View metadata, citation and similar papers at core.ac.uk brought to you by fCORE

provided by Research Papers in Economics

Identifying and Measuring the Effect of Firm Clusters
Among Certified Organic Processors and Handlers

Edward C. Jaenicke
Associate Professor
Department of Agricultural Economics and Rural Stogy
Penn State University
208A Armsby

University Park, PA 16802
Tel: (814) 865-5282

Email: tjaenicke@psu.edu

Stephan J. Goetz
Professor of Agricultural and Regional Economiasni® State University and
Director of the Northeast Regional Center for Riralelopment

Ping-Chao Wu
Graduate Research Assistant, Penn State University

Carolyn Dimitri

USDA/Economic Research Service

Selected Paper prepared for presentation at theiégjtural & Applied Economics
Association, Milwaukee, Wisconsin, July 26—-28, 2009

This project was supported by the Northeast RegiGrater for Rural Development and
a Cooperative Agreement with the USDA’s Economisé&ch Service


https://core.ac.uk/display/7130445?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

Introduction

Despite the explosion of interest in industry tdus, formal studies evaluating the
impacts of firm agglomeration on industry perforro@amemain relatively scarce.
Important exceptions include Gibbs and Bernat (1@®d, more recently, Gabe (2004
and 2008) and Graham and Kim (2008). Previousarebenas focused primarily on
identifying and measuring industry clusters (eRprter, 2003, Goetz, Shields, and Wang,
2008), or on assessing factors underlying them#dion (Ellison and Glaeser, 1997,
Ellison, Glaeser, and Kerr, 2007). In the food agdcultural sector, Roe, Irwin, and
Sharp (2002) and Davis and Schluter (2005) diremtiyndirectly quantify
agglomerations effects in spatial hog productiendis and new food manufacturing
investments. However, considering that PorteB8)2sed the California wine industry
in his seminal work, the rarity of empirical wokespecially glaring in the food and
agricultural sector, and even more so for orgarmdpce, which despite a growing
importance is itself an under-researched compoofethie food system. The agricultural
sector is particularly relevant for agglomeratiesgarch because food production and
distribution are closely tied to space. In otwerds, the consequences of
agglomerations in which buying and selling firmshbcompete and cooperate with one
another as a result of proximate locations maydpe@ally critical for food and
agricultural firms.

In addition to the issue of measuring agglomeratigpacts, important questions
remain about the definition and measurement ottefasn agriculture and in other
industries, and how these affect performance measwnresolved and largely

unstudied is just how many firms and what geogm@appace should define a cluster, or



how this cluster variable should be specified. &g&#04), for example, follows a line of
research that measures industry agglomeration aslastry intensity variable and
compares a region’s particular industry conceraratith the national average. In
addition, Gabe (2004) investigates the implicatiohsieasuring this intensity variable
on a county or municipality level. AlternativelyatDelli (2008) measures agglomeration
as a binary indicator variable that takes the valukif a firm belongs to an officially
defined Italian business district. This almostgbpempirical issue of cluster
identification could be expected to a strong fagtben measuring the impact of clusters
in the organic industry. In our study, the aggloatien measure is a binary variable (like
Cainelli 2008) that takes the value 1 if some mummnumber of similar firms is present
within a specific geographic area. Unlike otheidsts, however, we investigate the
implications of agglomeration impacts from spegcityialternative minimum numbers of
firms within an industry cluster.
Economic Clusters in the Organics Industry

This study targets the certified organic “handlisgttor, which lies between
production and retailing. Organic handlers amm$ithat serve as packers, shippers,
manufacturers, processors, or brokers, distribptord wholesalers. According to
Dimitri and Oberholtzer (2008), markets in thisusstty grew rapidly, increasing 17
percent a year between 1995 and 2006. While tbisth reflects the potential for
increased profits in the organic handling sectanay simultaneously lead to industry
growing pains as supply chains continually shifatdommodate more organic
production and consumer demand. Within this stgf8upply chain (or market channel)

in which organic firms face the competitive chatjes of a high-growth sector, firm



clusters could have a positive or negative impadiron performance depending on
whether cooperative or competitive forces dominate.

