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Abstract

Innovation is crucial for farm productivity and economic growth in low-income coun-
tries, but poor farmers are still reluctant to adopt seemingly profitable new inputs and
practices. A possible explanation is that the absence of mechanisms crowding out bad
agricultural technology allows innovators and input suppliers to remain in low target-
ing efficiency equilibria, hindering technological change. To test this, I conducted a
two-stage randomized control trial to estimate the effect of targeting frictions on farm-
ers’ adoption of improved seeds. The experiment recreated counterfactual scenarios
for innovators’ seed development decisions, in which some farmers received an offer to
purchase the new variety they preferred the most, whereas others were offered a recom-
mended but unknown new variety. Results indicate that preference-driven mismatch
significantly reduces farmers’ adoption of new technology. Take-up among farmers of-
fered the recommended variety is 50% lower than targeted farmers. Further, I find
no impact of learning-by-doing and biased performance beliefs on take-up, but rather
that mismatch effects can be explained by technology’s features and how innovators
prioritize local adaptation efforts. As a result, technological improvements making agri-
culture more productive or climate-resilient may fail in the long run because today’s
innovation supply carrying those crucial traits is not good enough to induce adoption

among poor farmers.



1 Introduction

A persistent obstacle to the development of low-income countries is the slow adoption of new
agricultural technologies. Innovation is crucial for farm productivity and economic growth,
but poor farmers are still reluctant to adopt seemingly profitable new inputs and practices
(Fuglie et al., 2019). A vast literature has examined this issue, focusing mainly on demand-
side factors limiting farmers’ technology choices.! Relaxing those constraints has also been
the focus of policy in the developing world for decades. In contrast, we know considerably
less about the supply side of this technology adoption puzzle (Emerick et al., 2016; Suri,
2011), and while it is commonly presumed that modern technologies are indeed better for
most farmers, several examples challenge this assumption.”

An under-appreciated aspect of this problem is that new technologies are not usually
tailored to the needs of poor farmers. Although public research centers and state-owned
enterprises are the main suppliers of agricultural technology in many low-income countries,
they often lack the resources and incentives to match innovations with farmers’ demand for
new technology.® These constraints can limit the ability of agricultural research and devel-
opment (R&D) to prioritize and transfer innovations. For example, country-level evidence
suggests that ecological mismatch can induce transfers of inappropriate technology (Moscona
and Sastry, 2021). However, there is no definitive explanation for why technological mis-
match in agriculture persists over time. In this paper, I argue that the absence of mechanisms
crowding out bad technology allows innovators and input suppliers to remain in low targeting

efficiency equilibria. What happens then to technological change when innovations do not

IThese factors include time and risk preferences (Liu, 2013; Duflo et al., 2011), learning failures (Hanna
et al., 2014; Conley and Udry, 2010), and limited credit and insurance access (Karlan et al., 2014).

2Findings on heterogeneous returns on adoption and yield risk show that improved technology is not
necessarily optimal under real-world conditions (Suri, 2011; Barrett et al., 2004). Lemon technologies such
as low-quality fertilizer can lower farmers’ returns (Bold et al., 2017), although accurate quality estimates
are needed to prevent quality misattribution (Michelson et al., 2021). Also, yield improvements of new crop
varieties are often overestimated in agronomic trials (Laajaj et al., 2020).

3Public spending accounts for three-quarters of global agricultural R&D investment, which is mostly
driven by spending in China, India, and other middle-income countries (Beintema et al., 2020). At the same
time, the inability of researchers to appropriate the returns of innovation through patents or plant breeder’s
property rights removes some of the incentives to develop more competitive technology (Fuglie et al., 2019).



reflect the preferences of those who must ultimately take up new technology?

To answer this question, I examined the development and adoption of improved crop
varieties. It is common for plant-breeding programs to release a single new variety to supply
a large and heterogeneous group of farmers. In developing countries where seed markets
are often informal and incomplete, public releases are usually the only new crop varieties
available to farmers. A key challenge, however, is that we only observe the varieties that
breeders release, not the counterfactual varieties they may have developed had they been
able to properly match farmers’ preferences. Thus, I conducted a two-stage randomized
control trial in Costa Rica to estimate the effect of targeting frictions on farmers’ adoption
of improved seeds.

In the first stage, a group of small and medium-scale farmers tested five new drought
and heat resistant bean varieties in their fields. As a short-duration cash crop with stable
demand, bean production is essential for farmers’ food security and incomes, as they use
it to finance the production of major crops (maize and rice). However, with no irrigation
systems in place, poor farmers rely on rain to water their crops, making weather shocks a
constant productivity risk. The agronomic trials allowed me to elicit farmers’ preferences
and estimate the new varieties’ performance under farmers’ heterogeneous conditions, which
are usually private information unknown to breeders.

In stage two, I recreated counterfactual scenarios for breeders’ release decisions such that
each farmer faces his or her own seed market. Contrary to adoption studies that distribute
new inputs for free, farmers in the intervention were offered to buy a fixed amount of seed
of the new varieties tested in the trials. I randomized these offers so that targeted farmers
were offered the variety they preferred the most based on their experience during the trials.
In contrast, farmers in the mismatch treatment received a recommended but unknown new
variety. The recommendation was made by a group of crop scientists from the national

breeding program, following a process similar to the actual release of new varieties.® 1

4The variety recommended to farmers was indeed released by Costa Rica’s public breeding program in
March 2023. See press release here (in Spanish).


https://www.ucr.ac.cr/noticias/2023/3/03/nueva-variedad-de-frijol-rojo-uran-ya-esta-disponible-para-los-agricultores.html

compared the take-up rates and outcomes between these groups and with farmers that did
not participate in the trials or received an offer.

The main results indicate that preference-driven mismatch significantly reduces farmers’
adoption of new technology. Take-up among farmers who were offered the recommended
variety is 50% lower compared to targeted farmers, who received offers that matched their
stated preferences. This difference is entirely driven by the mismatch between farmers’ pref-
erences and the available supply of new varieties. Since participation in the agronomic trials
(a proxy for learning-by-doing) had no impact on take-up, there is no evidence of farmers
trading off first-hand experience in favor of expert advice (i.e., varietal recommendation).
I also find no impact of yield expectations on adoption decisions. However, differences in
take-up rates of the recommended variety across treatments suggests that the recommen-
dation promoted purchases of a variety that may be sub-optimal for one in six adopters.
Further, take-up in the mismatch group is comparable to the demand for certified seeds of
current varieties. This result attenuates the inferred adoption under mismatch since these
take-up levels are similar to the average seed replacement rate. These findings hold after
experimentally controlling for well-known adoption frictions, such as liquidity constraints,
heterogeneous transaction costs, quality misattribution, and limited-attention learning.

