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Abstract Large-scale randomized evaluations or randomized control trials (RCT) are useful in evidence-
based policymaking, but these are seldom used by agricultural economists in India. This paper discusses
in detail the application of RCTs—from agricultural technology adoption to nudging farmers to price
sensitivity. It is necessary to estimate the sample size, level, and type of randomization to design and
implement a randomized evaluation properly. Agricultural economists at various institutes can collaborate
in conducting large-scale RCTs and evaluate the effect of interventions in different contexts. The paper
also lists potential applications for RCTs in agriculture.
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Randomized evaluations—also known as randomized
control trials (RCT), random assignments, random
experiments, and social experiments—are conducted
to support policy with rigorous evidence. Over the past
15–20 years, RCTs have become popular in the social
sciences, especially development studies, and many
researchers at international research institutes,
universities, nongovernmental organizations (NGO),
etc. use RCTs to solve important problems.
Randomized control trials are conducted by
organizations like the Abdul Latif Jameel Poverty
Action Lab2 (J-PAL), Innovations for Poverty Action
(IPA), International Initiative for Impact Evaluation
(3ie), World Bank, and Centre for Global Development,

to name a few. For pioneering the application of RCTs
in the 21st century to answer potential questions in
eradicating poverty, Abhijit Banerjee, Esther Duflo, and
Michael Kremer won the Nobel Prize in Economics in
2019. The award of the prize to them is a testament to
the effectiveness and popularity of RCTs.

Randomized control trials are not a new concept in
agricultural research; experimental field-level research
uses RCTs to evaluate the impact or effectiveness of a
technology, or variants, like different doses of
fertilizers, pesticides, weedicides, and animal feed. The
use of large-scale RCTs in villages has helped to answer
important questions in agriculture, and these can aid
in policy design. However, RCTs are seldom used by

1The author implemented an RCT for his PhD dissertation titled “Impact evaluation of anionic mineral mixture
supplementation on milk production and the milk fever: a randomized control trial”. RCT ID: AEARCTR-0005108 (https:/
/doi.org/10.1257/rct.5108-1.0).
2Abhijit Banerjee, Esther Duflo, and Sendhil Mullainathan founded the Poverty Action Lab (now Abdul Latif Jameel
Poverty Action Lab, or J-PAL) in 2003. J-PAL is a global research centre that specializes in running randomized evaluations
and has more than 181 affiliated researchers from 91 leading research universities of the world. In attempting to answer
questions related to poverty, health, politics, agriculture, education, environment, finance, crime, gender, and labour markets,
J-PAL and its affiliated researchers have 1109 ongoing and completed  RCTs.
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agricultural economists for policymaking in India. This
article attempts to describe the potential uses of RCTs
and motivate agricultural economic students and
researchers of the ICAR to use it for good.

History of randomized evaluations
In 1747, James Lind demonstrated among sailors that
eating lemons and oranges helped prevent scurvy. Lind
was the first to introduce the concept of treatment and
control in an experiment, and he is considered the father
of clinical trials (Thomas 1997). In the 1920s, Neyman
and Fisher separately used randomized trials in
agriculture for treatment and control. Fisher’s
experimental work led to the famous book The Design
of Experiments (Gibson and Sautmann 2017).
Government-sponsored randomized trials were used
to evaluate social policies in the 1960s to the 1990s. In
small-scale experiments, the focus on subjects of
interest shifted from plants and animals to human
beings (Gibson and Sautmann 2017). Hundreds of
randomized evaluations have been conducted since
then, and the field is still evolving.

What is a randomized evaluation?
A randomized evaluation is a method used to estimate
the impact of a programme or an intervention. The
respondents are assigned randomly into two groups:
the treatment group and the control group. If the sample
size is large enough, all the respondents have an equal
chance of being assigned to the treatment or control
group; therefore, the groups are identical in both
observable and unobservable characteristics, and the
problem of selection bias is ruled out. The process of
random assignment enables us to attribute any post-
intervention difference in the control and treatment
groups to treatment and not to any other factor (Gertler
et al. 2016). The steps in programme evaluation are
displayed in Table 1.

