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Despite the growing attention to technology adoption in the economics literature, knowledge gaps
remain regarding why some valuable technologies are rapidly adopted, while others are not. This pa-
per contributes to our understanding of agricultural technology adoption by showing that a focus on
yield gains may, in some contexts, be misguided. We study a technology in Ethiopia that has no im-
pact on yields, but that has nonetheless been widely adopted. Using three waves of panel data, we es-
timate a correlated random coefficient model and calculate the returns to improved chickpea in
terms of yields, costs, and profits. We find that farmers’ comparative advantage does not play a signif-
icant role in their adoption decisions and hypothesize that this is due to the overall high economic
returns to adoption, despite the limited yield impacts of the technology. Our results suggest eco-
nomic measures of returns may be more relevant than increases in yields in explaining technology

adoption decisions.
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An empirical puzzle persists around why
smallholder farmers in developing countries
rapidly adopt some valuable technologies
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while others, such as fertilizer and hybrid
seed, are not. The adoption literature has
tackled this question in a variety of ways, pro-
posing answers to the puzzle that include
imperfections in credit markets
(Croppenstedt, Demeke, and Meschi 2003),
property rights (Place and Swallow 2000),
learning externalities (Conley and Udry
2010), and lack of commitment (Kremer,
Duflo, and Robinson 2011). Additionally, ag-
ricultural input costs are relatively high in
Sub-Saharan Africa, partly due to transporta-
tion costs and input market interventions
(Byerlee and Deininger 2013). One explana-
tion, proposed by Suri (2011), centers on het-
erogeneity. Even when average returns are
high, farmers may face heterogeneous returns
based on their own, unobservable, compara-
tive advantage in adopting the new technol-
ogy. Using a correlated random coefficient
model, Suri (2011) confirms this hypothesis
for hybrid maize adoption in Kenya.
According to this result, the empirical puzzle
is only a puzzle when researchers fail to ade-
quately control for heterogeneity in returns
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to farmers. Suri (2011) shows that in her data,
farmers with low net returns either fail to
adopt or disadopt the technology. This expla-
nation of the puzzle has gained strong trac-
tion in the adoption literature, as evinced by
some 449 papers citing her results as of July
2018. Remarkably, though, no one has
attempted to reproduce these findings in a
different context.

In this paper, we conduct an extension test
of Suri’s (2011) findings, using the case of im-
proved chickpea adoption in Ethiopia.
Implementing panel data methods that are
common in the literature, we show that adop-
tion of the new technology does not increase
yields compared to local varieties. This result
presents a puzzle that is distinct from the one
usually considered in the adoption
literature—high adoption rates of a technol-
ogy that does not significantly increase yields.
We then explore whether the low average
returns for yields hide substantial heteroge-
neity by testing to see if Suri’s (2011) solution
to the puzzle for maize in Kenya holds for
chickpea in Ethiopia. To do this, we use a
generalized Roy model in which the returns
to adoption that drive adoption decisions are
allowed to vary across individuals. The theo-
retical model implies an underlying yield
function with correlated random coefficients
(CRCQ). To estimate this model, we expand
the Suri (2011) correlated random coefficient
model to accommodate more time periods.!
This approach allows households to have
both an absolute advantage in farming
(equivalent to a fixed effect) and a compara-
tive advantage in adoption (a household ef-
fect that is correlated with the adoption
decision). We find no evidence that control-
ling for unobserved heterogeneity in returns
resolves the puzzle. In fact, for improved
chickpea in Ethiopia, we find that a farmer’s
comparative advantage plays no significant
role in the returns to adoption.

What, then, explains the high adoption
rates of this non-yield-increasing technology?
We propose that the adoption literature of
the past couple decades, which often viewed
the physical returns to adoption as the main
explanatory factor, has been focused on the
wrong outcome. To economists, agricultural

! This is in turn a generalization of the correlated random
effects (CRE) model first outlined by Mundlak (1978) and
Chamberlain (1984), as well as a generalization of the now stan-
dard fixed effects approach to panel data estimation.
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technology adoption decisions should be the
outcome of individuals’ optimization of
expected utility or profit, where returns are a
function of land allocation, the production
technology, the costs of inputs, prices of out-
puts, and the markets in which those prices
are realized and obtainable (Feder, Just, and
Zilberman 1985). Recent literature that has
focused on physical output, or imputed a
shadow value to unmarketed physical output,
implicitly assumes that output can either be
stored or sold at a profitable price (Evenson
and Gollin 2003; Smale and Olwande 2014;
Asfaw, Di Battista, and Lipper 2016; Emerick
et al. 2016; Jutzi and Rich 2016; Njeru, Mano,
and Otsuka 2016; Verkaart et al. 2017). If
outputs are instead difficult to sell or store,
this could explain why the adoption of so
many high-yielding varieties remains low.?
Conversely, the marketability of improved
chickpea may be why adoption in Ethiopia
has been so high. In the face of limited sales
opportunities due to missing or poorly func-
tioning markets, the assumed equivalence be-
tween yields and economic returns may have
led the literature astray.>

To test this explanation, we explore the
economic returns to technology adoption
measured in terms of (a) production costs per
hectare and (b) profits (net revenue from the
sale of agricultural goods in the market) per
hectare. Using standard panel data methods,
we find that the adoption of improved chick-
pea significantly reduces production costs and
significantly increases farm profits. Our
results are robust to estimating returns using
Suri’s (2011) correlated random coefficient
model. In fact, we find no evidence that het-
erogeneity in household comparative advan-
tage explains differences in the returns to
adoption. Rather, what drives adoption is the
ability of households to lower costs by reallo-
cating crop production out of more costly
crops and into improved chickpea.

2 Burke and Falco (2015) show large price fluctuations in the
maize market in East Africa, suggesting that some barriers exist
that prevent farmers from storing their product and selling at
more advantageous prices later on in the season. Potential bar-
riers include limited post-harvest storage capacity (Ricker-
Gilbert and Jones 2015) and liquidity constraints (Stephens and
Barrett 2011).

3 The sole recent study that we are aware of which explores
this path is Olwande et al. (2015), which explicitly looks at the
marketing of maize, kale, and dairy in Kenya. These authors find
little evidence of market participation by households, except in
the case of dairy. This suggests that farmers might struggle to
convert the higher yields that improved inputs provide into prof-
itable surplus.
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Compounding these cost savings is the ability
of households to increase profits through the
sale of surplus quantities of improved
chickpea.

Our estimation results imply that there is
little heterogeneity in returns to the adoption
of improved chickpea varieties among small-
holder farmers in Ethiopia. This result, sug-
gesting  that returns are relatively
homogeneous (not heterogeneous) across
households, is likely due to the considerable
economic benefits to be gained from the
adoption of improved chickpea. Predicted
returns, measured as reductions in cost and
increases in profits, are large enough that all
groups have positive returns to adoption,
even though there is no yield gain. While the
comparative advantage story proposed by
Suri (2011) may explain some of the adoption
puzzle in contexts like maize in Kenya, the
importance of measuring returns in economi-
cally meaningful ways should not be over-
looked. In regions of the world with missing
or poorly functioning markets, the discrep-
ancy between the shadow value assigned to
unmarketed physical production and the ac-
tual market value of the product may be
larger than previously assumed. Perhaps the
empirical adoption puzzle is due to focusing
on the wrong output measure, and a reorien-
tation towards economic measures such as
costs, revenues, or profits will make the puz-
zle less common, as is demonstrated for the
case of chickpea in Ethiopia.

