|

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

Testing for Complementarity and Substitutability among Multiple

Technologies: The Case of U.S. Hog Farms

Li Yu, lowa State University
Terrance M. Hurley, University of Minnesota,
James Kliebenstein, lowa State University,
and
Peter F. Orazem, lowa State University

Selected Paper prepared for presentation at the American Agricultural Economics
Association Annual Mesting, Portland, OR, July 29-August 1, 2007

Contact Author: Li Yu, Department of Economics, 260 Heady Hall, lowa State University, Ames,
|A 50011-1070, Phone: 515-294-8783, E-Mail: yuli @iastate.edu

Copyright 2007 by Li Yu, Terrance M. Hurley, James Kliebenstein and Peter F. Orazem. All
rightsreserved. Readers may make verbatim copies of this document for non-commercial
purposes by any means, provided that this copyright notice appears on all such copies


mailto:yuli@iastate.edu

Abstract: The hypothetica distribution of multiple technology adoptions under the assumption that
technologies are mutualy independent is compared against the actual observed distribution of
technol ogy adoptions on hog farms.  Combinations of technologies that occur with greater frequency
than would occur under independence are mutually complementary technol ogies. Combinations that
occur with less frequency are substitute technologies.  This method is easily applied to simultaneous
decisions regarding many technologies. We find that some technologies used in pork production are
mutually substitutable for one another while others are complementary. However, as the number of
bundled technol ogies increases, they are increasingly likdy to be complementary with one another,
even if subsets are substitutes when viewed in isolation.  This finding suggests that farmers have an
incentive to adopt many technologies at once. Larger farms and farms run by more educated
operators are the most likey to adopt multiple technologies. Our findings suggest that the
compl ementarity among technologies in large bundles is contributing to a form of returns to scal e that

isleading to increasing growth in average farm size.



1. Introduction

Numerous studies have examined the choice of whether or not to adopt a given technology (Griliches
(1957), Putler and Zilberman (1998), etc.). In most of these settings, the decision is whether or not to
adopt a specific technol ogy, ignoring the presence of other potential technol ogies. Even papers that
evalua e the choice between two practices or technol ogies typically consider these choices as
separable from the possibl e existence of other technologies. However, if these other technologies
are not truly independent, treating the adoption of a given technology as an independent choice or a
choicerdativeto asingl e aternative can yield misleading results.

Theanalysis of multiple technology adoptions is complicated by the curse of dimensiondity -- if
there are n technol ogies, therewill be 2» potential technology combinations. The computational
burden of anal yzing these adoption decisions simultaneously requires that researchers impose
simplifying assumptions. For example, Stoneman and Toivanen (1997) and Wozniak (1993) treated
each technology as an independent choice This ignores the possibility that technol ogies may be
substitutes or complements. Even when one technol ogy is adopted from a menu of many options, as
with amultinomia logit specification for example, the researcher imposes that the agent sd ect only
onetechnology. Thisimplicitly imposes that the technol ogies are substitutes for one another. The
possibility that technol ogies are complements in production is not allowed. Dorfman (1996) proposed
but did not test a method which can be extended to check adoption rates of some multiple technology
bundles. The method utilizes Gibbs sampling to reduce the computational burden of adding additional
choices to amultinomial probit modd. His method also requires that the technol ogy adoptions be
ordered. Still, the method does not essentially exam the whether these multiple technologies are

substitutes or complements.



This paper proposes a statistical method that identifies complementarity or substitutability
rel ationships from among a large menu of technologies. This method is applied to the technol ogy
adoption dedisions of hog farmersin the United States. The data strongly reg ect the null hypothesis
of independence among technologies. Of 256 possible combinations of technol ogies, only
one-quarter occur at the frequency within 2 standard deviations of the projected occurrence under
independence. Almost 60% of the combinations never occur.  Of the remaining 15%, 11% of the
combi nations are mutual substitutes and 4% are mutua complements. However, whil e the number
of complementary combinationsis smdl, these tend to be combinations of large numbers of
technologies. In fact pairs of technologies may be substitutes, but in combinations with other
technol ogies, they become mutually complementary.  That large technology bundles tend to be
compl ements suggests that large farms may have a comparative advantage in technol ogy adoption.
Smaller farms may not have the capacity to use multiple technologies. Smaller farms may aso be
unabl e to attract sufficient loans borrowed against future incometo allow them to adopt large numbers
of technologies. These findings suggest that multiple adoptions may be complementary with farm
Sze

Wetest the hypothesis that farm sizeis complementary with multiple technology adoptions using
an ordered probit equation with number of technol ogies used as the dependent variable. We find that
itisthelarger farms that are the most likely to adopt multiple technologies.  In addition, more
educated producers are more likely to adopt multiple technol ogies.