Very little empirical research is available to guiour operating definition of
industry clusters among organic handlers. Figuredroduced from Dimitri and
Oberholtzer (2008, p. 12) shows the geographicetisspn of certified organic handlers.
The map uses U.S. zip codes to cluster firms, hadchtimber of organic firms within a
single zip code ranges from zero to over ten. @eliminary results showed little
difference from using zip codes or counties, butartifferences when the
agglomeration variable varies with the number wh§ in a cluster. More specifically,
we use U.S. counties as the cluster boundariegx@pictitly investigate how the number
of firms within a boundary affects the estimategautts of a firm cluster.

Our effort to explore various definitions of firnfusters is secondary, however, to
our primary goal of quantifying the impact of astler on firm decisions or firm
performance. Using data from a population suridy.8. certified organic handlers
(Dimitri and Oberholtzer 2008), we investigate timpact of clustering on several firm-
level variables that reflect firms’ performance dhéir marketing or procurement
decisions. These firm-level variables includeftiiwing: total gross sales per
employee, total gross sales, total number of fuletemployees, the percentage of
handlers’ sales total sales that is organic, thegomeage of handlers’ total procurement
that is organic, and the percentage of organicymrtsdsold or procured locally,
regionally, nationally, or internationally.

Before we can estimate the impact of clusters esdliirm-level variables, our

empirical investigation has several preliminarysteThe first step is to operationalize



the definition of a firm cluster. Here, we findtle difference from using zip codes or
counties; we do, however, find important differenegen the definition of a cluster
depends on the number of firms in a clut@ur second step is to account for potential
endogeneity in the cluster variable by estimatimfuater-formation equation where the
formation or presence of a cluster, from the firpésspective, is a binary dependent
variable. Our third step is to estimate the immdc cluster’s presence, along with other
exogenous factors, on the firm-level output vaeabhentioned above. Because cluster
impacts are conditional on cluster formation, whektiself endogenous, we model
cluster formation as a treatment effect and esertta second and third steps
simultaneously following the maximume-likelihood rhetls outlined in Cameron and
Trivedi (2005, Chapter 25). Our last step is fgioate these system estimations after
varying the minimum number of firms that definelaster.

Our results confirm that the presence of a firnstduoften does have a
significant impact on firm-level performance or t#an variables. For example,
clustered firms have more than $1 million in adudlitil sales per-employee. In addition,
the results from our last step show that the impéctusters on firm performance and
other firm decisions is sensitive to the minimunminer of firms chosen to define a
cluster. When a firm cluster is defined as a tlmemore organic firms located within a
county, for example, clusters positively impacirenfs total gross sales. However, when
the cluster is defined using a larger minimum nunadbdirms (e.g., nine or more organic

firms within a county), then a cluster’s presenegatively impacts a firm’s total sales.

! We eventually present estimated econometric magdsitsy a county-based definition of a cluster beeau
more socio-economic data are available at the gdewel than the zip code level.
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These results and others, along with some robusttescks, are presented and discussed
following a more formal presentation of our methadsl data.

Model and Methods

In this section, we develop an econometric modar@lan equation that describes

cluster formation is linked to an equation thatadde®s the impact of clusters on firm
performance or firm decisions. Our model charaz#s a cluster’s impacts as a
treatment effect (see for example Cameron and d@r\2905), where cluster formation is
endogenous and therefore its effect on firm peréorce may be subject to selection bias.
Modeling cluster impacts first, we Iy‘t denote firm-level decisiopof firm i or an

indicator of firmi’s performance, and we allow this variable to depen the presence of

a firm clusterC,, and other controlling factors, so that

1) Yi=aCn +x'Bit &,

wheref,; are the estimated coefficients on the controlfajors x' £ takes a linear form
by assumptiong; is an error term described below, amt the impact of firm clustering
ony;. In the estimated models that follow, we assumagj ttakes on a number of forms
to reflectJ different firm-level decisions or performance meas? Controls in the
vector are variables that describe the functiofirof i or the demographic surroundings
of firm i. Described this way, (1) is not intended to repre a structural equation that
describes a firm’s optimizing behavior. Rathegxplains variations in observed
differences in performance measures or output b@sahat might come from

optimizing behavior.