This conclusion supports earlier technology
adoption work, especially by agricultural
economists, that focuses more explicitly on
profits and economic returns. Several of the
early contributions to the literature on tech-
nology diffusion highlight the role of profit-
ability, which is defined as a function of
market access (Griliches 1957; Cochrane
1958; Kislev and Shchori-Bachrach 1973;
Feder 1982). As early as Falcon (1970) and
Hayami and Herdt (1977), there was recogni-
tion of the limits of yield-improving technolo-
gies in regions where pricing difficulties were
common. The results of our empirical analy-
sis should be interpreted as a return to the
insights of these earlier studies. Our conclu-
sions also support the suggestions made by
Feder, Just, and Zilberman (1985),
Binswanger and Townsend (2000), and
Foster and Rosenzweig (2010), namely that
research should reorient in a direction that
considers not just the physical but also price
effects, and therefore economic returns, as
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factors that influence the adoption of agricul-
tural technologies.

Context and Data

The Technology

As part of the Tropical Legumes II (TLII)
development program in Ethiopia, a chickpea
improvement program bred new varieties
and established seed grower associations for
production and distribution.* Seed improve-
ment specifically focused on key plant traits,
including larger seeds, resistance to
Ascochyta blight/Fusarium wilt, drought tol-
erance, early maturation, and yield increases
(Eshete et al. 2017). Research reports on field
trials of the new varieties suggest positive,
but somewhat mixed results along the yield
dimension: some reports claim that yields
were two to three times those of landrace va-
rieties (Eshete et al. 2017), but other research
reported more modest yield gains (Daba
et al. 2005; Gowda et al. 2011). Farm trials
also revealed that the larger seed size added
substantial value to the new variety since
wholesalers who purchase chickpea for ex-
port look specifically for seed size and color.
It is therefore reasonable to expect that farm-
ers may have expected the new variety to
constitute an improvement along both of
these dimensions.

Cultivation of local and improved chickpea
(and all other legumes, such as fava bean,
field pea, and grass pea) takes place in the
post-rainy season using residual moisture.
Planting occurs several weeks before harvest
of the main growing season cereal crop,
meaning that households are unable to culti-
vate two crops in the same 12-month period.
Households must therefore decide between
(a) growing cereal during the main rains and
leaving the plot fallow through the post-rainy
season, and (b) leaving the plot fallow during
the main rains and growing chickpea during
the post-rainy season. Thus, chickpea com-
petes with cereal crops for land and pur-
chased inputs, but the timing implies that

4 The TLII development program is a joint initiative lead by
the International Crops Research Institute for the Semi-Arid
Tropics (ICRISAT), the International Institute of Tropical
Agriculture (IITA), and the International Center for Tropical
Agriculture (CIAT). More details regarding the chickpea im-
provement program can be found in Verkaart et al. (2017) and at
http://www.icrisat.org/TropicalLegumesII/.
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Table 1. Transitions across Local/Improved Varieties for the Sample Period

Transition of Adoption

Fraction of Sample (%)

2007 2010 2014 (N =600)
Always adopter Y Y Y 24.50
Early adopter N Y Y 30.67
Late adopter N N Y 20.00
Mixed adopter Y N Y 4.00
Mixed disadopter N Y N 6.33
Late disadopter Y Y N 1.50
Early disadopter Y N N 1.17
Never adopter N N N 11.83

Note: The table shows all possible adoption histories for the three years in our panel. In the middle three columns, the letters represent adoption status, where
“Y” represents the adoption of improved chickpea varieties, while “N” represents non-adoption or disadoption.

competition for labor is minimal. In general,
households in FEthiopia—like most farm
households in Sub-Saharan Africa—apply
inputs at levels well below those recom-
mended by authorities.

Data Sources

We analyze the decision to adoption im-
proved varieties of chickpea in Ethiopia using
three rounds of panel data collected in 2007,
2010, and 2014 for the TLII program. The dis-
tricts in this study were purposively selected
for their suitable agro-ecology for chickpea
production, and represent major chickpea
growing areas in the country (Asfaw et al.
2012).

In each district, eight to ten villages were
randomly selected and within these 150-300
households were randomly selected, allowing
for both chickpea and non-chickpea growing
farmers to be interviewed. We limit our anal-
ysis to households that were interviewed in
all three rounds of the survey, providing a
balanced sample of 600 households. Adopters
are defined as households who plant an im-
proved chickpea variety in the season sur-
veyed.® The data include detailed input use
information on a variety of crops, including
purchased inputs, hired labor costs, and fam-
ily labor time as well as demographic
information.®

> Misidentification of varietal types is a common problem in
many studies of adoption of new seed technology. However, the
improved varieties in this study are predominantly newly intro-
duced Kabuli chickpea types (95% of improved varieties).
Kabuli are easy to distinguish from traditional Desi varieties as
they are larger and cream colored, while Desi are smaller and
brown. Additionally, the two varieties produce different colored
flowers. We are therefore confident that improved seed is cor-
rectly identified.

Overall, adoption rates of improved chick-
pea increased substantially during the study
period. In 2007, 31% of households were
recorded as growing improved varieties of
chickpea. By 2014, the adoption rate had in-
creased to 80% of households. Table 1 dis-
plays the transition history of adoption for
households in the data. Of the 600 house-
holds in our sample, 25% always cultivate im-
proved varieties of chickpea. A further 55%
adopt improved varieties and remain adopt-
ers over the study period. Only 12% of
households never adopt improved varieties,
while 9% of households disadopt.

Adoption rates were not uniform across
space or time. Figure 1 shows heterogeneity
in the rate of adoption from round to round
across the three districts in our study area.
Adoption rates in Lume-Ejere were already
over 50% when the survey began, and by the
end of the survey over 90% of households
had adopted improved varieties. Minjar-
Shenkora saw the most dramatic growth in
adoption, increasing from 12% of households
in 2007 to 84% of household in 2014.
Compared to these two districts, adoption
rates were lower in Gimbichu, where the ini-
tial adoption rate was 22% and increased to
45% by the end of the study.

The TLII data is geo-coded at the house-
hold level, which allows us to match house-
holds to rainfall data sources using satellite
imagery from the Climate Hazards Group
InfraRed  Precipitation = with  Station
(CHIRPS) data. CHIRPS is a thirty-year
rainfall dataset that spans 50 South latitude

% See online appendix A for more details about the house-
hold-level data and relevant descriptive statistics.
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2010 2014
Year

- = Gimbichu adoption rate
~ = Minjar-Shenkora adoption rate

Figure 1. Average rate of adoption of improved varieties by district

Note: Figure displays the percentage of households cultivating improved chickpea varieties in a given year in the different study regions.

to 50 North latitude and incorporates 0.05°
resolution satellite imagery with in-situ sta-
tion data to create a gridded rainfall time se-
ries (Funk et al. 2015). The data provide daily
rainfall measurements from 1981 through the
present. We map households into the 0.05
grid cells and calculate the cumulative rain-
fall for the rainy season immediately preced-
ing chickpea planting.” To measure rainfall
shocks, we calculate normalized deviations in
a single season’s rainfall from average sea-
sonal rainfall over the previous five years

l"]'[—}’]‘

(1) Rjt = ‘ |

oy,
Here, shocks are calculated for each grid
cell j in year ¢ where r; is the observed
amount of rainfall for the season, 7; is the av-
erage seasonal rainfall for the grid cell over
the past five years, and o,, is the standard de-
viation of rainfall during the same period.

Theoretical Framework

We begin by using a Roy model in which the
decision to adopt is the outcome of optimiz-
ing expected profit, where returns are a func-
tion of land allocation, the production

7 Given that we have household GIS coordinates and 0.05°
grid cells, many households end up within the same grid cell (603
households, 111 grid cell observations). However, matching
households to grid cells gives us significantly more variation in
rainfall than simply using village rainfall measures as there are
only 26 villages in the data.

technology, the costs of inputs, and prices of
outputs (Feder, Just, and Zilberman 1985).
Focusing on the production technology un-
derlying the profit function, we assume Cobb-
Douglas yield functions of the form of

where Y and Y} are the yields of improved or
hybrid (H) chickpea and local (L) varieties, re-
spectively. Yields are a function of a set of
inputs in per hectare terms (Xj;), which we al-
low to have differential effects on yields,
depending on the type of seed (y/ and y/"). The
f’s are variety-specific aggregate returns to pro-
duction. Finally, the u} and ul terms are
variety-specific compound error terms, in which

@) wl =0 +¢f
L
(5) uﬁ =07+ 85.