The next section of the paper will propose our strategy for statistically modeling whether groups
of technologies are mutually complementary or substitutes for one another. Thethird section

proposes a mechanism to establish statistical bounds that can be applied to establish whether the



observed pattern of multiple technology adoption can reject the null hypothesis of independence
among the technol ogies and whether the groups are complements or substitutes. The method is
gpplied to data on technologies adopted in the US hog industry in the third section. The fourth section
further relates the multiple technology adoption to the farm sizes and human capital. The final section

cond udes the paper.

2. Complementsor Substitutes among Technologies Adopted?
In this section, we formd |y derive a method that can distinguish whether a particular pattern of
multipl e technol ogy adoptions is consistent with mutual independence, mutual substitutability or
mutual complementarity. The method foll ows this logic: Suppose K (K> 1) technol ogies are mutually
independent so that adopting one of the technol ogies does not affect or is not influenced by the
presence of any other technologi es. The probability of adopting each of K technol ogies will equal the
product of the adoption probabilities of each of the K technologies. In redlity, these technologies may
be complements or substitutes. If a set of technol ogies are mutua ly complementary, then producers
will select that combination of technol ogies with greater frequency than would occur under the null
hypothesis of mutual independence. On the other hand, if the technol ogies are mutual ly substitutable
for one another, the combination will be bundled together less frequently than woul d occur under
mutual independence. This strategy is computationally simple and remains feasible even as the
number of technol ogies expands.

Wefurther check whether or not the data as awholeis consistent with the i ndependence
assumption. If technologies are adopted independently, we can decompose the production function
into technology specific functions. The technol ogy adoption decision can be made i ndependently,

ignoring the effects from other technol ogies. However, if technologies are not mutually independently



adopted, we cannot decompose the production function because firms have to incorporate the effects
from s multaneous multi ple technol ogy adoption, such as economy scal es and complemented |abor
inputs.
Independence test for a specific technology bundle

The null hypothesis (Ho) isthat K technologiesin bundlej are independent. The alternative hypothesis
(H,) istwo sided: ether they are substitutes or they are complements.
Ho: The n technol ogies are mutually independent.
H;: The n technologies are not mutually independent and may be compl ements or substitutes.

Each technol ogy adoption decision can beregarded as a Bernoulli trial, a common assumption
employed in the single technology adoption literature. Define X, as arandom variable which
reflects this binary technology adoption decision. X, has aBernoulli distribution if

X, = : 1 Adopted with p.robabi lity pk W
70 Not Adopted with probability1- p,
where O£ p, £1. X, can beasingle technology adoption decision variable, and can also bea
random variabl e in the multiple technology combination context.
The matrix T below illustrates al possible adoption combinations from a menu of K technologies,

where each column represents a specific technology and each row represents a possible combination

of technologies. The matrix is2* ~ K . Element “1” inthe jth rowand i"™ column represents that



technology i is adopted in combination j.
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Definethe jth row of matrix T as (X, X2, Xja,... Xik). Supposethat thefirssm(m£ K)
technol ogies are adopted and that the remaining K-m technol ogies are not. Define a new random
variable Y; wherej indexesthe jth adoption combi nation:

_jl if X ==Xy, =1and Xy, == Xy =0 with Probability g,

jm+1

I 710 otherwise with Probability1- g,

Under Ho, the probability is denoted asq: g = E(Y]| Independent) =

OE(x,)O - E(x,)

Kw mwy

where V\4A and WN arethe set of technol ogies adopted and not adopted for the™ technology bundle.
We can think of specific technol ogy choices as coming from K independent Bernoulli trials where p

is the probability a producer adopts technology k.  The likdihood function for the null hypothesis

can then be written as

O O pOXk( )1 O pfﬁxk( )N ?lxl wherei indexes thei™ observation in the

i=1 k=1

sample and N is the total observationsin the sample. Thelog likdihood function is then

nte=4 & X'oln(pk) ?\l-gx‘kg'n(l- pﬁ)g- @

k=L =
It can be shown that the MLE estimators are

N .
a X
p = i=1N ,k=1,2,..,K, (3




which means that the actual probability of adopting a given technology k can be calculated by the

frequency of its occurrence in arandom sample. The probability to adopt technology bundlej is hence

easy to abtain,
=00 ). (4)
Awd W

N
Under H;, The Likeihood functionis L' = P P where

i
i=1

iq; if individuali choosestechnologybundlej, j =1,2,...2" - 1

I
Pi =i zg-l
il- a q} if individual i choosestechnologybundle2"
(

~

j=1
It can be also shown that MLE estimate of probability of adopting technology bundlej is
=" ©)
where N; isthe number of individualsin the sample adopting technology bundlej.
In order to test null hypoth&sisq} = qj? for a given technology bundlej, usual stetistics are not

