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1 Introduction

The adoption of new technologies among subsistence farmers in developing countries is a
predominant issue in policy and academic debates in economic development, and has been
receiving an increasing amount of attention in recent years. Farmers make decisions re-
garding new technology adoption, for equipment, for seeds, and possibly for transport. The
problem is that development economists have often observed a lack of innovation in farming,
which some authors have linked to the persistence of rural poverty in developing countries.
Understanding how farmers make decisions would help in understanding why they do or do
not adopt new technology. The difficulty is that many factors affecting the decision pro-
cess are not observable to outsiders. For example, individual preferences toward risk and
ambiguity are typically not known.

This study is the first to attempt to empirically distinguish between risk aversion and
ambiguity aversion in farmers’ technology choices in developing countries. It combines a new
survey with new data using behavioral tests developed from economics experiments to dig
deeper into farmers’ decision process in adopting new technology in rural Peru. Our study
differs methodologically from others in that it contains both an experiment and an extensive
socioeconomic survey, and it includes both risk and ambiguity preference measures.

In the experiment we measure peoples predispositions toward risk, toward making indi-
vidual choices that do not fit the model of rationality, and toward ambiguity. In the survey we
collect information about households, farms, and farming choices. We use the experiments
to provide additional variables to explain the choice of technology use on the farms.

By contrast with a significant area of the literature, which stresses the role of farmers’ risk
preferences, we find that technology choices on the farm are more a function of aversion to
ambiguity than of aversion to risk. We find no effect on decision making from our measure
of non-rationality. We also find evidence for an effect of learning-by-doing hypothesis on

technology choice.



2 Technology Choice

To illustrate a technology choice, imagine that a farmer has been growing a traditional variety
of a particular crop, say potato. In the case of Peru, this might be a variety that her family
has been planting for generations, possibly dating back to the Incan empire. This traditional
variety of potato might have a low expected yield, but the farmer knows reasonably well how
much it will yield in a good year and how much it will yield in a bad year. Furthermore, even
in a bad year, this particular variety will yield enough potatoes to make it likely that the
farmer will be able to feed her family. New and modern varieties of potato appear from time
to time, however, such as the Papa Capiro (from Colombia), that perform reasonably well in
the farmer’s region, and has shown to provide substantial yield improvements at relatively
low cost (e.g. technical knowhow) of adoption. In fact, there might even be a number of
non-profit technical assistance programs in the area to bring such costs of adoption to a
strict minimum. Yet, it is still possible that this farmer will continue to choose to grow the
traditional variety.

It is a well established fact that, despite presumed yield improvements, farmers in de-
veloping countries do not always adopt new technologies, whether these are high yielding
varieties (HY'V) or modern complementary inputs such as chemical fertilizers. The literature
has put forward several possible hypotheses for what might determine a farmer’s propensity
to adopt. Among the many hypotheses, one that stands out is that subsistence farmers
do not adopt new technologies because they are risk averse. Since subsistence farmers are
typically poor, they do not like to undertake risky projects: they are not willing to take the
chance, however remote, that the new technology will not meet the minimum yield to ensure
a subsistence existence.

Suppose that the farmer must choose between a traditional, but safe, technology and
a modern one with potentially high expected yield. The modern technology may have a

larger yield variance, or perhaps she might perceive it this way. She will view the new



technology to be riskier. Poor individuals might have a stronger aversion towards risky
technologies because they are poor. Put another way, poor farmers are more averse than
richer farmers to the probability that the new technology will have a low yield, because in
a bad year the poor farmer may fall below subsistence. Therefore, we would expect that
technology adoption is less likely among relatively risk averse farmers. Several influential
studies have documented the important role of farmers’ risk preferences (e.g. Feder, 1980;
Feder et al.,1985; Antle and Crissman, 1990; Knight et al. 2003) has on the adoption of new

farming technologies.

Hypothesis 1 (Risk preferences) Technology adoption is decreasing in relative risk aver-

S10M.

Neoclassical approaches to decision-making among the poor assume among other things
that agents are rational. However, there is growing evidence that this is not a universal
rule among the poor and several papers have documented important examples where the
assumption of bounded rationality has failed. For example, in a previous study where sub-
sistence farmers in the Peruvian Costa were given the task to choose among different lotteries
(Engle-Warnick, Escobal and Laszlo, 2006), we found that farmers revealed a non-negligible
preference for payoff dominated gambles. The effect of non-rational choice on technology
adoption should work against profit maximization. Thus if we assume that adoption of new
technology is profitable, we would expect people who exhibit this type of behavior to be slow

to adopt.

Hypothesis 2 (Non-rational behaviour) Technology adoption is decreasing in non-rational

behavior.

The effect of risk preferences on technology adoption described above addresses one form
of uncertainty - the farmer knows (or has subjective beliefs about) the distribution of out-

comes, but does not know the realization of the outcome until it occurs. However, it is



possible that the farmer simply does not know the distribution of outcomes. In other words,
the farmer does not know the probability of high and low yields with the modern tech-
nology. This second type of uncertainty, known as Knightian uncertainty (Knight, 1921),
implies that a third behavioral characteristic may matter in the choice of technologies: am-
biguity aversion. Ambiguity aversion pertains to the aversion towards the uncertainty about
the probability distribution over outcomes. The technology choice problem can be expressed
quite appropriately in the context of ambiguity: traditional farming technologies tend to have
known yield distributions, whereas modern farming technologies tend to have unknown yield
distribution (at least to the farmer who is deciding which technology to choose). Therefore,
in addition to risk aversion, one might expect ambiguity aversion to be at least equivalently

important in determining which technology to choose.

Hypothesis 3 (Ambiguity preferences) Technology adoption is decreasing in relative

ambiguity aversion.