Following  Carneiro, = Hansen, and
Heckman (2003) and Suri (2011), we assume
that households know 0/ and 0/, which are
farmer-specific productivity effects. We also
assume that ¢/ and &£ are unknown to the
farmer at planting and are uncorrelated with
each other as well as with the X’s.

Because 0/ and 0" are unobserved, we fol-
low Lemieux (1998) in decomposing the pro-
ductivity effects as
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6) 07 =by(0F —0) +¢
(7) 0f =br(0] =01+
where bH:(G%]—O'HL)/(G%I+62L—O'HL), b=
(0% onL)/ (0407 —onL), =Var(0/"),

aL =Var(0F), and oy ECOV(BIH,QIL) The {;
is a household’s absolute advantage in agri-
cultural production and thus does not vary by
the variety of chickpea under cultivation.

We then define ¢ = by /b, — 1 and rewrite

equations (6) and (7) as

®) O =(¢p+1)0i+ ¢

9) 6f =0+

where 0; = b, (07 — 0%). Our equation of in-
terest is equation (8), which relates the pro-
ductivity of a household in growmg
improved varieties of chickpea (0;") to a
household’s comparative advantage in grow-
ing improved varieties compared to local va-
rieties (6;) and the household’s absolute
advantage in farming ((;). The scaling term
¢ on 0; is a measure of how important the
comparative advantage is for growing im-
proved varieties.

Returning to our Cobb-Douglas yield func-
tions, we take logs to linearize the equations
and replace the u/! and u’ terms with their
decompositions:

(10) yi =
(11) yh=

=BT+ Xy 4+ (p+ )0+ i+ &ff
ﬁl +Xlt'))] +0 +€t+811

Using a generalized yield equation of the
form y; = hyy!! + (1 — hy)yL and substituting
in equations (10) and (11), we can define our
empirical specification as

(12)  yu= ﬁ[ + X' V] (ﬂfl - ﬁtL)hit
+ X (“/] - “/]‘L)hit + 0; + PO;hy;

+ i+ e

where h;, is the decision by household i at
time ¢t to adopt improve chickpea and
g = h,,e” +(1—h )CL

The model defined by equation (12) is a
CRC model because the coefficient ¢6; on
the adoption term depends on the unob-
served 0; and will generally be correlated
with the adoption decision. This is a
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generalization of the household fixed effects
model (Suri 2006). Note that a fixed effects
model is equivalent to restricting ¢ =0 so
that the household unobservable 0; has the
same effect on yields regardless of the tech-
nology adopted. Intuitively, this assumes that
the unobserved heterogeneity that makes the
adoption decision endogenous is independent
of a household’s ability to use the technology.
The CRC model relaxes this assumption and
allows the unobserved effect to vary by chick-
pea variety.

In our estimation procedure, which is de-
scribed in the next section, we estimate the
distribution of 0;, which is a measure of a
household’s productivity in improved varie-
ties relative to local varieties, and ¢, a mea-
sure of the importance of comparative
advantage. The ¢ term describes the sorting
of households into improved varieties. For
¢ > 0, the sorting process leads to greater in-
equality in yields as households with rela-
tively high values for 0; select into the new
technology and see increasing gains from
their decision to adopt. Alternatively, for
¢ < 0, the sorting process leads to less in-
equality as adoption of improved varieties
will still be optimal for households with rela-
tively small values for 0, When ¢ =0, a
household’s comparative advantage in culti-
vating improved varieties relative to local va-
rieties is not important for the decision of
whether to adopt the improved varieties.

Empirical Approach

Identification of the Yield Function

Identification of equation (12) requires two
assumptions. The first is mean independence
of the composite error and unobserved com-
parative advantage terms and the exogenous
regressors. This amounts to
(13)  E[G + &|0is hir, - . . hir; Xa, - ., Xir]-
This assumption is not partlcularly strong,
given that by differencing out 07 —05), w
have ensured that {(; is independent of H
(Heckman and Honore 1990; Suri 2011). The
second assumption is strict exogeneity of the
idiosyncratic error term, which implies that
transitory shocks do not affect the house-
hold’s decision to adopt. We divide potential
shocks into two categories—those that occur
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after the adoption decision, and those that oc-
cur prior to the adoption decision.

The timing of the household’s decision is as
follows. Prior to the rainy season, a household
decides to either plant cereals before the rains or
skip cereals and potentially plant legumes in the
post-rainy season. If the household chooses to
skip cereals, it observes rainfall and then decides
to either plant legumes or leave the plot fallow
for the entire year.® If the household chooses to
plant legumes, it then prepares the land and
chooses a seed technology based on forward-
looking expectations regarding the availability of
inputs (including budget constraints) and pros-
pects for the sale of outputs. Having decided
upon a seed technology, the household plants
and then throughout the growing season applies
labor and complementary inputs as non-rainfall
shocks are realized. Finally, the household har-
vests and markets its production.

We are able to control for many of the
shocks that occur prior to the adoption decision
and affect both the decision to adopt and
yields. We directly control for these potential
shocks by including a variety of weather and
household demographic variables. To control
for weather shocks, we use seasonal rainfall as
well as deviations from average rainfall. As
Suri (2011) points out, the most likely type of
non-weather shock is sudden sickness or death
in the family.” We include variables to capture
changes to the head of household, the house-
hold structure, and the household’s access to
off-farm income on the assumption that a death
would impact any or all of these terms.

What remains are transitory shocks that
occur after the adoption decision is made.
We control for input use, as households will
adjust their use of purchased inputs and the
application of labor as seasonal shocks are

8 As an anonymous reviewer pointed out, one may be con-
cerned that the introduction of improved chickpea creates addi-
tional land pressure, reducing the incidence of fallowing and
thereby reducing land quality (and by extension, yields) for those
farmers who adopt the new technology. Three factors mitigate
this concern. First, the crop cycle in Ethiopia means that the
household decision to cultivate chickpea does not create addi-
tional pressure on land use (i.e., growing two crops on the same
plot in the same year). Second, as Josephson et al. (2014) note,
households in Ethiopia have by and large replaced fallowing with
multi-crop practices. To the extent that the evidence in
Josephson et al. (2014) is representative of a transition that has
already occurred in Ethiopia, the introduction of improved chick-
pea does not introduce any new dynamics to soil management.
Third, chickpeas fix nitrogen in the soil, making it unclear that
fallowing is more nutrient-enriching than cultivating chickpeas.

¥ Note that if household members are chronically ill or if death
is expected due to age or existing infection, those would not be
transitory and are therefore controlled for by our absolute ad-
vantage term.
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realized. As panel A of table Al in the sup-
plementary appendix reveals, input use varies
considerably over time. We interpret this as
households adjusting their input use to the re-
alization of transitory shocks after the adop-
tion decision has been made. Given that we
include input values in the regressions, we be-
lieve the possible presence of post-adoption
transitory shocks is well controlled for.

By including a rich set of control variables,
we have endeavored to reduce the potential
for transitory shocks to affect both the adop-
tion decision and outcomes. However, includ-
ing controls still leaves the possibility that
some unobserved transitory shocks remain.
Such shocks, if they exist, most likely simulta-
neously reduce access to improved varieties
and negatively impact outcomes, meaning the
returns to improved varieties may be biased
upward. Our results should be interpreted in
the light of this limitation.