2 In most of the following discussion, the indewill be suppressed to reduce the notational burden
3 While equation (1) is admittedly ad hoc in natirepuld be thought of as analogous to an outppply
equation obtained by applying Hotelling’s lemmateestricted profit function of the fora{w, p; C,, X, 2),
wherew andp are input and output prices, a@g x, andz are treated as fixed factors. To make the
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The binary cluster variable relevant to firn€C, ;, is modeled as the outcome of an
unobserved latent variabl€?, ;. Both the observed and latent variables are ieddyn
to imply that the definition of a cluster dependstibe minimum number of firms defined
to make up a cluster. We assume at; is a linear function of a second set of
controlling factorsz, which are based on Goetz (1997) and some of whephoverlap
with x, so that
(2) C*ni = Z' B+ &i,
and the observed cluster variable is

1, if C;>0
0, otherwise

) Coi = |
Because of the endogeneity@f; and the possibility that cluster formation andstdu
impacts may occur simultaneously, equations (1)(8hdre estimated jointly. The error

terms&; and&; are bivariate normal with mean zero and covarianatix

o 1l

Given this specification, the log likelihood forsgyvation is:

! i—Xi' B, — i—Xi'f, ~ 2
- {zl B+ (yi=xi'B, a)p/a}_l(%) —In(V2mo), y; = 1

4) InL= | (“1“’2, el ,
=zi'f,—\yi—Xi g i—Xi
lncl){ £ \/}i_pzﬂl P } — E(yTﬂl) — In(V27m0a), yi =0

whered(.) is the cumulative standard normal distributionction.
To examine the effect of firm clustering on th@eledent variablg, we are most
interested in estimating parameter However, as Cameron and Trivedi (2005) explain

for more general cases, the average effect ofradiuster must take into account the

analogy to an output supply equation completandp must vary proportionally across firms at any point
in time, and must be estimated with cross-sectidatd. In that case, the proportional prices dida
incorporated into an estimated constant term.



endogeneity of clusters. In other words, the ayeeffect must account for potential
selection bias and therefore, paramgtas well. In our case, the average effect is the
difference in the dependent variable conditionaiwtwether a firm is in a cluster or not.
Greene (2008, p. 890) shows that this averageteadfeccluster on the dependent
variable is:

¢ (zi'B,)
q’(zi/ﬂz){l_q)(zi/ﬂz)} ’

(5) E(yilChi =1) —E(yi|Cpi =0) = a + po

whereg.) is the standard normal density functfoirrom (5), one can see thatould
provide an appropriate estimate of the clusterceifeo = 0, which occurs if the cluster
formation and the cluster effect equations arepeddent. On the other handpifs
positive, thena would underestimate the cluster effect.

Established theories on agglomeration and regidexatlopment provide little
guidance for identifying elements xfz, or even the best choices of for the dependent
variable,y’i. In prior empirical research, two choices for tleendent variable include
the change in output (Cainelli 2008), and investinpen worker (Gabe 2004). In our
study,y; represents total gross sales, total employees,dales per employee, and ten
other firm-level variables available from the datadescribed in the next section.

Choices for elements @fandz can be more problematic. For research based on
the estimation of structural equations (e.g., Grakhad Kim 2008, and Cainelli 2008),
the choice are somewhat clear. For non-strucinoalel estimation, however, there are
more choices. Roe, Irwin, and Sharp (2002) lisesecategories of variables in their

estimatable model: (i) the agglomeration variablgurban encroachment and

* The statistical software package Stata (releas® MWhich is later used for estimation, descrithessame
formula but also allows one to estimate the lefichaide of equation (5) directly by recovering the
predicted values of, conditional on the cluster variable being eqoatéro or one.
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population characteristic variables, (iii) inpudability variables, (iv) firm productivity
and specialization variables, (v) local economicaldes, (vi) market access variables,
and (vii) regulatory variables. Our study usesfitst five categories, (i), (ii), (iii), (iv),
and (v), to help identify available data that canuged for elements gfandy. These
categories are identified on the list of varialitasnd in Table 1.