available or are very difficult to obtain mainly because g and q} are correlated such that sample
variances are not easy to cal culate. Percentil e Bootstrapping provides a good tool to accomplish our
goal. Supposethat M samples are drawn with replacement from our raw data M ¢sand §;sare
cal culated according to equations (4) and (5) for each new drawn sample. DefineC; as a vector of
adoption rate differenceq} - §7. Sort C; according to an ascending order. Redefine the new data
asC, . Wethen get rid of the smallest 2.5% of the elements and the biggest 2.5% of the éementsinC, .
The confidenceinterval of C, at the significance level 5% is therefore constructed as [ C J-L 6 J.H ]
WhereéjL - é'jM*z.s%‘h and é'jH - C":'J_M*97.50/o‘h .

If zero fallsinto theintervd [ 6 jL , C jH ], we cannot reject the hypothesi s that technologiesin

bundlej areindependent. If 6 jL and C jH are both positive, the technologiesin bundlej are regarded

as complements, because it ismorelikely that these technologies go together. If 6 jL and C jH are



both negative, the technologies in bundlej are regarded as substitutes, becauseit is less likely that
these technol ogi es go together than the situation where technol ogi es are independent.
Independencetest for technology bundlesin general
G test, alog likdihood ratio test of independence, is given by

3 oy Fi 3 o1y 0
G=2g F, In(F—JO)=2Na a; In(—;) (6)
j j j q;
where F! and F? arefrequency if thetechnology bundlej observed under H' and H° respectively.

G is asymptotically distributed as a Chi- square with (2-K-1) degrees of freedom, ¢?(2" - K - 1).

For those technol ogy bundles which do not exist in the data, defineg” |n(£) =0.

i
3. Multiple Technology Adoption on U.S. Hog Farms

The U.S. hog industry has experienced rapid technological innovation over last decade in the areas of
nutrition, health, breeding and genetics, reproductive management, housing, and environmental
management (McBride and Key, 2003). These technol ogies are used in four stages of the production
process. breeding and gestation, farrowing, nursery and finishing. These technol ogies have been
associated with improved feed efficiency, lower death loss, higher quality meat, more rapid weight
gain, and other improved outcomes that raise farmer profits (Rhodes, 1995). Using our statistical
method comparing observed adopti ons agai nst that predicted under the null hypothesis of
independence, we will be able to assess whether the adoption patterns reflect an underlying

complementrarity or substitutability among the technol ogies.

Data

This paper uses survey data from arandom sampl e of subscribers to National Hog Farmer

Magazine. The surveys were conducted in years 1995, 2000 and 2005. Hog farmers across the United



States were asked whether they use any of the ten technol ogies listed in Table 1. Each technology is
treated as a dichotomous variabl e taking the value of 1 if the technology is used and O if it is not used.
Information on Medi cated Early Weaning and Modified Medicated Early Weaning was only obtai ned
in 1995 and 2000 while questions regarding Auto Sorting and Parity Based Management were only
asked in 2005. Consequently, we have information on the use of eight different technol ogiesin each

of the three survey years. The most commonly used technologies are Artificial 1nsemination
technology (Al), Phase Feeding technology (PF) and All In/ All Out (AIAO) production. Modified
Medicated Early Weaning (MMEW) is the least often utilized in 1995 and 2000 and Auto Sorting (AS)
is the least often utilized in 2005.

Because subscribers to National Hog Farmer Magazine are not a representative sample of all hog
farmers and because propensity to respond to surveys may a so differ by farm size, the survey data are
we ghted to conform to the size distribution of hog farmsin the USDA Agricultural Census Data
(ACD). USDA counts of hog farmsin 18 census regions and four farm size classifications were taken
as the population universe! Farm size ranges from fewer than 1000 pigs, 1000 to 1999, 2000 to 4999
and more than 5000 pigs. The weights are computed as follows: there are N hog farms in total in the
USand n; farmsinregionandsizecel j. The proportion of al hog farmsin the jth cell is n;/N.

The comparable number of farmsin the same region and size group in our sampleiss; . Each farmin

our sampl eis then assigned a probability weight by S .2

n /N

1 1.IL2.IN3.1A 4 MN 5. MO 6. NE 7. OH 8. WI 9. ND and SD 10. PA, CT, ME, MD, MA, VT, NJ, NH,
NY, Rl and DE 11. Ml 12. NC 13. KY, WV and VA 14. GA, SC, FL, AL, TN, MSand LA 15. WA, ID, OR,
NV, CA, AZ, UT, Hl and AK 16. TX, OK and AR 17. KS 18. MT, WY, CO and NM.