Estimating the CRC Model

To estimate equation (12) we use Suri’s (2011)
generalization of the correlated random effects
(CRE) model pioneered by
Chamberlain (1984). We return to Suri (2006)
in order to expand the method to accommo-
date three years of data. For ease of exposition,
we outline the estimation procedure for a
three-period model without covariates.
Assume the data generating process is given by

(14)  yi = 0+ Phi + 0; + ¢0;hi + &;

where ¢, = +¢e, = ﬁfl — BIL, and all
other terms are as previously defined. Note
that the problem in estimating this equation
comes from the fact that both 4; and 0; are
present in multiple places in the equation. As
with the Chamberlain (1984) CRE model, we
can replace the 0;s with their linear projec-
tion on the history of the household’s adop-
tion behavior

(15) 0;= Ao+ Ahi + A2hip + Ashiz + Jahihip
+ Zshihiz + Zehiphis + 27hinhphiz +-v;.

Note that we must include the history of in-
teraction because while the projection error
v; is uncorrelated with each individual history
by construction, it is not necessarily uncorre-
lated with the product of the histories.

Substituting equation (15) into equa-
tion (14) yields the following:
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Vit =0+ Phit+ o+ Athiy +ahip + 3hiz + Zshithip
+ZAshithiz + A6hiohiz + 7hinhiphis + v
+ ¢ (2o +21hin +Johip +A3his + Aahihip
+Zshithiz + Ashiphiz + A7hithiphiz +vi) b
+ T+ Ui

The structure of the equation becomes eas-
ier to visualize when we write out each time
period’s yield function:

(16a) yin = (6+40) + [B+ PAo+ 41 (1+ ¢)]ha
+Aahip + A3hiz + [¢l2 + Za(1 + @) hihia
+[p23+As(1+ @) |hirhis + Ashihiz
+[ph6 + A7 (1 + @) hirhiohiz
+ (Vi + dvihin +un)

(16b) yio = (0 + 4o) + Arha + [B+ Pl
+ (1 + @)h + Zahi + [P
+ 24(1 + @) hinhip + Zshihis

+ [p43 + 46(1 + @) hiohi
+ [¢pAs + A7(1 + ¢)]hithihis
+ (Vi + ¢rihip + up)

(16¢) yiz = (6 + 4o) + A1hi + A2hi
+[B+ ¢do + A3(1 + ¢)lhis
+ [pA1 + 25(1 + ¢)]hinhi3
+ Aahithiy + [l + 26(1 + @)]hiohis
+ [p24 + 27(1 + @) hithiohiz
+ (Vi + ¢rihiz + uiz).

These are the structural yield equations for
each period. From these we can estimate the
following three reduced form equations:

(17a)  yir = 01 + prha + y2hi + 3hi3
+ y4hithip + yshithiz + yehiohis
+ y7hihiohis + ng

Yi2 = 02 + yghit + yohir + y10his
+ y11hithi + yphihis
+ 71zhi2hiz + y1ahithihis + ni
yis = 03 + yi5hia + yishia + 173
+ yighithia + y1ohithis + pohinhiz
+ vphianhiphiz + njs.

(17b)

(17¢)

These equations give 21 reduced form
coefficients (y; —v,;) from which we can

Amer. J. Agr. Econ.

estimate  ten  structural = parameters
(B, b, 20 — A7). Note that if we normalize the
0’s so that ) 0; = 0, we can eliminate 4y and
only need to estimate nine structural
parameters.'® The restrictions necessary to
identify the structural parameters are pre-
sented in table below.

1 =[B+ e+ i+ 0)
V2 =/

V=743

V4 = [pA2 + 24(1 + @)]

75 = @Az + 4s(1 + 9)]

Y6 = 46

17 = [9ds + 47(1 + 9)]
78 = A1

7o = [B+ @0 + (1 + ¢)]
Y10 =43

= [k + 441+ 0)]
T2 = 45

713 = [@43 + Z6(1 + @)
14 = @25 + 27 (1 + ¢)]
V15 = M1

716 = 22

M7 = [ﬁ + QDZ() + /L3(1 + (P)}
718 = 44

P19 = [@A1 + 25(1 4 )]

Y20 = [W}z +26(1 + )]
721 = [@A4 + 27(1 + @)]

We estimate equations (17a)-(17c) as
seemingly unrelated regressions and preserve
the 21 reduced form parameters in a vector
mpix1 and the variance-covariance matrices
in a large symmetric block matrix Vpi,z1).
The restrictions on the y’s can be expressed
as m = HS, where Hp;,.9 embodies the 21
restrictions on 7, and 8y, is a vector of our
nine structural parameters.

We then use the optimal minimum distance
(OMD) function to estimate the structural
parameters. What remains is to calculate the
variance-covariance matrix of the structural pa-
rameter estimates so we can compute the correct
standard errors. This involves taking derivatives
of each element in the product Hé with respect
to each of the structural parameters; this gives us
63 derivatives in the construction of the
variance-covariance matrix.!! We automate the
estimation procedure using a new Stata

10 Normalizing 0; results in 2o = —hy it — hida — hisds — hit
I’l,z Ay — hithizAs— hlzh,j,/(,* hllhlzh,3)7 where the bars are the
averages of the adoption decision over time. Note that by the no-
tation hjhn we do not mean the product of each mean, but
rather the mean of the interaction term.

1 Note that there are more derivatives than restrictions because
of the presence of o, which is a function of all of the /; terms.
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Returns for Yields

Descriptive Evidence

At first glance, descriptive evidence of the
impact of improved chickpea on yields
appears to be unambiguously positive.
Restricting our sample to households who
cultivate chickpea, panel A in table 2 shows
that in all three years yields from improved
varieties are significantly higher than yields
from local varieties.!? In online supplemen-
tary appendix A, we calculate the marginal
distribution of yields by adoption status.
Returns are significantly higher for those who
have adopted, and the yield distribution for
adopters first-order stochastically dominates
the distribution for non-adopters.

One obvious potential reason why im-
proved chickpea might be associated with
higher yields is if farmers increase the inten-
sity of agricultural input application.
Compared to traditional local varieties, the
cultivation of improved varieties is associated
with higher rates of fertilizer, chemical pesti-
cide, and herbicide application. Similarly, cul-
tivation of improved varieties is associated
with higher costs for hired labor and for trans-
portation of goods to market. The only input
where we consistently see no difference in
use across varieties is family labor. This may
be due to binding family labor constraints,
which force households to substitute hired
labor or labor-saving technologies, such as
chemical herbicide, for scarce family labor.

Given the prevalence of statistically signifi-
cant differences in input use, we cannot tell if
the improved varieties result in higher yields
or if households use inputs more intensively
when growing improved varieties, and this is
what results in the higher yields. To address
this issue, we first turn to a multivariate

12 For each cultivation pair we first test for normality of the
data using the Shapiro-Wilk test. In every case we reject the null
that the data is normally distributed. Because of this, we rely on
the Mann-Whitney (MW) test instead of the standard t-test to de-
termine if differences exist within crops across cultivation practi-
ces. Unlike the rtest, the MW test does not require the
assumption of a normal distribution. In the context of summary
statistics we also prefer the MW test to the Kolmogorov-Smirnov
(KS) test since the MW test is a test of location, while the KS test
is a test for shape. Results using the KS test are equivalent to
those obtained from the MW test.

Money Matters: The Role of Yields and Profits 9

analysis employing Ordinary Least Squares
(OLS) and fixed effects.

OLS and Fixed Effects Evidence

Our theoretical framework sets up the model
in terms of a Cobb-Douglas yield function so
we begin by estimating the generalized yield
function with log of chickpea yield as the de-
pendent variable.'® To start, we test to see if
yield response curves to inputs differ by
chickpea variety by estimating yield using
regressions in which we interact inputs with
the adoption indicator (see table Bl in the
supplementary online appendix).!* The yield
response is similar for both chickpea types;
on the basis of this result, we believe that it is
reasonable to pool all the seed varieties to-
gether in the yield function. Results from
OLS and fixed effects versions of this gener-
alized yield function, with various sets of con-
trols, are presented in columns (1)-(4) of
table 3.