Data

Much of our data comes from a 2004 survey of fredtiorganic handlers
administered by USDA'’s Economic Research Servigeitri and Oberholtzer (2008)
describe in detail the survey methodology and tesufhe survey included questions on
firm characteristics as well as marketing and precent practices. For each firm
surveyed, we used county codes to identify firnstdts. For example, using one
definition, firmi was said to be in a cluster if at least two adddi certified organic
handlers from the survey were located in the sasnety. In this exampley = 3, so if
firm i is part of this cluster, theDs; = 1.

In addition to survey data, we also collected diagan the U.S. Census of
Agriculture to help describe the economic condgiféound in an individual firm’s county.
Table 1 lists and describes the variables from HwHJSDA survey and Census data
used in our analysis. In total, 316 firms in thevey have a complete set of data for all
the variables listed in Table®1Several of the variables listed in Table 1 arerésult of
minor manipulations of the original handler surdaya. For example, in the original

survey, organic handlers were asked to prioritiee“Availability of year-round supply”

® The resullts that follow fix the sample size at,3h& minimum sample size where valid observatfons
variables used in all the estimated models. Bexaus/ey response varied across the 13 questiahs th
generate the different dependent variables us#tese models, an alternative approach is to lesdangple
size “float” for each of the estimated models. \Whe used this approach, we found that the rewdte
not substantially different from the results prasdrhere.
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and were given four choices: High Priority, Meditmority, Low Priority, and No
Difference. Responses to this question were coede¢o a binary variable that equals 1
if the firm answered High Priority or Medium Prityi and O otherwise. In the case of
one question in particular, Total Gross Sales,mpoised a substantial change to the raw
data. The sales question in the USDA survey askgahic handlers to describe their
total annual gross sales by picking from amongteoli seven sales-range categories. In
our current analysis, we transform this categoneaiable to an integer by using the
midpoints of the sales categories. The conver&pothe highest sales category (over
$100 million) is chosen as 1.5 times the cutoff5@illion). We also created a
productivity or output efficiency variable by diwdy this new total sales variable by a
firm’s number of full-time employees. Much of thervey-based data in Table 1 is
described in Dimitri and Oberholtzer (2008), althbwur smaller sample size may lead
to some discrepancies in mean values. Additiooahty-level data comes from the
Census of Agriculture and the Bureau of Economialgsis.

We identify 31 variables from the organic handlgmvey that might be expected
to influence firms’ decisions or performance antplo®ntrol for impacts not due to the
presence of a firm cluster. These variables forenbidsis for the andz vectors® In all
cases, these variables fit within categories ugeldde, Irwin, and Sharp (2002). Table 1
identifies each variable with a particular category

Upon examination of Table 1, one can see that niame half of the 316 firms are
part of clusters if we use tl@ definition. Alternatively, only 21.5 percent ¢fe total lie

in a cluster if 10 is chosen as the minimum nundbetustering firms Cy0j). Organic

® Greene (2008) notes that joint ML estimation & slystem can be complicated by identification issue
For this reason, we are careful to include sommefts of x andz that are unique to each vector.
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sales are mostly national (38.7 percent) or redi(#t8 percent); organic procurement,
however, is split almost evenly among local, regipnational and international sources.
Table 1 also shows that most firms function as rfeaturers or processors, and the
average is around 71.8 percent. While 16.8 pemfahe total sample handle organic
manufactured products related to grain or oilseglhign only 5.1 percent of the total
relate to animal slaughtering or processing. Mbam 60 percent of the firms in the data
place a high or medium priority on procuring suegliocally, and more than 70 percent
of the total use contracts for procurement.

