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Abstract

We adopt the newly redefined marginal treatment effect (MTE) framework to examine how
farmers' resource endowment and unobserved factors affect the marginal benefit of adopting
sustainable intensification of agricultural practices (SI practices), estimate the average and the
marginal benefits of adopting the Sl practices, and identify the farm households at the margin of
participation that need to be targeted during scaling-up. Findings show that farmers’ unobserved
factors and resource endowment influence the marginal benefit of adopting Sl practices. Point
estimates indicate that the adoption of Sl practices increases the maize yield and net returns of
adopters. Estimates further reveal that the average benefit for adopters differ from the marginal
benefit for new farmers at the margin of participation. Finally, our findings suggest that not all
farm households at the marginal entrants would benefit from all the potential scaling-up policy
options, except households who by socio-economic characteristics appear least likely to adopt.
We conclude that these households should be targeted to enhance adoption as well as maximize

the return on investment during scaling-up of the SI practices.
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1. Introduction

Adoption of new agricultural innovations are important toward increasing crop productivity, farm
income and reducing poverty. In recent times, several agricultural innovations (e.g. conservation
agricultural) have been developed and disseminated across sub-Saharan Africa (SSA). However,
adoption rates among farmers have been very poor, even though these agricultural innovations

bear positive outcomes (Giller et al., 2009; Grabowski et al., 2016; Moser & Barrett, 2003).

Several studies have identified lack of information (Ashraf et al., 2009), poor road network (Karlan
et al., 2014), inadequate use of inorganic fertilizer (Duflo et al., 2011), lack of access to new inputs
(Emerick & Dar, 2020), and differences in agro-ecological conditions as some of the causes of the

poor rates of adoption of new agricultural practices and technologies.

Besides the aforementioned reasons, less documented are the scaling-up methods and the type
of farm households at the margin of participation that need to be targeted during scaling-up. This
is important because the farming systems in SSA are highly heterogeneous in terms of farmers
resource endowment and agroecological conditions and for that reason farm households tend to
respond to interventions differently (Giller et al., 2011). This suggests that failure to consider
these variabilities during testing and scaling-up of agricultural innovations can influence farmers’
decision to adopt. Moreover, scarce resources are more likely to be wasted when wrong farm

households are targeted during scaling-up.



In this article, we examine how farmers’ resource endowment and unobserved factors influence
marginal benefits of adopting sustainable intensification of agricultural practices* (S| practices),
estimate the average and the marginal benefits of adopting the Sl practices, and identify which

farm households at the margin of participation need to be targeted during scaling-up.

To achieve this, we situate the study within the context of an agricultural program in Northern
Ghana, where Sl practices have been demonstrated and disseminated to farmers for the past 8
years. We apply the redefined marginal treatment effect (MTE) framework, or an unconditional
MTE approach of Zhou and Xie (2019, 2018) in addressing the aforementioned objectives of the

study.

On the whole, we expect the present study to contribute to small, but growing literature on how
to scale-up new agricultural innovations in SSA. We further expect the findings from this study to
aid in welfare analysis, designing of policies, and targeting of farm households who are most likely
to benefit from adopting new agricultural technologies, especially in SSA. Finally, we also expect
our results to complement studies that only examine the average treatment effects by extending
the analysis to the identification of farm households at the margin of participation that need to

be targeted during scaling-up.

Sl involves increasing crop productivity on the same piece of land while at the same time lowering the
environmental impact.



The remainder of the article is organized as follows. Section 2 discusses the background and the
experiment. Section 3 presents the conceptual model. Section 4 describes the empirical strategy.

Section 5 presents the empirical results and Section 6 concludes.

2. Background and experiment

2.1. Background

The Africa RISING® program was initiated in 2012 across Northern Ghana with the goal of lifting
farmers out of hunger and poverty through sustainable intensified farming systems. The program
trained households on how to enhance their crop-livestock farming systems via demonstration

and dissemination of improved agricultural technologies and practices.

To improve the cereal-legume based farming systems of farmers across northern Ghana, several
new agricultural technologies and practices were tested and demonstrated to farmers through
the use of a technology park, which serves as a learning and dissemination center. Examples of
these agricultural practices and technologies included different rates of fertilizer application, use
of improved seed varieties, cereal-legume intercropping or rotation, different crop spacing, line
sowing, and efficient soil and water management practices. Trained farmers were also induced
to adopt the technologies and practices of their choice from the park. The program achieved this

by incentivising them with inputs (e.g. improved seeds), but with an attached condition that they

5 Africa-RISING denotes Africa Research into Sustainable Intensification for the Next Generation.



would have to follow all practices conducted on the park. Farmers were also linked up with agro-

enterprises from where the inputs can be purchased.

