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Abstract

We analyze how agricultural extension can be made more effective in terms of increasing
smallholder farmers’ adoption of pro-nutrition technologies, such as biofortified crops. In a
randomized controlled trial with farmers in Western Kenya, we implemented several
extension treatments and evaluated their effects on the adoption of beans that were
biofortified with iron and zinc. Difference-in-difference estimates show that intensive
agricultural training tailored to local conditions can increase technology adoption
considerably. Within less than one year, adoption of biofortified beans increased from almost
zero to more than 20%. Providing additional nutrition training further increased adoption by
another 10-12 percentage points, as this has helped farmers to better appreciate the
technology’s nutritional benefits. These results suggest that effective nutrition training
through agricultural extension services is possible. Providing marketing training did not lead
to additional adoption effects, although the study period may have been too short to measure
these effects properly. This study is a first attempt to analyze how improved designs of
agricultural extension can help to make smallholder farming more nutrition-sensitive. More
research in this direction is needed.
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How to Make Farming and Agricultural Extension More Nutrition-Sensitive:

Evidence from a Randomized Controlled Trial in Kenya

Introduction

Hunger and micronutrient malnutrition remain widespread problems in many developing
countries with serious negative health consequences (FAO 2017; IFPRI 2017). Many of the
people affected live in smallholder farm households. Hence, the question as to how
smallholder farming can be made more nutrition-sensitive is ranking high on the development
policy agenda (Pingali and Sunder 2017). The important role of market access for improving
food security in the small farm sector was highlighted in recent empirical work (Bellemare
and Novak 2017; Koppmair; Kassie, and Qaim 2017; Ogutu, Gdédecke, and Qaim 2017;
Sibhatu and Qaim 2017). In addition, agricultural technologies specifically designed to
improve nutrition can possibly play an important role. Prominent examples of such pro-
nutrition technologies are biofortified crops, which were bred to contain higher amounts of
micronutrients, such as orange-fleshed sweetpotatoes enhanced with provitamin A or high-
iron rice and wheat (Bouis and Saltzman 2017; Jones and de Brauw 2015). Other examples of
pro-nutrition technologies are certain species of vegetables or pulses that farmers may grow to
increase household dietary diversity and address specific nutritional deficiencies (Fanzo

2017).

One problem with pro-nutrition technologies is that farmers’ adoption incentives may
sometimes be low (Gilligan 2012). Farmers tend to adopt new technologies rapidly when
these contribute to gains in productivity and income. However, technologies that were
specifically designed to improve nutrition do not necessarily increase productivity and income
directly. With limited appreciation of the nutritional benefits, farmers are hesitant to adopt

technologies that do not increase yield but may be associated with differences in crop taste
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and outward appearance. Farmers may also be concerned about not being able to market new
types of crops with characteristics that are not yet widely known by traders and consumers.
Even when farmers grow certain food crops primarily for home consumption, the potential to

sell in the market is important when cash is needed.

Recent research showed that the adoption of pro-nutrition technologies is higher in settings
where farmers have a good understanding of the technologies’ agronomic and nutritional
attributes (de Brauw, Eozenou, and Moursi 2015a; de Brauw et al. 2015b; de Groote et al.
2016). This implies that agricultural extension could and should probably play a prominent
role for technology dissemination. Agricultural extension services have the mandate to
facilitate technology transfer and improve innovation processes in the farming sector, but
concrete experience with pro-nutrition technologies hardly exists. More generally, experience
with the effectiveness of agricultural extension to promote innovation is rather mixed
(Anderson and Feder 2004; Goodhue, Klonsky, and Mohapatra 2010; Léapple and Hennesy
2015). Hence, improvement in the design of agricultural extension is urgently needed. While
previous studies have analyzed how agricultural training components could be improved to
increase farmers’ adoption of agronomic innovations (Davis et al. 2012; Lapple and Hennessy
2015), we are not aware of research that has developed and tested new extension approaches
for the effective dissemination of pro-nutrition technologies. Here, we address this research
gap with a randomized controlled trial (RCT) in Kenya. In particular, we evaluate how
agricultural training can be combined with training in nutrition and marketing to increase

farmers’ adoption of a new bean variety biofortified with iron and zinc.

The name of the new bean variety is KK15. This variety was bred by the Kenya Agricultural
and Livestock Research Organization (KALRO) using conventional breeding methods.
Compared to other bean varieties commonly grown in Kenya, KK 15 contains six times higher

amounts of iron and about two times higher amounts of zinc, as a laboratory analysis that we
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commissioned showed. However, KK15 also differs from commonly-grown bean varieties in
terms of other characteristics. According to KALRO, KK15 is high-yielding, resistant to root-
rot disease, and matures earlier than most other varieties. Moreover, KK 15 beans are black in
color, whereas most popular bean varieties in Kenya are red. Probably because of the notable
difference in outward appearance, widespread adoption of KK15 did not yet occur and may

not be expected without specific extension efforts to promote this variety.

Our RCT includes three treatment arms, each with a different extension design. The first
treatment only includes agricultural training. This involves explanations of the agronomic and
nutritional attributes of KK15 to farmers, as well as the demonstration and training of suitable
cultivation practices for this type of bean variety during different stages of the growing
season. The second treatment adds specific nutritional training that goes beyond only
explaining the nutritional attributes of KK15. In our study, nutrition training includes broader
information about human nutritional requirements, balanced diets, and causes and
consequences of nutrient deficiencies. The third treatment further adds marketing training,
explaining simple mechanisms of market functioning, possible sales strategies, and linking up
farmers with bean traders in the local setting. The three treatments are compared with a
control group of farmers that did not receive any of these trainings, in order to evaluate the

effects of the different extension designs on KK 15 adoption.

The RCT was carried out in one region of Kenya and refers to one specific technology, so
results cannot simply be extrapolated to other settings and technologies. Nevertheless, we
expect that some broader lessons may also be learned, as evidence on the effects of combining
agricultural and nutrition training is very limited. Nutrition training was shown to be an
effective intervention to improve dietary quality in many situations (IFPRI 2017; Waswa et al.
2015), but such training is usually provided by nutrition and health workers, not by
agricultural extension officers as in our RCT. Combining different training elements and
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piggybacking on existing networks of agricultural extension in rural areas could potentially be

a cost-effective strategy to make smallholder farming more nutrition-sensitive.

The remainder of this article is organized as follows. The next section describes the empirical
setting in Kenya and the sampling framework for the household survey and experiment.
Subsequently, the experimental design and the strategy to estimate the effects of the different
treatments are explained, before the estimation results are presented and discussed. The last

section concludes.

Empirical Setting

This study builds on an RCT carried out with smallholder farmers in Western Kenya. In
Kenya, smallholder agriculture accounts for nearly 75% of total agricultural production
(Olwande et al. 2015). Adoption of improved agricultural technologies is relatively low
among smallholders, and poverty and malnutrition are widespread (Muthayya et al. 2013;
KNBS 2015; Wainana, Tongruksawattana, and Qaim 2016). The performance of extension
services is mixed (Muyanga and Jayne 2008). Our RCT focuses on the adoption of a
biofortified variety of beans. Kenya ranks among the top ten producers of common beans in
the world (USAID 2010). In Western Kenya, most farm households cultivate beans, which are
usually intercropped with maize. Beans are frequently consumed by local farm households,

often on a daily basis, so that they play an important role for food security.

Study Region

For the study, we purposively selected two counties in Western Kenya, Kisii and Nyamira,
primarily because our development partner, Africa Harvest Biotech Foundation International
(Africa Harvest), had prior experience in these counties and several extension officers on the

ground. Africa Harvest is a non-governmental organization and was in charge of carrying out



the RCT extension treatments that we jointly designed. Given the high population density in
Western Kenya, farms in Kisii and Nyamira are very small, with an average farm size of less
than two acres. Farms in this region are fairly diverse and typically produce a number of food
crops, such as maize, beans, sweetpotatoes, bananas, and different vegetables. Many also
produce cash crops such as tea and coffee and keep small herds of livestock, including
chicken, sheep, goats, and sometimes cattle. Kisii and Nyamira have two agricultural seasons,
the main season from March to July and a second season from September to January.
However, due to favorable climatic conditions, seasonal boundaries in this part of Kenya are
not very clear-cut. In terms of nutritional indicators, Kisii and Nyamira are similar to the
national average. The prevalence of child stunting, the most common anthropometric measure

of child undernutrition, is around 25% in both counties (KNBS 2015).