In thinking about behavioral determinants of technology choice, the literature has mostly
focused on the role of the farmers’ attitudes towards risk. In this paper, we suggest that
due to the ambiguous nature of the yield distribution of modern seed varieties, ambiguity
aversion should matter at least as much, if not more, than risk aversion in determining
whether farmers adopt new technologies. To the best of our knowledge, this paper is the
first to attempt to empirically distinguish between risk and ambiguity aversion’s effect on
technology choice among farmers in developing countries.

It is also important to mention other, non-behavioral, hypotheses that shed light on
the lack of technology adoption among farmers in developing countries. First, poverty (or
inversely wealth) may slow or prevent technology adoption. Poor farmers who are liquid-

ity constrained are not able to undertake the investment into the new alternative because

! For a recent theoretical discussion of the relationship between ambiguity aversion and innovation, see
Rigotti, Ryan and Vaithianathan (2003).



they are unable to cover the cost of the investment (purchase of the new seeds or fertiliz-
ers). Second, in an environment with perfect credit markets, poverty should not prevent
the investment because the farmer would be able to borrow against future crop yield (this
argument is made in Besley and Case (1993) and elsewhere). However, if credit markets are
imperfect, as they tend to be in most rural areas of developing countries (especially in rural
Peru), then farmers face a binding borrowing constraint. In such a scenario, poor farmers
who would want to plant the new seed or spread new fertilizer would not be able to do so
because they cannot borrow to cover their cost. Duflo et al. (2006) find evidence of liquidity
constraints among Kenyan maize farmers.

Third, learning of various kinds are also important determinants of technology adoption.
In particular, Foster and Rosenzweig (1995) and Duflo et al. (2006) find evidence of the
effect of learning by doing on adoption in India and Kenya, respectively.? If learning by
doing is an important determinant of adoption, then we would expect that more experienced
farmers are more likely to choose a new technology. More experienced farmers are more
familiar with the how inputs interact. Because the learning models assume that as one uses
a technology, one noisily learns about other technologies, past experience with new varieties
should also be correlated to a higher propensity to adopt.

Fourth, the recent literature has focused a great deal on the social learning (or learning
from others) hypothesis. The idea is simple. Suppose one farmer in the community is willing
to undertake the investment into a new technology. Call her the ‘leader’. Other farmers
in the community may wait to see what happens on her plots before deciding whether
they too should undertake this investment. Similarly, they might watch what she is doing
and how she is doing it before jumping in themselves. Eventually, they may choose to
follow her example and also choose the new technology. They are the ‘followers’. In other

words, the probability that a farmer will adopt a new seed or a new fertilizer will depend on

2 See Jovanovic and Nyarko (1996) for the theoretical discussion of learning by doing and technology
adoption using a target input model, used in Foster and Rosenzweig (1995).



whether others in her community have also adopted it. However straight forward, empirically
identifying this social learning hypothesis is difficult to do because of Manski’s reflection
problem. The correlation between the adoption by other community members and the
farmer’s adoption might be driven by a third, perhaps unobserved, factor, thus causing an
endogeneity bias in its interpretation. Several studies have nonetheless found convincing
approaches to identifying social learning and technology choice among farmers: Foster and
Rosenzweig (1995) and Munshi (2004) found evidence of social learning among maize farmers
in India, Conley and Udry (2006) among pineapple farmers in Ghana, and to some extent,

Duflo et al. (2006) among maize farmers in Kenya.

Hypothesis 4 (Non-behavioral hypotheses) The following summarize some of the main

non-behavioral determinants of technology adoption:

1. Income positively affects a farmer’s decision to adopt a new technology. Conversely, poverty will
reduce the probability that the farmer adopts.

2. Meanwhile, poor farmers who face a borrowing constraint are less likely to adopt a new technology
than farmers who can draw from their own savings or who have access to credit.

3. Learming by doing is an important determinant of technology adoption. More educated and more
experienced farmers are thus more likely to adopt a new technology.

4. Farmers are more likely to adopt a new variety if their neighbors have already adopted it themselves.

With these hypotheses in mind, we now turn to the case of Peru, where we visited
rural communities in two areas, the Costa and Sierra, to run a socio-economic survey with
questions pertaining to agricultural technology choices and laboratory experiments in the

field to elicit farmers’ preferences under uncertainty.

3 Experimental Design

Our experimental design consists of measures of risk preferences, tests for preferences for

payoff dominated alternatives, and measures of ambiguity preferences. The design is as



simple as we could make it. The goal of our design is to provide a set of explanatory
variables that complement those that we generate in our socioeconomic survey, refining our

ability to understand technology choice.

3.1 Risk Preference Measure

We take our instrument of risk preference measure from the instrument in Figure 1, which we
denote ‘five options’ (FO hereafter). With this instrument, five options, each represented by
a circle, are presented to the subject, who is instructed to select exactly one of them. Each
option contains two payoffs, each with a 50% probability of occurring: in the top option
for instance, subjects earn 26 Nuevos Soles (S/.) with certainty, while the option to its left
has a low payoff of 20 S/. (with 50% probability) and a high payoff of 35 S/. (with 50%
probability). As one moves counter clockwise in this figure, the variance in the payoffs is
increasing. This instrument was introduced by Eckel and Grossman (2003).

For our measure of risk preferences, which we denote ‘risk measure’ (RM), we decomposed
FO into a set of four binary choices. This decomposition resembles the instrument in Holt
and Laury (2000). The measure is presented in Figure 2, where each row in the figure
represents one binary choice between two alternative gambles. In fact, each binary choice is
between two alternatives that were located next to each other in the circle of FO. Beginning
with the first row of choices and moving down, an expected utility maximizer will at some
point switch from the left-hand side gamble with lower variance to the right-hand side gamble
with a higher variance and slightly higher expected utility. The sooner the subject switches

from the left-hand side to the right-hand side, the less relatively risk averse she is.?