Randomization gives unbiased estimates
In an observational study, where respondents are
randomly sampled from the treated and untreated
(control) population (beneficiaries and non-
beneficiaries of a programme), the difference in
outcomes is the study’s estimate of true impact. This
estimate often differs from the true value due to
systemic bias due to confounding variables, sampling
variability, measurement errors, and spillover and
monitoring effects (Ravallion 2018). The only error in
an ideal RCT in which the treatment status is chosen
randomly in addition to random sampling is the
sampling variability. When the sample size increases,
the sampling error approaches zero in expectation and
the trial’s estimate of impact gets closer to true value
of impact. This is the sense in which an ideal RCT
gives unbiased results (Ravallion 2018).

Bias is the product of correlation between explanatory-
explained and explanatory-explanatory variables.

y = β0 + β1x1 + β2x2 + µ - true equation

y^ = β0+ β^ 1x1 - estimated equation (omitted variable)

Let us assume

x2 = θ0 + θ1x1 + ε

Now substituting x2 in the true equation, we get

y = β0 + β2θ0 + (β1 + β2θ1)x1 + β2ε + µ

The estimation of the equation above can be written as

ŷ = β^ 0 + β^ 1x1 + µ~

Bias = β^ 1 – β1 = (β1 + β2θ1) – β1 = β2θ1

No omitted variable bias exists when β2 or θ1 or both
equal zero. The process of random assignment gives
us unbiased estimates because it ensures that the
intervention is independent of all the other variables

Table 1 Steps in programme evaluation

Needs assessment What is the problem?
Does the problem we propose to solve actually exist?

Theory of change How in theory to we propose to solve these problems ? (Theoretical framework)
Process evaluation Is the programme working as planned?
Impact evaluation What is the effect of the programme?
Cost-effectiveness Is the programme cost-effective?

Source Rossi, Lipsey, and Henry (2019)
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(θi = 0). If the sample size is large enough—decided
based on power calculation—random assignment gives
us internally valid, unbiased, and precise estimates of
impact.

How does RCT differ from other impact
evaluation methods?
There are experimental and quasi-experimental
methods to evaluate the impact of a programme (Table
2). Some quasi-experimental methods are assumption-
heavy and are hard to test: difference-in-differences,
propensity score matching, regression discontinuity
design, and instrumental variable (particularly
randomized promotion). The experimental method
(RCT) makes very light (less) assumptions. These
assumptions can be tested. The RCT method gives
internally valid, unbiased, and precise estimates of
impact—given enough sample size—and fits many
operational contexts. Many researchers regard it as the
gold standard of impact evaluation (Gertler et al. 2016).

Power calculation
The RCT method gives unbiased and precise estimates
if the sample size is large enough. But what sample
size is large enough to give precise estimates? We use
the formula

The formula is for individual-level randomization. We
estimate sample size indirectly from the “minimum
detectable effect size (MDE)” formula. The MDE
formula helps to answer the question: “Given that I
have the budget to sample only x households, what is
the minimum effect size that I can distinguish from a
null effect?” (World Bank 2019).

The MDE can be thought of as a hypothesized effect
size that the intervention can generate, or a minimum
level of impact below which the programme is
considered unsuccessful; t(1–k) is the power, tα is the
significance level, P is the proportion of treatment in
the sample, σ2 is the variance, and N is the sample size
(Duflo, Glennerster, and Kremer 2007). To calculate
the sample size, we can use software packages like
Optimal Design and STATA. The command in STATA
is sampsi (pre) (post), power(0.8) sd( ).

If the randomization is done at the level of the cluster
(village, block, school, district), we have to plug in
intra-cluster correlation (ρ) and average cluster size
(m) in the denominator of MDE in the formula.

To randomize the example at the village level—with
80 farmers per village and an intra-cluster correlation
of 0.3—we would use in STATA the command

sampsi 8.34 9.45, power(0.8) sd(3)

sampclus, obsclus (80) rho(0.3).

If  is too high, there is no point in taking a large sample
within the clusters; instead, increasing the number of
clusters increases the power.

Data, randomization, and balance test
After deciding the optimum sample size required to
detect a hypothesised effect size, we proceed to collect
data. The RCT could be planned as a two-step or a
one-step evaluation.

In the two-step process, a baseline survey of all the
individuals in the study should be done before
randomly assigning them to the treatment and control
groups. The advantage of this method is that we can
test if the two groups created are statistically similar
on observable characteristics and the baseline
information could be used to increase the precision of
the impact estimates in the regression equation. The
disadvantage is that it takes a lot of time and money to
run the baseline survey.

In the one-step evaluation, we randomly assign some
blocks/communities/villages to the treatment to control
groups and randomly sample individuals from both
groups. The survey is administered to randomly
selected people; this method is simple and time-saving.
The disadvantage is that we cannot test the pre-
intervention similarity of the groups and improve the
precision of the impact estimates.