Sampling Strategy

Traditionally, agricultural extension was often implemented through extension officers
visiting individual farmers for giving advice on specific topics (Anderson and Feder 2004).
However, newer extension approaches often operate through farmer groups, which can not
only increase cost-effectiveness but also facilitate mutual learning and sharing of experiences
among farmers (Davis et al. 2012; Fischer and Qaim 2012). In fact, many farmers in Kisii and
Nyamira county area are already organized in farmer groups registered with the Ministry of
Gender, Children, and Social Development. We therefore decided to build on existing group
structures and cluster the survey and the experimental treatments by farmer groups. We used a
list of all existing farmer groups in Kisii and Nyamira counties, but excluded groups that had
received specific development support during the previous two years to reduce possible
contamination when estimating the effects of our experimental treatments. From the

remaining groups on the list, we randomly selected 48 farmer groups for inclusion in the



study. Of these 48 groups, 32 are located in Kisii and 16 in Nyamira county. Farmer groups in

our sample have between 20 and 50 active members.

Farm Household Survey

In each of the 48 selected farmer groups we updated the membership lists together with the
group leaders. From these membership lists, we randomly selected 20 member farmers for
inclusion in the survey. However, some of the selected farmers were not available for
interview, even after repeated visits. Especially in small groups it was also not always
possible to replace unavailable farmers with other group members, so in some of the groups
we have fewer than 20 farmers included in the survey. The survey was implemented in two
rounds. The baseline round was conducted between October and December 2015, before the
experimental treatments were started; it includes observations from 824 farm households. The
follow-up survey was conducted between October and December 2016, after the experimental
treatments were completed. Due to sample attrition, the follow-up round includes
observations from 746 farm households.! For the evaluation, we use the balanced panel of
746 observations with complete data for both survey rounds, as this allows us to employ

difference-in-difference techniques. Possible issues of attrition are addressed further below.

Data from sample households were collected through face-to-face interviews with the
household head and or the spouse using a structured questionnaire. A team of agricultural
students and recent graduates from the University of Nairobi assisted in carrying out the
interviews in the local language after careful training. The questionnaire captured details of
family demographics, agricultural production and marketing, other economic activities of the
household, infrastructure and institutional conditions, and other contextual variables. Selected

socioeconomic characteristics of the sample are shown in table 1.

" In the follow-up round of the survey we tried to reach sample households at least three times. Nevertheless, in
some cases we were unable to meet respondents, because they had temporarily migrated, attended social events
outside of the home community (e.g., funeral or wedding ceremonies), were sick, or had to take care of sick
relatives.
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(Table 1 about here)

Experimental Design

Our RCT includes three treatment groups and one control group. The 48 randomly selected
farmer groups were randomly assigned to these four alternatives, 12 farmer groups each.
Randomization at group level facilitates implementation of the experimental treatments and

also reduces potential spillovers (Pamuk, Bulte, and Adekunle 2014).

Treatment Arms

Farmers in treatment group 1 received agricultural training, which included information about
the agronomic and nutritional attributes of the KK15 bean variety and training on proper
cultivation practices. Farmers in treatment group 2 received agricultural training and nutrition
training. The aim of the nutrition training was to increase participants’ nutrition knowledge
through training on human nutritional requirements, food groups and their nutrient
composition, eating balanced diets at different life stages, breast feeding practices, and health
consequences of nutrient deficiencies. Farmers in treatment group 3 received agricultural
training, nutrition training, and marketing training. The marketing training was aimed at
enhancing participants’ access to markets by increasing their knowledge on the functioning of
markets and marketing strategies. It also linked farmers with bean traders through organized
forums in which the characteristics of the KK15 varieties were jointly discussed. Farmers in
the control group received none of these training elements during the RCT (for reasons of
fairness we offered training to control group farmers in 2017, after the follow-up survey data

had been collected).



Treatment Implementation

The trainings were administered by Africa Harvest agricultural extension officers, who are
based in the study region. In order to ensure harmonized delivery of the training contents, we
did the following. First, we developed detailed manuals for each of the training components
and sessions together with the extension officers. Second, we organized a workshop in which
the extension officers were trained to deliver the contents with standardized methods
following the manuals. This workshop also involved actual training sessions with farmer
groups other than those selected for the RCT and subsequent feedback discussions in the
team. Third, for the RCT we assigned extension officers to farmer groups in such a way that
each officer had groups in all three treatment arms. This was important to reduce the risk of
extension officer bias in evaluating the treatment effects; in spite of standardized training
manuals, differences in extension officer personalities may possibly affect farmers’

technology adoption behavior.

All training sessions were conducted in the regular meeting places of the farmer groups,
following a structured schedule to ensure timely delivery of information. The agricultural
training involved a total of seven sessions, the nutrition training involved three sessions, and
the marketing training involved three sessions as well. The main training sessions were
offered between January and July 2016; a summary refresher session for each of the three
training components was offered in August and September 2016. Each training session lasted

for about two hours.

Farmers in the treatment groups were invited to the training sessions through the group leader,
who was informed and reminded of the particular date and time by the extension officers
through phone calls and text messages. For all sessions, farmers and their spouses were
encouraged to participate, but the decision to participate was voluntary. Participation in each

of the sessions was recorded by the extension officers. In the introductory sessions, farmers
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were informed about the training elements and time schedule relevant for their particular
treatment arm. The first sessions of all three training components (agriculture, nutrition,
marketing) were conducted between January and March 2016, so to be relevant already for

the March planting season.

Farmers who decided to adopt KK15 could place seed orders through their group leaders.
Table 1 shows that there were a few farmers who had adopted KK 15 already before the RCT
started, but the adoption rate in the total sample was below 1%. As the project timeline was
limited, we offered a 30% seed price subsidy to expedite the adoption process.” This may
mean that the treatment effects are larger than they would be without the subsidy. However,
as farmers in all three treatment groups and also in the control group had access to the
subsidy, differences in the treatment effects on adoption can be fully attributed to the trainings

and not the subsidy.

Covariate Balancing

Table 2 presents the covariate balancing tests for assessing the effectiveness of the
randomization procedure in terms of delivering comparable groups. For this test we use the
baseline data of households in the balanced panel. Except for very few variables where
significant differences occur, the baseline characteristics are balanced across the control and
treatment groups. This means that randomization bias, which is common in small samples
(Barrett and Carter 2010), is not of major concern in our case. Nevertheless, to reduce any
possible randomization bias, we rely on difference-in-difference estimators for evaluating the
treatment effects. Moreover, we control for baseline differences in the regression models.

Details of the estimation procedures are explained further below.

(Table 2 about here)

? For common varieties of beans, farmers mostly use farm-saved seeds or seeds obtained from neighbors and
friends. Hence, even with the 30% subsidy, adoption of KK 15 seeds was more expensive for farmers than using
other varieties of beans.
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Attrition

As mentioned above, the baseline survey included 824 farm household observations, while in
the follow-up survey we were only able to revisit 746 of these households. The average
attrition rate is about 9%, but there is some variation across treatment and control groups
(table Al in the appendix). Non-random attrition might bias the randomized design and
subsequently the results. Table 2, with data from the balanced panel, suggests that attrition did
not introduce significant randomization bias. However, to be on the safe side, we test and
control for attrition bias through a weighting procedure. Table A3 in the appendix shows
probit models to analyze the association between attrition and socioeconomic variables for the
baseline sample. The full-sample model in the last column of table A3 is used to calculate for
each observation the probability to also be included in the follow-up round. These
probabilities are used for inverse probability weighting in the difference-in-difference models,

relying on the ignorability assumption (Wooldridge 2002).

Hawthorne and John Henry Effects

Apart from the treatment effects, experimental designs in randomized evaluations may
potentially induce unintended behavioral changes among study participants. Changes in the
behavior of the treatment group are called Hawthorne effects, while changes in the behavior
of the control group are called John Henry effects (Duflo, Glennerster, and Kremer 2007). For
instance, some individuals in the treatment group may be aware that they are being evaluated
and may work harder to impress the evaluator. In contrast, some individuals in the control
group may feel disappointed that they are not part of the treatment and either start competing
with individuals in the treatment group or slack off. Such endogenous behavioral changes
may lead to design contamination and possibly affect internal and external validity of the

impact estimates.