Moreover, trial results suggest that trial productivity alone does not predict adoption.
Yield comparisons show that non-adopters did not under-perform in the trials relative to
adopters. For some farmers, there are significant differences at the low end of the productivity
distribution. No differences are observed in higher quantiles of the yield distribution in either
region. These results follow a similar pattern to the returns on adoption reported by Suri
(2011). Nevertheless, I find no consistent improvement across varieties when compared to the
reference variety (a widespread variety released in 2003), even though breeders’ experimental
evidence in controlled environments suggests otherwise. So, the productivity gains some
farmers experienced are either not linked to varietal improvement but likely caused by the

superior quality of the trial seed or only occurring in the tails of the weather distribution,



where improved resistance to extreme weather may increase yield stability but not yield
potential.

A possible explanation for the mismatch effects is that heterogeneity across farmers im-
pedes technological change. Suppose innovators cannot capture that heterogeneity, or there
are no mechanisms motivating them to internalize it. Then, new technologies will only re-
spond to the needs of a specific group of farmers. So, I study differences in research efforts
and new varieties’ features to estimate heterogeneous treatment effects. Results on research
efforts indicate no mismatch effect on farmers located closer to the experimental station
where the varieties were developed and tested, followed by increasingly negative mismatch
effects on take-up for farther away farmers. Other estimates using weather variability suggest
significant heterogeneous mismatch effects. Improved resistance to related to drought and
extreme temperature are key expected traits of the new varieties. Results show that mis-
match effects are greater among farmers who experienced drought and extreme heat events
prior the intervention. Regression analysis using atmospheric data confirm these results for
dry spells (the number of consecutive days with daily precipitation lower than 1mm) but
show null results for the number of hot days (maximum daily temperature greater than 75
percentile average temperature).

In essence, this paper shows how detrimental innovation frictions can be for technological
change in developing countries’ agriculture. This paper contributes to the recent literature
on supply-side constraints on technology diffusion in low-income countries (Dar et al., 2021;
Emerick et al., 2016). Here I tested an alternative explanation, intrinsic to the technology
and its development (Suri, 2011), and different to adoption frictions or cases when adverse
selection crowds out adoption (e.g., bad quality inputs). Moreover, my results are closely
related to the inappropriate technology hypothesis (Moscona and Sastry, 2021; Stewart,
1977). This paper provides direct evidence that technological mismatch negatively affects
technology adoption. If little take-up occurs, there is also little benefit of reducing the tech-

nological mismatch, unless inappropriateness itself is the cause of limited adoption. Thus,



the impacts of inappropriate technology transfers would be large when efforts to adapt these
new technologies to local conditions are rare or unsuccessful, which primarily depends on
local researchers’ incentives and capabilities.

Furthermore, findings in this paper support the conclusion that imperfect targeting help
to explain the technology adoption puzzle in agriculture. From an adopter’s perspective,
new technology delivering no significant benefit is rejected in favor of current alternatives.
On the supply side, however, innovation is as good as it can be under the constraints inno-
vators face, especially in the context of public agricultural R&D (e.g., competing interests,
limited funding and expertise, no property rights of innovations). Since many of the world’s
innovators operate under these conditions, which limit their ability to internalize farmers
heterogeneity, imperfect targeting contributes to the slow pace of technological change ob-
served in developing countries’ agriculture. As a result, technological improvements making
agriculture more productive or climate-resilient may fail in the long run because today’s
innovation supply carrying those crucial traits is not good enough to induce high adoption
among poor farmers.

The rest of this paper is organized as follows. Sections 2 describes the setting and
research design. Section 3 summarize the data and presents the empirical estimation strategy.
Section 4 report the experimental treatment effects on new varieties take-up. Section 5
summarize the potential mechanisms explaining the main results on adoption. Section 6
presents preliminary results on learning, expectations, and heterogeneous mismatch effects.

Finally, section 7 includes a short discussion based on preliminary results.



2 Research Design

2.1 Setting

The sample consists of 800 farmers from two regions of Costa Rica.” I focused on these regions
because together they account for the vast majority of beans produced in the country, each
region has distinct agroecological and social conditions, and they host farmers for whom
investments in new seeds is the most relevant. The northern region is located along the
border with Nicaragua and includes the Huetar and Chorotega subregions (see figure 1). In
the south, the Brunca region is located near the pacific ocean, stretching in along mountain

range near the border with Panama.
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Figure 1: This map of Costa Rica shows the 117 villages sampled for the study, highlighting the selected
villages for the agronomic trials. Panels A and B zoom in over the North and South regions, respectively.
The diamond-shaped icon locates the experimental station in which the new varieties were developed and
tested.

SProtocols for this study were reviewed by the Institutional Review Board for Human Participants at
Cornell University (#2106010430). The randomized evaluation was included in the American Economic
Association RCT registry in November 2021, prior to the main intervention (AEARCTR~0008452).



The main economic activity in these regions is agriculture. As a cash-crop with con-
stant demand and a short farming cycle (about 75 days), bean production allow farmers to
finance the production of maize and other minor crops for commercial purposes and self-
consumption. In the south, farmers plant beans twice a year, following the dry (October to
February) and wet seasons (May to August). The steep terrains of the south limit mecha-
nization, forcing bean producers to rely heavily on farm labor. In comparison, the majority
farmers in northern Costa Rica only plant once per year during the dry season. Farms in
the north are located in flat terrains, which allows for mechanization and larger planting
areas. Importantly, in the south have the support of a stronger network of agricultural
associations and cooperatives offering commercialization services, credit, and mechanized

processing, which are lacking for most farmers in the north.

2.2 Sampling

From these regions, I selected 117 villages using administrative records from the National
Productive Council of Costa Rica (CNP henceforth for its name in Spanish). I sampled
villages with at least six small or medium scale bean farmers (farm-size of less than 50
hectares) registered with the CNP.° By recommendation of the breeders, villages in indige-
nous communities were excluded to prevent the replacement the traditional bean varieties
they grow. Other villages were ignored because of logistical reasons (places with few bean
farmers, inaccessible locations or with insufficient extension support to conduct the study).
Then, I drew a stratified random sample of farmers from the CNP registry using the selected
villages as strata (between 6 and 7 farmers per village).

The intervention was implemented using a two-stage randomized control trial as described
in figure 2. In the first stage, agronomic trials were conducted to test the performance of

five red bean varieties on farmers’ fields and to elicit farmers’ preferences for new varieties.

6Most farmers in Costa Rica have incentives to register in the CNP. Being part of this registry allows
farmers to access public assistance programs, including being able to sell produce to the public procurement
program at a higher price than the market, receive extension services, subsidies, and free inputs, such as
certified seed and fertilizers.



Baseline Stage 1 Stage 2

Aug 2021-June 2022 October 2021-March 2022 South: April 2022
North: November 2022

Targeted group:

Offer V*, R € s

. (n=200)
Trial group

(n=400)

Mismatch group:
Offer R ¢ s
(n=200)

Reference group:
Offer R
(n=200)

Non-trial group
(n=400)

Control group:
No offer
(n=200)

Figure 2: This figure describes the research stages, intervention timeline and the distribution
of farmers in the experimental groups. The trial group refers to farmers assigned to agronomic
trials. The targeted group refers to farmers who were offered the variety of their preferences
(V;*) from the testing set of varieties (s). Farmers in the mismatch group were offered the variety
recommended by the breeders (R), which was not part of their testing set. The reference group was
part of the non-trial group but received an offer to buy R. The control group did not participate
in the trials nor receive an offer of new varieties.