2.2. Study area

The Africa RISING program was implemented in the former three northern regions of Ghana. The
three regions are classified under the Savanna agroecological zone, characterized by one growing
season. Farm households in the regions cultivate cereals (e.g. maize, rice), legumes (e.g. cowpea,
soybean), root and tuber crops (e.g. yam), and vegetables (e.g. cabbages). Majority of these crops
are produced under rainfed agriculture. Some farm households also raise small (e.g. sheep and
goat) and large ruminants (e.g. cattle), poultry, and pigs. Nevertheless, the poverty levels among

majority of the farm households across the regions are the highest in the country (MoFA, 2017).

2.3. Study design

The African-RISING program was established in a quasi-randomised experimental design format.
The administrative districts of then three northern regions® were stratified into 6 main domains
prior to the commencement of the program in 2012. This was based on market access and length
of day period (proxying agricultural potentials of the regions). Fifty villages were sampled across
the 6 domains. Of the 50 villages, 25 villages were purposely sampled, and received intervention
from the program, whereas the rest of the 25 villages, randomly sampled, did not received any

intervention (Tinonin et al., 2016). We termed these villages as control.

6 The regions have been sub-divided into five regions as of now.



In 2015, the program stopped its activity in 13 intervention villages due to lack of funds from the
major sponsor. Hence, in this study we consider adopters of Sl practices as farm households or
farmers who have adopted two or more of the Sl practices for more than one cropping season

after the 2015.

2.4. Data

The current study is a follow-up of the Ghana Africa-RISING Baseline Survey conducted in 2014
where 1248 farm households across the intervention and controlled villages were sampled and
interviewed (Tinonin et al., 2016). We conducted a follow-up study in 2019 within the same
period as in the baseline survey and followed the same sampling approach. Due to limited funds,
we adopted a three-step approach in sampling our farm households. First, a power analysis was
conducted to estimate the total sampled size required for an impact analysis, which resulted in
a sample size of 700 households.” Second, we proportionally adjusted the sample size to match
the baseline sample of the regions and villages. Third, we employed a random sampling approach
to select the farmers from the list of the interviewed farmers across the 50 villages during the
baseline survey. Overall, we sampled 428 farm households from the intervention villages, and

272 farm households from the control villages.

7 We used G*Power 3.1.9. version for the statistical power analysis. Our sample size corresponds to the power of
0.80, at alpha level 0.05, and with effect size of 0.20. This led to a sample size of 652. However, we increase the
sample size to 700 in order to address issues such attrition, etc.



Using the same baseline questionnaire, a team of trained research assistants conducted face-to-
face interviews with the sampled farm households across the regions. Information elicited from
farmers ranged from socio-economic characteristics of the households, crop production, storage,
to food and nutrition security. Figure 1 presents the spatial map of the Africa RISING villages by

treatment group across the former three northern regions.
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Figure 1: Africa RISING continued, phase-out and control villages and their spatial distribution. The continued and
phaseout constitute the treatment villages.

4.2. Variables used, descriptive statistics, and matching

The variables used are factors identified to affect farmers adoption of Sl practices in the northern

Ghana (Bellon et al., 2020; Kotu et al., 2017). This includes characteristic of the household head



(for example, gender, age, educational background), dependency ratio, household size, farm size,
number of livestock, sources of information about the Sl practices, number of productive assets,
off-farm income, the time taken reach the nearest market or motorable road, and agroecological
zones. We expect the latter variable to pick up rainfall patterns, as well as the farming systems
across the agroecological zones. For example, farmers in the Sudan savanna zone plant on ridges
due to the low soil depth compared with those in the Guinea savanna zone, where most farmers
plant on the soil surface. In addition, the mean annual rainfall for the Guinea savanna (1100mm)

is generally higher than that of the Sudan savanna ( 900-1000mm)(MoFA, 2017).

We selected our outcome variables based on the program’s goals. We focused on maize yield
and net returns. The maize yield is estimated as the total number of harvested grains in kilogram
per hectare (kg/ha), whereas the net return is estimated as the amount of harvested maize and
legume yields multiplied by the average village price less the cost of production (including family

labour) in Ghana Cedis per hectare (GHS/ha).

Table 1 A displays summary statistics of our sample household characteristics and the description
of variables used. The table indicates that the majority of the farm household heads are males,
and the average age of a farmer is 48 years. 85% of the household head cannot read and write,
and most of the farm households source their agricultural information from extension agents or
NGOs. The average farm size and herd size for a given household are 1.41 ha and 3.4 TLU (Total
livestock units), respectively. In 2013, a given household harvested an average maize yield of

about 383 kg/ha and made a net return of about 157 GHS/ha compared to around 430kg/ha for



maize yield and a net return of 324 GHS/ ha in 2018. Furthermore, Table 4A presents the mean
differences between adopters and non-adopters and their P-values. The table suggests a

significance difference in some of the covariates.