10



We employed the following strategy to reduce possible Hawthorne and John Henry effects.
First, we used cluster randomization, reducing potential behavioral change across
experimental groups by limiting the likelihood of farmer groups knowing the treatments
administered in other groups (Duflo et al. 2007). Second, we ensured that the household
survey and the experimental treatments were implemented by different persons from different
organizations to reduce the possibility of farmers drawing direct linkages between the training
sessions and the household interviews. There was also no explicit mention of an evaluation

during the implementation of the treatments or the survey interviews.

While farm households in the treatment groups are more likely to see the connection between
the treatments and the evaluation (surveys), we feel that the risk of significant Hawthorne
effects is small. The reason is that we are interested in the treatment effects on technology
adoption, which is associated with a financial cost to farmers, as the KK15 seeds had to be
purchased. Farmers in our sample are relatively poor. Hence, even if farmers in the treatment
groups realized that they are part of an experiment, they would probably not adopt simply to
impress the evaluator. A possible change in behavior might be increased attendance of the
training sessions, which could possibly bias the treatment effects downward if training
attendees decide not to adopt KK 15 seeds. Yet we expect that even the decision to attend the
training sessions will probably be made only if the expected utility from attending the training

is higher than the expected utility from alternative uses of the time.

Estimation Strategy
We want to measure the effect of different extension treatments on farmers’ adoption of the
biofortified bean variety KK15. We use two indicators of technology adoption: (a) adoption

of KK15 expressed as a dummy variable that takes a value of one if a household planted
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KK15 during the study period and zero otherwise; (b) intensity of adoption measured in terms

of the percentage share of total cultivated land under KK15.

For both outcome variables, we estimate intent-to-treat (ITT) effects and treatment-on-the-
treated (TOT) effects (the TOT effect is also known as local average treatment effect). The
ITT effect measures the average effect of being randomly assigned into a treatment group
(offer to attend certain training sessions), regardless of whether or not farmers actually
attended the training sessions. The TOT effect measures the actual effect of training
attendance. The ITT analysis yields precise impact estimates when there is perfect
compliance, but when there is non-compliance, ITT effects get diluted and poorly predict
average treatment effects (Angrist 2006). We do not observe perfect compliance in our RCT
(table A2 in the appendix), which is why we also estimate TOT effects. The ITT effects are
generally more relevant for policymakers because monitoring compliance is difficult outside
of experiments. On the other hand, TOT estimates are of interest to researchers to capture
actual effects of the treatment itself rather than of the simple offer to be treated (Bloom 2006;

Duflo et al. 2007).

For both the ITT and TOT effects, we estimate separate regression models for each of the
three treatments, always with the control group observations as the reference. This allows us
to compare each treatment group with the control group, while avoiding possible challenges
that may arise from estimating a single regression model with multiple endogenous variables,

especially in the TOT analysis.

Estimating Intent-To-Treat Effects

We estimate the ITT effects using the following difference-in-difference specification:

(1) Yie = 180 +ﬂ1P0St[ +IB2T.1' +ﬂ3P0St’ XT./' teé

ijt>
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where y, is the outcome variable of interest (KK15 adoption), Post, is a year dummy

variable that takes a value of one for the follow-up data (collected in 2016), and zero for the

baseline data (collected in 2015), 7, is a dummy variable that takes a value of one if the

farmer group is treated, and zero otherwise (depending on the model, 7, stands for treatment
group 1, treatment group 2, or treatment group 3). &, is the error term, clustered at farmer

group level. Subscripts i, #, and j denote household level observation, time period, and group

level observation, respectively.

The parameter of particular interest is /£, , which is the difference-in-difference estimator of

the ITT effect. Under the assumption of parallel trends, which requires the difference between
the control and the treatment group to remain constant over time, the difference-in-difference
estimator overcomes possible selection bias from the absence of perfect balance in the
baseline covariates. This estimator also accounts for time-invariant unobserved heterogeneity
(Greene 2012). Equation (1) is estimated with ordinary least squares (OLS). For the binary
adoption outcome we use a linear probability model (LPM). While the LPM may generate
predicted probabilities outside the unit interval, its marginal effects are generally close to

those from non-linear models (Angrist and Pischke 2009).

To control for differences in baseline covariates, we extend the model in equation (1) as

follows:

(2) Vi :ﬂo+ﬂ1P0Stt+ﬂ27}+ﬂ3P0SttX7}+dxii+g'

ijt?

where X; 1s a vector of socioeconomic controls.

Estimating Treatment-On-The-Treated Effects
For estimating the TOT effects, we use actual training attendance as the treatment variable.

Since several training sessions were offered and it is possible that farmers participated in
13



some but not all of these sessions, we measure training attendance in two different ways: (a) a
dummy variable that takes a value of one if a household attended at least one of the training
sessions that were offered in his/her group, and zero otherwise; (b) intensity of training
attendance, measured by the number of training sessions attended relative to all training

sessions offered in the group (this share can take values between zero and one).

The decision to attend training sessions is endogenous. To avoid endogeneity bias we use an
instrumental variables (IV) approach, relying on the random assignment into the treatment
groups (offer to attend certain trainings) as a valid instrument for training attendance. Using
the randomization status as an instrument is a common approach in the RCT literature
(Ashraf, Giné, and Karlan 2009; Carter, Laajaj, and Yang 2013). The TOT effect estimates
are unbiased under the following assumptions (Angrist, Imbens, and Rubin 1996; Angrist and
Pischke 2009; Ashraf et al. 2009): First, the offer to participate in the treatment is random,
which is fulfilled in our case due to random assignment of farmer groups to different
treatments. Second, the offer to participate in the treatment is highly correlated with actual
training attendance, which is also fulfilled in our case. Third, the offer to participate in the
treatment is not correlated with the outcome variables, except through actual attendance of the
training sessions. This third assumption is more challenging to test; it can be violated if there
are within-group externalities, for instance, if the behavior of non-attendees in the training
sessions is affected by the behavior of attendees. Farmer groups are usually designed to
facilitate cooperation among members, so that within-group externalities may occur. We will
therefore interpret the TOT effect estimates cautiously. However, it is important to note that
within-group externalities — if existent — would lead to a downward bias, meaning that the true

TOT effects could be larger than the ones estimated with the IV approach.

We estimate the TOT effects using the following IV difference-in-difference specification:
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3) v, =a,+aPost, + azf; + a,Post, x ]A"l +v

ije>

where f: is the fitted value of the treatment (actual training attendance) obtained from the
first-stage regression with the instrument. ¢ is the parameter of interest, and v,, is the error

term, clustered at farmer group level.

Again, to control for differences in baseline covariates, we extend the model in equation (3) as

follows:
4) v, =, +aPost, + azf"l. + a,Post, x T: + dxij +U,.

For the estimation of the models in equations (3) and (4) we apply two-stage least squares
(2SLS). Non-linear models, such as IV probit and Tobit could have been used, but these
require the endogenous regressors to be continuous (StataCorp 2013). The 2SLS estimator
works efficiently and produces estimates with a robust causal interpretation also with limited

dependent variables (Angrist 2006).

Estimation Results

We now present and discuss the results of our analysis following the estimation strategy

explained in the previous section.

Intent-To-Treat Effects on Technology Adoption

In table 3, we present estimates of the ITT effects for the decision to adopt KK15 bean seeds,
as well as for adoption intensity (share of land under KK15). We show models with and
without attrition-weighting. The results between both alternatives are similar. In the
discussion, we focus on the attrition-weighted results. For each model, we also show

estimates with and without baseline controls included: the ITT effects in both specifications
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are identical, suggesting that the difference-in-difference procedure controls for baseline

differences very well.

(Table 3 about here)

The results in table 3 show positive and significant effects of all three treatments on the
likelihood of KK15 adoption, and also on adoption intensity, suggesting that the extension
approaches are effective in terms of increasing the uptake of this pro-nutrition technology.
The attrition-weighted ITT estimates in panel (A) of table 3 imply that farmers who were
offered agricultural training alone (treatment 1) are 22.5 percentage points more likely to
plant KK 15 seeds than their colleagues in the control group. The share of land under KK15 is
4.9 percentage points higher. For farmers who were offered agricultural training and nutrition
training (treatment 2 shown in panel B of table 3), the likelihood of planting KK 15 seeds is 26
percentage points higher than for farmers in the control group. That is, the nutrition training
seems to further increase technology adoption over and above the effect of agricultural
training alone. However, farmers in treatment 3 (panel C) have a slightly lower likelihood of

KK15 adoption than farmers in treatments 1 and 2.

