Over the past half century there has been a massive change in how farmers do the business of
agriculture. Mechanization has increased, agro chemicals have been developed, and plant ge-
netics have been altered for specific traits. These changes have greatly increased the
productivity and adaptability of many farmers. Yet these gains have not been universal.
Farmers in industrialized countries have made huge changes and reaped huge benefits. Small
scale farmers in the developing world have, in many cases, made fewer changes and are being
left behind.

This is particularly concernin
manmade climate change is

causing a significant drop in
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The encouraging fact is that there are a
number of simple innovations or changes in
agricultural practices that can be under-
taken to improve resistance to climate
fluctuations. These include the use of
drought tolerant varieties, changing the
timing of agriculture, and using improved
land management practices.

Each year large multi national corpora-
tions and aid organizations spend millions
of dollars promoting such changes in agriculture. In some cases, like the potato breeding
and cultivating cooperative shown in the pictures above, the changes are taken up and agri-
cultural yields are increased. In other cases the project falls flat and resources are wast-

ed. There are a myriad of reasons why a farmer would choose to or not to change their agri-
cultural practices but that exact reasoning process has often been shrouded in mystery.
Smallholder agriculturalists are not backwards or inscrutable, they operate under their own
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to use climate sensitive practices is critical for better targeting of interventions that
will help build resilience to the inevitable shocks that they will face.

To better understand what impact different social and economic factors play a role in whether
or not a farmer makes a change in their agricultural practices | used Logistic Regression
Modeling. This type of modeling uses explanatory variables to predict whether or not a
farmer would make one of the four changes listed as outcome variables in Table 1. To help
control for regional differences the three regions were run independently from one another.
This resulted in 12 regressions. The choice of variables was based on a 2014 article by
Wood et al at Columbia University. The initial regressions were run in STATA using survey
procedures to cluster the standard errors at the site level. For regression coefficients see
accompanying papetr.
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reasoning and process. Therefore understanding how and why smallholder farmers are deciding
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spatial data the statistical test used is
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Is a spatial component to the data that is

in the model.

This is the case with the logistic models

ltural adop-

tion of practice changes. Figure 5 shows
clustering of farmers who adopted the im-
proved varieties. Figure 6 shows clustering
of the Logit Model residuals when trying to

adopt the im-

proved varieties. Figure 4 shows the Mo-
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logit residuals is highly positive and sig-
nificant, indicating that there are spatial
characteristics in the data that need to be
addressed.
Figure 5: Clustering of Adoption of Improved Varieties in Figure 6: Clustering of Logit Residuals in Burkina Faso
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To better understand how and why smallholder
farmers are making the decisions that they are
making the Consultative Group for International
Agricultural Research (CGIAR) conducted a base-
line survey of 2095 households spread across 15
sites in 12 different countries. This survey

asked a series of questions relating to what

kinds of agriculture was being practiced now as
well as what kind of agriculture had been prac-
ticed in the past.

Figure 1: Global View of the CCAFS Baseline Data Set

o

Figure 2:West African Portion of the CCAFS Data Set

Figure 3: Burkina Faso Site in CCAFS Data Set

The survey was conducted in three broad re-
gions, West Africa, East Africa, and South Asia
(Figure 1). Each region had between 4 and 6
sites in it (Figure 2) and each site consisted

of roughly 140 households (Figure 3: 20 each
from 7 villages). The goal of this analysis it

to evaluate how to best use this information to
understand farmer decisions to adopt technolo-
gies or practice changes.

autocorrelation in the data,

specifically the residuals in

the logit models | re - ran the
logistic models using a auto -
covariate specification. This
Logistic Regression technique
uses the covariation between the
predicted values of the logistic
regression to inform its predic-
tive process. In essence if an
observation is near other obser-
vations that the model predicts
LN 0 be likely successes then it
il increases the likelihood that

that observation will be a suc-
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| values for the classical logistic regressions used to predict weather a farmer adopts a new

technology or practice. These are also highly positively spatially correlated. The last set
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of rows are the Mor ano s-covariate logistic medela Cell® coded in green saw a
reduction in spatial autocorrelation while cells coded in red saw an increase. In general
using an auto - covariation model reduces the spatial autocorrelation in the residuals, but not
universally or sufficient-
ly.
Table 3 shows how the
siBanicance of the explan-
atory vari abl es changed de-
pendent of which specifica-
tion of Logit model was
used. Cells coded in red
indicate variables that
yvere legsppwerfu} inpre-
dicting farmer behavior in
the autocorrelation models
while the green cells indi-
cate variables which in-
creased in their explanato-
ry power.

In the end the auto

- covariate model did not make a significant dent in the spatial autocorre-
lation of the logit model residuals This indicates a need for more sophisticated spatial

ddeélifig®f fanher téclinBlogy adoption. One such option would be to use multi

which takes into consideration site level effects and how they interact with household level

effects. A second alternative would be to use a spatial lag model which would look at what

is the direct impact of having neighbors who have adopted the technology or practice change

on the likely hood that a farmer would make that same change. This kind of modeling is crit-

I cal for understanding patterns |like we see in the Burkina Faso data in Figure 6.
clear clustering of high and low residuals meaning that the model is very good at fitting in

some areas and very poor at it in others. Those kinds if differences could be due to a spe-

cific education program or extension activity and are particularly interesting for planning

agricultural interventions going forward.

- level modeling
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Data Sources:
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CCAFS: Climate Change, Agriculture, and Food Security, Baseline Survey
Image Sources: John VanderHeide
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