3. Conceptual framework

Following Abdulai and Huffman (2014), we assume that farmers are risk neutral and will adopt if
the net benefit associated with the Sl practices is greater than alternative practices. Suppose Y;
denotes returns from adopting the Sl practices and Y}, is the returns from non-adopting, then the

outcomes can be expressed as:

Yo =po(X) +¢ (1)

Y, =5X) +¢, (2)

where is X is the covariates, € is the error terms and is i.i.d, while 8, and S, are the parameters
to be estimated. Note that farmers will adopt the Sl practices if Y; > Y, (Pitt, 1983). It is worth
noting that the farming systems in SSA are very heterogeneous in terms of resource endowment
and agro-ecological conditions, and thus farm households will respond to treatment differently
(Giller et al., 2011), implying that the returns from adoption would vary across farm households.
In addition, some farmers may be able to forecast the future gains in adopting the Sl practices at
the early stage at the blindside of researchers due to unobserved factors such as managerial and

technical skills. Overall, the differences in returns among farm households and the ability of
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farmers to forecast future benefits suggest that the average benefit of adopting Sl practices may

differ from the marginal benefit for farmers at the margin of participation.

4. Estimation strategy

To examine the treatment effects heterogeneity, estimate the average and marginal effects of
adopting the Sl practices, and identify farm households that need to be targeted during scaling-
up, we adopt the redefined marginal treatment effects framework, or the unconditional marginal
treatment effect concept proposed by Zhou and Xie (2019, 2018) to address the aims of the

study.

Note that the marginal treatment effect® (MTE) concept was first put forward and expanded on
by Heckman and Vytlacil (2001, 2005, 1999, 2007) as a tool for policy analysis. Generally, the MTE
framework combines the propensity score and the instrumental variable approaches together
(Heckman et al., 2001). The framework is built on the generalised Roy model for discrete choice

equation for policy analysis (Heckman and Vytlacil, 2007).

Following Heckman and Vytlacil (2001, 2005, 1999, 2007) and Zhou and Xie (2019, 2018), we
consider the condition of the two potential outcomes Y; and Y, with a binary treatment indicator
D, and pre-treatment covariates X, where Y; denotes the potential outcome if a farmer adopts

(D = 1) andY, if disadopt (D = 0). The outcome equations can also be expressed as:

8 The MTE concept was first proposed by Bjérklund and Moffitt (1987).
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Yo=uoX) +e¢ (3)
Y, =u(X) +<+p, (4)

where 1, (X) and p,(X) are the conditional means for non-adopters and adopters, respectively,
¢ is the error terms, which include all unobserved factors that influence Y,, and p is the error
term that includes all unobserved factors that influence the treatment effect (Y; — Y;). Note that

the switching regression model can be used to connect the observed outcome, Y, as:

Y = (1 - D)Y, + DY,
= po(X) + 11 (X) — po(X))D + € + pD. (S)

Assuming that the treatment effect model is represented by an index I, and depends on the

observed factors, Z, and the unobserved factors, V. Then the latent index can be expressed as:
Ip =up(Z) =V (6)
D =1(Ip > 0) (7)
where up(Z) is unknow function, I is a latent random variable that captures unobserved factors,
and Z denotes a vector that captures the pre-treatment covariates X and includes instrumental
variables that influence the treatment D.

The key assumptions underlining the latent index model are 1) ¢, p, V are independent of Z given

X, and 2) up(Z) is a nontrivial function Z given X. The aforementioned assumptions imply that

assignment to treatment can be rewritten as:

D= H(FV|X(MD(Z)) — Fyx(V) > 0)

12



= I(P(Z2)-U>0), (8)

where Fy,|x(.) denotes the cumulative distribution V given X, and P(Z) denotes the propensity
score given Z, U = FV|X(V) represents the quantiles of V given X, and it follows the standard

uniform distribution.

4.1. The redefined marginal treatment effect

Zhou and Xie (2019, 2018) argued that under the generalised Roy model, U captures all the
unobserved factors that affect both the treatment status and treatment effect heterogeneity.
That is, the latent index structural model is a function of a) the propensity to adopt P(Z), and 2)
the latent resistance to adopt, U.Thus, given P(Z) and U, the treatment effect status D is fixed
and is independent of the treatment effect. This mirrors the expression of Rosenbaum and Rubin

(1983) result on propensity score, but with an extra condition U in this case:

Y, =Y, LD|P(Z),U (9)

where 1 denotes independence. Based on the above, Zhou and Xie (2019, 2018) redefined the
MTE as the treatment effect based on the propensity score (P(Z)) (and not on the whole vector
of covariates as proposed by Heckman and Vytlacil (2001, 2005, 1999, 2007)) and the latent

resistance to treatment or adopt (U or u). That is

MTE (p,u) 2 E[Y; — Yo|P(Z) = p,U = u] or (10)

MTE (p,w) = E[uy (X) — po(X)IP(Z) = p] + E[p|U = u] (11)
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The advantages the newly redefined MTE has over the old MTE are: 1) it is simply a bivariate
function that captures treatment effect heterogeneity in a more parsimonious way, 2) it is very
easy to be visualized, and 3) it can be used to predict different policy changes compared to the

old or the conditional MTE (Zhou & Xie, 2018, 2019).