How to randomize? What should be the level
of randomization?
Random assignment can be done at the field or the
office. The most transparent method at the field to
determine whether a farmer receives the treatment or
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not is running a lottery or tossing a coin. On a computer,
Stata, R, or any replicable software could be used to
randomize (World Bank 2021).

Randomization can be done at the level of the
individual or cluster (village, panchayat, or block) or
it could be stratified. The level of randomization
depends on factors such as the budget, spillover of
treatment to control groups, and the target of the
treatment; therefore, the choice of the level of
randomization (individual or cluster) is context-specific
(Duflo, Glennerster, and Kremer 2007).

Balance test
The balance test is the process of testing whether the
randomized assignment has generated two similar
groups. One way of checking the balance is to test
whether the characteristics of the treatment and control
groups differ statistically. If the difference in means of
observable characteristics (age, land size, income, etc.)
is not significant, it can be concluded that the
randomization has generated two similar groups.

Although statistical similarities in individual variables
are achieved, sometimes the differences in the
characteristics of the treatment and control groups
might be in the same direction. This is an indication of
the inability of the random assignment to generate two
statistically similar groups. A solution is to complement
differences in means with a test for joint orthogonality
(F-test) (McKenzie 2015): run a regression with
treatment assignment3 as the dependent variable with
other observable characteristics as independent
variable. If the null hypothesis of the F-test is accepted,
random assignment to two groups has succeeded in
generating balance. Under pure randomization, if
balance is achieved in observed variables we can expect
to have balance in unmeasured or unobserved variables
(Bruhn and McKenzie, 2009).

Estimation
The basic impact evaluation formula (Gertler et al.
2016) is

Δ = (Y|P = 1) – (Y|P = 0)

This formula states that the impact or causal effect (Δ)

of a programme/intervention (P) on an outcome (Y) is
the difference between the outcome with the
programme (Y|P=1) and outcome without the
programme (Y|P=0).

The average treatment effect can be estimated through
this regression equation where

Yi is the outcome variable of ith individual;

Ti is the dummy dichotomous variable (1 if treated, 0
otherwise);

βi is the individual treatment effect of treatment on ith

individual; and

xij is the observed or unobserved covariates (linear
causes of the outcome), which we assume captures
minimum set of causes of outcome Yi sufficient to fix
its value (Deaton and Cartwright 2018).

If we have baseline data, difference in differences or
analysis of covariance (ANCOVA) approach could also
be used to estimate intent to treat (ITT) estimates (Özler
2015).

Therefore, to summarize the steps in RCTs (Figure 1),
we start with the evaluation question based on the needs
assessment followed by designing the study in terms
of deciding the study population, intervention,
outcomes, and the sample size; after designing the
study, we implement it by administering a baseline
survey of the sample. This sample frame is then
randomly assigned to the treatment and control groups;
the balance test follows. If the groups are similar—
randomization is successful in creating two equal
groups—we can proceed with the intervention. The
follow-up survey could be done after the intervention
while monitoring the programme all along.

Overview of use of randomized evaluations
Randomized control trials are used widely in evaluating
the

• adoption of agricultural technology (Ogutu et al.
2018; Jack et al. 2019); welfare and productivity

3If there are only two groups, 1 treatment and 1 control group, treatment indicator (dependent) variable will be a dichotomous
variable taking value 1 for treatment group and 0 for control group.
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effects of contract farming (Arouna, Michler, and
Lokossou 2021); digital extension advice on
nutrient management (Arouna et al. 2021);

• effectiveness of social programmes like
employment guarantee act (Bhatia et al. 2016) and
integrated medical information and disease
surveillance systems (Dhaliwal and Hanna 2017);

• impact of community participation in natural
resource management (Karlan, Jamison, and
O’Connor 2019); and the

• impact of nudging farmers to use fertilizers, save
water, and store grains (Duflo, Kremer, and
Robinson 2008; Chabé-Ferret et al. 2019;
Aggarwal, Francis, and Robinson 2018).

Randomized control trials are used also in evaluating
the impact of the use of

• inputs like drought-tolerant seeds (de Janvry et
al. 2019) and of quality protein maize on nutrition
(Tessema et al. 2016);

• the profitability of fertilizers (Beaman et al. 2013);
and the

• impact of agricultural credit and insurance
products (Karlan et al. 2014; Karlan et al. 2011)
(Table 3).