2 Weights based on the 1992 Census were used for 1995 survey responses and the 1997 Census was used to
construct weights for the 2000 and 2005 survey responses. 2002 Census data were not available at the time of
the analysis.
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When the probability weight is considered, the adoption rate for technol ogy k under

independence assumption is redefined as

=t @

W is the weight assigned to observation i in the sample. The adoption rate of technology bundlej is
calculated from equation (4) inwhich p¢ is defined as equation (7) now.
At the same time, the adoption rate of technology bundle j under aternative hypothesis needs

correction by the probability weights,

awi, j) 8)

, where 1(i, j) isanindicator function, equal to oneif individual i adopts technology bundlej,
otherwise, zero.

Hog farm size ranges from | ess than 500 heads in 1995 to more than 100,000 in 2005. Thesize
categories varied across survey years, as shown in Table 2. In 2005, the smallest farm is defined as
producing fewer than 1000 pigs rather than 500 in 1995 and 2000. The 2005 survey adds an additional
category for the largest farms, distinguishing farms producing 25,000 to 49,999 from those produci ng
50,000 or more. The market share of large farms has grown rapidly over time. In 1995, about 30
percent of farms produced more than 10, 000 pigs. By 2000, that proportion of farms had risen to 43
percent; and to 54 percent by 2005. On the other hand, 29% of farms were producing fewer than 5,000

pigsin 1995; 27 percent by 2000; and only 11 percent by 2005.2

3 All of these market shares are computed using the sample weights

11



Findings

In this section, we show how our method can identify whether technol ogies adopted in the U.S.
hog industry are complements or substitutes.

Using equation (7), we use the raw data and estimate the adoption probability for each technology
K p2,k=12,...K respectively, as reported in Table 1. Some have had rapid growth in adoption rates
such as Al and Segregated Early Weaning (SEW) whose usage doubl ed between 1995 and 2005.

Others, such as MEW and MMEW, have decreased in usage from 1995 to 2000. The adoption rate

qj? of technology bundlej is calculated from equation (4), j=1,2,...,2<. We then calculate
d;,j=12..,2° according to the equation (5). Difference between ¢ - g isobtained.

Using bootstrapped method, we draw new data sets with replacement for M = 2000 times. And
redo the procedure above to obtain a matrix with 2000 elements of differencesg; - §°. The matrix is
now M ~ 2. The basic results of multiple technol ogy relations for each case are shown in the Table3a.
Some cases of technology bundles never occur in our data. Except the non-exi stence cases,
technologies in most bundles are independent. For example, 76 out of 133 cases are independent in
1995, 45 out of 79 in 2000 and 67 out of 102 in 2005. The remai ning bundl es indicate that
technologies are either substitutes or complements and the substitute rel ations prevail.

Technol ogies with mutual complementarity are what we are moreinterested in. We further ook at
the results in the Table 3b where we present the specific technol ogies adopted which are regarded as
complementary in each year. The case in which no technologies are adopted generates a higher
frequency than that under independence assumption. One of the explanationsiis that very small farms
do exist in the market and survive the competition even if they do not use any advanced technol ogies.

We excluded the zero adoption case from the following analysis.

12



In each survey year, there are some s ngle technol ogies adopted at a higher rate than under the
independence assumption. These farms only utilize one of the advanced technol ogies to produce hogs.
Among these eight technologies, Artificial Insemination and All In/ All Out are the two technologies
often used by farmersin all three survey years. Split Sex Feeding and Phase Feeding technol ogies
are dso often used by farmsin 1995 and 2000. In 1995, Multiple Site Production is another
technology frequently used by farmers who only use a single technol ogy.

Other rows in the Table 3b show the adoption of multiple technologies. Certain specific
technology combinations such as (Al, SSF, PF, MSP, SEW, AIAO) and (Al, SSF, PF, MSP, MEW,
AlIAO) appear very frequently in the sample with the former selected by almost 8% of all farmsin
1995, 14% in 2000, and 6% in 2005. When we add a certain new technol ogy to some technology
bundl es which appear to be complementary, the new technology bundles are still more likely to be
complementary. For exampl e, technol ogies SSF, PF, MSP, SEW and AIAQO are complementary in
1995 and 2005. When we add Al into the bundle, the new bundleis aso a compl ementary
combination.