Results and Discussion

Thirteen dependent variables listed in Table In@lith each of the eight cluster
variables, are estimated in Maximum Likelihood eys$ represented by equations (1),
(2), and (3). Because reporting 104 separate Mimason results is impractical, we
present instead a small illustrative selectionesiits’ First, we select one particular
cluster variableCs, chosen because its criterion of requiring attlsesorganic firms to
define a cluster is in the middle of our rangexarained definitions. Second, for
presentation purposes, we select one individual-favel performance variable, total
sales per employee, which is chosen because itlda®the clearest measure of firm
efficiency available from our data. Table 2 preasehe full ML results for this two-
equation system. Near the bottom of Table 2, ees that the estimate fpiis positive
and a Chi-square test strongly suggests that tbeetvor terms from (1) and (2) are in
fact correlated. Thus, OLS estimation of (1) wolelad to significant bias if the

recovered estimate far were used by itself to calculate the effect ahficlusters on

" A full set of results for the 104 systems is aadalié from the authors. Tables 3 and 4 draws fribi0a
systems to summarize the impact of clusters orouarirm decisions, and illustrates how this impact
sensitive to the definition of a firm cluster.
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sales per employee. In addition to the result®far particular system estimation, we
summarize select results from all 104 systems era, which presents the 104
estimates ofr.?
i. Cluster Formation

The first numeric column of Table 2 presents thergkults that reflect how firm
characteristics and economic conditions influemesformation of a six-firm cluster of
organic handlers. Nine of the 30 coefficient eatids (excluding the constant term) are
found to differ significantly from zero. Four dfd nine describe firm functions or
specialization: Firms that function as a broked &rms that have both production and
handling functions, are less likely to be in a tdus On the other hand, firms functioning
as packers or shippers, and independent firmsomlyrone facility are more likely to be
in a cluster. Three other of the variables witinficant impacts generally describe input
availability: The number of small farms in a cophtis a positive impact on clustering,
while a firm’s priority for year-round supplies aadirm’s total number of organic
suppliers both have a negative impact on clusterkigally, two demographic
variables — population and the percent of the paipn with college degrees — both have
a positive impact on clusterirg.

Taken collectively, several of these results ptevinsight into the potential
positive and negative tradeoffs from firm clustgrthat stem from competitive and
cooperative behavior. Firms with many organicpdigps may feel disadvantaged in a

cluster because of increased competitive press@ashe other hand, independent one-

8 Actually, Table 3 presents only 101 estimates because a joint ML estimation of the two-equation
system fails to converge in three instances. Wiileo-step procedure is successful in recovering
estimates ofy, these results are omitted in Table 2 to presanvere direct comparison of estimates.

° Though not presented in Table 2, similar resutisegally hold when the clustering definitia®), varies
forn=4,5,7,and 8.
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facility firms may find advantages if clusteringrfis can increase scope economies
through cooperation. Firms that produce as wellaaglle, however, may see less need
for cooperation and therefore be less inclinedueter.

ii. Impacts of Clusters on Firm Efficiency

The second numeric column of Table 2 shows h@xchhister variableCs, and
other factors impact firm efficiency as measuredéalgs per employee. First and
foremost one should see that the coefficien€Cers negative and significant. By itself,
this estimate would lead one to believe that fitosters have a detrimental effect on firm
efficiency. However, as equation (5) shows, and@sliscuss below, the true estimate
of the average effect of clusters must take intmant the impact of sample selection
bias.

Apart from the cluster variable, eight of the atBB coefficient estimates
(excluding the constant) are statistically sigrfit All else equal, firms with multiple
locations are more efficient than the single-lawmafirms, as are firms that self-identified
themselves as large. Food manufacturers/proceasdrpacker/shippers are less
efficient than firms with other functions. Andrfis that experienced shortages of organic
ingredients ended up being more efficient thandithat did not. Finally, firms located
in more populated counties and in counties witth@ighonfarm per capita income are
also more efficient. Some of these results magssigproductivity gains from
specialization or returns to scale. Others maygssiggains from a stronger labor pool.
iii. Impacts of Clustering on Additional Firm Decisns