Price sensitivity
Randomized evaluations can be designed to determine
the price sensitivity or elasticity of a technology (a
preventive health product or a new seed kit or
biofortified food grains, etc) (Banerjee, Duflo, and
Kremer 2016). These estimates can be used to decide
the rate of subsidy of the technology. Randomized
control trials can be used to determine the price at which
a product should be sold or subsidized and inform
researchers and policymakers planning on pricing (or
subsidizing) a new agricultural technology

The most commonly used method to estimate the
demand curve is willingness to pay: people are asked
what they would be willing to pay for a product. But
respondents may not think hard enough before
answering because they are not incentivized. If the
questions are not asked precisely, the respondents might
interpret, and answer, the questions differently. For
instance, if the respondents think that the enumerators
are government or bank officials, and their answer
might affect future subsidy policies, they might report
a lower willingness to pay.

For this reason, researchers have moved towards field
experiments in order to observe the “true” demand at
each price point. One such measure is “take it or leave
it”. Experiments randomize the price and observe
whether an individual purchases the product at that
price. This is a straightforward revealed preference
mechanism (Dupas and Miguel 2017).

Another widely used method is the BDM method,
named after the theorists (Becker, DeGroot, and
Marschak 1964). In the BDM method—a bidding
process—respondents express their willingness to pay
by quoting a price (or placing a bid). A random price is
drawn from a known distribution of prices, and the
item is sold if the bid exceeds the random price. The
bidders pay only the random price even if their bid
exceeds it; those who bid below the random price
cannot purchase the item. This method allows for
estimating the accurate demand of a product because
the respondents who bid above the true value of a
product risk buying the product when the price is higher
than one would actually be willing to pay; and those

Figure 1 Steps in a randomized controlled trial
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Table 3 Results of some RCTs on agriculture

Authors Title Main findings

Duflo, Kremer, and How high are rates of return to fertilizer? evidence Increased crop yield (28–91%)
Robinson (2008) from field experiments in Kenya 15% increase in net income
Karlan et al. (2011) Crop price indemnified loans for farmers: a pilot 86–92% take-up of loans

experiment in rural Ghana No overwhelming evidence of change
in the investment behaviour of
farmers

Beaman et al. (2013) Profitability of fertilizer: experimental evidence Increased likelihood of fertilizer use
from female rice farmers in Mali Increased output

No increase in profit
Karlan et al. (2014) Agricultural decisions after relaxing credit and risk Increased expenditure on agricultural

constraints inputs
Farmers’ trust in insurance schemes
has a large effect on the take-up of
rainfall insurance

Aggarwal, Francis, Grain today, gain tomorrow: evidence from a storage Increased storage of grains
and Robinson (2018) experiment with savings clubs in Kenya Higher price realized

Profitability approximately doubled
Shenoy and Rao (2021) Got (clean) milk? transparency, governance, and Group incentives increased milk

incentives for cleanliness in Indian dairy cooperatives production quality in village dairy
cooperatives
Private, targeted incentives increase
efficiency

who bid below the product’s true value risk not buying
it when the price is lower (Dupas and Miguel 2017).

In an experiment with households of school-age
children in Kenya, Dupas (2014) found that the demand
for long-lasting antimalarial bed-nets (LLINs) became
less price-sensitive if subsidies were provided in the
form of vouchers that households had to redeem at local
retail shops within three months. At USD 0.60, the
demand for LLINs was found to be 73%, but the
demand dropped to 33% at USD 1.50 (an 80%
subsidized price) and to 6% at USD 3.50 (a 50%
subsidy). The primary driver of demand was the overall
price of the LLINs, Dupas confirmed; different
marketing strategies failed to change the slope of the
demand curve. In an experiment by the author, the
demand for a dairy animal health product was found
to be highly sensitive to prices; 1% fall in prices led to
a 18% increase in demand (Cariappa et al. 2021).

Similarly, various experiments were conducted in
pricing preventive health products:

• deworming pills, in Western Kenya (Kremer and
Miguel 2007);

• wearing rubber shoes to prevent worm infections,
in Kenya (Meredith et al. 2013);

• water purifying solution (chlorine) in Zambia
(Ashraf, Berry, and Shapiro 2010);

• hand washing soap in India (Spears 2009); and
• animal health product in India (Cariappa et al.