To control for the participation in the trials, the sample of farmers was divided into two
experimental groups randomized at the village-level. In the second stage, farmers were
offered one of the new varieties for purchase, conditional on participation in the trials and
assignment into four experimental groups depending on the random distribution of varieties,
and the breeders’ recommendation. Each stage is explained in detail in the following sections.

The germplasm used in the intervention was the result of a five-year breeding cycle (at
the time of on-farm trials) conducted by Costa Rica’s national plant-breeding program. The
selection process started with more than 100 genetic lines from the International Center
for Tropical Agriculture in Colombia (CIAT for its name in Spanish), and produced five

candidates for new red bean variety be released in Costa Rica. The main breeding objective



of this process was to improve seeds’ drought and heat resistance compared to Cabecar, a
high-yield and widely adopted variety that was released in 2003, which was used as reference
variety in the trials. This implies that farmers had no access to these varieties prior to the

trial with very few exceptions.”

2.3 Farm trials

The Triadic Comparison of Technologies method (Tricot for short) was used to allocate

8 Each farmer in the trial group

varieties to farmers (five new and a reference variety).
received a set (s) of three new varieties of the five varieties at random to plant during the
dry season of 2021. The information about the varieties in the testing sets was not revealed
to farmers, so varieties were given letters as names, such that s = {4, B,C}. To limit
spillovers about the varieties’ performance, farmers were informed that each participant in
the trial received a different set of varieties. By design, each one of the six varieties only
appears in half of the testing sets used in the trials.

Farmers also participated in training sessions on how to plant and evaluate the new
varieties. They were asked to apply the same overall management to the trial plots as their
current bean plots, and to choose the location of the trials in their fields. However, farmers
were told the number of plants, seeds per plant, and distance between plants to use. They
were given 150 grams of each new variety to plant in a 5x5 meters plot per variety. A group
of local collaborators were in charge of preparing and staking the trial plots for identification,
support farmers in how to fill out a performance scorecard, and collect three waves of trial
data (planting, mid-season, and post-harvest).

During the trials, farmers examined the varieties’ relative performance by choosing the

best and worst varieties in their set. This evaluation was structured using specific traits to

prevent differential learning, as some farmers may ignore important aspects of technology

"Those who had access to the new germplasm were part of a small group of farmers in the south that
allowed breeders to test the varieties as part of the selection process. In any case, farmers were not able to
identify the specific varieties in the trials.

8See van Etten et al. (2019) for detailed information about the Tricot method.
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(Hanna et al., 2014).? Participants answered which variety in their testing set, if any, they
wanted to adopt in the next season. They also indicated their overall ranking of varieties, and
compared of each new variety with their current variety. With the help of local collaborators,

farmers weighted the bean output from each plot to measure the new varieties’ yield.

2.4 New variety offer

In the second stage, I use the random allocation of new varieties to further divide the sample.
Based on the trial’s information and farmers’ preferences, farmers were grouped into four
experimental groups (three intervention groups and a control). The intervention groups
received an offer to buy one of the new varieties tested in the trials and were presented with
the same information about the trials’ results. Each offer consisted of three kilograms of a
single variety for a fixed price of 4800 colones (about $7.5 USD), matching the retail cost
of a same amount of certified seed. Note, however, that the quality of the seed offered to
farmers in the intervention (foundation seed) was superior to that of the commercial certified
seed. In addition, this price does not take into account other costs (e.g., transportation).
The offers were made at the farm gate to prevent that differences in transaction costs to
influence uptake decisions, as reported by Suri (2011). Thus, field assistants visited each
farmer in the intervention groups in their farms, or at their most convenient place for them
to meet.

During the seed sale, flexible payment methods were allowed to prevent liquidity con-
straints limiting seed purchases (Karlan et al., 2014). Payment methods included cash,
interest-free pay-later loans (up to two weeks), online payment using a smart-phone app
(called SINPE). Farmers were also allowed to reschedule a visit to deliver the seeds and

collect the payment personally, or through a third party (relatives, neighbors and local shop-

9The traits included in the performance scorecard are: plant structure, maturity, pest resistance, drought
resistance, yield (referring to grain weight and the number of grains per pod), commercial value (grain size
and color), taste, and cooking time. Some of these traits were recommended by the breeders and others
were market-oriented attributes relevant for farm profitability. The Spanish version of the scorecard used by
farmers is included in figure A1 in the appendix.
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keepers).

The varieties offered farmers were determined by farmers’ preferences and crop scientists’
recommendations. The process of deciding the variety to recommend imitated real-life deci-
sions breeders make when a new variety is released. Results from the agronomic trials were
used to determine the best performing variety in each region, as well as yield differences
between the new and the reference varieties. Breeders also used information from previous
trials conducted in the public experimental stations and exhibition plots, and qualitative
results from discussions with selected farmers’ groups and association leaders.

Half of the farmers in the trial group were assigned to the targeted group (see figure 2 un-
der stage 2). Farmers in this group were offered their preferred variety from the seeds tested
in the trials (denoted V;* for each farmer 7). First-hand experience with the new varieties
in the trials may allow farmers to update their beliefs and reduce the uncertainty related
to investments in new technology. The targeted group represents an ideal but unrealistic
situation in which the supply of crop varieties matches exactly farmers’ revealed preferences
for new varieties.

The other half of trial participants formed the Mismatch group, who were offered the
variety recommended by the breeders (R). Note that farmers in this group had no previous
experience with the recommended variety, given that R was not in their testing set s. Since
these farmers formed preferences for varieties other than R, this group captures the mismatch
problem caused by a constrained seed-supply unable to match farmers’ preferences. In
this case, neither breeders or farmers knew the actual performance of R in farmers’ fields.
However, to maintain the same level of information across intervention groups, farmers were
informed about the results of the trials at the moment the offer was made. This information
includes the average performance in each trait of R, relative to the varieties in the trial.

The non-trial group was divided into the Reference and Control groups. The Reference
group was treated exactly as the Mismatch group, so the only difference is that reference

farmers did not evaluate the new varieties under evaluation. Thus, results for the conven-
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tional group allow me to identify the effect of the participation in the trials on farmers’
take-up of the new varieties. This group is the closest to the reality of many farmers, as
they usually have limited information and experience with new technology before deciding
whether or not to adopt it, and they rely on performance information provided by breeders,
input suppliers, and their peers.

Finally, the control group is comprised of sampled farmers who took part of the baseline
survey but were not part of the trials and did not receive any offer of new varieties. Results
from this group allows me to control for new seed, higher-quality purchases of current the
varieties. Moreover, I use the control group’s information to test whether the adopters (those
who take-up of the new varieties) and non-adopters are different from an untreated group of
farmers from the same population selected at random.