3 Our motivation for decomposing FO into RM was to use the relatively simple 50/50 choice gambles
within a framework within which we could study the effect of adding additional alternatives to the choice
set. The experimental design also consists of a set of questions that study the effect of additional choices.
For a description of this aspect of the design, see Engle-Warnick, Escobal, and Laszlo (2006).



3.2 Dominated Alternative Preference Measure

Our second test, which we denote Dominated Choice (DC) is designed to reveal preferences
for payoff-dominated alternatives. This measure can be thought of as a measure of the
subjects’ ability to understand the decision-making problem, or a measure of a type of
subject who for some reason legitimately prefers to leave money on the table, or some other
kind of non-rational behavior. Figure 3 shows the five choices subjects faced with a payoff-
dominated gamble. Thus for each of the five base gambles, we test whether subjects would

prefer a gamble that is dominated in both possible payoffs.t

3.3 Ambiguity Preference Measure

Our third test, which we denote Ambiguity Measure (AM) is designed to measure preferences
about ambiguity. Figure 4 shows the collection of these five decisions, one in each row. In the
figure, the gamble on the left displays the possible prizes, but not the probability of winning
those prizes (this is communicated by eliminating the vertical line in the center of the circle).
The gamble on the right contains the same prizes, but with a 50/50 chance of winning each
one. However, if a subject chooses the gamble on the right, she must pay S/. 0.50 of her
final earnings back to the experimenter for making this choice.® Thus the left gamble is
ambiguous in the sense that the subject does not know the probability distribution over
outcomes, and the costly right gamble provides the subject with an opportunity to reveal

her preference to avoid this ambiguity.

* We include these tests based on our findings in Engle-Warnick, Escobal and Laszlo (2006), where subjects
chose payoff dominated alternatives 25% of the time they were available among a set of three alternatives.
We wished to discover whether they would directly reveal their preferences for these gambles in a binary
choice.

® In no case can this ever result in a negative payoff for choices in the experiment.



3.4 Explanatory variables generated by the experiment

We constructed an explanatory variable for each one of the three behavioral measures in our
experiment. Embedded within the decisions our subjects made was a set of choices relevant
to each measure. We take those choices and construct three measures.

First, to measure risk preferences, we take the four decisions depicted in Figure 2, noting
that each decision is a choice between a relatively safe and a relatively risky gamble. For the
risk preference measure we simply count the number of risky choices made by the subject.
The fewer risky choices, which can take on integer values from zero to four, the less risk
averse a subject is. This measure is equivalent to the one used by Holt and Laury (2002).

Second, to measure a degree of rationality, we count the number of times subjects chose
the dominated alternative in each of the five choice problems depicted in figure 3. This
measure takes on integer values from zero to five. The more subjects prefer dominated
choices, the higher this measure.

Third, to measure ambiguity preferences, precisely as in our measure of risk preferences,
we count the number of times subjects pay to avoid an ambiguous gamble in each of the five
choice problems shown in figure 4. This measure takes on integer values from zero to five.

The more subjects are averse to ambiguity, the higher this measure.

3.5 Experimental Procedures
3.5.1 Subject Pool

In February of 2006, we held two sessions in the district of Canete (in the Costa) and
five in the Mantaro river valley (in the Central Sierra). All seven communities are rural
communities, where agriculture is the main livelihood. These communities do not specialize

in a particular crop, yet maize and potato are the dominant ones.® These crops are typical

6 31% of our sampled farmers plant maize as their main crop, while 42% plant potato as their main crop.



Peruvian crops and are consumed locally and also sold in larger domestic markets.

In Canete, we held one session with 19 subjects in Unanue, a community with just over
200 dwellings, and the other with 25 subjects in La Pampilla, a community with 60 dwellings.
In the Mantaro river valley, we alternated sessions on either shore and each community was
located in a different district.” In the district of Paccha, we ran a session with 25 subjects
from the community Buenos Aires (which has a population of 40 dwellings). In the district
of Acolla, we ran another session with 25 subjects in Tambopaccha, a community with 80
dwellings. In the district of Matahuasi, we had 25 subjects from Yanamuclo (population:
300 dwellings). In the district of Orcotuna, we had 15 subjects from the community San
Antonio (population: 35 dwellings). Finally, in the district of Sicaya, we had 25 subjects in
Anexo La Libertad, a community with 95 dwellings.®

We visited each of the seven communities several days in advance to recruit subjects
with the help of the community leaders, who also helped arrange the locales (schoolrooms or
community halls) in which to run the session. Subjects were recruited based on the following
criteria: they had to be of legal age (18 and above), be farmers, reside in the community
where the session was to be held, and had to have basic literacy and numeracy skills. Since
the community leaders played an important role in recruiting subjects for the session, it is
unlikely that we have a random sample.” However, given the small sizes of the communities
that we visited, our subjects are representative of their communities. For instance, since
subjects did not come from the same households, a session with 25 subjects would represent
25 different households. Thus, in a community with 40 dwellings (such as Buenos Aires,
Paccha), our session involved subjects from more than 50% of households. At the very least,

in the case of Yanamuclo (Matahuasi), we sampled from just under 10% of households.

" Because the region is rather densely populated, we did this to minimize potential contamination from
one session to the other. Because kinship ties are strong in contiguous communities and weak across the
river and non-contiguous communties, it is unlikely that word would travel quicker than the experimenters
and surveyors from one field site to the other.