In our OLS regression, the returns to adop-
tion are 26%, which is slightly larger than the
mean difference in yields presented in table 2.
The inclusion of measured inputs reduces the
returns to adoption, but the returns remain
positive and significant. These results provide
suggestive evidence that differences in input
use do not fully explain the higher observed
yields for improved chickpea.

However, when we include household fixed
effects, returns to adoption are no longer sig-
nificantly different from zero. While higher
yields on improved chickpea clearly exist in
our data, differences in mean outcomes can
be explained by including either observables
or by controlling for time-invariant unobserv-
ables. Once we control for input use deci-
sions, regional environmental differences, or
time-invariant differences across households
(i.e., the absolute advantage, {;), improved
chickpea yields are indistinguishable from lo-
cal chickpea yields. The main caveat of our
interpretation of the fixed effects results is
that estimation of the equations relies on a
fairly restrictive assumption regarding the
adoption process. Fixed effects is a special
case of the CRC model in that it assumes the

13 Given the prevalence of zero values in both input and out-
put data, we use the inverse hyperbolic sine transformation to
convert levels to logarithmic values.

' This also allows us to conduct a number of other tests re-
garding the potential endogeneity of some inputs as well as re-
garding the separability of labor. These tests are discussed in
online appendices B and C.
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2 =8 comparative advantage term is equal to zero.
; ¥ ;ye 3: This assumption amounts to requiring that a
S £ household’s experience or history of adoption
gﬁ has no effect on the outcome of interest, or
g2 at the effect is the same in every time pe-
gz that the effect is th t
<18l ~_ ~ | 2% riod. Alternatively, if households are fully
< .
S|3|88850 | 56 aware, or completely ignorant, of the poten-
SEAEREELINRE . . . .
Sl === = 2 tial gains from adoption, or behave myopi-
E ~ ~ S o . . .
— SE cally, it may be the case that their history of
3% adoption has a time-invariant impact on their
I NP E E returns. Given that nearly 40% of the house-
§ 229 Q 2% hplds in the sample do not change their adop-
QAlca—8T| 23 tion status, such an assumption may be
O o
S o T nable.
‘2 easonable
L @
- 2%
17} S 2
Q = 9
= £ &
* * =
E o :%_% Corgelated Random Effects and CRC
28 Evidence
< O
£8 2 o eqe . .
- rE To test for the possibility that adoption his-
I . . . .
S8 lwaad £2a tory has either no effect or a time-invariant
o .
S % Py % ﬁ‘q% éré J‘ effect on returns, we next estimate a corre-
g|rta S lated random effects (CRE) model (see
- 3i£ table 4). To do this, we replace the time-
5.0 < . . . .
£5¢5 invariant household fixed effect with its pro-
o 1= . . .
%o @g .| & E ﬂ- jection on the c;omplete household adoption
RIBERE NERS history. Coefficients on the returns to adop-
el R AR g &< tion are similar in the CRE model and in the
iz e fixed effects model.'> Returns on yields are
= é: g *!,L again not significant, regardless of whether or
< . .
81, . EER not we include measured inputs.
3‘ 0% 22 g Across the fixed effects and CRE models, a
S Eg s robust set of outcomes show, controlling for
= < .
S22 observables and unobservables, that improved
> o . . . . . . .
282 chickpea varieties have no statistically signifi-
=] . . . .
3 —~ s E2 cant impact on yields. This result brings us
S5 |atTnvny g2 S% . . .
SI2|RLGE & | 2 g3 back to our primary question—if improved
o ~ = = . . . . . .
g* NN 288 chickpea varieties are not yield improving, why
- g o2 have so many households adopted them? One
e E explanation is that a household’s unobserved
<5 & ) 1 1
_ ~ =~ 283 comparative advantage, left uncontrolled for in
S | Do S5 . . . ..
2IRBED g 538 much of the existing adoption literature, is bias-
el B R 3§ 2 ing our results. A test of whether or not such
< i= . . .
Ly correlation exists can be constructed using the
,ELS % CRC model. Here, we not only estimate the
~~ 5 = .
= Z28 returns to adoption (f3) but the degree of selec-
= S = £ : 3 3 >
A o~ £% £ tion due to heterogeneity in households’ com-
< T < .
g 2 : Ex parative advantage (¢). A t-test on the ¢ term
T 2 N is a test of the validity of the fixed effects as-
%2} Q= . . .
3 s = 3 E sumption that unobserved heterogeneity is
=] = - Z 2 e
5 S $ 282 -
-~ = =
= S B z|%:i3 . |
) =9 e € an Xed elrects estimates or returns are
S 5 £ ERE- 5 While the CRE and fixed effects estimates of ret
~ Q, = '«g é % H similar, the %> values on the overidentification tests allow us to
E S > ERR- reject the fixed effects model in all cases. However, the overiden-
%] < ! — S .2 © . . . R . .
= & =] Q| CEFE tification test is an omnibus test, meaning that it has low power
] = o £ g 22 to reject any specific alternative. Thus, our ability to reject the
o Ol 2% = fixed effects model is not particularly surprising or informative.
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* ' . . . . .
N E R . moo | B2 time-invariant and uncorrelated with the deci-
o Rrassszi®a| 8: ion to adopt, or th i f adopti
Lo | ROmmmZ=R | T4 sion to adopt, or the experience of adoption.
as S Table 5 reports the OMD estimates of the
~ = 2
= § 2 structural parameters from the CRC
A i o on| 2E model.'® Returns to adoption for yields are
z 5 I&a3 2 é 22 § | sE again not significant, having controlled for
. £ o .=
budl R ne —o | EE observables and unobservables.
E 3 g Additionally, the estimates of ¢ are not sta-
o x 5= tistically different from zero. If we believe that
0 Q. . . . . . .
g ns g_ 385382 03%| 25 ¢ = 0, this implies that selection into improved
FCIOT | Z8=maBd | 22 varieties is not based on any sort of unobserved
= 0 O — O &z
2 o S comparative advantage. Intuitively, heteroge-
_ . E neity exists between households in that some
n PR, ow| 5 households are better farmers than other
A& foo | 82 .
22|32 ZprzZrzR| £ households, regardless of crop type. This abso-
0 — =) . . .
~ o lute advantage in farming is completely con-
£ trolled for by the fixed effects model. What the
s g . .
¥~ g3 CRC results show is that there is no detectable
o0 o < = 2 . ..
D g S83838 3 8Z0| 2 comparative advantage additional to a house-
.. Q .
|77 g* alalalaRs =R g hold’s absolute advantage at farming that
=l . .
= | 25 makes some households better at cultivating
~ £ < . . . . .
@) .~ = improved varieties compared to local varieties,
wn =3 . . . . .
Dlme | & Rogc0833| %z and results in their selecting into improved
TR |SSAmEE B varieties.!”
172) (==’ < ° * .
S g5 To summarize our results thus far, our
8%, : .
g % = fixed effect and CRE estimates provide no
= = £ . . .
g 2= 5S 2855022 2 %% evidence that the adoption of improved
chls SIS = Z2RE | S2: chickpea results in higher yields when com-
g T~ Ty pared to local varieties. This presents us
k& &85 with an empirical puzzle that is the con-
<] g . .
- = - ES < verse of the one that motivates Suri (2011):
72} 72} — . .
240|282 2 > o SRI| 52T high adoption rates of a technology that
°TTS =S| g4 d t i ield
S R oes  no increase average Yyields.
= o - . . .
23S Estimating the CRC model, we find no evi-
O oy o RO | BET dence that Suri’s (2011) explanation of the
BT822 22258 ] 2, le f ize in Kenya holds in the con-
w LTSS 2T £y puzzle for maize in Kenya holds in the con
gl - = 2E2 text of chickpea in Ethiopia.'® The high
o - = 5 2 . . . .
= 55“ . 225 adoption rate is not driven by selection
& 22 9 .
E| L u~|E2 08003888 2573 based on comparative advantage. Thus, the
SIS ne | Sz ezz 0TS | 58 . p
e — |l =Z44> = I question remains: why are so many house-
- £ 8 & . .. . . .
& 2 = 25% holds in Ethiopia adopting improved chick-
3] . o~ 223 pea in the absence of yield gains?
= & 2 _ |~ E R ) g 8 s 2 E
= 2 (\locuma)cuzﬂ_Y_< D EE
s|lg|o— |23 rrraS| 25
2|5 == 32
o ‘3- o
S A~ % ([3 cfoPo % % 2 o 'S 16 Estimates of the reduced form coefficients are presented in
S | Rz Zo=Z T2 2 23 online appendix E.
-E g e - < go £ 2 7 In online appendix D we estimate two-year pairwise ver-
< 5 R o sions of the CRC model to determine if our results are affected
(3 S 3 E by the averaging over three years. Though coefficients are less
S S % - = S precisely estimated, the results confirm those in the three-year
a 5w 255 model.
.% 4 " g ) w g5 E ! We also estimate models with chickpea production value as
o] = 2O *E — & § L the dependent variable. In the adoption literature, this is a com-
=] o wnEo oo o E E % mon way to measure “economic” impact. However, it requires
- 8 ! 8 ARG g 2o ¥ the assumption that, if a household wanted to, all production
o % -g @] ﬁ S ﬁ z § g2 could be sold for that imputed value. Our results show that im-
= 13 § = 4 5 22 Qs % proved chickpea adoption has no significant impact on chickpea
x® g © 0 0.8 00 %5 2 E production value. Results of these alternative specifications are
= = OXNITATNOXK| =8¢ available from the authors upon request.
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Table 5. Three Year CRC OMD Structural Estimates
Ln chickpea yield (kg/ha)  Ln production cost (USD/ha)