The end-line survey information was collected at the end of the following productive
season after the offers were made. In the south, offers were made three weeks before the
start of the dry season of 2022, and the end-line survey was conducted in August 2022.
For the northern regions, offers spanned from October to December 2022, and the survey

information was collected in January and February 2022.

3 Data and empirical Strategy

3.1 Administrative records

Data from the CNP was used to sample farmers for the study. Table Al in the appendix
compares the sample of farmers with the population of small- and medium-scale farmers
in the CNP registry. I find no statistically significant differences for the relevant variables
included in the registry, except for a slightly higher proportion of farmers sampled from the
norther region, suggesting that both samples of farmers are comparable and supporting the

external validity of my results.
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3.2 Survey data

Survey data was collected before and after the intervention. In the southern region, survey
data was collected in the second half of 2021 before the start of the rainy season. In the north
baseline data was collected during the first semester of 2022. Using survey questionnaires,
a team of local surveyors visited farmers to collect baseline information on individuals’
characteristics, household composition, and farm management. The farm survey included
plot-level questions on productivity, input use and farming practices. Table 1 reports mean
values for relevant characteristics and compares trial and non-trials group. To test for sample
balance between these groups I use two-tail difference in means tests. I find no significant
difference for most variables except the education level (p-val=0.07) and farm area in hectares
(p-val=0.04). Thus, I include these two variables as baseline controls in the estimation

strategy.

Table 1: Sample balance: trial versus non-trial groups

Trial Non-trial Difference
(n=352) (n=392) p-value

Age (years) 46.47 47.93 0.15
Gender (male=1) 0.83 0.79 0.17
Education level (1-8) 2.07 1.94 0.07
Household income (usd/month)  317.58 298.83 0.59
Family size (# members) 3.51 3.48 0.79
Farming experience (years) 18.30 18.37 0.95
Bean yield (quintal/ha) 19.10 19.07 0.97
Planted area (ha) 5.43 5.47 0.97
Farm size (ha) 7.48 9.33 0.04
Bean plots (#) 1.74 1.70 0.55
Land renting (yes=1) 0.40 0.40 0.99
Input subsidy (yes=1) 0.22 0.19 0.39
Distance to exp. station (km) 146.24 146.37 0.91

Notes: This table compares the trial groups (Targeted and Mismatch) and
non-trial groups (Reference and Control) at the baseline. Trial assignment was
randomized at the village level. P-values are reported for differences in means
tests.

The average farmer in the sample is male, middle-age, with elementary education, and
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part of a household making $5.34 ppp dollars per person per day (for reference, the World

Bank estimates a the poverty line for Costa Rica of $6.85 in 2017 ppp dollars).'”

The average
farm uses on average 5.4 hectares of land and has a productivity level is on par with national

estimates of 18 to 20 quintals per hectare for small- and medium-scale farmers.

3.3 Trial data

The data collection for the trials was divided in four short waves in which local collaborators
visited or called over the phone farmers. In each wave, farmers evaluated traits related to the
development of the plant and the bean output (see figure Al in the appendix). In the first
visit, 30 days after the estimated planting date, farmers were asked about plant structure.
This visit was also used to confirm the actual planting date of the trial plots. 15 days later,
farmers were asked about maturity (the time plants took to flower) and plants’ resistance
to pests and drought. During harvesting, approximately 70 days into the trial, farmers were
asked to compare the varieties in terms of yield and commercial value. They also were
instructed to cook and taste the varieties to estimate the cooking time and their preferences
as end-consumers. Some days after the harvest when beans were dried and ready for sale,
farmers were visited to evaluate the overall performance and their preferences. They were
also asked to compare the new varieties with their current variety.

Two questions are used to determine farmers preferences. Farmers were asked to decide
which varieties they would like to plant in the next season, as a measure of their stated
preferences. They also decided what variety was the best variety overall from their testing
set. Responses to these two questions coincide 92% of the time, but only a 60% of farmers
chose a single variety as strictly preferred. Also, 2.4% of farmers indicated they preferred
not to adopt any new variety. So, whenever more than one variety is chosen, the overall best
variety is set as their most preferred variety.

Figure 3 reports the frequency in percentage terms that each variety was selected as

0This calculation was made using the 2021 purchasing power parity (ppp) conversion factor of 343.9 (The
World Bank, 2023).
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farmers preferences. In the cases that more than one variety was chosen, I assign the best
overall variety as their preferred variety. The pooled trial data (panel A) shows that SEF-71
is selected more than the rest, with a percentage that is significantly higher than the uniform
probability of selecting any variety at random (one out of six). This is not necessarily true
when data is desegregated by region (panel B). Differences between regions show that the
SEF-71 results are driven mostly by the south, where the reference variety (called Cabecar)
under-performed compared to the new varieties. This is supported by qualitative observa-
tions in the field indicating an appetite for alternatives that are not as susceptible as Cabecar
to winter pests and diseases. In the north, where farmers only plant during the summer sea-
son, the reference is the most preferred variety, tly more than the SEF-71. Regional results,
however, indicate no significant differences when compared to a random choice as shown by

the 95% confidence intervals.
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Figure 3: Figure reports farmers’ stated preferences for the varieties in the trials. Each bar
corresponds to the percentage of farmers who chose a particular variety as the one they wanted to
plant in the next season. The corresponding vertical lines indicate the 95% confidence intervals.
The horizontal dashed line shows the uniform probability of choosing one of the six varieties at
random.

Yield comparisons indicate no significant improvement of the new varieties (see A2 in

the appendix for details). The average yield for all trials was about two kilograms for a
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five squared meters plot. Consistent with farmer choices, the reference variety performed
better in the north, and although there are no consistent differences between regions, most
of the new varieties seem to be better adapted to the south. Also matching with farmers’
preferences, SEF-71’s yield was the highest in the south. In the north, SEF-60 exhibit the
highest yield, despite it was one of the least preferred varieties, indicating that traits other
than yield may be more important for farmers. I find no significant yield improvements
by comparing the new and reference varieties, and the only significant differences are lower
yields for the SEF-42 and SEF-64 varieties. Considering these varieties were developed to
improve drought and high-heat resistance, both low-probability events, these averages could
mask differences in performance due to extreme weather which take place at the tails of

weather distribution.

3.4 Estimation strategy

What is the effect of imperfect targeting on the new variety take-up?

The main empirical approach is to use the treatment assignment to identify the effect of
the intervention on adoption. The estimation is based on the reduced form regression model
described by equation (1). The outcome take-up is an indicator variable that equals one
when a farmer buys the new variety offered in the intervention, zero otherwise. Explanatory
variables include indicator variables R-group that describes assignment of farmer ¢ in village j
to the treatment groups offered the recommended variety (mismatch and reference), T-group
describes assignment into the trial (targeted and mismatch), ¢, capture village-specific fixed
effects (strata used for randomization), and ¢;; is the error term, which is clustered at the
village level (randomization level in the first stage of the intervention). Thus, information

from the reference groups is used as the benchmark.

take-up;; = ap + a1 R-group + aT-group + d; + € (1)
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Coefficient & is captures the preferences mismatch effect on the adoption relative to the
targeted group. Village fixed effects d; control for location-specific effects, including differen-
tials in varietal adaptability. The trial participation effect is captured by &s, which identifies
the difference between the mismatch and reference groups. The main hypothesis is that the
targeted farmers should exhibit the highest take-up rate of all experimental groups. Thus,

the expected estimated effects are a; < 0, gy > 0, and &1 — a < 0.