8 The population data are from the 1999 Peruvian pre-census.

9 Tt was necessary to involve the community leaders so as to ensure the community’s cooperation.

10



3.5.2 Experimental Sessions

We ran our sessions as laboratory experiments in the field. Subjects were given a show up
fee of 10 S/. (approx. $3 US) upon arrival to cover their transportation and opportunity
cost, which is roughly what an agricultural laborer earns in a day. Paying the show up fee
immediately helps to build trust in the incentivized part of the experiment. Two of our
surveyors, each native Spanish speakers, gave the instructions in all three sessions reading
from a script.’® The subjects were given a booklet containing the forty-four decisions.!! Each
page of the booklet contained one decision. For each decision, subjects indicated their choice
by pen. After subjects completed their booklets we verified that each page had exactly one
choice marked on it. To control for the effects of order in presenting the choices, the order of
the decisions as well as the left /right presentation of the gambles was randomly determined
separately for each subject.

The gambles were implemented by drawing chips out of a bag. For this we used three
separate bags, one for each type of randomization required by the experiment. The first bag
contained forty-four numbered chips and determined which page of the booklet would be
selected for payment. The second bag contained five blue and five yellow chips and deter-
mined the outcome of a 50/50 gamble with known probabilities. The third bag contained a
number of blue and yellow chips which we determined randomly by drawing from a uniform
distribution from all possible combinations of yellow and blue chips just before the session.
When subjects played the gambles, they were first asked which color they chose, blue or
yellow, to represent the higher of the two possible payoffs. They then pulled a chip from the
appropriate bag to determine their earnings. Subjects were permitted to see the composition

of the chips in the ambiguous bag if they desired after the draw. No subject ever asked to

10 The English instructions are provided in the Appendix. The instructions in Peru, given in Spanish and
are a translation of the English instructions, are available upon request.

1 These decisions consisted of the fourteen decisions in RM, DC, and AP plus the questions with additional
alternatives in the choice set, which we do not analyze here.
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do so. Subjects also pulled the chip that determined the choice that was played for pay.

The experiments were held in either a schoolroom or a public meeting room. Only the
subjects and experimenters were in the room at the time of the experiments, and outside
distractions were carefully minimized. Subjects with relatively poor vision or hearing were
seated at the front of the room to facilitate understanding of the instructions.

One-hundred and sixty subjects participated in the experiments, with session sizes of
approximately twenty.'? Subjects earned an average of 25 S/. in addition to the 10 S/.
show up fee. The experiments lasted approximately one hour, and the entire time spent
on the experiments and the survey was approximately 4 hours per session. Subjects first
participated in the experiment, then individually completed the survey, and then were paid

their earnings from one randomly chosen gamble choice in private.

4 Survey & Construction of Variables of Interest

4.1 Survey

When the experiment ended, subjects were directed towards the surveyors where they orally
completed a socio-economic survey which lasted on average 30 to 45 minutes per subject. The
survey contained several modules designed to be able to shed light on the determinants of
technology choice, as well as relevant socio-economic controls. Namely, the survey contained
modules on demographics and education, dwelling construction and materials, economic
activity and access to markets, infrastructure and services, agricultural production, history

of family and farm crises and so on.*?

12 Sample sizes in experimental studies of risk preferences in developing countries tend to be quite small.
Our study compares in sample size with Grisley and Kellogg (1987) who had 39 farmers and Henrich and
McElreath (2002) who had 51 farmers.

13 The survey also included questions pertaining to the experiment, questions about lottery and gambling
experiences.
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4.2 Constructing the dependent variables

The agricultural module asked respondents questions about their agricultural experiences
over the last year. Specifically, subjects were questions pertaining the top three crops planted
in the last 12 months such as the years of experience with each crop and whether they at
any time received technical assistance. For the main crop, they were then asked questions
about the top three varieties that they’ve planted in the last 12 months, such as the name of
each variety, the years of experience with the particular variety and whether they’ve received
any technical assistance for each variety. In the empirical analysis below, we will restrict our
attention to the top three varieties of each farmer’s main crop.

The names of the crop varieties allow us to identify which variety is traditional and which
is modern. Thus, we construct one of our dependent variables as a binary variable which
takes the value ‘1’ if the farmer has at least one modern variety in her top three varieties for
her main crop, and ‘0’ otherwise. If a farmer has at least one modern variety then she can be
considered an ‘adopter’. According to this definition of adoption, our samples suggest that
64% of our subjects from the two Costa communities are adopters. Meanwhile, only 20% of
our subjects from the five Sierra communities are considered to be adopters according to this
definition. These differences are driven by the markedly different economic and ecological
environments in these two very different geographical regions.

We use an alternative dependent variable: whether the farmer diversifies across varieties
in the last 12 months. While this variable does not directly measure the adoption of new
varieties, it does indicate to us to some extent the degree to which the farmer is (or has
been) willing to try new or different things. This variable is constructed as a binary variable
which takes the value of ‘1’ if the farmer plants at least 2 or 3 varieties of the main crop,
and ‘0’ if the farmer only plants 1 variety. The degree of variety diversification also varies
across the two regions of our analysis: only 11% of the Costa sample diversifies in this way,

while 53% of the Sierra sample does. Interpreting this variable must be undertaken with

13



some caution - diversifying portfolios (such as varieties) could also reflect a risk management
strategy, and is not necessarily strictly a question of adopting new technologies. Indeed, one
would expect any risk-neutral or risk-averse profit maximizing producer to diversify their
production portfolio. However, if ambiguity aversion happens to predict diversification, then
it is possible that one component of variety diversification is related to new technology
adoption. Farmers typically have accurate beliefs about yield distributions of traditional
varieties. If the portfolio of varieties includes only traditional varieties, then ambiguity
aversion should not matter for diversification. However, since the farmer typically does
not know the yield distribution of modern varieties, then ambiguity aversion would affect

diversification of varieties if the portfolio includes modern varieties.