As explained, the ITT results measure the effects of the training offers, without looking at
farmers’ actual attendance of training sessions. The effects of actual attendance are analyzed

in the following.

Treatment-On-The-Treated Effects on Technology Adoption

Tables 4 and 5 present the estimated TOT effects. These estimates are computed by
comparing farmers who attended the training sessions offered with those who did not attend,
including the control group. Table 4 shows results of models where the attendance dummy is
used as the treatment variable. The attrition-weighted results suggest that farmers who

attended agricultural training only (treatment 1 shown in panel A of table 4) are 22.5
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percentage points more likely to adopt KK 15 beans than their colleagues who did not attend
any of the training sessions. This refers to the model with baseline controls (column 6). The

adoption intensity is 4.9 percentage points higher (column 8).

(Table 4 about here)

Farmers who attended agricultural and nutrition training (treatment 2 shown in panel B of
table 4) are 32.2 percentage points more likely to adopt KK 15 than those who did not attend
any of the trainings. Their adoption intensity is 6.1 percentage points higher. The comparison
of the TOT effects between treatment 1 and treatment 2 suggests that attendance of nutrition
training increases KK15 adoption by 9.7 percentage points and adoption intensity by 1.2
percentage points over and above attendance of agricultural training alone. The TOT effects
in panel (C) of table 4 are very similar to those in panel (B), which may imply that attending
marketing training may not have an additional effect on adoption over and above agricultural

and nutrition training.

Table 5 shows results of the TOT effects models with intensity of training attendance as the
treatment variable. As explained, intensity is measured in terms of the share of training
sessions attended with values ranging between zero and one. The attrition-weighted estimates
with baseline controls in panel (A) suggest that farmers who attended all of the agricultural
training sessions offered in treatment 1 are 40.9 percentage points more likely to adopt KK15
beans than farmers who did not attend any of the training session. Full attendance of all

agricultural training sessions increases the adoption intensity by 7.3 percentage points.

(Table 5 about here)

In panel (B) of table 5, we observe that farmers who attended all of the agricultural and
nutrition training sessions offered in treatment 2 are 52.8 percentage points more likely to

adopt KK15 beans than their colleagues who attended none of the sessions. This TOT effect
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on adoption is almost 12 percentage points higher than that in treatment 1, further supporting
the hypothesis that nutrition training components can increase the effectiveness of extension

for pro-nutrition technologies. In terms of the adoption intensity, this difference is not visible.

In panel (C) of table 5, the treatment effect on adoption is similar as in panel (B), suggesting
that attending the additional marketing training does not make a major difference for the
adoption decision. However, the TOT effect on adoption intensity in treatment 3 is somewhat
higher than in the other two treatments. This makes sense, because marketing training is
particularly relevant when a marketable surplus is produced, which is more likely when a

larger share of the farm area is cultivated with KK15 beans.

As expected, most of the estimated TOT effects are larger than the ITT effects, which is
especially true when using the intensity of training attendance as the treatment variable. This

comparison implies that the ITT estimates were affected by non-compliance problems.

Heterogeneous Treatment Effects

We examine heterogeneous treatment effects by gender and education of the farmer
(household head). Gender and education were shown to be important variables in analyses of
technology adoption and the effectiveness of agricultural extension in the African small farm
sector (Anderson and Feder 2004; Kabunga, Dubois, and Qaim 2012; Lambrecht et al. 2014).
For education, we create an education dummy variable that takes a value of one if the farmer
had at least eight years of education (i.e., post-primary education), and zero otherwise. Our
sample size does not allow us to carry out the analysis with more than these two education
categories. Table A4 in the appendix shows ITT models with additional interaction terms
between the treatment and the education dummy. For treatments 1 and 2, all interaction terms
are statistically insignificant, suggesting that the treatment effects do not differ by education

status.

18



Many previous studies showed that farmers with higher levels of education are better able to
absorb new information and are more likely to be early adopters of new technologies (Fisher
and Kandiwa 2014; Foster and Rosenzweig 2010; Wainaina et al. 2016). Hence, our result of
homogenous treatment effects by education may surprise. However, it should be noted that
KK15 is a technology that is not very difficult to understand and implement, as most farmers
were already familiar with growing beans. Also, the training sessions offered in our RCT
were tailored to farmers with relatively low levels of education: the extension officers used
local dialects to explain concepts, employed visual aids such as posters and flipcharts,
provided practical demonstrations, and moderated interactive question and answer sections.
These methods facilitated understanding also for farmers with low levels of education. The
only treatment where positive interactions between the treatment and the education dummy
are observed in table A4 is treatment 3, suggesting that the marketing training sessions may

have been a bit more difficult to understand for farmers with low levels of education.

Table A5 in the appendix analyzes heterogeneous treatment effects by gender. None of the
interactions between the treatment and the gender dummy are statistically significant, which
suggests that the treatment effects do not differ between male and female farmers. Previous
studies showed that women farmers are often slower or less likely to adopt new agricultural
technologies due to various constraints (Fisher and Kandiwa 2014; Peterman, Behrman, and
Quisumbing 2014). However, a major constraint for women in technology adoption is access
to proper information and extension (Kabunga et al. 2012). This was not an issue in our RCT.
Around one-quarter of the farmers in our sample were female, and these female farmers were
as likely as their male colleagues to attend the training sessions offered in the treatment

groups.’

> We also estimated heterogeneous treatment effects by education and gender using the TOT models. The
interaction terms were not statistically significant in any of these models.
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How Does Training Influence Adoption?

The experimental results show that the training sessions offered have influenced farmers’
decision to adopt KK15 in a positive way. We hypothesize that the treatment effects of
training on adoption are channeled through farmers’ increased awareness of KK15 and
knowledge about this variety’s attributes and their wider implications. We test this hypothesis
using a simple knowledge score computed based on the proportion of farmers’ correct
responses to questions on the technology’s attributes. The same questions were asked during
the baseline and follow-up surveys. Farmers were first asked about their awareness of the
KK15 bean variety. Only farmers who reported that they were aware of KKI5 were
subsequently asked several questions to assess their knowledge of the technology’s attributes.
These questions related to the agronomic characteristics of KK15 as well to the variety’s
nutritional value. Farmers who were unaware of the technology were automatically assigned a

zero value in the knowledge score.

Results of different regression models with this knowledge score are shown in table 6. In
column (1), we show results of a simple probit model of KKI15 adoption, where the
knowledge score is included as an explanatory variable. As expected, higher levels of
knowledge about KK 15 contribute to higher levels of adoption. However, knowledge about
KK15 is potentially endogenous, so we also estimate an IV probit model, using the random
treatment assignment as an instrument for the KK15 knowledge score. Column (2) of table 6
shows the first-stage results of the IV probit, which confirm that the training sessions offered
in the experimental treatments contributed to increasing farmers’ knowledge scores. The
second-stage results of the IV probit are presented in column (3). They show that knowledge
about the attributes of KK15 increases adoption significantly also after controlling for
endogeneity. The estimated marginal effect suggests that full knowledge about KK15 would

increase the probability of adoption by 84 percentage points. This large effect clearly
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underlines the importance of effective information and knowledge flows for technology

adoption among smallholder farmers.

(Table 6 about here)

Conclusion

In this article, we have analyzed how agricultural extension can be improved to increase the
adoption of pro-nutrition technologies by smallholder farm households. In particular, we have
studied how agricultural training can be combined with nutrition training and marketing
training to increase the adoption of KK15, a new variety of beans biofortified with iron and
zinc. Different extension treatments were implemented in an RCT with smallholder farm
households in Western Kenya. Treatment effects were estimated with difference-in-difference

models, using data from baseline and follow-up surveys.

Results show that intensive training offered by agricultural extension officers and tailored to
local conditions can increase technology adoption considerably within a relatively short
period of time. In all three treatments, the adoption of KK15 increased from less than 1%
before the RCT started to more than 20% one year later. This rapid increase in adoption in the
treatment groups suggests that farmers are willing to adopt pro-nutrition technologies, when
they are well informed about the attributes and their implications, even when the technologies
are not primarily designed to increase productivity and income. Even though farmers in the
RCT received a 30% subsidy on the price of KK15 seeds, they had to pay for the seeds and

therefore made a real adoption decision considering expected benefits and costs.