What is the impact of adopting a new variety? 1 estimate the effect of taking-up a new
variety on farming outcomes by comparing adopters versus non-adopters using a difference-
in-differences approach. The estimating model is described by equation (2),where Y;; is the
outcome variable in period t. Post; = 1 identifies information post-intervention, and j; is
the error term. Coefficient f5 identifies an intention-to-treat (ITT) estimate of adoption on
outcomes. Coefficient estimate [3; captures adopters’ group-specific effects, and Sy identifies

the time trend common to both groups.

Yije = Bo + Bitake-up;; + BoPost, + Pstake-up;; x Post, + 0; + pij (2)

I study three sets of potential outcomes. The new bean varieties are expected to deliver
improvements in productivity and drought/heat resistance. Under normal conditions, the
new varieties should provide a similar yield as the current varieties in the market, while they
should perform better under heat and drought stress. First, this paper focuses on changes
in average yield and yield variance as measures of productivity. I estimate these effects
using plot-level data collected before and after the intervention. If the new varieties are
indeed better, we should observe that adoption has some positive effect on yields, either by
improving yield potential or by reducing yield losses. Given the trials results, I do not expect
overall yield improvements from taking-up a new variety. However, the magnitude of these

effects may vary with the specific varieties a farmer chooses to adopt.
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Second, changes in quality traits will be estimated at the farm level. Quality improve-
ments can be estimated using the adjustments to sale quantities made by buyers based on
discarded beans due to quality issues. The new varieties are expected to maintain the ap-
pearance of beans desired by end-consumers (beans with a bright red color). Buyers discard
darker, dull colored, and damaged beans, which are usually sold as second-class beans for
processed foods. I use self-reported quality losses from survey data, which is corroborated
using information from farmers associations that buy beans from farmers.

Third, I focus on the indirect effects of adoption on input use. Evidence in the literature
suggests that adoption can crowd in complementary factor-deepening technologies (Emerick
et al., 2016), which implies that adoption can positively affect capital investments related
to machinery use and fertilizer use. If estimated effects of adoption are factor-deepening,

comparable effects on on-farm and off-farm labor allocation can be expected.

Are farmers better off accepting the recommended offer?

An important question is whether there are heterogeneous adoption effects due to im-
perfect targeting. To answer this, I estimate the triple-differences model described in equa-
tion (4), where indicator variable R-groups identify farmers assigned to treatment groups
Mismatch and Reference, which received the offer to buy variety R. Coefficient estimate
~¢ identifies the effect on the outcomes of adopters who adopted the recommended variety.
A negative and significant coefficient would indicate that farmers who can choose according

to their preferences are better-off than those in the treatment group who adopted variety R.

Yiit =70 + ntake-up;; + voR-groups;; + 3 Post,
+ yatake-up;; * Post, + s R-groups;; * Post; (3)
+ ytake-up;; * R-groups;; x Post, + 0; 4 €;j¢

Identification threats

A significant concern is the potential endogeneity of adoption decisions and outcomes.
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As mentioned earlier, results indicate that adopters were more productive in the trials,
particularly for below average yield values. To address this, I use the information of farmers
in the control group. The objective is to test whether the group of adopters is different from
a group of farmers from the same population selected at random. More importantly, it allows
us to test whether groups exhibit the same time trend in the absence of the intervention. I
estimate the same model presented in equation (2) using (i) a sub-sample including only the
information of non-adopters and control (as the comparison group), and (ii) the full sample
relative to the control group. These results would be indicative of any potential difference
pre-treatment.

Another important identification challenge is farmers systematically using higher (or
lower) quality plots to plant the new variety (Emerick et al., 2016). This can lead to biased
estimates of the adoption impact of the new varieties. During baseline survey data collection,
farmers were asked to map the plots in their farm and identify their perceived plot quality. I
use use this information and plot-level productivity data to control for plot selection in the

estimation of the adoption impact.

4 Treatment Effects

4.1 New varieties take-up

Figure 4 reports the take-up rates of new varieties across treatment groups. Overall, results
show that 43% of farmers purchased the new variety when offered during the intervention.
Also, there here are significant differences across treatment groups. Uptake among farmers
in targeted group is about 0.56, which is 17 and 23 percent points higher than the mismatch
and reference groups, respectively. On average, this translates into 50% percent higher
adoption as a result of matching farmers’ preferences with the appropriate new variety. I
find virtually no difference in adoption between in adoption between mismatch and reference

groups. Although results by regions show the same take-up pattern across treatment groups,
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farmers in the south seem to have take-up rates that match the seed replacement rate
(purchases of certified seed of current varieties). This suggest that adoption may be driven,
to some extent, by the need of higher quality seed and not the demand for new varieties. On

the contrary, seed replacement in the northern region is significantly lower than uptake.

(A) Pooled (B) By region
I\ T T : T T
Targeted |- E —o—] 1 E ——] |
; f o
5 : SR |
Mismatch - . F—o—] - :
: - South
Reference - : |—0—| 10 l_:_| - North
. ! ! ! ' !
0 0.2 0.4 0.6 08 0 0.2 0.4 0.6 0.8
take-up rate take-up rate

Figure 4: The figure reports the average take-up rate across intervention groups and the
corresponding 95% confidence intervals. The left panel shows pooled results. The right panel
shows results by region. Take-up is defined as a farmer purchasing the variety offered in the
intervention. The vertical line shows the percentage of farmers who bought seeds of current
varieties from the CNP or bean farmers associations during the season when the intervention
occurred.

Uptake results also give us a sense of the mismatch magnitude. If take-up of the recom-
mended variety is similar across treatment groups, we could conclude that only farmers who
benefit from it are buying into the breeder’s recommendation. While 39% farmers in the
mismatch group purchased the recommended variety, only 22% of farmers in the targeted
group did so too (a difference of 17 percent points). Note that this percentage matches the
fraction of farmers who preferred the recommended variety in the trials (see SEF-71 in figure
3), showing that stated preferences are a good predictor of uptake. Given that the recom-

mended variety was tested by all targeted farmers, and assuming that the randomization

balanced out any other difference in preferences, these results suggest that the recommen-

21



dation pushed purchases of a variety that may be sub-optimal, if not unfavorable, for one in

six adopters.