Furthermore, just like the old MTE, causal estimands such as the average treatment effect (ATE),
the treatment effect on the treated (TT) and the treatment effect on the untreated (TUT) can
be estimated from the MTE (p, ). For example, ATE (p) is calculated by integrating MTE (p, u)
against the marginal distribution of U, while against the marginal distribution of U given U < p
leads to TT(p), and against the marginal distribution of U given U = p results in TUT (p). The
weights for estimating the ATE, TT, and TUT from the 1\717‘_E(p, u) can further be explored from

Zhou and Xie (2019, 2018).

4.2. Policy-relevant treatment effects

To predict policy implications of scaling-up Sl practices, we follow the policy relevant treatment
effect (PRTE) framework proposed by Heckman and Vytlacil (2001, 2005), where the PRTE is the
average effect of proceeding from a baseline policy A to an alternative policy B per shift into

treatment. That is

E(Y|Alternative Policy)-E(Y|Baseline Policy)

PRTE = E(W |Alternative Policy)-e(W|Baseline Policy)

(12)

14



However, following Zhou and Xie (2019, 2018), it is assume that all policy changes are through a
shift in the marginal distribution of P(Z), which is in contrast with the previous assumption that

the policy changes occur via a shift in the conditional distribution given X (Carneiro et al., 2010).

Given the latter assumption, Carneiro, Heckman and Vytlacil (2010) showed that the PRTE is the
weight of MTE (x,u), whereas the marginal policy-relevant treatment effect (MPRTE) is the
directional limit of the PRTE as the alternative policy advance towards the baseline policy.
Howeve, following the same intuition, Zhou and Xie (2019, 2018) showed that there is a direct
link between MPRTE (p), PRTE and MTE (p,u). That is

—

MPRTE (p) = (lai_r% PRTE (p, @ A(p))

= [V, = Y|p(Z2) =p, U =p]

= MTE (p, p), (13)

where @ is the real-value scalar, representing varied policy changes, and the MPRTE (p) equals
the MTE (p,u) at the margin where the propensity score equals the latent resistance to adopt

(p = u), that is, the margin of participation for new farmers or farm households.

Generally, the MTE (p, u) composed of both choice and return equations. The choice equation
is estimated using the probit model, whereas the outcome equation is estimated using both the
partial linear and local quadratic regressions (Fan & Gijbels, 1996; Robinson, 1988). The latent

resistance to adopt,U, captures farmers unseen characteristics such as managerial and technical
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skills, Whereas the propensity score, P(Z), captures farm household’s willingness to adopt the

Sl practices (that is, proxying farm households resource endowments).

Furthermore, given that the estimation of the MTE requires instruments just like the old MTE,
we follow Di Falco et al. (2011) by using the sources of information about the Sl practices (e.g.
extension, friends, and other farmers) as instruments. Here, we envisage that the information
sources about the SI practices would affect the outcome variable only through the decision to
adopt the Sl practices. We test the validity and the relevant of the instruments. The test results

show that our instruments are relevant and valid (Table 2A).

5. Empirical results

5. Decision to adopt Sl practices

Note that in estimating our model or the baseline model, the choice and the outcome equations
compose of all the covariates in Table A2, with the exception of the instruments and the baseline
maize yield and net returns. We included the instruments in the choice equation and add to each

outcome equation its baseline maize yield or net returns in 2013 and the square, respectively.

The first stage of the MTE model estimates the propensity to adopt the Sl practices. Figure 2
plots the region of common support between adopters and non-adopters using the propensity

score estimate from the first stage. The figure suggests a good region of common support.
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Figure 2: Region of intersection by adoption status. Dashed and solid lines denote adopters and
non-adopters, respectively.

Table 1 presents the average marginal effect of the decision to adopt the Sl practices. The table
suggests that group membership and information from extension agent or NGO increase farmers
propensity to adopt the Sl practices by about 10 and 23 percentage points, respectively, while
information from other farmers decrease the propensity to adopt by 14 percentage points. The
table also suggests that households with large number of household members are 2 percentage
points more likely to adopt the Sl practices, whereas those who own more productive assets are
17 percentage points more likely to adopt. In contrast, households with larger plot sizes are less
likely to adopt by about 81 percentage points more. Overall, the findings from Table 1 suggest
that adoption of Sl practices is driven by access to information, group membership, household

size, number of productive assets own by farm households, and farm sizes.
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Table 1: Decision to adopt Sl practices (First stage of MTE)

Variable Average marginal effect
Female 0.057
(0.050)
Age -0.001
(0.002)
Dependency ratio -0.040
(0.030)
Household size 0.015***
(0.005)
Read and write 0.019
(0.058)
Group membership 0.101*
(0.061)
Extension agent or NGO (Africa-RISING) 0.234***
(0.042)
Farm size, log -0.812%**
(0.112)
Friends 0.087
(0.067)
Information from other farmers -0.142**
(0.068)
Herd size, TLU -0.003
(0.003)
Off-farm income, log -0.018
(0.022)
Productive assets, log 0.165**
(0.071)
Time taken to reach nearest market, log -0.010
(0.047)
Time taken to reach nearest motorable road, log 0.040
(0.049)
Sudan savanna 0.007
(0.064)
Observations 669