Tables 3 and 4 present results from all 104 estichi®IL systems showing (i) the

coefficient estimates far in each case, and (ii) the selection bias-adjustedage effect
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from clusters for the wider range of firm-level @#an variables or firm performance
measures. Table 3 shows that the estimatisdstatistically significant in most models
(i.e., in 57 out of 101 ML estimations that conwvaty) It also shows that the sign and
level of significance can vary across the two disiens depicted in the table: variation
in the dependent variable, and variation in theimirm number of firms used to define a
cluster. An extreme example of this variationasrid in the system with the dependent
variable “Organic procurement — % local”, which waps the percentage of total organic
procurement that is done at a local level. Fa taise, Table 3 shows that the estimate
for ais positive and significant when a three-firm téwgs used@s), but negative and
significant when an eight- or nine-firm clust€ég(or Co) is used. Looking at all 104
cases, however, Table 3 shows that when the estifoiad is statistically significant, the
sign of a is generally stable.

Table 4 uses recovered estimates pfus estimates fqo and other recovered
information to calculate the average cluster effactounting for selection bias, given by
equation (5). The first row of Table 4 shows &lverage impact of clusters on total
gross sales per employee. Note that folGkeolumn, Table 4 shows that a firm cluster
(defined with a six firm minimum) leads to an awg@ayain of $1.32 million in increased
sales per employee. This positive value for atelsimpact contrasts with the
corresponding negative estimateaofeported in Tables 2 and 3. Following equation (5
for this example, a positive estimate mhelps overcome a negative estimatedor
This finding suggests that firms that are naturailyre likely to benefit from clusters do
in fact seek out clusters. A good example of dfisct, mentioned in the discussion of

Table 2, concerns firms that are independent wiimgle organic facility. These firms,
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apparently, choose to cluster, and in turn exgexttuster to provide efficiencies in
scope that would otherwise be unavailable to aepeddent firm.

Table 4 furthermore shows that firm clusters hay®sitive (i.e., beneficial)
impact on sales per employee. Clusters also haesitive impact on a firm’s
percentage of organic sales and organic procurengostering positively impacts the
percentage of sales and procurement in local marikgtile negatively impacting the
percent of sales and procurement in national markieerhaps the most noticeable
impacts concern procurement decisions. The preseina cluster increases the organic
component of total procurement by as much as 3r&pt (in column 10); it increases
organic procurement made locally by as much as @&dent (in column 6); and it
decreases procurement from national markets byuas s 32.5 percent (in column 6).
iv. Sensitivity of Impacts to Cluster size

Table 4 also shows that the impacts from clusterseansitive to the definitional
size of a cluster. A good example of this sengjtisoncerns total sales per employee.
When the minimum number of firms used in the cludedinition is small (e.gn = 3)
the impact is relatively small ($0.17 million). Wever, this impact increasesras
increases: Fam = 8, the average effect of a cluster is an aduti®1.44 million sales
per employee. Other dependent variables showasiisgnsitivity. For low values of
the impact of clusters on full-time employees ismiswhat minimal (ranging between 9.0
fewer or 8.7 additional employees wherequals 3, 4, or 5), but the impact is more
dramatic for higher levels @ Whenn = 10, for example, firms in a cluster have on
average 93.6 fewer employees. In several casesjdh of the average impact changes

asn changes: For example, firms ifCacluster have $11.4 million more in total gross
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sales than non-clustered firms, on average. Oottier hand, firms in &g cluster have
$13.7 million less in total gross sales than narstglred firms, on average. In many
instances, the cluster effect intensifies as tlimitienal number of firms in a cluster
increases.
v. Robustness of Results and Model Specification

In addition to experimenting with variations oétbluster definition based on the
minimum number of firms, we also investigated salvether specification issues to see
how robust our results were. First, instead ofrizaslusters on counties, we replaced
county borders with the geographic boundariesftiiw the first three digits of the U.S.
zip codes. Second, instead of fixing the sampe f&r estimation at 316 observations,
we allowed the number of observations to vary fier éstimation of the 104 ML systems.
Because each system’s estimation relies on diffelependent variables, and because
not all questions in the USDA Economic Researchifeis survey were answered with
the same frequency (see Dimitri and Oberholtze820@& allowed the econometric
software to pick the maximum number of observationgach estimation. And third, we
experimented with subsets of thandz vectors to estimate the ML systems. More
specifically, we removed some of the category dwnmy variables from equation (1)
listed in Table 2, and also some elements tbfat were potentially endogenous (such as a
dummy variable for “Year-round availability prioyt). In all of the model specifications
described by these cases, we found almost no suilas@ifferences in our estimation
results described by Tables 3 and 4. These robssithecks, therefore, provide an

increased sense of confidence.
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Discussion and Conclusion