Comparison of the different treatments revealed interesting additional insights. Farmers who
had received agricultural training and nutrition training were more likely to adopt KK15 than

farmers who had only received agricultural training. Comparison of the TOT effects suggests
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that additional nutrition training further increased adoption rates by 10-12 percentage points
over and above the effects of agricultural training alone. This additional effect of nutrition
training may not surprise, because of the positive nutritional attributes of KK15. However, it
should be noted that these attributes of KKI15 were communicated to farmers in the
agricultural training sessions. The nutrition training sessions covered broader aspects related
to healthy nutrition, balanced diets, and the health consequences of nutrient deficiencies. It
seems that knowledge about these broader nutrition aspects has helped farmers to better
appreciate the nutrition attributes of KK15, thus resulting in higher adoption rates. The
nutrition training may certainly have positive effects on household diets and health beyond

KK15 adoption. Analysis of such wider effects is beyond the scope of this study.

Our findings have important policy implications. Nutrition education is usually not delivered
through the agricultural extension service, but through specialized nutrition and health
workers. Our results suggest that combining agricultural and nutrition training in agricultural
extension approaches is feasible. Of course, the nutrition training should be designed together
with nutrition experts, and the agricultural extension officers first need to be trained
themselves before they can effectively deliver nutrition training to farm families. However,
the high personnel and logistics cost of reaching out to families in rural areas is a major
impediment for more widespread coverage of nutrition and health education campaigns.
Based on our results we argue that closer cooperation between agricultural extension and
nutrition and health organizations can be a cost-effective way to promote pro-nutrition

innovations among smallholder farm households.

The additional marketing training provided in one of the treatment arms of our RCT did not
contribute to higher KK15 adoption over and above the effects of agricultural and nutrition
training. This is surprising because research has shown that improved market access can

improve technology adoption in the small farm sector (Fischer and Qaim 2012). That the
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marketing training did not have an additional effect in our study may be due to the fact that
we only considered adoption during the one year in which the training sessions were
implemented. During this very early period of KK15 adoption, most of the adopting farmers
planted small areas with the new variety, in order to test out the technology’s attributes. The
small quantities harvested were primarily consumed at home and not marketed. It is possible
that the marketing training will have larger effects when farmers consider increasing the area
cultivated with KK15 at a later stage. Indeed, in some of the TOT models we found that the

marketing treatment had a significantly positive additional effect on adoption intensity.

The study region in Western Kenya with very small farm sizes, diverse production systems,
limited market access due to infrastructure constraints, and relatively high rates of
malnutrition is typical for the African small farm sector. Hence, some of the general findings
will also be relevant beyond this specific setting. However, the exact estimates of the
treatment effects should not be generalized. There are particularly two factors in our RCT that
may reduce the external validity of the empirical estimates. First, our extension treatments
were fairly intense. Within a period of nine months, farmers in all treatment groups were
offered seven agricultural training sessions. In some of the treatment groups, three nutrition
training and three marketing training sessions were offered in addition. Outside of an
experiment, the training frequency and intensity may be lower, meaning that the effects on
technology adoption may be lower too. Second, we only analyzed the short-term adoption
effects, as the follow-up survey was carried out less than one year after the treatments had
started. Technology adoption is a process over time. Most farmers seemed to be satisfied with
KK15 during the first year of adoption, so it is likely that adoption rates will further increase
in the future, among both treated and untreated farmers. Further research is needed on how the
design of agricultural extension approaches can be improved in order to increase the adoption

of pro-nutrition technologies. Our study is only an initial step in this direction.
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Table 1. Selected Socioeconomic Characteristics of Sample Households at Baseline

Variables Full sample Treatment * Control
Age of household head (years) 49.483 49.980 47.984
(12.440) (12.697) (11.538)
Male household head (dummy) 0.765 0.730 0.871
(0.424) (0.444) (0.336)
Education of household head (years) 8.924 8.750 9.446
(3.732) (3.796) (3.490)
Farm size (acres) 1.600 1.623 1.532
(1.253) (1.309) (1.067)
Number of crop and livestock species produced 12.805 12.968 12.314
(4.625) (4.694) (4.387)
KK15 adopter (dummy) 0.008 0.011 0.000
(0.089) (0.103) (0.000)
Observations 746 560 186

Notes: Mean values are shown with standard deviations in parentheses. * Treatment includes all farm households randomly
assigned to one of the treatment groups.
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Table 2. Mean Differences between Treatment and Control Groups at Baseline

Variables Control — Control — Control — Control — All
Treatment 1 Treatment 2 Treatment 3 Treatments
Age of household head (years) -3.885* -0.594 -1.437 -1.996
(1.885) (2.265) (2.190) (1.736)
Male household head (dummy) 0.113 0.193%* 0.118%* 0.141%*
(0.078) (0.105) (0.063) (0.054)
Education of household head (years) 1.015%* 0.280 0.773%* 0.696**
(0.472) (0.559) (0.400) (0.332)
Household size (count) 0.473 0.379 0.536* 0.464*
(0.348) (0.268) (0.279) (0.257)
Risk attitude (scale 0 to 10) 0.136 0.062 0.510%* 0.239
(0.292) (0.254) (0.261) (0.203)
Farm size (acres) -0.088 -0.127 -0.060 -0.091
(0.236) (0.224) (0.195) (0.177)
Land title deed (dummy) 0.012 -0.044 0.017 -0.004
(0.048) (0.059) (0.055) (0.045)
Farm productive assets (1,000 Ksh) 7.962 1.738 0.241 2.061
(9.629) (12.655) (13.114) (9.730)
Own motorcycle (dummy) -0.040 -0.003 0.012 -0.010
(0.030) (0.027) (0.030) (0.022)
Access to credit (dummy) -0.073 0.002 0.037 -0.012
(0.055) (0.057) (0.058) (0.049)
Distance to main market (km) -0.410 -0.841 0.633 -0.195
(0.782) (0.987) (0.760) (0.688)
Distance to extension office (km) -0.312 -0.072 0.398 0.006
(0.700) (0.569) (0.735) (0.522)
Number of groups (count) 0.044 -0.012 0.081 0.039
(0.073) (0.079) (0.067) (0.059)
Group official (dummy) -0.019 -0.051 0.065 -0.000
(0.055) (0.061) (0.048) (0.046)
Knows KK15 attributes (dummy)* 0.006 -0.013 0.011 0.002
(0.024) (0.029) (0.027) (0.021)
Knows KK15 attributes (score) 0.000 -0.013 0.004 -0.003
(0.011) (0.015) (0.012) (0.010)
KK15 adopter (dummy) -0.005 -0.022 0.000 -0.009
(0.005) (0.016) (0.000) (0.006)
Land area under KK 15 (acres) -0.000 -0.012 0.000 -0.004
(0.000) (0.008) (0.000) (0.003)
Share of land under KK15 (%) -0.055 -0.408 0.000 -0.150
(0.054) (0.297) (0.000) (0.102)
Seed expenditure (Ksh/acre) 424.289 -315.417 520.061 219.020
(487.950) (572.126) (408.549) (408.916)
Fertilizer expenditure (Ksh/acre) 547.114 -794.912 652.372 151.461
(452.998) (468.471) (580.048) (404.608)
Value of crop output per acre (1,000 Ksh) 1.977 -7.401 -6.865 -4.037
(8.949) (8.825) (7.586) (6.507)
Household income (1,000 Ksh) 14.548 3.321 -15.556 0.725
(31.039) (25.625) (26.623) (20.460)
Observations 376 366 376 746

Notes: Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural
training plus nutrition training plus marketing training. *, ** and *** denote significance at the 10%, 5%, and 1% level,

respectively.
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Table 3. Effects of Extension Treatments on Technology Adoption, Intent-To-Treat Estimates