Ln on-farm profit (USD/ha)

Without With Without With Without With
covariates covariates covariates covariates covariates covariates
p -0.239 0.012 0.042 —0.047%3%:* 2.269%%* 2.360%**
(0.628) (0.108) (0.040) (0.018) (0.472) (0.505)
10 6.647 2.271 —0.241 0.909 1.202 4.325
(18.86) (4.109) (0.265) (1.667) (1.335) (9.198)
M 0.237 0.068 0.039 -0.023 -0.141 —0.350
(0.156) (0.161) (0.121) (0.041) (1.120) (0.820)
Ao 0.2993% 3 0.173 -0.074 0.030 0.525 -0.212
(0.109) (0.107) (0.060) (0.026) (0.651) (0.598)
A3 0.272%% 0.140 —0.164%:%* —0.002 1.638%#:* 0.160
(0.104) (0.110) (0.046) (0.021) (0.465) (0.512)
Aa —0.297%* -0.237 0.246 0.020 0.275 0.361
(0.120) (0.179) (0.173) (0.050) (1.244) (0.840)
As -0.183 -0.035 0.159 0.035 0.008 0.271
(0.265) (0.187) (0.144) (0.046) (1.157) (0.743)
A —(.283 %% -0.112 -0.028 —0.037 —0.479 0.130
(0.103) (0.118) (0.074) (0.030) (0.713) (0.532)
Ay 0.267%* 0.186 —0.165 -0.028 —0.846 —0.404
(0.122) (0.161) (0.189) (0.056) (1.538) (0.918)
Observations 1,011 1,011 1,800 1,800 1,800 1,800
72 4,347 ek 4,504 % 6,517 3,112%%* 15,204 %% 7,403%%*

Note: Dependent variable is either log of chickpea yield, log of production cost per hectare, or log of on-farm profit per hectare. In specifications that include
covariates, these include the set of inputs presented in table A1. Where the dependent variable is measured in dollar terms, we convert relevant covariates to
value terms. Additional household controls include gender of household head, household size, off-farm income, land ownership, average rainfall for the sea-

son, and rainfall shock. Standard errors are reported in parentheses, while significance is as follows: * = p <0.1; ** = p < 0.05; and *** = p <0.01.

Returns for Costs and Profits

Descriptive Evidence

We now turn from a focus on the physical
returns to improved chickpea adoption to the
economic returns. We measure economic
returns as per-hectare costs of production
and as per-hectare profits from the sale of
agricultural production. These specifica-
tions directly embed our yield function,
with the Cobb-Douglas framework under-
pinning the cost or profit function.
Households, when making their technology
adoption decisions, are minimizing over
cost functions or maximizing over profit
functions for which the Cobb-Douglas technol-
ogy is an input. We consider whole farm pro-
duction as it allows us to capture reallocation
of resources across crops and better mirrors
household economic decision-making, which is
ultimately concerned with household income
and not income from a single crop.”

19 One may be concerned that the subsequent analysis is not
directly comparable to our analysis of yields, since our sample is

Similar to the descriptive evidence regard-
ing production, we find significant differen-
ces in production costs between those who
adopt improved chickpea and those who do
not (see panel B in table 2). At first glance,
we do not find strong evidence that adoption
of improved chickpea lowers production
costs, which is unsurprising, since improved
chickpea cultivation is more resource inten-
sive. In the first year of the survey, those
who cultivate improved chickpea have sig-
nificantly higher production costs. However,
over the subsequent rounds of the survey,
these costs fall, suggesting a learning pro-
cess. The primary sources of the differences
in production costs are seed, chemicals, and
transportation. Despite these categories con-
tributing to higher costs of on-farm produc-
tion, the net result is that those who

larger. To ensure that our results regarding costs and profits are
not driven exclusively by the inclusion of households that never
cultivate chickpea of any type, we also estimate cost and profit
functions of just chickpea producers. We find that our fixed
effects and CRE results do not change when we limit ourselves
to the smaller sample. Our CRC results for costs and profits
share the same sign but are not significant at conventional levels.
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cultivate improved chickpea are significantly
more profitable than those who do not.?”
The descriptive evidence suggests that while
improved chickpea production can be more
costly, these costs result in higher yields
and that those yields can be profitably
marketed.

OLS and Fixed Effects Evidence

Results from OLS and fixed effects versions
of the cost and profit regressions with vari-
ous sets of controls are presented in col-
umns (5)—(12) of table 3. Recall that only
our OLS estimates of the yield function
resulted in positive returns to the adoption
of improved chickpea. Comparably, the
returns in terms of costs tend to be negative
and significant and the impact on profit is al-
ways positive and significant. Households
who adopt the technology experience
around a 5% reduction in per hectare pro-
duction costs, which helps contribute to
around a 25% increase in profits per hect-
are. We take this as evidence that house-
holds are not adopting improved chickpea
for the technology’s potential yield gains.
Rather, households adopt improved chick-
pea for the potentially significant returns
gained as measured by lower costs and
higher profits. This suggests the need to con-
sider economic returns, not purely physical
returns or some imputed value to physical
returns, when seeking to understand the
technology adoption decision in the context
of developing country agriculture.

Correlated Random Effects and CRC
Evidence

While our OLS and fixed effects results are
encouraging, they may be biased if adoption
is correlated with a household’s comparative
advantage in cultivating improved varieties of
chickpea. We again estimate the CRE model,
which returns values very similar to our fixed
effects estimates (see table 4). Returns con-
tinue to remain significant when we estimate
the CRC model (see table 5).2!

20 In online appendix A, we separately calculate the marginal
distributions of costs and profits by adoption status. Figure A2
shows that there is not much difference in the distribution of
costs across adopters and non-adopters. Figure A3 shows the dis-
tribution of profits from adoption first-order dominates those
from non-adoption.

2! Estimates of the reduced form coefficients are presented
in online appendix E.