Notes: Probit: y2=115.5, df=16, p-value=0.000. *, ** and *** denote statistical significance at 10-percent, 5-percent,
and 1-percent levels, respectively. Note that the covariates for the stage are the same for maize yield and net returns.
5.2. Heterogeneity in the treatment effects

We first explore the relationship between the latent resistance to adopt the SIP practices and the
marginal treatment effect, MTE'. Figure 3 plots this relationship. The figure suggests a negative

relationship between the MTE and the latent resistance (U), indicating that farm households
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with the lowest latent resistance to adopt (U) derived higher maize yields and net returns from

adoption.
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Figure 3: Relationship between the marginal treatment (MTE) and the latent resistance (U) to adopt

We further examine the heterogeneity in the treatment effect for the population of adopters and
for farmers at the margin of participation. Figure 4A-B illustrate these relationships. Note that a)
Figure 5B is the simply the diagonal of the Figure 4A, b) there are 10 grids, which sums up to 100,

and c) the darker the colour the higher the treatment effects.

More specifically, Figure 4A shows that the latent resistance decreases (from gray to dark colour)
with increases in the MTE. This implies that farmers with low latent resistance to adopt the Sl
practices derived higher returns. In other words, the result suggests the presence of unobserved
sorting on gain or self-selection. That is, farmers or farm households adopted the Sl practices on

the basis of their idiosyncratic gains. Similar trend is observed for the TUT in Figure 2A-B.
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Conversely, Figure 4A indicates that at each level of the latent resistance, the propensity score
correlates positively with the MTE, implying that high resource endowed farm households who
also adopted the Sl practices derived higher returns. Note that this finding is seldomly reported

by most adoption studies. We find similar trend for the case of TT in Figure 2A-A.

Furthermore, Figure 4B illustrates the heterogeneity in the treatment effects for potential farm
households who are indifferent as to whether to adopt the Sl practices or not, or farm households
at the margin of participation (that is, the point at which the propensity score is equal to the
latent resistance to adopt). The figure implies a negative relationship between the MTE and the
propensity score, indicating that at the margin of participation farm households who by observed
socio-economic characteristics appear least likely to adopt would benefit more from adoption.
This finding can be associated with higher unobserved sorting on gain among the low resource
endowed farm households at the margin of participation. That is, at the margin of participation
the negative relationship between the MPRTE and the latent resistance to adopt, U, more than
even outs the positive relationship between the propensity score, P(Z), and the MPRTE to the

extent of forcing the MPRTE to decline (Zhou & Xie, 2018, 2019) (Figure 3A).
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Figure 4: Heterogeneity in the treatment effects for the entire population (ATE) and farm households at the margin
of participation. The above figures were estimated using the robust semiparametric approach. Note that the darker

the colour the higher the treatment effects.

In summary, some observed patterns of Figure 4A are consistent with other studies in agricultural
technology adoption (e.g. Shahzad & Abdulai, 2020), while others are new. In addition, Figure 4B
either new or have never been reported in agricultural technology adoption studies to best of

our knowledge.

5.3. Impacts of adopting Sl practices
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To estimate the average impact of adopting Sl practices on maize yield and net returns, we first
explore the unconditional effects of adopting Sl practices on maize yield and net returns between
adopters and non-adopters. Figure 5 displays the estimated kernel densities of maize yield and
net returns by adoption status. The solid lines represent non-adopters, whereas the dashed lines

denote adopters.

The figure indicates rightward shifts in the curves of the maize yield and net returns of adopters
compared to non-adopters, implying positive effects of adopting Sl practices on maize yield and

net returns of adopters.
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Figure 5: Epanechnikov kernel densities of maize yield and net returns between adopters (dashed lines) and non-

adopters (solid lines).

To examine the mean treatment effects, we estimate the ATE, TT, and TUT. Table 3 reports the

estimated average treatment effects of adopting the Sl practices on maize yield and net returns.
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Columns (1)-(2) report the estimated maize yield and net returns, respectively. Overall, Table 2
suggests that TT>ATE>TUT, indicating that farmers who adopted the Sl practices derived higher
maize yields and net returns than non-adopters (TUT). This finding is further confirmed by the

graphical patterns in Figure 3A, which explores relationship among the causal estimands.