Results without attrition-weighting Attrition-weighted results
Variables Planted KK 15 (dummy) Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
€)) 2 3) 4 &) Q) ) ®)
Panel A: Treatment 1 (n=752)
Post (dummy) 0.005 0.005 0.045 0.045 0.004 0.004 0.037 0.037
(0.005) (0.005) (0.045) (0.045) (0.004) (0.004) (0.037) (0.037)
Treatment 1 (dummy) 0.005 0.008 0.055 0.177 0.006 0.011 0.058 0.142
(0.005) (0.011) (0.054) (0.208) (0.005) (0.017) (0.053) (0.437)
Post x Treatment 1 0.237%** 0.237%** 4.832%** 4.832%** 0.225%%* 0.225%* 4.920%%* 4.920%%*
(0.074) (0.075) (1.575) (1.587) (0.074) (0.082) (1.989) (2.004)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.184 0.199 0.113 0.124 0.163 0.175 0.096 0.113
Panel B: Treatment 2 (n=732)
Post (dummy) 0.005 0.005 0.045 0.045 0.004 0.004 0.037 0.037
(0.005) (0.005) (0.045) (0.045) (0.004) (0.004) (0.037) (0.037)
Treatment 2 (dummy) 0.022 0.016 0.409 0.274 0.023 0.020 0.429 0.393
(0.017) (0.012) (0.298) (0.230) (0.017) (0.013) (0.300) (0.245)
Post x Treatment 2 0.234%** 0.234%** 4.420%** 4.420%** 0.261%** 0.261%** 4.814%** 4.814%**
(0.060) (0.061) (1.173) (1.182) (0.075) (0.075) (1.318) (1.328)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.180 0.198 0.106 0.118 0.207 0.227 0.118 0.129
Panel C: Treatment 3 (n=752)
Post (dummy) 0.005 0.005 0.045 0.045 0.004 0.004 0.037 0.037
(0.005) (0.005) (0.045) (0.045) (0.004) (0.004) (0.037) (0.037)
Treatment 3 (dummy) 0.022 0.002 0.044 -0.052 0.005 0.004 0.042 -0.002
(0.017) (0.011) (0.043) (0.195) (0.005) (0.011) (0.041) (0.212)
Post x Treatment 3 0.200%** 0.200%** 3.871%** 3.871%** 0.214%** 0.214%** 4.443%** 4.443%**
(0.047) (0.048) (1.123) (1.124) (0.052) (0.052) (1.454) (1.465)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.154 0.177 0.093 0.114 0.165 0.192 0.104 0.125

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Post, dummy variable which takes a value of 1 for follow-up round observations
(after treatment), and zero for baseline observations. Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus nutrition
training plus marketing training. Baseline controls include age, gender, education, risk attitude, household size, farm size, value of productive assets, access to credit, distance to market, group
official, and county dummy.*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table 4. Effects of Extension Treatments on Technology Adoption, Treatment-On-The-Treated Estimates (IV Results with Training Attendance Dummies as

Treatment Variables)

Results without attrition-weighting

Attrition-weighted results

Variables Planted KK 15 (dummy) Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
€)) 2 3) 4 ) (6 ) ®)
Panel A: Treatment 1 (n=752)
Post (dummy) 0.022 0.024* 0.387 0.475 0.025 0.027 0.454 0.577
(0.013) (0.014) (0.275) (0.331) (0.016) (0.017) (0.323) (0.403)
Treatment 1 (dummy) 0.026* 0.032 0.477 0.740 0.026* 0.035 0.464 0.698
(0.015) (0.020) (0.296) (0.512) (0.015) (0.029) (0.288) (0.750)
Post x Treatment 1 0.247*** 0.242%*%* 5.028%** 4.817%%* 0.229%** 0.225%* 5.093** 4.861%*
(0.073) (0.074) (1.550) (1.552) (0.085) (0.088) (2.122) (2.155)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.212 0.224 0.130 0.138 0.190 0.200 0.113 0.127
Panel B: Treatment 2 (n=732)
Post (dummy) 0.020 0.016 0.231 0.144 0.015%* 0.013 0.173 0.127
(0.012) (0.010) (0.148) (0.131) (0.009) (0.008) (0.109) (0.099)
Treatment 2 (dummy) 0.051 0.040 0.822 0.572 0.047 0.043 0.771* 0.738%*
(0.034) (0.026) (0.512) (0.459) (0.030) (0.024) (0.464) (0.437)
Post x Treatment 2 0.280%** 0.291%** 5.553%** 5.797%** 0.316%** 0.322%** 6.014%** 6.149%**
(0.070) (0.073) (1.571) (1.720) (0.084) (0.088) (1.669) (1.792)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.246 0.266 0.151 0.164 0.279 0.299 0.163 0.175
Panel C: Treatment 3 (n=752)
Post (dummy) 0.003 0.002 0.022 -0.006 0.002 0.002 0.019 0.008
(0.003) (0.004) (0.023) (0.089) (0.002) (0.004) (0.019) (0.097)
Treatment 3 (dummy) 0.004 -0.001 0.032 -0.120 0.004 0.003 0.035 -0.033
(0.009) (0.021) (0.071) (0.392) (0.008) (0.020) (0.064) (0.421)
Post x Treatment 3 0.307%** 0.310%** 5.858%** 5.943%*%* 0.317%** 0.317%** 6.500%** 6.533%%*
(0.063) (0.067) (1.635) (1.720) (0.066) (0.069) (1.842) (1.905)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.259 0.281 0.156 0.175 0.268 0.293 0.167 0.187

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Post, dummy variable which takes a value of 1 for follow-up round observations
(after treatment), and zero for baseline observations. Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus nutrition
training plus marketing training. Baseline controls include age, gender, education, risk attitude, household size, farm size, value of productive assets, access to credit, distance to market, group
official, and county dummy.*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.



Table S. Effects of Extension Treatments on Technology Adoption, Treatment-On-The-Treated Estimates (IV Results with Intensity of Training Attendance as

Treatment Variables)

Results without attrition-weighting

Attrition-weighted results

Variables Planted KK 15 (dummy) Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
€)) 2 3) 4 ) (6 ) ®)
Panel A: Treatment 1 (n=752)
Post (dummy) 0.021 0.023 0.788 0.853* 0.009 0.012 0.678 0.749
(0.021) (0.022) (0.487) (0.513) (0.026) (0.027) (0.596) (0.642)
Treatment 1 (share) 0.040 0.052 1.552%* 1.959% 0.018 0.036 1.089 1.447
(0.040) (0.050) (0.794) (1.065) (0.041) (0.062) (1.842) (1.450)
Post x Treatment 1 0.405%** 0.396%** 6.599%** 6.346%** 0.417%** 0.409%** 7.527%%* 7.309%*
(0.117) (0.120) (2.129) (2.142) (0.136) (0.148) (2.792) (3.017)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.270 0.278 0.141 0.147 0.261 0.272 0.135 0.150
Panel B: Treatment 2 (n=732)
Post (dummy) 0.025 0.021 0.989 0.893 0.023 0.021 1.043 0.988
(0.025) (0.023) (0.755) (0.698) (0.024) (0.022) (0.781) (0.721)
Treatment 2 (share) 0.107 0.969 3.460 3.188 0.103 0.108 3.615% 3.734%*
(0.080) (0.739) (2.096) (1.942) (0.072) (0.066) (2.048) (1.868)
Post x Treatment 2 0.488%** 0.510%** 6.318%** 6.812%%%* 0.518%** 0.528%** 6.109%** 6.392%*%*
(0.102) (0.117) (2.223) (2.401) (0.113) (0.130) (2.091) (2.219)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.319 0.341 0.144 0.160 0.348 0.370 0.145 0.159
Panel C: Treatment 3 (n=752)
Post (dummy) 0.019 0.020 0.495 0.512 0.016 0.018 0.638 0.660
(0.020) (0.018) (0.442) (0.476) (0.020) (0.019) (0.563) (0.594)
Treatment 3 (share) 0.056 0.058 1.474 1.407 0.048 0.053 1.823 1.828
(0.056) (0.054) (1.278) (1.643) (0.052) (0.055) (1.544) (1.806)
Post x Treatment 3 0.521%** 0.514%** 8.988*** 8.884** 0.550%** 0.540%** 9.422%* 9.294%*
(0.116) (0.119) (3.464) (3.783) (0.124) (0.131) (3.809) (4.127)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.330 0.344 0.182 0.196 0.354 0.370 0.190 0.205

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Post, dummy variable which takes a value of 1 for follow-up round observations
(after treatment), and zero for baseline observations. Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus nutrition
training plus marketing training. Baseline controls include age, gender, education, risk attitude, household size, farm size, value of productive assets, access to credit, distance to market, group
official, and county dummy.*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.