However, we still find that some technologies appear to be substitutes. After a new technology is
added into the bundl e, the new bundle may become complementary. For example, Al, PF and AIAO
gppear to be a substitute combination in 1995, but after SSF is used, the new bundle (Al, SSF, PF,
AlAO) becomes complementary. As the number of bundled technol ogi es increases, they are
increasingly likdy to be complementary with one another, even if subsets are substitutes when viewed
inisolation. This finding suggests that farmers have an incentive to adopt many technol ogies at

once.
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Among early weaning technologies, Segregated Early Weaning technology is more frequently
used in the complementary bundles than MEW and MMEW. The three early weaning technol ogies
areless likely to appear together in the technol ogy bundles. However, when farms adopt at |east seven
technol ogies, they become necessary € ements in the complementary bundles to increase productivity.
MEW and MMEW appeared more frequently in the complementary combinations in 1995 but
declined dramatically in usein 2000 and were dropped from the survey in 2005. They were
supplanted by the close substitute technology SEW, which also incorporates the use of anti-biotic
vaccines in early-weaned pigs combined with methods to keep litters of pigs separated to further
suppress spread of disease.* As newly introduced technol ogies in 2005, Parity Based Management
and Auto-Sorting System technol ogies, adopted along with other often used technologies, are
regarded as complementary with each other.

As far as the rd ationship between two technol ogies is concerned, severa studies have examined
correlations between two practices or technol ogi es to assess whether the technologies are subsititutes
or complements. For example, Poppo and Zenger (2002) interpret a positive correlation between
rdational governance and formal contracts as evidence that the two choices are complementary.
Dorfman (1996) interpreted a negative correation in the errors across probit equations explaining the
adoption of variousirrigation and integrated pest management techni ques to suggest that the
technol ogies are substitutes. However, the simple correspondence between correations and
complementarity or substitutability breaks down when more than two technol ogies are sd ected

simultaneously.

* Additional information on these technol ogiesis available at http://www.admworld.com and
http://www.thepigsite.com.
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We compare the conclusions that would result from bilateral corrdations to the conclusions that
are derived from our more general method in Table 4. The bilatera corrd ations suggest numerous
occurrences of complementary technology pairs that are really independent or are subsets of more
compl ex technology combinations. For exampl e technology bundle of Al and AIAO, or the bundle
of Al and SSF are regarded as substitutes by the simple corre ations in 2005, but both of the bundles
are independent when eval uated in conjunction with all the other technol ogies. Many of the
presumptive complementary pairs, based on simple corrdations, in fact never occur in the data—the
pair dways occurs in conjunction with other technol ogies that are presumed to be irrel evant
dternatives when computing the bilateral correations.

Finally, the G statistics from equation (6) of the independence of the multiple technology
adoption in general are constructed using probabilities defined according eugaiton (4) and (5). The G
datistics are 2850.8, 843.84 and 937.21 in 1995, 2000 and 2005 data respectively using our raw data.
P-value for each test isless than 0.01. Therefore we rgject the hypothesis that technol ogy adoption in
genera isindependent. Multiple technology adoption in the US hog industry is not mutually
independent.

4. Simultaneous Technology Adoption and Farm Size Deter mination

The adoption of each technology requires fixed investment in land, equipment and human capital.
Not all farms will be equally positioned to adopt.  Small farms may face liquidity constraints that
prevent them from incurring large capital investments or they may not have sufficient land to enable
multiple adoptions. Farmers with better human capital endowments, presumably those with more
education, may be better positioned to learn aout new technaol ogies or to learn how to i mplement

them effectively.
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Table 5 provides additional detail on the persistence of the farm size-adoption relationship. Itis
gpparent that larger farms adopt more technologiesin all three years. Farms with fewer than 2,000
pigs utilize fewer than two technol ogies on average, while farms producing more than 25,000 pigs use
more than four technol ogies on average. Over time, there is modest growth in the number of
technol ogies used within each size category, but the gap in technology use between the largest and
small est farms remains.

Previous studi es have noted the corre aion between firm size and technology adoption.  Several
reasons have been advanced. Larger firms have more educated workers who are more easily adapt
to new technol ogies, meaning that larger farms have a comparative advantage in training costs (Idson
and Oi, 1999). Adoption of new technol ogiesis risky, and large farms may be better able to diversify
that risk across more technologies or across greater volume of output.  Findly, large farms may face
fewer liquidity constraints in absorbing the fixed costs of technology adoption.  Kristen and Belman
(2004) found that firms with more than 250 drivers are between 44 percent and 62 percent morelikey
to use Satdlite Based Systems than firms with less than 25 employees. Stoneman and Kwon (1994,
1996) and Colombo and M osconi (1995) aso find a positive re ationship between firm size and
technol ogy adoption. Firms adopting multiple technol ogies tend to have higher profits (Stoneman and
Kwon, 1996), consistent with the presumption that these technol ogies are mutualy complementary.

Previous studi es have also consistently shown that more educated agents adopt technol ogies
morereadily. This apparent compl ementarity between human capital and technologica innovations

has been used to explain the positive correl ation between average wages and i nformation technology
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investments at the firm or individual levels.”  Numerous papers have also found a positive

correl ation between farmer education and technology adoption in agriculture®  More educated or
more skilled farmers may have a comparative advantage in adopting new or more advanced
technologies. They may learn of new technol ogies more quickly or they may have skills that
compl ement the productivity of the new technologies.