More specifically, Table 2 suggests that the average maize yield and net returns for a randomly
treated selected farmer is about 285 kg/ha and 1907 GHS/ha, respectively, which is between the
benefits for the average farmer who adopts (maize yield: 961 Kg/ha; net returns: 3138 GHS/ha),
and the benefits for the average farmer who never adopted (maize yield: -256 Kg/ha; net returns:

911 GHS/ha).

Table 2: Estimated mean impacts of adopting Sl practices

Parameter Maize yield Net returns
(Kg/ha) (GHS/ha)
(1) (2)
ATE 285.460 1906.905*
(312.018) (1215.914)
T 961.320** 3138.313**
(456.968) (1818.570)
TuT -258.339 910.919
(539.176) (1958.646)
Observations 669 669

Notes: Non-parametric bootstrap standard errors in parentheses (500 replications). ***, ** * significance at 1,5
and 10 percent levels, respectively. 1 USD= GHS 5.4. We estimate the parameters using the robust semiparametric
approach.

5.4. Scaling-up policy effects

It is important to note that the ATE, TT, and TUT estimate the average treatment effects under

the policy counterfactual condition that demand mandating adoption and non-adoption of the SI
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practices. Moreover, they rarely contribute to scaling-up policy issues (Heckman & Vytlacil, 2005;

Mogstad & Torgovitsky, 2018).

To address the effects of scaling-up the Sl practices, we test two distinct policy models: the linear
IV and the MPRTE. Following Carneiro et al. (2011), we use the estimated propensity score or
local instrument from the first stage of the MTE as an instrument in estimating the linear IV.
Note that the estimator in this case estimates the ATE for compliers (Carneiro et al., 2003, 2010;

Heckman & Vytlacil, 1999).

Table 3 presents the scaling-up effects of the Sl practice. The linear IV estimates suggest that the
average benefits of adopting the Sl practices due to a policy change in the instrument would lead
to a positive and insignificant increase in maize yield (353 Kg/ha) and net returns (475 GHS/ha)

among compliers. However, the MPRTE explores policy changes that goes beyond the linear IV.

Rows one to four of Table 3 show the point estimates of the MPRTE under four scaling-up policy
options for households at the margin of participation. The first policy (A) explores the probability
of increasing every household chance of adopting the Sl practices by the same unit, the second
policy (B) favours farm households who are more likely to adopt, the third policy (C) focuses on
households who are less likely to adopt, and the last policy (D) centers on farm households whose

chances of adopting the Sl practices are less than 20% (Zhou and Xie, 2019, 2018).
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More specifically, the results suggest that the third (C) and last (D) scaling-up policies would lead
to the highest benefits, whereas the second policy (B) would lead to the lowest benefits. That is,
the last policy (D) indicates that targeting farmers whose probability of adopting the Sl practices
are less than 20% would lead to positive and significant effects on maize yields (1431 Kg/ha) and
net returns (4565 GHS/ha). While the second policy (B) suggests that scaling-up to target farmers
who by observed socio-economic characteristics looks more likely to adopt would lead to positive

and insignificant effects on maize yield (about 90Kg/ha) and net returns (around 1325 GHS/ha).

Table 4 also suggests that the average marginal benefits for farmers at the margin of participation
(the first policy) are below the average benefits for farmers who adopted the Sl practices (TT),
suggesting the need for policy makers to be cautious when using average estimates for scaling-

up policy decision.

Table 3: Estimated benefits of scaling-up the Sl practices

Parameter Policy Maize yield Net returns
(Kg/ha) (GHS/ha)
(1) (2)
MPRTE
Ap) =« A 355.4045 1922.525%*
(245.453) (967.560)
Alp) = ap B 89.448 1324.428
(283.979) (1012.257)
Alp) = a(1-p) C 570.494** 2406.229**
(275.416) (1141.315)
A(p) = al(p < 0.20) D 1430.980** 4564.478**
(578.901) (2321.631)
Linear IV (used propensity score as instrument) 353.420 1420.170
(221.600) (874.043)
Observations 669 669

Notes: Nonparametric bootstrapped standard errors in parentheses (500 replications). ***, **, * significance at 1,5
and 10 percent levels, respectively. The MPRTE was estimated using the robust semiparametric approach. 1 USD=
GHS 5.4.
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5.5 Which farm households should be targeted during scaling up?

To identity the farm households who by observed socio-economic characteristics would benefit
most from the scaling-up under the four policy changes, we explore the relationship between the
propensity score (p), the latent resistance to adopt (U) and the MPRTE under the four policy
changes. Figures 6 depicts the aforementioned relationships. Figure 6A-D suggests that under
the four individual policy changes, farm households located at the lower end of the propensity
score (that is, low resource endowed farm households) would derive the highest benefits when
the Sl practices are scale-up, indicating that scaling-up policies targeted towards these farm
households would generate the highest benefits. The figures imply that not every household at
the margin of participation will benefit from all the scaling-up policy options, reinforcing the need

for targeting of Sl practices during scaling-up.
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Figure 6: Scaling-up Sl practices under four policy changes. A represents the first policy, B the second, C the third
and D the last policy. The darker the colour the higher the treatment effects.