Table 6. Knowledge about KK15 Attributes and Technology Adoption

Probit IV Probit
Variables Planted KK 15 KK15 Score Planted KK 15
First-stage Second-stage
€)) 2 3
KK 15 knowledge score (0-1) 0.116%** 0.836%**
(0.026) (0.250)
Post (dummy) 0.025%* 0.374%** -0.173*
(0.011) (0.036) (0.091)
Age of household head (years) 0.001*** -0.000 0.002**
(0.000) (0.001) (0.001)
Male household head (dummy) -0.001 -0.018 0.016
(0.010) (0.021) (0.017)
Education of household head (years) -0.001 0.001 -0.002
(0.001) (0.002) (0.003)
Household size (number) 0.001 0.001 0.001
(0.001) (0.003) (0.004)
Farm size (acres) 0.002 0.007 0.000
(0.002) (0.006) (0.006)
Farm productive assets (1,000 Ksh) -0.000 -0.000 0.000
(0.000) (0.000) (0.000)
Access to credit (dummy) 0.001 0.028 -0.016
(0.010) (0.018) (0.022)
Distance to closest market (km) 0.000 0.001 0.001
(0.001) (0.001) (0.001)
Group official (dummy) 0.005 0.052%** -0.020
(0.007) (0.016) (0.022)
Kisii County (dummy) * 0.011 -0.026 0.038%*
(0.011) (0.024) (0.022)
Treatment assignment (dummy) b 0.219%**
(0.016)
Constant -0.175%%*
(0.053)
Pseudo R-squared 0.431
Log pseudo-likelihood -265.777 -552.547
Wald y* 1231.230%**
Wald test of exogeneity 16.530%**
Observations 1492 1492 1492

Notes: Coefficient estimates are shown with standard errors in parentheses. Estimates in columns (1) and (3) are marginal
effects. ® Nyamira County is the reference. ® Assignment to any of the three treatment groups. *, **, and *** significant at
10%, 5%, and 1% level, respectively.
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APPENDIX

Table Al. Attrition Rates Across Treatment and Control Groups

Baseline number (%) Follow-up number (%) Attriting number (%)
Control 209 (25.36) 186 (24.93) 23 (11.00)
Treatment 1 204 (24.76) 190 (25.47) 14 (6.86)
Treatment 2 208 (25.24) 180 (24.13) 28 (13.46)
Treatment 3 203 (24.64) 190 (25.47) 13 (6.40)
Observations 824 (100) 746 (100) 78 (9.47)

Notes: Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural
training plus nutrition training plus market training.

Table A2. Compliance Rates with Training Attendance

Mean SD Observations
Households attending treatment 1 (dummy) 0.826 0.380 190
Households attending treatment 2 (dummy) 0.728 0.446 180
Households attending treatment 3 (dummy) 0.668 0.472 190
Share of total trainings in treatment 1 attended 0.509 0.353 190
Share of total trainings in treatment 2 attended 0.396 0.348 180
Share of total trainings in treatment 3 attended 0.332 0.345 190

Notes: Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural
training plus nutrition training plus market training.
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Table A3. Attrition Probit Regressions

Variables Treatment 1  Treatment 2 Treatment 3 Control Full sample
Attrition Attrition Attrition Attrition Attrition
Treatment 1 -0.188
(0.182)
Treatment 2 0.140
(0.149)
Treatment 3 -0.299%%*
(0.135)
Age of household head (years) -0.219* -0.048 -0.075%* -0.106* -0.086**
(0.118) (0.118) (0.044) (0.055) (0.036)
Age-squared (years) 0.002 0.000 0.001 0.001* 0.001**
(0.001) (0.001) (0.000) (0.001) (0.000)
Male household head (dummy) -0.496 0.340 0.230 0.490 0.188
(0.424) (0.410) (0.223) (0.384) (0.173)
Education of household head (years) -0.024 -0.012 0.014 -0.007 -0.002
(0.045) (0.041) (0.050) (0.053) (0.023)
Household size (count) 0.026 0.065 -0.159 0.078 0.023
(0.108) (0.054) (0.106) (0.063) (0.034)
Risk attitude (scale 0 to 10) -0.086 0.027 0.068 -0.068 0.003
(0.056) (0.049) (0.060) (0.053) (0.023)
Farm size (acres) 0.228%* 0.154* -0.062 -0.030 0.053
(0.101) (0.090) (0.104) (0.153) (0.053)
Land title deed (dummy) 0.099 -0.014 0.314 0.510%* 0.175
(0.388) (0.177) (0.358) (0.275) (0.124)
Farm productive assets (1,000 Ksh) -0.007 0.001 0.001 -0.003* 0.001
(0.008) (0.001) (0.001) (0.002) (0.000)
Own motorcycle (dummy) 0.039 -0.629 -0.768 -0.329 -0.438%*
(0.694) (0.550) (0.559) (0.407) (0.214)
Access to credit (dummy) -0.034 -0.087 -0.342 0.291 -0.024
(0.476) (0.267) (0.383) (0.350) (0.151)
Distance to main market (km) 0.034%** 0.023 0.010 -0.003 0.020%**
(0.017) (0.014) (0.046) (0.018) (0.008)
Distance to extension office (km) -0.018 -0.032 -0.069%** -0.001 -0.031%**
(0.022) (0.025) (0.028) (0.026) (0.015)
Number of groups (count) 0.539%** -0.045 0.465* -0.710%* 0.083
(0.167) (0.156) (0.265) (0.316) (0.106)
Group official (dummy) -0.145 -0.133 0.242 -0.884** -0.198
(0.351) (0.287) (0.286) (0.410) (0.161)
Off-farm income (dummy) 0.565 0.249 0.047 -0.249 0.092
(0.546) (0.324) (0.337) (0.407) (0.177)
Seed expenditure per acre 0.000 -0.000 0.000 -0.000** -0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Fertilizer expenditure per acre 0.000%** 0.000 -0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Kisii County * 1.086%** -0.411 -0.019 0.099 -0.046
(0.383) (0.312) (0.295) (0.330) (0.141)
Constant 3.080 -0.683 0.216 2.468 0.561
(2.288) (2.788) (1.572) (1.409) (0.830)
Pseudo R-squared 0.320 0.108 0.177 0.213 0.074
Observations 204 208 203 209 824

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Treatment
1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus
nutrition training plus market training. * Nyamira County is the reference. *, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively.
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Table A4. Effects of Extension Treatments on Technology Adoption, Intent-To-Treat Estimates by Education

Results without attrition-weighting

Attrition-weighted results

Variables Planted KK 15 (dummy)® Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
@) (2) 3) “4) (%) (6) @) (8)
Panel A: Treatment 1 (n=752)
Post (dummy) 0.012 0.012 0.098 0.098 0.010 0.010 0.081 0.081
(0.012) (0.012) (0.097) (0.099) (0.010) (0.010) (0.082) (0.082)
Education (dummy) 0.000 -0.007 0.000%** -0.245 -0.000 -0.013 0.000 -0.495
(0.000) (0.006) (0.000) (0.204) (0.000) (0.009) ) (0.402)
Treatment 1 (dummy) 0.010 0.013 0.103 0.263 0.010 0.019 0.103 0.270
(0.009) (0.017) (0.098) (0.314) (0.009) (0.022) (0.091) (0.570)
Post x Education -0.012 -0.012 -0.098 -0.098 -0.010 -0.010 -0.081 -0.081
(0.012) (0.012) (0.098) (0.099) (0.010) (0.010) (0.082) (0.082)
Post x Treatment 1 0.233%* 0.233** 4.868** 4.868%* 0.223* 0.223* 5.071** 5.071%*
(0.096) (0.097) (1.850) (1.863) (0.110) (0.112) (2.438) (2.472)
Post x Treatment 1 x Education 0.005 0.005 -0.095 -0.095 0.002 0.002 -0.343 -0.343
(0.079) (0.079) (1.221) (1.230) (0.091) (0.092) (1.524) (1.535)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.185 0.200 0.113 0.125 0.163 0.177 0.096 0.115
Panel B: Treatment 2 (n=732)
Post (dummy) 0.012 0.012 0.098 0.098 0.010 0.010 0.081 0.081
(0.012) (0.012) (0.098) (0.099) (0.010) (0.010) (0.082) (0.082)
Education (dummy) 0.000 -0.004 0.000 -0.121 0.000 -0.006 0.000 -0.170
) (0.008) ) (0.153) ) (0.009) (0.000) (0.181)
Treatment 2 (dummy) 0.048 0.042 0.886 0.767 0.049 0.043 0.898 0.832
(0.035) (0.027) (0.639) (0.456) (0.034) (0.028) (0.612) (0.412)
Post x Education -0.012 -0.012 -0.098 -0.098 -0.010 -0.010 -0.081 -0.081
(0.012) (0.012) (0.098) (0.099) (0.010) (0.010) (0.082) (0.082)
Post x Treatment 2 0.229%* 0.229** 3.953%* 3.953%* 0.267%* 0.267** 4.395%%* 4.395%%*
(0.088) (0.088) (1.588) (1.599) (0.109) (0.110) (1.897) (1.910)
Post x Treatment 2 x Education 0.008 0.008 0.886 0.867 -0.012 -0.012 0.800 0.800
(0.073) (0.074) (2.080) (2.095) (0.087) (0.088) (2.260) (2.276)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.184 0.200 0.107 0.119 0.214 0.228 0.120 0.129
(continued)
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Table A4. (continued)