This paper expands the sparse literature that ptéeto document the impacts of firm
agglomeration (or firm clusters) on firm-level pmrhance or firm-level decisions. We
investigate the certified organic handler sect@pecialized component of the middle
part of the farm-to-table marketing chain. Tormastie the impacts from clusters,
however, we have at least two preliminary tasksstAn an attempt to explore how firm
clusters might be defined, we allow the definitadra cluster to vary by the minimum
number of similar firms present in a geographi@ar8econd, we draw on the treatment
effects literature to estimate clusters’ impacty @fter accounting for possible
endogeneity in the formation of clusters.

While our study confirms that endogeneity ofteansissue that could bias results,
our most important findings confirm that firm clast have significant impacts in the
organic handling sector. The exact measuremecitisters’ impacts, however, depends
on how a firm cluster is defined. For examplensgigant impacts on sales per employee
range from an additional $0.17 million to $1.47lioii, depending on whether a small or
large number of firms is used as the minimum nunbbelefine a firm cluster.

Taken collectively, our results also help shedtlighthe tradeoffs between
competition and cooperation in the organic handéiegtor. For this sector, our results
suggest that cooperative forces may outweigh catryeeforces. For example, one
might be tempted to speculate that organic handleascounty-based cluster of at least
seven or eight similar organic firms may be foroetl of local markets for their
procurement because of intense competitive pressittewever, the opposite is true:

clustered firms are more likely to procure localt least two reasons could explain this
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finding. First, as the firm agglomeration litenssuggests, clustered firms attract
organic production and create a strong local ecoribiat can support a large cluster.
Second, clustered firms in our data may be hetelmées enough to create sufficient
synergies in operations, thereby using other fitonsreate economies of scope. In other
words, one possible explanation for the positivpant of clusters is that these organic
handlers are middlemen who buy and sell from e#lcérpthereby allowing more
specialization to occur.

The above discussion notwithstanding, intense cdtigeis still evident in our
results, particularly when the definition of a ficluster is based on a large number of
firms. For example, firms in a large cluster mayd, on average 75 to 95 fewer
employees than other firms. It is interesting aten however, that the same clustered
firms (using &Cy cluster definition, for example) see sales perlegge increase by
$1.47 million while the total number of employeexikases by 74.9 employees. Here,
the competition for labor may be so intense thatdihave adjusted their operations to be

less labor intensive and more output efficient.
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Table 1: Descriptive Statistics for Data Used inite Empirical Models