Money Matters: The Role of Yields and Profits 15

The results from our cost and profit
regressions tell a very different story than do
our results from the estimation of the yield
function. We find robust evidence that those
who adopt improved chickpea had lower
production costs and higher profits, even
without seeing significant increases in yields.
Despite this, we again find no evidence of se-
lection into improved varieties based on a
household’s comparative advantage. There
could be several explanations for this null re-
sult.?? First, our set of control variables may
have completely controlled for any compar-
ative advantage that might remain unob-
servable if we had fewer controls. This
seems unlikely since our results do not dif-
fer dramatically when we exclude/include
covariates from our model. Second, our esti-
mates may be too imprecise, meaning that a
comparative advantage exists but we lack
the power to detect it. Given that the stan-
dard errors on the estimates of ¢ tend to be
larger than the standard errors on the other
structural parameters, we cannot rule out
this explanation. Third, the skill and knowl-
edge to cultivate improved varieties may be
extremely similar to that required to culti-
vate local varieties. If this is the case, no
special advantage is required to shift a
household from non-adoption to adoption.
Given the relative simplicity of cultivating
chickpeas, this explanation is plausible.
Finally, it may be that the economic returns
to improved varieties are so consistently
large that it is rational for every household
to adopt. Given the high adoption rates and
that we consistently find that adoption
increases profits in the range between 23%
and 28%, we believe this explanation is the
most likely. Additionally, this explanation
does not preclude the existence of selection
based on comparative advantage. Rather,
what it says is that during this stage of the
adoption cycle, the returns gained by all
households from adoption greatly exceed
any comparative advantage that some
households might gain. If we were earlier or
later in the adoption cycle, there may be
more sorting based on a household’s com-
parative advantage.

22 In addition to these explanations, we explore, in online ap-
pendices B and C, the potential for endogeneity in our explana-
tory variables as well as the issue of separability of labor.
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Figure 2. Distribution of returns for yields
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Late dis—adopter
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Note: Figure displays predicted returns for yields by household history of adoption. Distribution of returns are calculated as  + ¢0;, where 0; is the compara-

tive advantage term for each household.

Discussion

Predicted Returns

To better understand why comparative advan-
tage does not play a significant role in the adop-
tion of improved chickpea, we predict the 0
term for a_given adoption history. We can re-
cover the 6 using equation (15) and our struc-
tural OMD estimates. Given that each history
is binary, and given that we observe at least
one household in each history, the projection is
fully saturated (see table 1). This procedure
results in eight mass points for the 0’s.

Once we have recovered the 0’s, we can
predict the average returns for a given adop-
tion history. This involves calculating f§ + ¢0;,
where f is the average return to improved va-
rieties, and each i is a specific adoption his-
tory. The results can be viewed as the
counterfactual returns for non-adopting
households using weighted averages of all
possible returns. In figures 2—4, we graph the
returns to improved chickpea adoption for
each adoption history.

Figure 2 displays returns to adoption in
terms of chickpea yields. The predicted val-
ues align with what we would a priori expect
in the adoption of new technologies: there
are differences in returns based on adoption
history. The households who adopt have
higher returns to the technology, in terms of
yields, than those who do not adopt or disa-
dopt. However, given the evidence from our
regressions, these differences are not statisti-
cally significant. We conclude that house-
holds who choose to adopt see positive but

insignificant gains from adoption, while farm-
ers who refrain from adoption or who disa-
dopt may do so because their gains from
adoption would be slightly negative.

Figures 3 and 4 display returns to adoption
in terms of production costs and on-farm profits
per hectare. Here we find consistently negative
(positive) returns regardless of adoption his-
tory. Unlike the results from the yield regres-
sions, we find reductions in costs for all groups.
We interpret this result as evidence that while
gains from adoption in terms of yields differ
slightly based on who chose not to adopt or
who disadopted, the reductions in production
costs are significant for all groups. This trans-
lates into positive returns on profit regardless
of a household’s adoption history. We believe
that the returns on profit, which are around
25%, are so large that the absolute advantage
presented by improved varieties dwarfs any
comparative advantage that some households
might possess. We conclude that comparative
advantage might be an important factor in de-
termining adoption of technologies with lower
average returns, such as maize and fertilizer in
Suri (2011), where average returns were 9%.
However, for technologies with large potential
returns, such as the case of improved chickpea
in Ethiopia, individual comparative advantage
may not matter when measured against the ab-
solute advantage all households would gain
from adoption.

Potential Mechanisms

If households that adopt improved chickpea
are not obtaining higher yields, then what is
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1 Late dis—adopter

[ Early dis—adopter
[ Never adopter

Figure 3. Distribution of returns for production costs

Note: Figure displays predicted returns for production costs per hectare by household history of adoption. Distribution of returns are calculated as f§ + $0;,

where 0; is the comparative advantage term for each household.

[ Always adopter
[ Early adopter

7] Late adopter
Mixed adopter

Mixed dis-adopter
71 Late dis-adopter

[ Early dis—adopter
[ Never adopter

Figure 4. Distribution of returns for on-farm profits

Note: Figure displays predicted returns for on-farm profits per hectare by household history of adoption. Distribution of returns are calculated as f + ¢0;,

where 0; is the comparative advantage term for each household.

driving the large gains in profitability? We
have shown that lower production costs ex-
plain some of this difference but where are
these cost savings coming from since im-
proved chickpea cultivation is more input in-
tensive? In this final section we explore two
potential mechanisms that may be driving the
increase in profits. The first is changes in
cropping patterns, and the second is in-
creased marketability of crop production.

To understand how these mechanisms
change in relation to adoption of improved
chickpea, we construct two different
“treatment” and “control” groups. In the
first, we compare households who cultivate
improved chickpea in all three rounds of the
data with those who cultivate improved

chickpea in round one but disadopt by the fi-
nal round. In the second, we compare house-
holds who never adopt with those who adopt
the technology in later rounds. The intuition
behind comparing these adoption types is
that in the first year, 2007, adopters and fu-
ture disadopters should always have out-
comes similar to each other, and so should
never adopters and future adopters. By the
last round, 2014, when adoption histories are
different, these outcomes should have
diverged.

To test the hypothesis that improved chick-
pea adoption translates into higher profits
through the reallocation of crop production
out of more costly or less profitable crops and
into improved chickpea, we construct
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Table 6. Crop Mix over Time

Amer. J. Agr. Econ.

2007 2014

Always Future MW-test Always Future MW-test

adopter disadopter adopter disadopter
Herfindahl Index 0.309 0.341 0.302 0.375 i

(0.085)  (0.134) (0.082)  (0.149)
Shannon Index —-0.300 —0.329 —0.294  —0.361 wE

(0.078)  (0.118) (0.076)  (0.129)
Cultivated area allocated to chickpea (%) 27.14 29.02 25.81 21.32

(14.07)  (20.34) (10.78)  (8.46)
Agricultural sales income (USD) 4,874 4,350 2,098 918.6 ok

(3,915)  (4,493) (2,336)  (1,064)
Share of chickpea production sold (%) 63.61 59.91 48.65 2222 ok

(29.37)  (24.51) (24.63) (994
Chickpea share of sales income (%) 38.97 31.82 31.94 25.04

(23.31) (31.18) (25.42)  (33.72)
Observations 147 16 147 16

Never  Future MW-test Never  Future MW-test

adopter adopter adopter adopter
Herfindahl Index 0.393 0.409 0.409 0.331 ok

(0.126)  (0.141) (0.151)  (0.093)
Shannon Index -0.377  —0.390 —-0.391 —0.322 HrE

(0.112)  (0.124) (0.131)  (0.086)
Cultivated area allocated to chickpea (%) 20.25 18.88 17.47 26.51 e

(14.06)  (10.09) (9.79)  (12.21)
Agricultural sales income (USD) 2,227 2,727 * 683.0 1,521 ok

(1,724)  (2,212) (875.7)  (1,253)
Share of chickpea production sold (%) 59.23 58.90 29.56 57.71 ok

(14.42)  (23.17) (18.67)  (25.30)
Chickpea share of sales income (%) 24.42 22.67 18.25 39.24 ok