Table 2: Treatment effects on take-up

(1) (2) (3) (4)

take-up take-up take-up Uptake

Mismatch -0.182%F* 0. 182%#* (. 175*** 0. 177*F**
(0.058) (0.058) (0.059) (0.058)
Trial participation 0.102 0.098 0.099 0.116
(0.081) (0.079) (0.077) (0.076)
Seed replacement 0.077
(0.063)
Seed replacement x South 0.181** 0.178**
(0.080) (0.077)
Seed replacement x North -0.011 -0.016
(0.090) (0.089)
Lost trial -0.198*
(0.100)
Constant 0.486%H*  0.474%**  0.470%%*  (.478%**
(0.073) (0.075) (0.074) (0.074)
Dependent variable mean 0.431 0.431 0.431 0.431
Village fixed effects yes yes yes yes
R-squared 0.200 0.201 0.204 0.213
Observations 540 540 540 540

Notes: This table reports coefficient estimates from linear probability models using
Pr(take-up=1) as the dependent variable. Fixed effects at the village-level included,
which was the stratification for the randomization of the agronomic trials. Robust
standard errors clustered at the village level in parenthese. Significance: *** p<0.01,
** p<0.05, * p<0.1.

Table 2 reports coefficient estimates of the reduced-form regression model described in
equation (1). These linear regression models use take-up as the dependent variable and
the reference group as the comparison category. Results confirm the previous findings on
the significant differences across treatments, and show consistent mismatch effects for all

specifications. When seed replacement is included in the model, its coefficient is not different
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than zero (column 2). Once this effect is disaggregated by region (column 3 and 4), seed
replacement in south matches the take-up rate of about 18 percent points. As before, there

is no significant association between seed replacement and take-up for northern farmers.

4.2 Adoption impact

| Editorial note: Endline data collection is finished in the south region but currently underway

in the north region. Results on adoption effects are expected to be included by July, 2023.]

5 Conceptual framework

In the uptake results, I have documented three facts: (i) farmers for which new technology
matched their stated preferences exhibit a markedly higher adoption rate. (ii) Testing the
new technology through agronomic trials prior to the adoption decision had no positive
impact on take-up. On the contrary, participating in the trial but failing to successfully test
the technology reduces adoption. (iii) The demand for higher quality inputs is positively
correlated with new technology adoption for some farmers but not all. Taken together,
these facts indicate that the usual one-size-fits-all strategy that characterizes public breeding
programs’ releases leads to preference-driven mismatch that limits new technology diffusion.
In this section I summarize the potential mechanisms explaining the intervention’s treat-
ment effects on adoption. These ideas are based on a agricultural household model rational-
izing farmers’ response to frictions in the input supply, under a discrete-technology structure
of production. For most part, I ignore adoption frictions from the demand side, consider-
ing that my intervention controls for well-known constraints by design. Instead, I focus on
innovation frictions caused by costly heterogeneity across farmers’ individual conditions.
The first mechanism relates to learning, expectations and the risk associated with new
technology investments. Participation in the agronomic trials may allow farmers gather first-

hand information that help to reduce the uncertainty related to new technology investments.
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Being able to learn about the new variety performance by testing it (a proxy for learning-
by-doing), prior the adoption decision should incentive farmers who observe net economic
gains to adopt. This explanation requires that there is no performance misattribution, so
that farmers correctly identify benefits and losses derived from the new technology (e.g., net
productive improvements or lower risks).

The second mechanism is dis-economies of scope in the development of new technology.
If the cost of adaptation is too high, in terms of R&D effort, innovators face dis-economies
of scope that reduce the number of new technologies supplied to the market. As a result,
innovators develop technologies that are only adapted to match the conditions of a the few
areas where the marginal cost of adaptation is less or equal than the price of technology.
Thus, take-up rates will depend on how similar farmer’s conditions are relative to the areas
for which the new variety was adapted.

The third mechanism relates to technology’s features. If innovators cannot observe
individual-level net returns on adoption, new technologies will likely cater to the needs of
the average farmer. Under high heterogeneity across farmers, technology features (i.e., vari-
ety’s traits) increase adoption among over-represented groups of farmers, but reduce take-up
for the rest. For example, imagine that most farmers higher yield prefer over better taste.
So, the development of new varieties will favor small yield gains over large improvements
in taste. Thus, take-up depends on how successful innovators are at prioritizing technology

features beneficial for the marginal adopter.

6 Adoption drivers

6.1 Learning and beliefs

Reduced-form results in table 2 show that trial participation has no impact on take-up.
This could indicate that the agronomic trials were a short-lived experience with no effect on

new varieties purchases. However, as reported in column 4, there is a negative effect (albeit
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significant at the 90% confidence level) of farmers losing the agronomic trial —roughly 17%
of trials were lost due to extreme weather, plagues, or mismanagement. These mixed results
indicate that even if participation in the trials does not incentivize farmers to take-up a new
variety, they seem to respond to their individual experience during the trials. So, how does
the trial experience, not just participation, influence farmers’ adoption decision?

Here 1 explore two possible explanations: learning-by-doing and biased beliefs. First,
trial data shows that non-adopters did not underperform in the trials relative to adopters.
Figure 5 compares the distribution of trial yields between adopters and non-adopters (panel
A), and by region (panels B and C). The kernel density of yield values also show that the
average trial yield is not significantly higher for adopters (difference in means= 0.22 kg,
p-value= 0.19). The standard deviation is about the same for both groups too (1.61 kg
versus 1.50 kg). In the south, the cumulative distribution of non-adopters’ yield is higher
for values below the mean yield (1.95 kg). Little differences are present for the upper tail of
the yield distribution, suggesting an asymmetric response to trials yield. Furthermore, the
gap between distributions at zero values shows again the negative effect that lost trials had
on adoption decisions in the north. Kolmogorov-Smirnov tests confirm that, for the whole
sample, trial yield distributions of adopters and non-adopters are not different (p-val=0.219).
In the south, the distributions are statistically different but only at a 90% significance level.

Taken together, these results suggest that trial productivity alone does not predict adop-
tion. In the south, however, it is possible that the asymmetric response could be evidence
of performance misattribution at the low-end of the productivity distribution. This expla-
nation is unlikely because farmers could compare the trial plots with their regular fields.
Farmers were asked to follow the same management for all plots, so that regular plots in
the farm serve as controls for individual farmer’s conditions. Plot selection for the trials was
also controlled by design. Thus, farmers could infer that any difference between the trial

and regular plots are caused by the new varieties, correcting for misattribution issues.
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Figure 5: Graphs comparing the distribution of yield from the trials (kilograms per experimental plot)
between farmers who purchased the variety offered in the intervention (Adopters) versus those who rejected
the offer (Non-adopters). Left panels show the Cumulative distribution, and panels on the right the kernel
density (Epanechnikov kernel and optimal bandwidth) of average yield of the trial plots. The p-value from the
Kolmogorov-Smirnov tests on the equality of distribution is reported in the top-left corner of each cumulative
distribution plot.
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A second explanation is that farmer’s expectations about new varieties performance affect
how they respond to the trial results. If farmers believe that the new technology is only worth
adopting for an improvement greater than a given threshold, small positive gains may not be
enough to trigger adoption. This threshold may depend on the specific productive conditions
and varietal preferences of each farmer. For example, low-productivity farmers may expect
higher performance from an improved variety to compensate for other productive constraints.
Other farmers may favor seeds with grain colors that are more attractive to consumers over
significant but small yield improvements.

