|

7/ “““\\\ A ECO" SEARCH

% // RESEARCH IN AGRICULTURAL & APPLIED ECONOMICS

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the
globe due to the work of AgEcon Search.

Help ensure our sustainability.

Give to AgEcon Search

AgEcon Search
http://ageconsearch.umn.edu
aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only.
No other use, including posting to another Internet site, is permitted without permission from the copyright
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.


https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
http://ageconsearch.umn.edu/
mailto:aesearch@umn.edu

Precision Farming Technology Adoption in Cotton Farming: Duration Analysis

Mahesh Pandit, Krishna Paudel, Ashok Mishra, LSU and LSU Agricultural Center
Eduardo Segarra, Texas Tech University

Contact Information

Krishna P. Paudel

Associate Professor

Department of Agricultural Economics and Agribusiness
Louisiana State University and LSU Agricultural Center
Baton Rouge, LA 70803

Phone: (225) 578-7363

Fax: (225) 578-2716

Email: kpaudel@agcenter.Isu.edu

Poster prepared for presentation at the Agricultural & Applied Economics Association’s 2011
AAEA & NAREA Joint Annual Meeting, Pittsburgh, Pennsylvania, July 24-26, 2011

Copyright 2011 by [Krishna Paudel]. All rights reserved. Readers may make verbatim copies of
thisdocument for non-commercial purposes by any means, provided that this copyright notice
appears on all such copies.



Precision Farming Technology Adoption in Cotton Farming: Duration Analysis
Mahesh Pandit, Krishna Paudel, and Ashok Mishra, LSU and LSU Agricultural Center
Eduardo Segarra, Texas Tech University

Introduction

Precision agriculture (PA) refers to an information based agricultural production system that applies right amount of inputs on right place at right
time. PA which has been in existence in agriculture since mid-1980 has helped farmers realize increased profit and reduced environmental
concerns by applying right amount of inputs (Bullock, Lowenberg-DeBoer,and Swinton, 2002; Bongiovanni and Lowenberg-DeBoer, 2004;
Roberts, English, and Larson, 2002; Watson, Segarra, Lascano, Bronson and Schubert, 2005; Torbett, Roberts, Larson, and English, 2007).

IPA uses several component technologies -- of these some farmers only use a few but others adopt all. Some of these

ABSTRACT
We used survey data collected from cotton producers in eleven U.S. states to address the issues of correlated events and individual
heterogeneity in multiple precision technologies adoption. Results from a conditional frailty model indicated that younger, better educated
cotton producer adopted precision technology quickly once those technologies were available. Further, farm size and farm income have
positive influence on a chance of technology adoption by the cotton farmers. Moreover, the conditional frailty model addresses for both
heterogeneity and event dependence allowing different baseline hazards for each group of precision technology adopters.

Data
The data for this study were obtained from a survey of cotton producers located in 11 U.S. states (Alabama, Arkansas, Florida, Georgia,
Louisiana, Mississippi, Missouri, North Carolina, South Carolina, Tennessee, and Virginia). The purpose of this survey was to obtain

include yield monitor with or without GPS, soil sampling done using grid or zone method, aerial photos, satellite images, soil survey maps,
handheld GPS/PDA, COTMAN plant mapping, digitized mapping, and electrical conductivity. Although PA has been common in cereal crops,
it’s component technologies are slowly becoming popular in cotton production.

Our interest is to find out why some farmers use all component technologies and others do not. While it is true that cotton farmers do adopt

for profit, to be at the forefront of technology and for environmental benefits reasons, it is still puzzling to see why where and when
related questions on technology adoption. Considering the adoption process as survival of technologies, we can analyze duration for technology
adoption using available methodology from survival analysis literature. The commonly used methodologies for survival analysis are Cox-
proportional hazard (Cox, 1972), Andersen-Gill (1982), shared frailty, and conditional frailty models. In simple survival model, we assume that
there is no individual difference among farmers; however, this is not a case in real analysis. The cotton farmers have different intuition on
farming and have their own specific farm and individual characteristics. These condition leads to heterogeneity across individual cotton
producers and produces within-subject correlation in the occurrence and timing of recurrent events with in the given subject. At the same time,

response rate can be within producing within-subject correlation in event times.
Objectives
“The main objective of this paper is to apply the conditional frailty model for precision agricultural technology adoption that can address both the individual
well as event dep: g multiple pr farming technology.
Methods

A single technology adoption/nonadoption behavior of a cotton farmer can be modeled using a probit/logit model. When
concern is about adopting multiple technology and the time it takes to adopt these technologies once they are available
can be modeled as a duration model. In literature, a Cox proportional hazard model (CPHM) is used to model the
duration of technology adoption. When there are multiple technologies involved, CPHM does not give right type of
variance and parameters are also biased. The model does not recognize individual heterogeneity or correlated events. One
way to overcome efficiency problem is to correct variance and estimate CPHM using Wei et al.’s (1989) variance
corrected model. This model does not give consistent parameters and also cannot address individual heterogeneity. Other
alternative model are shared frailty and conditional frailty models. Shared frailty model can handle only individual
heterogeneity. Therefore, we used a conditional frailty model which addresses both individual heterogeneity and
correlated events. Additionally, this model gives efficient and consistent parameters. Under the conditional frailty
model, the chance of adoption of a particular technology k completed for a specific individual i, (Ai) is