To investigate the roles of human capital and farm size in multiple technol ogy adoption,
assume a bi-variate ordered - response probit model, considering the correl ation between the
technol ogy adoption and farm size. The bivariate ordered — response probit mode considers two
latent dependent variables t; and s with the following form shown in equation (9), assuming that
the purely random error terms 1, and m,; have independently and identically standard normal
distribution, where t; isthe number of technologies used by the producer i, s isthefarm i’s
size, b isacoefficient vector to be estimated in technol ogy adoption equation and g isthe
coefficients to be estimated in the size equation. €, is the random specific individual effect common to
each equation which is distributed as N (0,s ?).

ti =xb-e-m

S =xg-e-m, ©
an o @o@ 00

Em, 5 £E0580 15

5 Examples include Krueger, 1993; Dunne and Schmitz, 1995; Caselli and Coleman II, 2001 and Dunne, Foster
and Troske, 2004. Dinardo and Pishke (1997) suggest that the correlation may not be causa. Acemoglu
(2002) reviews the literature.

5 See Griliches, 1957; Wozniak, 1987, 1993; Huffman and Mercier, 1991; Dorfman, 1996; Foster and
Rosenzweig, 1995; Khanna, et. al. 1999; and Abdulai and Huffman, 2005 for examples of technol ogy adoption
in agriculture. Huffman (1999) presents a comprehensi ve review.
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t

i istheunobserved latent and continuous number of technologies used by the producer i,

unobserved to the analysts but the number of technologiesis observed as a discrete category, t; given

t, =0 if t <a,
=1 if a,ft <a, 10

=8 if a £t ,a ,>a_,"c={12..7}

wherethe a_are unknown parameters to be estimated. The size equation, which is categorized from 0
to 8, is specified in analogous manner to (10). Itsthreshold seriesb,, ¢=0,1,...,7 inthesize
eguation, isthe counterpart of a, in technology adoption equation.

The random disturbance term can be redefined as u; =¢ +m;, ] =1,2. Therefore, u, and

U,, can be regarded as a bivariate normal distribution with correlation coefficientr , where

2

S . .
r= 1+s? . The regression modd is reduced to
+S

t' =xb-u

S-* = Xig - Uy
l| O
=~ N :_
Uy g égoﬂ gr
The probability is given by

Prit, =k,s =m) =F ,(xb - a_,,Xg- b,,,r)- F,(xb-a_,,xg-b,,r)
- Fo(xb-a.xg- b, .,r)+F,(xb-a.xg-b,r)

where F,(.) isthestandard bivariate norma cumulative distribution function, a_;,b.; ® -¥ and
ag,by ® ¥ . Weexpect that the correlation coefficient r is positive since the unobserved
entrepreneurial skill of producers positively affects both decisions regarding technol ogy adoption

decision and farm sizes. The more abl e the producer, the more technol ogies utilized and the larger her
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farm is. Elements related to the human capital of producersin b and g areaso expected to be
greater than zero.

In our application, we use GLLAMM (generalized linear latent and mixed modes) in STATA
that uses the Newton—Raphson method and adaptive quadrature to approximate the likelihood
function by numerical integration (Rabe-Hesketh e a. 2004). Regression results are shown in Table 7.
The correlation coefficient between the error termsis 0.468 and is statistically significant, which
verifies that technol ogy adoption and farm size growth go hand in hand. Coefficients of al education
dummy variables are significantly positive in the technol ogy adoption equation. In the size equation,
having at least afour year college degree raises farm size significantly, and so for holding a
post-graduate degree. The higher educated the producer, the morelikdy to adopt more technol ogies
and the larger the farm is. However, farm experienceis not an important factor in both the technol ogy
adoption and farm size decision.

Femal es have a significantly lower probability of operating large farms, but do not have a
significantly different propensity to adopt technologies.” Farms in the mid-west are using more
technol ogies but have smaller farms than those in the northeast, southeast and west. One possible
reason is farmsin the mid-west have a comparative advantage in obtaining input feeds at a lower cost.
They may not need to be large. On the contrary, newer farms in the southeast and west regions,
operated by younger producers have higher feed prices, and the improved productivity and size
economies can offset this disadvantage (M cBride and Key, 2003).

5. Conclusion

" Fortin (2005) has argued that women are less likely to be entrepreneurs because usudly they lack the “soft
factors” such as greediness, ambition, confidence and | eadership.
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This paper proposes a tractabl e statistical method to test for mutual complementarity or
substitutability among technol ogies. The method expl oits the fact that profit maxi mizing producers
will adopt technologiesin groupsif they are compl ements with greater frequency than woul d be
predicted if the technol ogi es were mutually independent. On the other hand, if the technol ogies are
mutually substitutable for one another, the combinations will be bundled together with less frequency
than woul d occur under mutual independence. This statistical method makes it simple and feasible to
check the re ationships between technol ogies which have high dimensional combinations.