5.7 Robustness analysis

We test the sensitivity of our baseline estimates to different model specifications. Note that in
our baseline model, the choice and the outcome equations composed of all the covariates, except
the instruments and the baseline maize yield and net returns. We included the instruments in
the choice equation, as well as added to each outcome equation the baseline maize yield or net

returns in 2013 and its squared.
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Table 4 presents the estimated impacts of adopting Sl practices and scaling-up options from four
different model specifications. In models (1), we include the baseline maize yield and net returns
in both the choice and outcome equations. In models (2), we include the baseline maize yield,
the net returns and their squares in the outcome equations only. In models (3), we estimate our
baseline model, but also added to the baseline instruments the time taken to reach the nearest
market (proxy for distance to market). Here, we envisage that farmers interactions with market
forces would influence their decision to adopt the Sl practices, and thus impact positively on their
maize yields and net returns. Finally, in models (4), we estimate our model 3 without accounting

for the baseline maize yield and net returns in both the choice and outcome equations.

It is important to note that each of the individual choice model in Table 4 generates different
propensity scores, which affect the outcome equations differently. Thus, we somewhat test the
sensitive of our baseline estimates to different propensity score estimates. Overall, we conclude
from Table 4 that the estimates, including the patterns, are qualitatively similar to our baseline

estimates in Table 3.
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Table 4: Sensitivity test: Estimated impacts of adopting Sl practices and scaling-up options to different model specifications

Parameter Maize yield (Kg/ha) Net returns (GHS/ha)
Model 1 Model2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4
ATE 282.987 253.866 329.993 325.541 1907.099* 1893.383* 1976.454* 1961.406*
(301.362) (334.772) (329.809) (316.982) (1153.073)  (1272.501)  (1176.891) (1165.498)
TT 792.459* 907.797** 935.619** 954.850** 3161.069* 2754.851 3131.918* 2942.419*
(460.848) (443.810) (435.648) (434.120) (1827.736)  (1908.047)  (1838.542) (1775.150)
TUT -127.301 -272.206 -157.280 -180.745 892.4937 1193.417 1041.538 1166.715
(460.848) (546.417) (567.119) (580.145) (1905.725) (1985.233) (1915.251) (1958.980)
MPRTE
Alp) =« 347.605 327.263 378.134 384.818 1980.050* 1846.844* 1965.479** 1910.115**
(245.653) (265.438) (261.115) (250.429) (973.770) (1021.183) (955.063) (948.345)
/1()9) =ap 126.296 66.721 128.209 131.202 1346.865 1326.197 1380.689 1407.743
(278.861) (296.274) (306.200) (305.624) (1027.629) (1073.402) (1019.631) (1037.273)
A(p) =a(l1—p) 526.192* 537.973** 580.257** 589.927** 2492.300** 2267.911%* 2438.421** 2316.401**
(280.967) (290.202) (274.472) (268.072) (1144.729)  (1191.825)  (1139.791) (1090.737)
A(p) = al(p < 0.20)  1195.239** 1383.054** 1413.325%** 1418.483** 4839.935** 4316.225%* 4585.489* 4260.924**
(574.187) (561.828) (532.905) (534.867) (2379.236) (2432.661) (2373.829) (2213.400)
Observations 669 669

Notes: Nonparametric bootstrap standard errors in parentheses (500 replications). ***, ** * significance at 1,5 and 10 percent levels, respectively. Estimates

are all of the robust semiparametric method. 1 USD= GHS 5.4



6. Conclusion

This paper examined the impacts of adopting sustainable intensification of agricultural practices
(SI practices) on maize yield and net returns of adopters and identified which farm households at
the margin of participation or entrant need to be targeted during scaling-up. We employed the
newly redefined marginal treatment effect framework or an unconditional marginal treatment

effect concept to address the aforementioned aims of the study.

Our findings indicated that farmers’ unobserved factors and resource endowment influenced the
marginal benefits of adopting the Sl practices. Our point estimates revealed that the adoption of

S| practices increased farmers maize yields and net returns.

The results also showed that for farm households at the margin of participation, scaling-up policy
that favours farmers who are less likely to adopt, or have 20% chance of adopting the Sl practices
would derive greater benefits compared to a policy that targets farmers who are more likely to
adopt, or a policy that aimed at ensuring every farm household at the margin of participation has

an equal chance of adopting the Sl practices by the same amount.

Furthermore, estimates revealed that the marginal benefits and the average benefits of adopting
Sl practices are different. The results suggested that for all the possible scaling-up policy options,
targeting low resource endowed farm households during scaling-up would lead to the greatest

benefits or return on investment.