A= A — e I

Here, k denotes number of precision technology adoption, AOK is the baseline adoption rate and varies by with the
number of technologies adopted by cotton producer. t- t: represents a gap time from (k-1)th technology adoption to kth
technology adoption. Then the parameters are estimated by maximizing following partial likelihood function:
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Figure 3: Cumulative hazard function
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about the cotton attitude towards the adoption of precision agricultural technology. Data consists of 7456 observation
for 681 cotton farmers who adopted technologies between 1966 and 2007. Considering, year as a unit of duration for technologies adoption, we
observed whether the cotton producer adopt the technologies or not in a particular year. Each cotton producer can adopt one or more than one
technology as a case of multiple technologies adoption. There are total of 474 events with each farm experiencing an average of 0.70 events.
The events in this data set range from 1 to 11 for 11 technologies. Figures 1 and 2 give summary representation of adoption behavior of these
cotton producers. We found that 255 farmers adopted only one technology; 97 farmers adopted exactly two technology; 55 farmers adopted
exactly 3 technology; 24 farmers adopted only four technology, 9 farmers adopted exactly 5 technology, 4 farmers adopted exactly 6
technology. Further there is exactly one farmer who adopts 7 to 10 technology. Finally, no farmer adopted all 11 technologies.

[ Table 1. Parameter estimates under three different duration models |
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Results and Conclusions

A likelihood ratio test is performed to determine the presence of heterogeneity among farmers which is determined by variance
component of the random effect. The likelihood ratio test determines whether the variance component is significantly different from
zero at a 5% level of significance. Our results show that the test statistics value is 138.7489, which is highly significant. The
significant likelihood ratio test implies the presence of the random effect in the model, so we concluded that unobserved
heterogeneity affects the model possibly from two possible reasons: individual heterogeneity and event dependence. Hence, the
random effect can either be attributed to individual ity or event or both. The values of random effect for the
conditional frailty and shared frailty model are 1.38 and 1.69, ively and those are statistically signifi suggesting
heterogeneity is present among cotton producers adopting component precision Following B reuer and Boef
(2006), we can argue that the difference in the estimated effect of covariates in these two models imply that either heterogeneity or
event dependence or both are present in the data. A graph of cumulative hazard function by event number from conditional gap time
model suggests that the baseline hazard is different for different technology. From the comparison of this graph with conditional
frailty model (Figure 3), we noted that cumulative hazard lines are not significantly different. Moreover the two graphs suggest that
except for few ies, there is no In order to account for the event dependence, we considered a
conditional frailty model as our final model.

Our results from conditional frailty model show that variable profitable has the highest effect on the risk of technology
adoption, which implies that farmers who think that precision farming technologies would be profitable in future are likely to adopt
technology in short time period than who do not think so. This result is consistent with the result obtained from (Paxton et. al, 2010).
AAge shows negative and significant effect on the hazard of adoption of technology. Therefore, an additional year of age reduces the
estimated hazard of technology adoption by two percent, which is consistent with our expectation that older farmers are less likely to
adopt new technology because of a lower expectation from cumulative return from the cotton farming in future. Results suggest that
education attainment (educ) has a positive effect on the hazard of adoption. Therefore, an additional year of formal education
increases the conditional probability of adoption by 6%. This implies that the duration for adoption of technologies decreases with an
increase in the number of formal education. The significant positive effect of farm income on the likelihood of precision technology
adoption indicates that a $1,000 increase in farm income increase the chance of adoption of technology by 0.6%. Cotton producers
whose farm income is higher can afford to new precision technology so they do not wait long time to adopt a new technology. Cotton
producers, who use computer for farm management (such as computerized financial records) were most likely to be successful
(Mishra, EI-Osta and Johnson, 1999). Consistent with their findings, our results shows that computer use in farming has positive and
significant impact on the adoption of technology. Cotton producers who use computer for farm management has a conditional
probability of adoption is 1.58 times greater than those operators who have not use computer. Adoption of technology by cotton
producer also depends on the productivity of their land. Our results suggest that one Ib/acre increase in cotton yield per acre of land
increases the hazard of technology adoption by 1%. This means that cotton producer adopt technologies faster if the average yield of
land is higher compare to other farm.

The most important issue addressed in this paper is the multiple precision technologies adoption by some cotton producers.
Hypothesis test for indivi ity shows that presence of heterogeneity in the data, so we implemented a conditional frailty
model which handles for both heterogeneity and event dependence allowing different baseline hazards for each precision technology.
Hence, the bias and inefficiency originates from individual level heterogeneity and/or from event dependence in the presence of
multiple precision technology adoption are corrected in this study. In conclusion, the results help to formulate an effective policy to
increase adoption of precision technologies by cotton producers.
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