4.3 Constructing the main explanatory variables

To determine which variables to include as explanatory variables in the technology choice
regressions, we are driven by the hypotheses identified by the literature and laid out in section
2 above. We take each in turn and describe which variables we use to test each hypothesis.

Hypothesis 1 addresses the potentially important role that risk preferences might have
in determining technology choice. Our risk preference measure, described in section 3.4., is
decreasing in risk aversion. Thus, according to hypothesis 1, one would expect a positive
association between our risk preference measure and whether the farmer has planted a new
or modern variety.

According to hypothesis 2, technology adoption is decreasing in non-rational behaviour.
Our measure for non-rational behaviour, described in section 3.4., is the number of times
that subjects chose a payoff dominated option. According to Neoclassical theory of expected
utility maximization, subjects should not choose such a dominated option. However, as

shown in table 1, the average subjects chose a dominated choice 1.756 times out of 5.1

14 See also Engle-Warnick, Escobal and Laszlo (2006) for a similar effect.
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Subjects who make such decisions would be slower to adopt new varieties and so we would
expect a negative effect of this measure on technology adoption.

According to hypothesis 3, ambiguity averse individuals are less likely to choose new or
modern varieties. Thus, given our ambiguity aversion measure described in section 3.4, this
hypothesis would imply a negative association between risk aversion and whether the farmer
has planted a new or modern variety.

Hypothesis 4 related to non-behavioral determinants of technology adoption. First, it
suggests that technology adoption is inversely related to poverty. While our survey does
not include information about income and consumption, we are able to construct an ‘Unmet
Basic Needs Index’ (UBNI) to approximate a farmer’s poverty status.!® We follow the
Peruvian Statistical Agency’s formula for the UBNI which takes into account the materials
used in the construction of the dwelling walls, floors and roofs, and whether the dwelling
has electricity, running water and sanitation. The higher the UBNI, the poorer the farmer is
considered. We would expect the UNBI to be negatively related to our dependent variables.

Second, hypothesis 4 suggests that technology adoption is inversely related to borrowing
constraints and the ability to save. Unfortunately, our survey did not collect information
about savings or credit history. However, we do have information about how long it takes
the farmer to reach the nearest credit branch, which is what we use to proxy for access to
credit and thus borrowing constraints. Thus, the further the farmer is from the branch, the
more credit constrained she is and thus the less likely she is to adopt a new technology.

Third, hypothesis 4 suggests that learning by doing is an important determinant of

technology adoption. Years of experience proxies for learning by doing. Our data provides

15 Many argue that an Unmet Basic Needs Index does more to identify a chronically poor individual than
income or consumption because it is less sensitive to transitory income shocks. Furthermore, it is subject
to significantly less measurement error because of the simplicity and verifiability of the questions that are
asked in the survey. To adequately measure income or consumption in a survey would require a lengthy
questionnaire which would involve a very large number of questions pertaining to income from various sources
over a relatively long period of time (usually from a month to a year) or detailed consumption expenditures
data. To construct an Unmet Basic Needs Index, a simple one page questionnaire typically suffices and is a
snapshot of current living conditions.
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us with several measures of experience: years of experience with each of the top 3 crops
and with each of the top three varieties of the main crop. We use two of these: years of
experience with the main crop and years of experience with the main variety of the main
crop. For learning by doing, the former measure should be the more appropriate one. If
learning by doing matters, then we would expect that the longer a farmer has been growing a
particular crop, the more likely she is to try a new variety. The years of experience with the
main variety of the main crop, however, is likely to be negatively correlated with technology
adoption, because adopters might have switched more frequently than non-adopters and so
would de facto have less experience with a given variety.

Finally, hypothesis 4 suggests that social learning (learning from others) is an important
determinant of technology adoption. A farmer is more likely to adopt a new variety if others
in the community have already done so, because she can learn from their experience. We
construct a crude measure by taking the proportion of all other subjects who have also
planted a modern variety, planted a new variety or diversified across varieties.'®

The survey provides us with additional control variables, such as age, gender, marital
status. In addition, we utilize information about the farm (if it is owned by the respondent,
the size of the land and if it is irrigated), how far the household resides from the closest
agricultural extension office and how well respondents fared in a simple math test.'” From the
survey responses we are able to identify the farmer’s educational attainment and we include
in our regression whether the farmer has completed primary school but has attained less
than completed secondary school, whether he has completed secondary school and whether
he has completed any post-secondary school. The omitted category in the regressions is

having attained less than completed primary school. Education would be positively related

16 This proxy for social learning suffers from Manski’s reflection problem, because a positive association
between the social learning variable and the dependent variable might be explained by a third unobserved
factor. Unfortunately, the survey does not include any other information that could be used to proxy for
social learning.

17 Subjects were asked simple algebra questions: 7 x 3 —4 =?; 12 x 2 — 0.5 =?; and 31 = 2 =?. The math
index simply counts the number of correct answers.
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to adoption.

4.4 Descriptive statistics

Table 1 presents the descriptive statistics of the explanatory variables. The average partici-
pant in the experiment is survey is about 44 years old, most likely the head of the household
and married and is almost equally likely to be male or female. However, we have a slightly
higher proportion of women in the Costa sample than in the Sierra sample. Educational
attainment is very heterogeneous with almost one third of the sample having attained less
than completed primary school, almost one third having attained completed primary but
less than completed secondary, and 14% having some post-secondary schooling. Math skills,
as measured by the math index, are weak, with the average subject giving less than one
correct answer out of three.!® However, subjects fared somewhat better in the math skills
test in the Sierra sample than in the Costa sample.