2021)

Dupas and Miguel (2017) review these studies and
conclude that higher prices seem to have created too
many errors of exclusion (leaves too many people out),
and subsidies might be justified if these prevent the
transmission of disease.

Additionally, it is unethical to use RCTs in many
settings like estimating the losses due to pests where
some farmer’s field is infested with pests and some
are not, or evaluating the impact of unemployment by
terminating some employees. In many settings it is not
feasible to run an RCT, like deliberately changing the
tax rates for some states. In general, it is difficult to
experimentally study institutions like property rights,
legal system, democracy, religion, and marriage.
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But researchers have intelligently used the
experimental set-up to answer these kinds of questions.
In Liberia, for instance, where a customary legal
system, administered by the village chief, co-exists with
a formal legal system, a legal empowerment
intervention—advocacy services provided by
community paralegals trained in formal law—was
experimentally studied among who wanted to resolve
a legal dispute (Sandefur and Siddiqi 2013).

In another experiment, Karlan and Zinman (2009)
identify the level of information asymmetries (adverse
selection and moral hazard) in credit markets and find
that moral hazard is important. Also they find that about
13–21% of the loan defaults are due to moral hazard.
Thus, RCTs are used to answer some questions thought
to be untestable empirically.

Cost-effectiveness analysis (CEA)
Cost-effectiveness analysis (CEA) expresses the impact
of the costs of implementing a complex programme
on an outcome in terms of a simple ratio, or it measures
an intervention’s effectiveness at a given cost. Unlike
cost-benefit analysis, CEA makes no judgement of the
value of outcome variables. Cost-effectiveness analysis
is widely used to compare various interventions used
to solve a common problem and find the most cost-
effective option (Dhaliwal et al. 2015).

Total impact of programme/
intervention on specific outcome

CE ratio = ––––––––––––––––––––––––––––––––––
Total cost of implementing the programme

Effect per INR 1,000 spent =
Impact on specific outcome
–––––––––––––––––––––– * INR 1,000

Cost of implementing

Any programme—or any RCT, in particular—aims to
provide solutions to a problem, explain why the
intervention did or did not work, and scale up the most
cost-effective solution among different alternative
solutions to solve the particular problem. Thus, CEA
lets researchers weigh the impact estimates based on
the cost incurred and compare alternative solutions to
a problem (Dhaliwal et al. 2015). Comparing the cost-
effectiveness of programmes in pilot and at scale lets
researchers test whether the programme works when
scaled up.

Comparing interventions targeted at improving
educational outcomes, it was found that school-based
deworming of children, iron and vitamin A
supplementation, and information campaigns were
much more cost-effective than conditional cash
transfers (J-PAL 2017). For instance, for every USD
100 spent on school-based deworming, children spent
an additional 11.91 years in school, but the equivalent
increase in school years was 2.61 for iron and vitamin
A supplementation and 0.01-0.09 for conditional cash
transfers (J-PAL 2018).

Bhula, Mahoney, and Murphy (2018) conducted an
experiment of deworming children of primary and
secondary school age; it was found that for every USD
100 spent (the cost-effectiveness), the additional years
of education improved from 11.91 years in the pilot to
22.50 years at scale. Kremer, Miguel, and Thornton
(2009) conducted an experiment to evaluate the effects
of merit scholarships on girls’ test scores in Kenya.
They compared their impact estimates with that of six
other programmes—teacher incentives, textbook
provision, flip chart, deworming, and child
sponsorship—and concluded that providing merit
scholarships was the most cost-effective intervention.

A CEA tested and compared the effectiveness of cash
and non-cash incentives in conditional cash transfer
(CCT) programmes in many contexts. Nicaragua runs
a cash transfer programme for women and girls; every
USD 100 spent increases the number of years of
education by 0.13 (Barham, Macours, and Maluccio
2018). In Morocco, every USD 100 spent on both
conditional and unconditional cash transfers led
increased the number of years of education by 0.02
(Benhassine et al. 2015).

Critical arguments against RCT
First, randomization does not always ensure
orthogonality; to show that the estimates are unbiased,
the post-randomization correlates with the treatment
should be insignificant (balance test).

Second, what is true for the sample may not hold true
for the population (Deaton and Cartwright 2018). This
is the inference, or generalizability, problem. If there
is considerable heterogeneity in the study sample, its
average treatment effect will differ from that of the
population.
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One RCT is a piece of a big puzzle. Trying the same
intervention in different contexts and understanding
the behaviour of people lets us scale successful
experiments.