To test this explanation, I use baseline information to construct an expectation gap
measure. At the baseline, farmers were asked to determine the yield per hectare that, on
average, an improved variety is likely to produce. The expectation gap is then defined as
the relative difference between the expected and current yields in percentage terms. The
average expected yield is 10 quintals per hectare above the current yield, although a 14% of
farmers believes a new variety would not improve productivity or even decrease yields. For
reference, note that the relative price of certified seed is approximately two quintals per each
quintal of commercial seed required to plant an hectare.!! So, at the margin and ignoring
transaction costs, a rational farmer should be indifferent between the seed they produce and
save, and the new variety (priced as certified seed) for yield gains of two quintals.

Results in table 3 show no effect of the expectation gap alone (column 1). When interacted
with trial participation (columns 2), the expectation gap shows the expected null effect for
non trial farmers, and a negative but insignificant effect of -0.3% for farmers who participated
in the trials. In column 3 and 4, I test whether the direct comparison between trial versus
expected and baseline yields confirm these results. I find null effects for both models. This
comparison is done using a binary variable for cases in which the expected (or baseline)

yield is higher than the trial yield, zero otherwise, including for non-trial farmers. Other

HPrices for certified seeds are determined by the CNP. Formal farmers groups, such as cooperatives and
associations, also produce certified seed, usually sold at the same price or slightly lower. The CNP and
agricultural extension services offer seed credit scheemes in which a farmer is given a quintal of certified seed
in exchange of two quintals of the commercial seed they produce.
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similar results are also found comparing above and below the median expectation gap, or by

restricting the sample to the trial groups (not reported).

Table 3: Expectations

(1) (2) (3) (4)

take-up take-up take-up take-up

Mismatch L0.183HF (1820 FF (. 184%%F (). 184%%*
(0.058)  (0.058)  (0.058)  (0.058)
Trial participation 0.119 0.131 0.132 0.110

(0.079)  (0.089)  (0.086)  (0.098)

Expectations gap -0.003 0.002
(0.008) (0.016)
Expectations gap x Trial -0.006
(0.018)
Baseline yield > Trial tield -0.039
(0.050)
Expected yield > Trial tield 0.008
(0.073)
Constant 0.466%**  0.458%*F*  (0.463***  0.465%**
(0.093) (0.099) (0.093) (0.093)
Dependent variable mean 0.431 0.431 0.431 0.431
Village fixed effects yes yes yes yes
Baseline controls yes yes yes yes
Trial controls yes yes yes yes
R-squared 0.205 0.203 0.205 0.204
Observations 540 540 540 540

Notes: This table reports coefficient estimates from linear probability models using
Pr(take-up=1) as the dependent variable. Expectation gap is measured as the relative
difference between expected and current yields at the baseline. Baseline controls include
education and farm size. Trial controls include seed replacement and lost trials. Robust
standard errors clustered at the village level in parenthese. Significance: *** p<0.01, **
p<0.05, * p<0.1.
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6.2 Heterogeneous mismatch effects

In this section, I investigate the factors driving the mismatch effect on adoption. As explained
in section 3, high heterogeneity across farmers may impede the technological change by
limiting research and development. If innovators are unable to capture that heterogeneity
or there are no mechanisms motivating them to internalize it, new technologies will only
respond to the preferences of a specific group of farmers. Under these constraints, how
representative is that group of farmers, who they are, and how innovators target them would
determine how successful the new technology is in terms of performance and adoption.

To test these hypotheses, I study the heterogeneous mismatch effects on take-up rela-
tive to innovators’ work conditions. First, I use the travel time from each village to the
experimental station where the new varieties where developed and tested.'? This distance
is an indicator of the relative effort innovators should invest to get to know farmers’ local
conditions. Given that the experimental station is located Costa Rica’s central valley, on
average 245 km away from farmers’ location, the time traveled is also rough measure of the
differences in conditions between farmers’ locations and where innovators work.

Table 4 reports regression models estimating mismatch effect on take-up depending on
how close farmers are to the experimental station. Column 1 reports a simple model esti-
mating the pure mismatch for reference. Model in column 2 includes the travel time variable
interacted with the indicator variable for the groups that received the recommended variety
offer. Results for this models show a negative and significant mismatch effect that increases
with travel time. Column 3 shows the heterogeneous mismatch effects over the distribution
of travel times (quintiles). The overall pattern shows null mismatch effects on farmers closest
to the the station (-3 percent points for the first quintile coefficient), followed increasingly

negative effects for farmers farther away (up to -25 percent points for the farthest farmers).

12Researchers also conducted several test on farmers fields, most of them in the south (villages of Veracruz
and Changuena). All development, however, was done in the experimental station Fabio Baudrit Moreno,
part of the Universidad de Costa Rica in Alajuela, a city located 20km northwest from the capital San Jose
(10.0073° N, 84.2659° W).
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Table 4: Travel distance

(1) (2) (3)

take-up  take-up  take-up

Mismatch -0.204** 0.077  -0.029
(0.046)  (0.169)  (0.083)
(0.050)  (0.236)  (0.094)

Mismatch x travel time -0.062*
(0.036)
(0.049)
Mismatch x 2nd quintile travel time -0.183*
(0.101)
(0.080)
Mismatch x 3rd quintile travel time -0.203*
(0.107)
(0.092)
Mismatch x 4th quintile travel time -0.207**
(0.102)
(0.118)
Mismatch x top quintile travel time -0.254%*
(0.102)
(0.130)
Constant 0.517%F%  0.520%F*  (.520%**
(0.060) (0.059) (0.060)
Dependent variable mean 0.431 0.431 0.431
Region fixed effects yes yes yes
Baseline controls yes yes yes
Trial controls yes yes yes
R-squared 0.047 0.053 0.057
Observations 540 540 540

Notes: This table reports coefficient estimates from linear probability models us-
ing Pr(take-up=1) as the dependent variable. Region fixed effects included in all
specifications. Controls include baseline education level and farm size, and seed
replacement and lost trials. Robust standard errors (SE) clustered at the village
level in parentheses. The standard errors corrected for spatial correlation using a
distance threshold of 10km are also reported below each SE estimate. Significance
reported using robust SE: *** p<0.01, ** p<0.05, * p<0.1.
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Overall, results support the idea that there is differential adoption relative to innovators
locations as a proxy for research effort. A possible explanation is that farmers anticipate
innovators being more successful in adapting the new variety to their local conditions if these
conditions are similar to where innovators operate. Thus, farmers that observe a greater effort
by plant breeding programs in their communities are more likely to accept the recommended
offer, and that is why there are no significant differences relative to the targeted group.
Outside the innovators’ reach, or aside frequently visited communities, farmers may not
trust the recommended offer because they expect it not to be a good match for their farms.
On the contrary, if farmers being able to choose their most preferred variety based on their
own experience, reputational risk are less relevant in adoption decisions.