On average, most participants own all or part of the land on which they work (except for
the Costa where just under half own), and in most cases this land, which measures an average
of 1.945 hectares, is irrigated. Average land size is greater in the Costa than in the Sierra,
reflecting both the geographic and economic differences across the two regions. Subjects on
average have 12 years of experience with the main crop. This is mostly driven by the Sierra
sample where participants have about twice as much experience with the main crop than in
the Costa. A similar trend is true also for the years of experience with the main variety of
the main crop. Technical assistance is far more present among the Costa participants than
the Sierra participants, reflecting again the economic differences between the regions. The
Costa is generally more developed than the Sierra, and access to markets and infrastructure
is generally better. This is also evident in the time it takes session participants to reach the

closest agricultural extension office or credit office. Given the differences between the Costa

'8 The math index is nonetheless strongly correlated with educational attainment.
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and the Sierra, the regressions will include regional and, where possible, session controls.
The behavioral parameters of interest have similar means across the two regional sub-

samples. However, it would appear that the Sierra participants are slightly more risk averse

and less ambiguity averse than their Costa counterparts. They are also more likely to choose

more dominated choices.

5 Results

5.1 Risk Preference, Dominance, and Ambiguity Measures

Before analyzing the effects of our behavioral measures on technology choice, we begin by
discussing how they correlate with the observable socio-economic characteristics. Table 2
provides some analysis of what might determine the risk preference, dominance and ambigu-
ity measures.!? We use each one of the three behavioral measures as dependent variables in
three separate regressions and include as explanatory variables our socio-economic controls
(demographics, education, household information, and land characteristics...). All regres-
sions were run using ordered probits.2’ The first column presents the results for our measure
of risk preference (recall the dependent variable is increasing in risk-lovingness). We find
that individuals from larger households tend to make riskier decisions. That poorer house-
holds are more risk averse and that farmers that own all or part of their land are also
more risk averse than farmers who rent their land. That poverty is positively associated
with risk aversion substantiates a claim made in Duflo (2004): poverty may have a direct
effect on decision-making by directly affecting the decision-making process. That land-

ownership is also positively associated with risk aversion could be reflecting the notion that

19 Only 141 observations are used because 19 subjects had at least one missing data point for the inde-
pendent variables.

20 The regressions were also run using tobits and poisson regressions (results not shown here), but the
results are not sensitive to the model used.
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land owner-operators have an incentive to undertake safer decisions for fear of jeopardizing
future profitability of the land.?!

The determinants of the number of dominated choices are presented in the second column
of table 2. Age is positively associated with making dominated choices, while how well
subjects performed in the math questions is inversely associated with making dominated
choices. Older individuals are less educated and are likely making irrational decisions here.
Restricting the sample to ages below 60 (results not shown here) causes the effect of age on
dominated choices to go away. However, the effect of the math index on dominated choice is
robust to such a sample restriction. Clearly, numeracy (basic math skills) appears to matter
in making what appear to be irrational choices.

The measure of ambiguity aversion, that is the number of times that subjects paid to
avoid the ambiguous gamble (last column, table 2), seems to only be significantly affected by
household size (negatively) and with residing in the Costa (positively). The mildly positive
effect of being in the Costa might simply be picking up cultural differences between the two

sub-samples.

5.2 Regression Results

Tables 3 and 4 analyze the study farmers’ technology choice decisions. The dependent
variables, described above, are first whether one of the top three varieties of the farmer’s
main crop is a modern variety (table 3) and whether the farmer diversifies across varieties
for the main crop (table 4). Both tables include two specifications. The difference between
the two is which behavioral measures are included. In the first specification, only the risk

and ambiguity preference measures are included, while in the second specification, we also

21 Ome could argue that the effect is reflecting reverse causality: more risk averse individuals are less
likely to hold land. However, land holdings in rural Peru are generally passed down from one generation to
another, after a substantial land reform in the 1980s.
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add the preference for dominated alternatives.?

We first discuss the effects of our behavioral parameters, which help us address Hypothesis
1 (risk preferences), Hypothesis 2 (irrationality), and Hypothesis 3 (ambiguity preferences).
Table 3 suggests that these parameters are not that important in whether one of the top
three varieties of the main crop is a modern variety. Even the preference for dominated
choices does not have any predictive power in this regression.

However, the effect of these behavioral parameters in the decision to diversify across
varieties is presented in table 4. Recall that diversifying across varieties may reflect two
decision processes: it may pick up a farmer’s risk management strategy or also the farmer’s
propensity to try new things and thus her propensity to adopt a modern variety. Our be-
havioral measures can help distinguish between these two decision processes — if diversifying
across varieties is simply reflecting a risk management strategy, then we would expect risk
preferences to matter, and not ambiguity aversion. On the other hand, if diversifying across
varieties were reflecting the propensity to try new things and thus modern varieties, then
we would expect ambiguity aversion to matter. In other words, suppose that diversifying
across varieties meant that the farmer held a portfolio of traditional varieties. Then, since
farmers tend to know the yield distribution of traditional varieties, their aversion to ambi-
guity should be irrelevant.?® Conversely, suppose that diversifying across varieties includes
at least one modern variety. In this case, since modern varieties tend to have an unknown
yield distribution, farmers who are ambiguity averse will be less likely to adopt a modern
variety and thus less likely to diversify across varieties.

This is exactly what we find in table 4. Farmers are less willing to diversify across
varieties if they’ve revealed some ambiguity aversion in the experiment. In fact, the degree

of ambiguity aversion is important: the more ambiguity averse, the less the farmer diversifies.

22 Only 133 observations are used because 27 subjects had at least one missing data point for either the
dependent or independent variables.

23 Diversifying across varieties would not reflect risk management as much as would, say, diversification
across crops.
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Surprisingly, risk aversion does not influence this decision, which we would have expected if
diversification were more a risk management strategy.?* This result is robust to the inclusion
of the dominance preference measure, which is in itself insignificant.