On the policy front, findings from this study underscore the need for targeted scaling-up of new
agricultural innovations in sub-Saharan Africa, given that the derived benefits from adoption vary
across farm households. The results also indicated that for policy makers to maximize the return
on investment during scaling-up of Sl practices, low resource endowed farm households need to
be targeted, irrespective of any scaling-up policy options that will be taken. Finally, our estimates
caution the use of average estimates for a scaling-up policy decision, since the average benefits
for treated farm households are greater than the marginal benefits for new farm households at

the margin of participation.
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Appendices:

Table 1A: Descriptive statistics

Variable Description of variable Mean SD

Female Gender of household head(1=female,0=otherwise) 0.26 0.439

Age Age of household head in years 47.600 14.047

Dependency ratio Number of house members not in the labour force 1.094 0.711
over members in the labour force

Household size Total number of household members 8.780 4.927

Read and write Household head can read and write (1=yes, 0.150 0.360
O=otherwise)

Group Farmer belong to a CBO or an FBO (1=yes, 0.180 0.387
O=otherwise)

Extension agent or NGO  Received advise from an extension agent or NGO 0.620 0.485
(1=yes, O=otherwise)

Farm size Total crop areain ha 1.420 1.630

Friends Information from friends (1=yes, O=otherwise) 0.150 0.359

Other farmers information from other farmers or model farmer 0.090 0.280
(1=yes, O=otherwise)

Herd size Total livestock in tropical livestock units 3.482 6.942

Off-farm income Non-agricultural income in Ghana Cedis (GHS) 323.573 478.198

Productive assets Total number of durable assets 8.196 6.339

Market Minutes taken to reach the nearest weekly market 32.049 26.609

Motorable road Minutes taken to reach the nearest motorable road 6.122 11.052

Guinea savanna? Farmer lives in Guinea savanna (1=yes, O=otherwise) 0.827 0.378

Sudan savanna Farmer lives in Sudan savanna zone (1=yes, 0.173 0.373
O=otherwise)

Maize yield 2013 Harvested maize yield in kg/ha in 2013 957.9362 687.8634

Net returns 2013 Net returns in GHS/ha in 2013 392.066 2084.710

Outcome variable

Maize yield 2018 Harvested maize yield in kg/ha in 2018 1075.193 684.3722

Net returns 2018 Net returns in GHS/ha in 2018 809.006 2836.819

Observations 700

Notes: SD denotes standard deviation.  Guinea savanna was used as dummy variable in the estimations.
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Table 2A: Test of validity of instrument and relevance

Variable Model 1 Model 2 Model 3
Decision to Net returns (GHS/ha) Maize yield (Kg/ha)
adopt (1/0)

Sources of information

Extension agent or NGO 0.610(0.118)*** 73.466(312.126) 116.917(74.108)

Group membership 0.272(0.0.156)* -154.240(524.868) 81.494(126.018)

Friend 0.220(0.166) 260.022(571.333) 11.379(136.903)

Other farmers -0.366(0.137)** 336.663(552.316) -4.922(132.183)

Constant 0.221(0.380) -270.991(932.766) 542.226(233.187)**

Wald test for sources of information x2=111.8*** F-stat.= 0.299 F-stat.= 1.506

Sample size 669 370

Notes: Model 1: Probit model (Pseudo R? =0.034) Model 2 and 3: ordinary least square (Model 2: R?2=0.047; Model
3: R?=0.068). Standard errors in parentheses (clustered at the household level), ***, ** * significance at 1,5 and 10
percent levels, respectively. 1 USD= GHS 5.4. For brevity, we did not report all the parameters.
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Figure 2A: Heterogeneity in the treatment effects on the treated (TT)-A, and untreated (TUT)-B. The darker the colour

the higher the treatment effects.
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Table 4A: Differences in mean characteristics of adopters and non-adopters of Sl practices

Adopters Non-adopters

Variable P-value

Mean SD Mean SD
Female 0.33 0.47 0.20 0.400 0.120**
Age of HH 47.43 13.50 47.75 14.52 -0.320
Dependency ratio 1.03 0.65 1.15 0.76 -0.110**
Household size 8.52 4.19 9.01 5.48 -0.49
Read and write 0.16 0.36 0.85 0.36 0.010
Group 0.26 0.44 0.11 0.32 0.150**
Extension agent or NGO 0.76 0.425 0.50 0.501 0.266**
Farm size 0.97 0.71 1.80 2.06 -0.83**
Friends 0.20 0.402 0.11 0.309 0.096**
Other farmers 0.08 0.267 0.09 0.292 -0.017
Herd size 3.22 6.07 3.71 7.62 -0.490
Off-farm income 113.523 155.362 168.086 376.530 -54.544
Productive assets 8.010 5.60 8.410 6.80 -0.390
Market 30.53 23.18 33.110 27.03 -2.580
Motorable road 5.880 8.20 6.32 12.72 -0.330
Guinea savanna 0.750 0.436 0.900 0.303 -0.153%**
Sudan savanna 0.255 0.436 0.102 0.303 0.153***
Maize yield 2013 945.684 700.730 968.616 677.209 -22.932
Net returns 2013 476.204 2072.499 318.726 2095.309 157.478
Outcome variable
Maize yield 2018 1101.997 706.326 1051.830 664.713 50.167
Net returns 2018 1262.59 2858.10 413.63 2761.70 848.996**
Observations 326

Notes: SD denotes standard deviation. ***, ** * significance at 1,5 and 10 percent levels, respectively. 1 USD=

GHS 5.4.