However, how heterogeneity across farmers’ conditions impact adoption? and more im-
portantly, does matching help to improve take-up of the new varieties? To answer these
questions, I test whether specific weather conditions explain differences between mismatch
and targeted groups. To do so, I use precipitation and temperature data, as well as baseline
information on weather shocks.

Note that the new varieties were developed to improve drought and extreme heat re-
sistance compared to the current varieties in the market. During the intervention these
varieties were marketed as such to all farmers. So, I focus on the differences between treat-
ment groups of extreme temperature and low precipitation conditions. If researchers are
successful at prioritizing traits demanded by farmers, we should expect no differences treat-
ment groups because both, the recommended and the most preferred variety, should make
the marginal adopter better off. On the contrary if drought events, for instance, are not
relevant for farmers, we should expect their demand for the new varieties to be lower among
the mismatch group relative to the targeted group, which is composed by farmers who can
choose whatever variety they prefer, regardless of whether the new variety is (or expected
to be) drought resistant or not.

Table 5 reports results from regression models estimating the effect of extreme weather
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Table 5: Heterogenous effects of weather conditions

(1) (2) (3) (4)
Uptake Uptake Uptake Uptake

Mismatch -0.194%*%  -(.189*** 0.523%*  -(.245%+*
(0.056) (0.057) (0.257) (0.055)
(0.052) (0.049) (0.205) (0.082)
Mismatch x Flood event -0.067
(0.181)
(0.139)
Mismatch x Drought event -0.253***
(0.128)
(0.059)
Mismatch x Dry spell -0.026***
(0.008)
(0.007)
Mismatch x Hot days 0.001
(0.001)
(0.001)
Constant 0.546%H*%  0.542%**  (.508%** 0.513%**
(0.062) (0.063) (0.060) (0.060)
Dependent variable mean 0.431 0.431 0.431 0.431
Village fixed effects yes yes no no
Region fixed effects no no yes yes
Controls yes yes yes yes
R-squared 0.205 0.211 0.057 0.047
Observations 540 540 540 540

Notes: This table reports coefficient estimates from linear probability models using
Pr(take-up=1) as the dependent variable. Village-level fixed effects included in mod-
els (1) and (2). Region fixed effects included in models (2) and (3) (north=1) . Controls
include baseline education level and farm size, and seed replacement and lost trials. Ro-
bust standard errors clustered at the village level in parentheses. The standard errors (SE)
corrected for spatial correlation using a distance threshold of 10km are also reported. Sig-
nificance using corrected SE: *** p<0.01, ** p<0.05, * p<0.1.

variables. The objective of these regression is to determine if the mismatch effects change
conditional on weather related events and conditions. Column 1 reports estimates for in-
teraction term between the mismatch (i.e., indicator of assignment to groups that received

the recommended variety) and an indicator variable that takes the value of one if the farmer
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experienced floods, cold weather or storms at the baseline. This model works as a sort of
falsification test since the new varieties should offer no improved resilience to these events.
As expected, I find no differential mismatch effect for flood events. Model in column 2 repro-
duces this model but using drought and extreme heat related events. Results show a stronger
mismatch effect among farmers who experienced this type of extreme weather shocks prior
to the intervention.

To confirm these results, models in columns 3 and 4 in table 5 use atmospheric information
from the ERA5 Global Reanalysis database (Hersbach et al., 2020)."® Column 3 shows the
effects of dry spells during 2021, the year prior to the intervention. Dry spell is defined
as the number of consecutive dry days (precipitation < 1 mm). Results show a negative
and significant coefficient for the interaction term between mismatch and dry spell, which
is consistent with the drought event results of column 2, meaning that mismatch effects
are larger for who experienced a longer dry spell. Lastly, model in column 4 estimates the
differential effect of hot days (daily max temperature > 75th percentile average temperature).
Column 4 results show an insignificant effect of hot days relative to the average mismatch

effect.

7 Discussion

| Editorial note: Discussion and specific conclusions will be included when the data collection

and analysis finalize. A full version of the paper expected to be completed by August, 2023.]

13The resolution of the ERA5 grid is 25x25 km at the Equator. For each farm location, precipitation and
temperature were calculated as the daily average of the surrounding area (5 km radius).
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Appendix

Table A1l: Sample comparison with CNP farmers population

Variable Sample CNP registry Difference

(n=800) (N=2959) p-value
Bean production (quintal) 91.40 91.36 0.99
Planted area (ha) 4.40 4.53 0.52
Yield (quintal/ha) 41.05 40.49 0.49
Seed quantity 75.81 AV 0.77
Gender (female=1) 0.20 0.22 0.25
Associated (yes=1) 0.27 0.25 0.26
Region (north=1) 0.63 0.59 0.04

Notes: This table compares the study sample with the small- and medium-
scale farmers registered in the National Productive Council of Costa Rica
(CNP) for the 2020-2021 period. Differences are estimated using differences
in means tests. Bean production and yield include red and black common
beans. Areas only included those plots destined to bean production. A
quintal of seed refers to 46 kilograms bags. Seed quantity is the ammount of
certified seed used. Associated captures membership to any farmers group
(associations and cooperatives).
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Table A2: Productivity comparison between reference and new varieties

Yield (g)

variety mean std. dev. diff. p-value
(A) All trials (N=400, lost=17.6%)

Reference 2580 1543

SEF-42 2237 1278 -343 0.012

SEF-60 2598 1651 18  0.586

SEF-62 2421 1596 -159  0.155

SEF-64 2296 1371 -284  0.081

SEF-71 2533 1470 -47  0.320
(B) South region (N=140, lost=5.4%)

Reference 2538 1422

SEF-42 2465 1370 -343  0.785

SEF-60 2365 1638 -173  0.557

SEF-62 2574 1276 37 0.898

SEF-64 2540 1276 2 0.992

SEF-T1 2699 1404 161 0.545
(C) North region (N=260, lost=24.1%)

Reference 2646 1680

SEF-42 2061 1198 -585  0.020

SEF-60 2762 1646 116 0.148

SEF-62 2340 1393 -306  0.185

SEF-64 2139 1393 -507  0.056

SEF-71 2382 1490 -264  0.487

Notes: Table compares the average yield of each new va-
riety in the agronomic trials versus the reference variety
(Cabecar). Each variety only appeared in half of the
testing sets that farmers received. Lost trials refer to at-
trition, non-compliance, and lost agronomic plots due to
weather or biotic related causes. P-values are estimated
using difference in means tests. Panel A reports all trials
pooled. Panels B and C report results for the southern
(Brunca) and northern (Chorotega and Huetar) regions,
respectively.
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Figure A1l: Trials Scorecard

()

Instrucciones:

1. Para cada pregunta escriba una letra
(A, B, o C) dentro del circulo.

2. Nunca puede ser que la misma variedad sea la
mejor y peor a la vez. Circulos que estén a la
par no pueden tener la misma letra.

3. No puede quedar ningin circulo sin letra.

Ejemplo - Example
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forma correcta
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