Hypothesis 4 suggested that our unmet basic needs index would be negatively correlated
with the having planted a modern variety and diversifying. However, results in table 3 and
4 suggest this is not the case — the coefficient on the UBNI is statistically insignificant in
determining modern varieties but positive for diversification. Hypothesis 4 also suggested
that the time to reach the closest credit office, to proxy for the ability to save or borrow,
would be negatively related to the dependent variables. Again, as can be seen in tables 3
and 4, this hypothesis is rejected on the basis of the insignificance of the coefficient on the
time to reach the closest credit office in both cases. The learning by doing hypothesis would
suggest that age and experience with the main crop would positively predict the planting
of a modern variety and diversification. Age is strongly positively related to planting a
modern variety - learning by doing seems to be a reasonable factor in modern technology
adoption in our sample. Years of experience with the main crop is statistically insignificant
for modern varieties but strongly positively associated with diversification. It is interesting
to note that the years of experience with the main variety of the main crop is negatively
related to planting a modern variety. Though this might seem counter intuitive at first, it
is actually entirely consistent with technology adoption: adopters are more likely to switch
from one variety to another (consistent with the target learning by doing model of Jovanovic
and Nyarko (1996), see also Engle-Warnick and Laszlo (2006)), thus generating a negative
association between years of experience with a given variety and adoption.?> Learning from
others would suggest that farmers are more likely to adopt modern varieties if their neighbors

have already done so. We find, however, that the proportion of other subjects in the session

24 Tncidentally, the insignificance of the risk preference coefficient is robust to the exclusion of the ambiguity
aversion coefficient.

25 The argument can be seen also from its reciprocal, illustrated by the following idiom: “You can’t teach
an dog new tricks”.
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who plant at least one modern variety does not have an effect on the farmer’s decision.?%

Finally, the regressions in table 4 present interesting results pertaining to the remaining
co-variates. Specifically, the educational attainment of the farmer is statistically significantly
positively related to diversification, having completed primary or secondary causes the farmer

to diversify more than if he had attained less than primary schooling.

6 Discussion

This study is the first to attempt to empirically distinguish between risk aversion and am-
biguity aversion in farmers’ technology choices in developing countries. Although much of
the literature is preoccupied with the role of relative risk aversion as a possible explanation
for the lack of technology adoption among the rural poor, we find evidence that ambiguity
matters more in our sample of Peruvian farmers.

New or modern technologies are characterized by unknown yield distributions, while
traditional technologies are characterized by yield distributions over which the farmer has
relatively accurate beliefs. Thus, it seems reasonable that the adoption of modern technolo-
gies would depend more on farmers’ aversion to ambiguity than their aversion to risk.

Our methodological contribution is to to combine unique data from a lab experiment in
the field to measure behavioral parameters such as risk and ambiguity preferences, and survey
data on actual farm technology choices and socio-economic characteristics of the farmer, all
collected in the same experimental session. By doing so, we advance our understanding of

the experimental measures we use to explain the technology choices.

26 Of course, identifying the causal effect here is difficult because of Manski’s reflection problem. Further-
more, we are unable to use such a variable in the diversification specification.
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Figure 1: ‘Five Options’ Risk Preference Measurement Instrument
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Figure 2: Decomposing the ‘Five Options’ Instrument into a Series of
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Figure 3: Binary Choices to Reveal Preferences for Dominated
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Figure 4: Binary Choices to Reveal Preferences for Ambiguity
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Table 1 - Descriptive Statistics

Variable Total Costa Sierra
Age 43.870 43.205 44.130
(14.655) (12.791) (15.353)
Household Head 0.755 0.704 0.774
Male 0.553 0.409 0.609
Married 0.719 0.578 0.774
Separated 0.156 0.222 0.130
Single 0.119 0.178 0.096
Less than Primary 0.300 0.356 0.278
Primary, Less than secondary 0.350 0.333 0.357
Secondary Completed 0.206 0.200 0.209
Post- Secondary 0.144 0.111 0.157
Math Index 0.931 0.711 1.017
(1.023) (0.944) (1.043)
Household Size 5.377 6.023 5.130
(2.283) (2.698) (2.063)
Unmet Basic Needs Index 0.419 0.467 0.401
(0.213) (0.221) (0.207)
Landsize (Hectares) 1.945 2.590 1.731
(1.931) (1.699) (1.963)
Owns all or part of land 0.747 0.432 0.853
Land is irrigated 0.713 0.892 0.651
Years experience with main crop 12.127 6.597 13.936
(11.498) (6.373) (12.224)
Years experience with main variety 9.219 4.861 10.645
(9.330) (6.197) (9.753)
Received technical assistance for main variety 0.303 0.833 0.128
Time to reach closest agricultural extension office  43.150 20.209 52.118
(30.665) (15.064) (30.579)
Time to reach nearest credit office 46.647 19.698 57.182
(30.418) (9.412) (29.284)
Number of risky choices in binary gamble 1.925 2.222 1.809
(1.163) (1.166) (1.146)
Number of times paid to avoid ambiguity 2.350 2.756 2.191
(1.578) (1.653) (1.527)
Number of dominated choices 1.756 1.578 1.826
(1.418) (1.390) (1.428)
N(Max) 160 45 115

Standard deviation in brackets.
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Table 2 - Ordered Probit Results