Applying the method to a data set that includes e ght technol ogies adopted by U.S. hog farmers,
we find that some technologies used in pork production are mutually substitutabl e for one another,
while others are complementary. Severa technologiesincluding Artificial Insemination, Sex Split
Feeding, Phase Feeding, Multiple Site Producti on, Segregated Early Weaning and All In/ All are often
bundled together. What is a more important finding is that as the number of bundled technologies
increases, they areincreasingly likdy to be complementary with one another, even if subsets are
substitutes when viewed in isolation.

Our findings suggest that the complementarity among technologies in large bundlesis
contributing to a form of returnsto scalethat isleading to increasing growth in average farm size.
Because the technol ogies are complementary, the productivity of one technol ogy is enhanced by the
adoption of the other technologies.  This provides an incentive for multiple technology adoption at
once, but not al farms are equally ableto adopt. We find that large farms run by more educated
operators are the most likdy to adopt multiple technologies. This apparent size bias for multiple
technologies is consi stent with the view that new technol ogi es are hasteni ng the move toward larger

farmsin the U.S. pork industry.
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Tablel. Technologies used in the US hog industry

Adoption Rate (std)

Number  Name Notation 1995 2000 20005
1 Atrtificial Insemination Al H49(9) 164 (429) 167 (423)
2 Split Sex Feeding SSF 469 (:499) 1465 (.499) .393(.489)
3 Phase Feeding PF 553 (.497) :509 (.500) -498 (.500)
4 Multiple Site Production MSP 382 (:486) A470(5) 459 (.499)
5 Segregated Early Weaning SEW 146 (.353) 288 (.453) 318 (.466)
6 Medicated Early Weaning MEW .083 (.276) .038 (.190)

7 Modified Medicated Early Weaning ~ MMEwW  -018 (133) .007 (.478)

8 Allin / All out AIAO 670 (:470) 647 (.478) 606 (.489)
9 Auto Sorting Systems AS : : 059 (.237)

10 Parity Based Management PBM - : 261 (.440)




Table 2. Size class and frequencies

Code Size Class ( pigs per year)

Weighted Frequencies (%)

1995 2000 20005

1 Less than 500 0.01 161

2 500 to 999 / less than 1000 in 2005 0.02 0.08 1.42
3 1,000 to 1,999 3.18 4.34 171
4 2,000 to 2,999 14.90 9.21 351
5 3,000 to 4,999 10.66 11.48 4.03
6 5,000 to 9,999 41.79 29.77 35.36
7 10,000 to 14,999 13.12 14.81 16.98
8 15,000 to 24,999 8.67 12.33 13.13
9 25,000 or more/ 25,000 to 49,999 (2005) 7.66 16.33 12.07
10 50,000 or more (2005) 11.79
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Table 3. Results of specific technology bundle test

Table 3a. Summary of the results

Relations 1995 2000 2005
No existence ® 123 177 154
Substitutes 44 24 24
Independent 78 45 67
Complements 13 10 11

a, based on the raw data.
The statistics are based on M = 2,000 bootstrgpped samples. Probability Weights are considered.

Table 3b. Complementary technologies

1995 2000 2005
Sngletechnology Al , SSF, PF, MSP, AIAO  Al, SSF, PF, AIAO Al, AIAO
2 technologies - Al & SEW Al & SEW
3 technologies - SSF & PF& AIAO SSF& PF& AIAO

4 technologies Al & SSF &PF & AIAO - -

5 technologies T& Al - T & SEW
T& SEW
6 technologies T& Al & MEW T& Al & PM
T& Al & MMEW T& Al & SEW T& Al & AS
T& Al & SEW T& Al & SEW
7 technologies - T& Al & SEW& MEW  T& Al & SEW& PM

T& Al & SEW & AS

8 technologies ALL ALL -

The number of technologies in the first column is the number of technologies adopted which are significantly
complementary.

T=SSF& PF& MSP & AIAOQ;

The case in which no technologies are adopted is excluded from the analysis, though it generates a higher
frequency and isincluded into the category of “ complements”.