Critics argue that the results of RCTs are obvious: using
insecticide-treated bed nets reduces malaria; wearing
eyeglasses improves the test scores of visually
challenged students; fertilizer use enhances yield. But
identifying problems (needs), deciding interventions,
and designing the study so that it can be scaled is
critical—not only for RCT but also for any
methodology. Cost-effective projects form the basis of
policy interventions.

The effectiveness of randomized evaluations may be
threatened by attrition; partial compliance,
contamination, or diffusion; and spillover. The
solutions are, respectively, double sampling and buffer;
placebo control design; and reducing interaction
between the treatment and control groups spatially or
temporally (Table 4).

There are other serious concerns regarding the ethics
of running an experiment for evaluating policy options,
especially among the poor when some get the
intervention and others do not (Deaton and Cartwright
2018; Deaton 2020).

Conclusions
The 2019 Nobel Prize in Economics was awarded not
only for the experimental approach used, but because
of the impact this approach has had on converting
evidence into policy. The evidence from randomized
evaluations influenced many policies (Table 5).

Randomized evaluations can be used in agriculture to
evaluate the impact of new technologies and of different
incentives on technology adoption. These can nudge
farmers to reduce stubble burning and export their
products. Randomized evaluations can determine the
differential impact of subsidies and direct cash transfers
and which crop insurance model works. Researchers
can use RCTs to design the most effective incentive to
encourage farmers to participate in various schemes.
The gossip theory (Banerjee et al. 2019) can be tried
to disseminate information to farmers.

Randomized evaluations can help agricultural
researchers answer questions like why farmers overuse
inputs or do not participate in welfare programmes/
adopt new technology and why productivity is not
increasing. More randomized evaluations should be
taken up by agricultural researchers, and students
should be encouraged to learn and conduct RCTs.
Resources—like manuals, toolkits, teaching resources,

Table 4 Threats to random evaluation and its solutions

Threat Solution

Attrition Double sampling
Respondents drop out of either the treatment or control Random sampling is done again, and the missing sample is
group during the evaluation replaced with the new one if the new sample is identical to the

missing sample
Buffer
Planning early and having an extra sample to replace a
missing sample

Partial compliance/contamination/diffusion Placebo control design
The respondents do not comply with the assignment to Comparing compliers in the treatment and control groups
the treatment or control group Estimating complier average causal effect instead of average

treatment effect

Spillover Design the study to reduce interaction between the treatment
Indirect benefit or cost (positive or negative externality) and control groups spatially or temporally, probably by
incurred by the respondents in the control group selecting villages which are at least 10 km away
(who did not directly receive the treatment) If the study aims to estimate spillovers, inverse probability

weights should be used to get consistent estimates

Source Gerber and Green (2012)
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and online courses on designing and running
randomized evaluations—are available aplenty.4

Agricultural economists at various institutes can
collaborate and solve each part of the larger puzzle
and see how the intervention works in different
contexts. For instance, RCTs could be used to test zero
budget natural farming in different parts of the country.
Similarly, the effectiveness of biofortified food can be
tested using clinical trials and the incentives to increase
adoption (like providing information, subsidy, or cash
transfer) could be tested experimentally.

Inter- and intra-disciplinary experimental research
conducted in a variety of contexts will provide
policymakers evidence. That might be the biggest
contribution of agricultural economists to the RCT
revolution. As they say, better late than never.
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Appendix

Readings and teaching resources on RCTs

1. J-PAL (https://www.povertyactionlab.org/research-resources?view=toc)

2. Running randomized evaluations (http://runningres.com/)

3. Data and statistical codes of published studies (https://dataverse.harvard.edu/dataverse/DFEEP)

4. Impact Evaluation in Practice (https://www.worldbank.org/en/programs/sief-trust-fund/publication/impact-
evaluation-in-practice)

5. Handbook of Economic Field Experiments, Volume 1 and 2 (http://dx.doi.org/10.1016/bs.hefe.2016.09.005)

6. de Janvry Alain, Kyle Emerick, Elisabeth Sadoulet and Manzoor Dar. 2016. The agricultural technology
adoption puzzle: what can we learn from field experiments? Ferdi Working paper 178.

https://are.berkeley.edu/esadoulet/wp-content/uploads/2018/10/Agricultural-Technology-Adoption-Puzzle-
Ferdi-WP.pdf

7. Teaching and learning resources for impact evaluation (mostly RCT) (https://adeeth07.github.io/more/)


