, implying that more productive and
enterprising farmers are more likely to adopt improved cowpea varieties. The cost
MTEs however showed that farmers with a lower propensity to adopt significantly
faced higher production costs than those with a higher propensity to adopt improved
cowpea varieties. In both cases, and in addition to the inconsistent net returns versus
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yield and cost treatment effects, our results suggest that, despite our attempts to con-
trol for selection bias in estimating the effects of improved variety adoption, some
selection bias may still remain. In any case, our results suggest that removal of struc-
tural obstacles to adoption is important. This is important because in most cases
farmers who have a lower propensity to adopt are also usually worse off in terms of
access to information, credit and asset ownership (Manda et al., 2017).

Cowpeas play an important role in the livelihoods of many households not only in
Nigeria but also in most parts of West and Central Africa. In view of considerable
international and national cowpea improvement and extension investments, further
research is needed to assess the economic rates of return on investment as well as the
poverty impacts of adoption of improved cowpea varieties.

Supporting Information

Additional supporting information may be found online in the Supporting Informa-
tion section at the end of the article.

Table Al. Plot level adoption of improved cowpea varieties.

Table A2. Number plots owned by households.

Table A3. Second stage control function endogenous treatment effects estimates.

Table A4. Cowpea production costs.

Table AS. Average treatment effects on adopters from the polynomial and paramet-
ric marginal effects models.

Table A6. Average treatment effects on adopters from propensity score matching.

Figure A1. Map of the study area.

Figure A2. Distribution of propensity scores by adoption status.

Figure A3. Parametric yield, net returns, and cost marginal treatment effect estima-
tion.

Figure A4. Semiparametric yield, net returns and cost marginal treatment effect
estimation.
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