(23.00)  (18.36) (29.74)  (27.09)
Observations 71 304 70 304

Note: Table displays the mean level of crop diversity and agricultural marketing variables by adoption type and year. In the upper panel, “Always adopters”
are those who in every year adopt improved chickpea. These are compared to “Future disadopters,” that is, those households who adopt in 2007 but disadopt
in either 2010 or 2014. In the lower panel, “Never adopters” are those who in every year do not adopt improved chickpea. These are compared to “Future
adopters,” that is, those households who do not adopt in 2007 but adopt in either 2010 or 2014. The final column for each year presents the results of Mann-
Whitney two-sample tests for differences in distribution. Results are similar if a Kolmogorov-Smirnov test is used. Significance of MW-tests are reported as *

=p<0.1; % = p<0.05; and *** = p < 0.01.

standard measures of crop diversity at the
household level. Our data contains detailed
information on the production of ten differ-
ent crops. We calculate Herfindahl and
Shannon indices using the share of land allo-
cated to each crop.?> When comparing always
adopters to future disadopters as well as
never adopters to future adopters in 2007, we
find no significant difference in crop diversity
(see table 6). By 2014, though, always

R

23 The Herfindahl Index is calculated as H = Zpiz, where R is
i=1

the total number of crop types and p is the proportion of culti-

vated area for each crop i. The Shannon Index is calculated as

R
S = — > pin(p;), where all terms are as previously defined.
i=1

adopters and future adopters have become
more specialized when compared to their rel-
evant counterfactual group. Always adopters
and future disadopters, both of whom cultivate
improved chickpea in 2007, have similar diver-
sity indices while in 2014, after future disadop-
ters have stopped cultivating improved
chickpea, future disadopters are significantly
more diversified. In a similar way, after future
adopters have started to cultivate improved
chickpea they are significantly more specialized
than their counterfactual never-adopters.
Looking across the same two groups, we find
that these changes in diversity are associated
with increases in the share of farmland allo-
cated to chickpea production. We take this as
evidence that cost savings occur as households
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shift production out of high-cost crops into rela-
tively less costly improved chickpea.

To test the hypothesis that improved chick-
pea adoption translates into higher profits
through increased sales of chickpea surpluses,
we examine differences in agricultural sales
income, share of chickpea sold, and share of
chickpea in sales income. Starting in 2007, we
find no differences in the baseline values of
our two groups, with the exception that fu-
ture adopters have higher agricultural sales
income than never adopters. This suggests
that our constructed counterfactual groups
for always adopters and never adopters are
broadly similar. When we look at sales out-
comes in 2014, we find that households who
disadopt now have significantly less income
from agricultural sales than those who con-
tinue to cultivate improved chickpea.
Additionally, the proportion of chickpea pro-
duction that is sold into the market is signifi-
cantly higher for those who continue to
cultivate improved varieties. Those who disa-
dopt sell less chickpea compared to their
always-adopting counterparts, as well as to
their past selves who cultivated improved va-
rieties in 2007. A similar pattern exists when
we compare never adopters to future adopt-
ers. Though similar to each other in 2007, by
2014 those who adopt have higher agricul-
tural sales income, sell more of their chickpea
crop, and have a larger proportion of their
sales income from chickpea.

Verkaart et al. (2018) provide a detailed
discussion on the cropping practices of house-
holds in Ethiopia using the same data.
According to their calculations, the increase
in cultivation of improved chickpea comes
primarily at the expense of local chickpea,
other legumes, and maize. Throughout the
study period, there was no significant change
to the number of households growing teff and
wheat, nor to the area allocated to these two
crops. This suggests that households have
replaced traditional legumes with improved
chickpea or have given up maize cultivation
during the main growing season and replaced
it with post-rainy season chickpea. Verkaart
et al. (2018) also calculate total production
costs by crop. These authors find that the pro-
duction costs of improved chickpea are about
half that for maize. They also find that the
costs of production for all legumes (local and
improved chickpea, fava beans, lentils, grass
pea, and field pea) tend to be similar. Where
differences appear is in the share of house-
holds selling improved chickpea and the sale

Money Matters: The Role of Yields and Profits 19

price commanded by improved chickpea. It
appears that as households move away from
maize and into improved chickpea, they ex-
perience cost savings. At the same time, as
households move away from traditional
legumes and into improved chickpea, they
are able to take advantage of the market.

Summarizing these results, we find that
households who adopt improved chickpea
reallocate production from costly crops, like
maize, into relatively less costly improved
chickpea. These cost savings are magnified by
a household’s ability to market their surplus
chickpea crop, which captures profits that are
unavailable when households cultivate local
chickpea or other staple crops. In light of
these large economic gains, the high adoption
rates of improved chickpea make intuitive
sense. An empirical puzzle only exists when
we measure returns using the wrong metric,
which in this case appears to be yields.

Conclusions and Policy Implications

Recent studies of agricultural technology
adoption have focused on the physical returns
(yields) or on the imputed value for these
physical returns. This has created an empiri-
cal puzzle in which households choose not to
adopt despite high average yields. Numerous
potential solutions have been proposed, each
of which contains elements to commend itself
to the policymaker.

We propose a return to an older, alterna-
tive solution focused on economic returns to
new agricultural technologies. We study a
technology that appears to have no impact on
yields yet has been widely adopted in
Ethiopia. Using three years of panel data and
a correlated random coefficient model, we
calculate the returns to improved chickpea
adoption in terms of yields, costs, and profits.
Across a number of specifications, we find no
evidence that adoption results in higher
yields. This empirical puzzle—high adoption
despite low to zero returns—disappears, how-
ever, once we measure returns in economic
terms. We find that adoption results in signifi-
cant reductions in total farm production costs
and a significant increase in profits.
Somewhat surprisingly, given its popularity
as a potential solution since Suri (2011), we
find no evidence of comparative advantage or
heterogeneity in returns based on unobserv-
ables. Given that returns on profits are
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around 25%, we conclude that any compara-
tive advantage some farmers may possess is
dominated by the clear absolute advantage
available to all farmers from adoption. This
explains the high adoption rates (up to 80%)
of improved chickpea.

To understand the potential mechanisms
that allow households to convert a non-yield-
increasing technology into a cost-reducing
and profit-enhancing technology, we conduct
a simple counterfactual analysis. While this
analysis relies on non-random “treatment”
and “control” groups, the results present a
consistent picture regarding the potential
mechanisms that have made adoption of im-
proved chickpea varieties so popular. Despite
not gaining higher yields relative to local vari-
eties, those who adopt find adoption to be
highly profitable. Adopters are able to sell
more of their chickpea crop, gain more in-
come from the increased sales, and reallocate
cropland to specialize in improved chickpea
production.

Our results imply that the divergent adop-
tion rates across contexts may be explained
by the quality of the markets for the output.
Persistent low adoption rates of improved
maize varieties that have been documented
across Eastern Africa may be the result of a
lack of markets where farmers can sell their
surpluses. Without complementary economic
gains, which require markets for surpluses,
increased physical gains will likely be unat-
tractive to potential adopters. This suggests
that focusing policy solely on the yield as-
pect of genetic gains may be misguided.
Examining traits other than yields, and im-
proving households’ ability to realize higher
yields (perhaps through complementary
investments that improve value chains and
market access) should accompany yield-
increasing breeding programs.

The context of our study is an extreme ex-
ample of the extent to which money matter.
Despite improved chickpea providing no sta-
tistically significant gains in yields, adoption
of the technology has been extremely high.
This adoption success has been the result of
markets for the improved varieties in which
farmers can sell their surpluses and reap eco-
nomic benefits unavailable from growing and
marketing less desirable traditional varieties.
Policy and future research should reorient in
a direction that considers both the physical
and economic returns as factors that influ-
ence the adoption of agricultural
technologies.

Amer. J. Agr. Econ.
Supplementary Material

Supplementary material is available online at
http://oxfordjournals.org/our_journals/ajae/
online.
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