Table 4. Comparison between bilateral correlation method and our statistical method in
the context of mor e than two technologies available

Bilateral Corrdation Method Our Method for Multiple Technologies

Substitutes Complementary Substitutes Complements Independent Nonexistent

1995 1 27 8 0 14 6

2000 0 28 6 1 10 11

2005 3 25 6 1 10 11
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Table5. Technology usage by Size Classand Survey Year: M ean and Standard Deviation

Size(1995)
[15000,
2
[500, 4
9 9
9 1000, [2000, [3000, [5000, [10000, 9
9 9
Variable <500 ] 1999] 2999] 4999] 9999] 14999 ] >25000
number of 112 122 1.57 2.10 2,51 3.02 3.59 3.94 437
techno
logies (1.27) (1.17) (1.20) (1L42) (151) (1.63)  (1.61) (168)  (1.79)
Size(2000)
number of 1.23 0.12 1.61 2.07 2.77 3.49 3.55 4.04 4.20
techno
logies (0.70) (0.43) (1.43) (133) (1.39) (1.69) (1.70) (1.83)  (2.16)
Size(2005)
[10000, [15000, [25000,
1 2 4
< 4 4 9
1 9 9 9
C [1000, [2000, [3000,  [5000, 9 9 9
C 9 9 9
C 1999] 2999] 4999 9999] ] ] ] >50000
number of 1.49 161 2.22 2.66 2.85 3.18 413 4.56 4.40
techno
logies (0.54) (1.22) (1.37) (1.37) (1.58) (1.61) (2.00) (1.90)  (2.06)

The number in the parentheses is the standard deviation.
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Table 6. Characteristics of producersand farms

Sample with more

Sample with fewer

Whole sample technologies?® technologies
Variables Description Mean (std) Mean(Std) Mean(Std)
Female Gender of producers 0.039 (0.193) 0.036(0.187) 0.040(0.197)
Education Schooling of producers 14.125(2.301) 14.540(2.213) 13.839(2.316)
Experience  Working experience 23.832(11.187) 21.594(9.992) 25.345(11.684)
Number of pigs
produced
FirmSze ('unit: 10,000 heads) 1.005 (0.861) 1.322(0.981) 0.787(0.686)
Dummy variable, equd to one
Northeast if located in the northeast. 0.045(0.208) 0.030(0.170) 0.0560(0.230)
Dummy variable, equd to one
Southeast if located in the southeast. 0.057(0.231) 0.032(0.175) 0.074(0.262)
Dummy variable, equd to one
West if located in the west. 0.081(0.273) 0.048(0.214) 0.104(0.305)
Number of Number of technologies used
technologies by the farmers 3.059 (1.745) - -

a. Farms with more technologies are defined as the ones adopting at least four technol ogies, other wise categorized

into the sampl e composed of farms with fewer technol ogies.

The number in the parenthesisis the standard deviation.

The statistics of the variables are wei ghted.

The education level reflected in the survey is categorical. The schooling years (SY) of producer is defined in the

following way. SY = 9 if sheisahigh school drop out.

SY =12 if sheisahigh school graduate. SY =14 if she

attended the four year college but did not complete. SY = 16 if sheishasabachelor's degree.  SY = 19if she has
master degree. SY = 23 if shea Ph.D. degree hold or a Doctor of Veterinary Medicine.
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Table7r. Technology adoption —bi-variate ordered probit regression

Dependent Variable: number of technol ogies Farm Size
Femaler -0.105 -0.333
(1.04) (3.29) *
Edul2 0.248 -0.028
(2.17)* (0.25)
Edul4 0.392 -0.009
(3.24)* * (0.07)
Edul6 0.721 0.330
(6.25)** (2.90)**
Eduls+ 0.718 0.425
(4.94)** (2.94)**
Experience -0.010 0.003
(1.47) (0.41)
Experience? -0.0003 -0.0002
(2.22) * (1.87)
Northeast -0.277 0.121
(2.95)** (1.30)
Southeast -0.490 0.960
(6.00)** (11.62)**
West -0.352 0.242
(3.97)** (2.73)**
Year 2000 0.541 0.673
(8.12) ** (10.00) **
Year 2005 0.606 0.084
(9.97) ** (1.38)
ao -1.761 -0.741
(12.24) ** (4.69) **
a, -0.508 -1.367
(3.59) ** (8.95) **
a, 0.250 -0.923
@.77) (6.15) **
as 0.972 -0.776
(6.84)* * (5.16)
ay 1.684 -0.827
(11.71) ** (5.45) **
as 2.388 -0.740
(16.25) ** (4.78) **
as 3.700 -1.600
(21.92) ** (9.14)) **
ay 4.490 -1.880
(20.48) ** (8.38) **
2 0.881 (19.93) **
S
Log likelihood -16147.566

NOTE: Absolute value of t statisticsin parentheses

a. Thresholds for technology adoption equation are shown in the first column. Thresholds for size determination equation are
the summation of the cutoff points in the first and second columns ( Rabe-Hesketh, et.al. 2004).

* Significant at 5%; ** significant at 1%

30