# of Risky Choices

# Dominated

# of Times Paid to

Choices Avoid Ambiguity
Age 0.012 0.026 0.013
(0.009) (0.009)*** (0.008)
Respondent is household head 0.287 0.092 -0.008
(0.317) (0.287) (0.266)
Male=1 -0.414 0.004 0.254
(0.282) (0.233) (0.233)
Married or living with partner 0.341 -0.456 0.102
(0.352) (0.368) (0.292)
Separated, Widowed, divorced 0.066 -0.064 0.270
(0.477) (0.484) (0.399)
Primary completed and less than Secondary completed -0.351 -0.523 0.349
(0.429) (0.449) (0.410)
Secondary completed -0.289 -0.522 -0.030
(0.472) (0.497) (0.478)
Post secondary -0.642 -0.329 0.251
(0.563) (0.646) (0.605)
Math Index (0 --> 3) -0.114 -0.282 -0.195
(0.118) (0.114)** (0.119)
hhsize 0.094 0.108 -0.140
(0.047)* (0.050)** (0.038)***
Unmet Basic Needs Index - Aggregate -1.494 0.126 -0.310
(0.893)* (0.935) (0.970)
Landsize in hectares -0.025 -0.058 -0.026
(0.043) (0.055) (0.062)
Owns all or part of agricultural land -0.624 -0.154 -0.409
(0.306)** (0.235) (0.285)
Land is irrigated 0.165 -0.017 -0.057
(0.280) (0.274) (0.275)
Costa dummy 0.089 (0.351) 0.932
(0.499) (0.482) (0.502)*
Wald Chi-Squared 47.89*** 80.20** 43.99%**
Pseudo R-Squared 0.0875 0.1123 0.0714
Observations 141 141 141

Standard errors in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%. All regressions include

session controls
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Table 3 - Probit Marginal Effects

At Least One of the Top Three Varieties of

Main crop is A Modern Variety

Number of risky choices in binary gamble

Number of times chose to pay to avoid ambiguity in binary with ambiguous
Number of dominated choices in Binary Dominated gamble
Age

Respondent is household head

Male=1

Married or living with partner

Separated, Widowed, divorced

Primary completed and less than Secondary completed
Secondary completed

Post secondary

Math Index (0 --> 3)

hhsize

Unmet Basic Needs Index - Aggregate

Landsize in hectares

Owns all or part of agricultural land

Land is irrigated

Proportion of other subjects in session who plant at least one modern variety

Years experience with main crop

Years experience with main variety of main crop

Received technical assistance for main variety of main crop
Time to reach closest agricultural extension office

Time to reach closest credit office

Coast

Wald Chi-Squared

Pseudo R-Squared
Observations

0.013
(0.035)
-0.023

(0.026)

0.012
(0.003)**
-0.220
(0.151)
0.082
(0.102)
-0.110
(0.149)
-0.229
(0.061)*
-0.062
(0.170)
0.179
(0.266)
0.058
(0.276)
0.018
0.044
-0.019

(0.020)
-0.224
(0.408)
-0.060
(0.029)*
-0.045
(0.122)
0.060
(0.087)
0.334
(0.359)
-0.005
(0.006)
-0.012
(0.007)*
0.080
(0.138)
0.000
(0.002)
0.000
(0.002)
0.412
(0.266)*
81.73%*
0.3849
133

0.014
(0.034)
-0.021
(0.025)
-0.016
(0.030)
0.012
(0.003)***
-0.213
(0.150)
0.078
(0.101)
-0.125
(0.147)
-0.230
(0.060)**
-0.062
(0.169)
0.185
(0.265)
0.065
(0.278)
0.013
(0.045)
-0.017
(0.020)
-0.203
(0.405)
-0.062
(0.029)**
-0.043
(0.121)
0.0633
(0.088)
0.336
(0.358)
-0.005
(0.006)
-0.012
(0.007)*
0.079
(0.137)
0.000
(0.002)
-0.000
(0.002)
0.407
(0.268)
81.39%*
0.3861
133

Robust standard errors in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 4 - Probit Marginal Effects

Diversifies across Varieties (Two
or Three or More Varieties of

Main Crop)
Number of risky choices in binary gamble 0.047 0.049
(0.052) (0.052)
Number of times chose to pay to avoid ambiguity in binary with ambiguous -0.105 -0.092
(0.040)*** (0.040)***
Number of dominated choices in Binary Dominated gamble -0.065
(0.045)
Age -0.012 -0.010
(0.006)* (0.006)
Respondent is household head 0.171 0.199
(0.138) (0.135)
Male=1 0.006 -0.002
(0.138) (0.139)
Married or living with partner 0.198 0.139
(0.140) (0.149)
Separated, Widowed, divorced -0.275 -0.273
(0.176) (0.180)
Primary completed and less than Secondary completed 0.528 0.468
(0.244)* (0.253)*
Secondary completed 0.640 0.614
(0.184)** (0.195)**
Post secondary 0.584 0.543
(0.256) (0.278)
Math Index (0 --> 3) 0.093 0.066
(0.068) (0.070)
hhsize -0.010 0.003
(0.026) (0.027)
Unmet Basic Needs Index - Aggregate 1.747 1.670
(0.735)** (0.733)**
Landsize in hectares 0.189 0.181
(0.059)*** (0.058)***
Owns all or part of agricultural land -0.105 -0.077
(0.171) (0.170)
Land is irrigated -0.032 0.018
(0.205) (0.200)
Years experience with main crop 0.022 0.022
(0.008)*** (0.008)**
Years experience with main variety of main crop 0.002 0.002
(0.009) (0.009)
Received technical assistance for main variety of main crop 0.146 0.104
(0.190) (0.185)
Time to reach closest agricultural extension office 0.001 0.000
(0.003) (0.003)
Time to reach closest market -0.003 -0.002
(0.003) (0.003)
Costa -0.587 -0.609
(0.134)* (0.127)**
Wald Chi-Squared 94.60*** 100.87***
Pseudo R-Squared 0.5226 0.5301
Observations 133 133

Robust standard errors in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%. All

regressions include session controls.
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