Results without attrition-weighting

Attrition-weighted results

Variables Planted KK 15 (dummy)® Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
@) (2) 3) “) (%) (6) @) (8)
Panel C: Treatment 3 (n=752)
Post (dummy) 0.012 0.012 0.098 0.098 0.010 0.010 0.081 0.081
(0.012) (0.012) (0.098) (0.099) (0.010) (0.010) (0.082) (0.082)
Education (dummy) -0.000 -0.005 -0.000 -0.111 0.000 -0.006 -0.000 -0.206
) (0.006) (0.000) (0.114) () (0.008) (0.000) (0.182)
Treatment 3 (dummy) -0.000 -0.012 -0.000 -0.155 0.000 -0.009 -0.000 -0.149
(0.000) (0.010) @) (0.185) () (0.010) @) (0.218)
Post x Education -0.012 -0.012 -0.098 -0.098 -0.010 -0.010 -0.081 -0.081
(0.012) (0.012) @) (0.099) (0.010) (0.010) (0.082) (0.082)
Post x Treatment 3 0.143%%** 0.143%** 2.702* 2.702% 0.152%** 0.152%** 3.122%* 3.122%
(0.0406) (0.0406) (1.327) (1.336) (0.048) (0.049) (1.582) (1.592)
Post x Treatment 3 x Education 0.115%* 0.115%* 2.377 2.377 0.126%* 0.126%* 2.713 2.713
(0.055) (0.055) (1.661) (1.672) (0.064) (0.065) (2.176) (2.190)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.169 0.194 0.105 0.124 0.184 0.210 0.116 0.136

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Post, dummy variable which takes a value of 1 for follow-up round observations
(after treatment), and zero for baseline observations. Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus nutrition
training plus marketing training. Baseline controls include age, gender, education, risk attitude, household size, farm size, value of productive assets, access to credit, distance to market, group
official, and county dummy.*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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Table AS. Effects of Extension Treatments on Technology Adoption, Intent-To-Treat Estimates by Gender

Results without attrition-weighting Attrition-weighted results
Variables Planted KK 15 (dummy)® Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
€)) 2 3) 4 &) Q) ) ®)
Panel A: Treatment 1 (n=752)
Post (dummy) 0.006 0.006 0.051 0.051 0.005 0.005 0.045 0.045
(0.006) (0.006) (0.051) (0.052) (0.005) (0.005) (0.044) (0.045)
Male (dummy) 0.000 0.001 0.000 -0.088 0.000 0.004 0.000 -0.208
) (0.011) (0.000) (0.255) (0.000) (0.013) ) (0.471)
Treatment 1 (dummy) 0.000 -0.003 0.000 -0.010 -0.000 -0.004 -0.000 -0.139
(0.000) (0.007) (0.000) (0.168) (0.000) (0.010) ) (0.345)
Post x Male -0.006 -0.006 0.229 -0.051 0.016 -0.005 -0.045 -0.045
(0.006) (0.006) (0.163) (0.052) (0.011) (0.005) (0.045) (0.045)
Post x Treatment 1 0.272%*%* 0.272%*%* 5.572%** 5.572%*x* 0.271%** 0.271%** 5.745%** 5.745%**
(0.075) (0.075) (1.573) (1.584) (0.072) (0.073) (1.667) (1.678)
Post x Treatment 1 x Male -0.141 -0.141 -3.034% -3.034 -0.133 -0.133 -2.362 -2.362
(0.114) (0.114) (1.744) (1.756) (0.127) (0.128) (2.564) (2.581)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.197 0.208 0.113 0.131 0.178 0.185 0.102 0.117
Panel B: Treatment 2 (n=732)
Post (dummy) 0.006 0.006 0.051 0.051 0.005 0.005 0.045 0.045
(0.006) (0.006) (0.051) (0.052) (0.005) (0.005) (0.045) (0.045)
Male (dummy) 0.000 -0.005 0.000 -0.039 0.000 -0.008 0.000 -0.113
(0.000) (0.013) ) (0.300) (0.000) (0.013) ) (0.292)
Treatment 2 (dummy) 0.016 0.016 0.328 0.269 0.017 0.017 0.345 0.296
(0.011) (0.014) (0.223) (0.293) (0.012) (0.016) (0.241) (0.314)
Post x Male -0.006 -0.006 -0.051 -0.051 -0.005 -0.005 -0.045 -0.045
(0.006) (0.006) (0.051) (0.052) (0.005) (0.005) (0.045) (0.045)
Post x Treatment 2 0.215%** 0.215%** 4.171%** 4.171%** 0.247%** 0.247%** 4.993%** 4.993***
(0.054) (0.055) (1.369) (1.389) (0.057) (0.057) (1.491) (1.502)
Post x Treatment 2 x Male 0.061 0.061 0.805 0.805 0.037 0.037 -0.398 -0.397
(0.124) (0.125) (2.604) (2.622) (0.127) (0.128) (2.589) (2.607)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.184 0.201 0.107 0.119 0.209 0.228 0.118 0.129

(continued)
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Table AS. (continued)

Results without attrition-weighting

Attrition-weighted results

Variables Planted KK 15 (dummy)® Share of land under KK15 (%) Planted KK 15 (dummy) Share of land under KK15 (%)
€)) 2 3) 4 ) Q) ) ®)
Panel C: Treatment 3 (n=752)
Post (dummy) 0.006 0.006 0.051 0.051 0.005 0.005 0.045 0.045
(0.006) (0.006) (0.051) (0.052) (0.005) (0.005) (0.045) (0.045)
Male (dummy) 0.000 0.003 0.000 -0.633 0.000 0.002 0.000 -0.153
(0.000) (0.012) (0.000) (0.258) () (0.013) ) (0.315)
Treatment 3 (dummy) 0.007 0.001 0.058 -0.071 0.008 0.002 0.063 -0.106
(0.007) (0.012) (0.057) (0.202) (0.007) (0.013) (0.062) (0.249)
Post x Male -0.006 -0.006 -0.051 -0.051 -0.005 -0.005 -0.045 -0.045
(0.006) (0.006) (0.051) (0.052) (0.005) (0.005) (0.045) (0.045)
Post x Treatment 3 0.204*** 0.204%** 4.003%** 4.003*** 0.220%** 0.220%** 4.901** 4.901%**
(0.055) (0.056) (1.378) (1.389) (0.062) (0.062) (1.791) (1.802)
Post x Treatment 3 x Male -0.012 -0.012 -0.508 -0.508 -0.016 -0.016 -1.379 -1.379
(0.076) (0.076) (1.490) (1.500) (0.076) (0.077) (1.700) (1.712)
Baseline controls No Yes No Yes No Yes No Yes
R-squared 0.154 0.178 0.094 0.114 0.166 0.192 0.107 0.127

Notes: Coefficient estimates are shown with robust standard errors clustered at farmer group level in parentheses. Post, dummy variable which takes a value of 1 for follow-up round observations
(after treatment), and zero for baseline observations. Treatment 1, agricultural training. Treatment 2, agricultural training plus nutrition training. Treatment 3, agricultural training plus nutrition
training plus marketing training. Baseline controls include age, gender, education, risk attitude, household size, farm size, value of productive assets, access to credit, distance to market, group
official, and county dummy.*, **, and *** denote significance at the 10%, 5%, and 1% level, respectively.
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