Variable Description/ Min. Mean Max.
Units
Endogenous Cluster Variables; C
Cs (i) 0,1 0 0.560 1
C, (i) 0,1 0 0.472 1
Cs (i) 0,1 0 0.411 1
Cs (i) 0,1 0 0.332 1
C; (i) 0,1 0 0.313 1
Cs (i) 0,1 0 0.275 1
Co (i) 0,1 0 0.247 1
Cio (i) 0,1 0 0.215 1
Endogenous Firm-level Variabley/
Total gross sales per employee $ 500 557,682 ikO0 m
Total gross sales $ 250,000 13.3 mil. 150 mil.
Total full-time equivalent employees # 0.25 55 075
Percentage of organic procurement % 0.05 43.887 00 1
Percentage of organic sales % 0 40.961 100
Organic sales — % local (w/in 1 hour) % 0 24.081 100
Organic sales — % regional (bordering states) % 0 29.768 100
Organic sales — % national % 0 38.675 100
Organic sales — % international % 0 7.608 100
Organic procurement — % local % 0 23.019 100
Organic procurement — % regional % 0 29.816 100
Organic procurement — % national % 0 24.312 100
Organic procurement — % international % 0 22.821 100
Exogeneous Variableg)(and category
Multiple locations* (iv) 0,1 0 0.250 1
Manufacturer/processor* (iv) 0,1 0 0.718 1
Wholesaler/distributor* (iv) 0,1 0 0.307 1
Broker* (iv) 0,1 0 0.076 1
Packer/shipper* (iv) 0,1 0 0.184 1
Years as a certified organic handler* (iv) # 0 /70 29
Years in business* (iv) # 1 26.27 138
Certified organic producer and handler* (iii) 0,1 0 0.215 1
Animal food manufacturer* (iv) 0,1 0 0.092 1
Grain or oilseed milling* (iv) 0,1 0 0.168 1
Sugar or confectionery products* (iv) 0,1 0 0.057 1
Fruit or vegetable preserving*(iv) 0,1 0 0.146 1
Dairy product manufacturing* (iv) 0,1 0 0.104 1
Animal slaughtering or processing *(iv) 0,1 0 10 1
Bakery or tortilla manufacturing* (iv) 0,1 0 007 1
Beverage manufacturing* (iv) 0,1 0 0.095 1
Shortage of organic products (iii) 0,1 0 0.358 1
Priority of choosing local suppliers* (iii) 0,1 0 .6D1 1
Self-identified facility size* (iv) 1=small, 2=ed, 1 1.465 3
3=large
#of farms with size 10-49 acres* (iii) # 0 513.40 2,928
# of farms with size 50 acres or more* (iii) # 0 60.36 522
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Table 1 (continued)

Variable Description/ Min. Mean Max.
Units

Exogeneous Variableg)(and category

(cont'd)
Market value of land/building per acre* (ii) $ a.80 5,731.54  48,159.00
Education - college* (ii) % 8.2 23.48 54.6
Nonfarm Income Per Capita* (v) $ 15.60 31.06 73.99
Population* (ii) # 2,160 731,380.99,880,732
Exogeneous Variableg)(and category
Recruits existing organic suppliers (iii) 0,1 0 AB5 1
Year-round avail. a main priority (iii) 0,1 0 ®5 1
Using contracts for procurement (iii) 0,1 0 0.725 1
Independent with 1 cert. organic facility (iv) 10, 0 0.737 1
% procured from spot market (iii) % 0 29.241 100
Total # of certified organic suppliers (iii) # 0 2541 750

Number of complete observations = 316

Notes:

* Exogenous variables xmarked with an * are also includedzn

Categories fo2,, x andz (i) firm agglomeration variable, (ii) urban enechment and population
characteristic variables, (iii) input availabiliariables, (iv) firm productivity and specializativariables, (v)
local economic variables,
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Table 2: ML Results for Cluster Formation, Cs, and Sales Per Employee
(z-stats in parentheges

Dependent Variables
Total Gross Sales

Ce per Employee
Constant -2.01** -219,961
(-2.92) (-0.32)
Cluster Cg) -2.2X10°*
(-9.54)
Multiple locations 0.290 413,873*
(1.08) (1.61)
Manufacturer/processor -*0.023 -995,182***
(-0.09) (-3.49)
Wholesaler/distributor 0.239 331,225
(1.17) (1.31)
Broker -0.677* -269,626
(-1.95) (1.31)
Packer/shipper 0.146 -562,032*
(0.60) (-1.87)
Years certified organic handler -0.053 -5,467
(-0.28) (-0.25)
Years in business -0.004 -3,552
(-1.112) (-0.79)
Certified organic producer and - 0.382* -361,526
handler (-1.71) (-1.32)
Animal food manufacturing 0.018 -138,824
(0.06) (-0.33)
Grain or oilseed milling 0.298 549,710*
(1.18) (1.64)
Sugar or confectionery products -0.662* -535,636
(-1.712) (-1.10)
Fruit or vegetable preserving 0.428 316,830
(1.59) (0.98)
Dairy product manufacturing -0.214 -408,393
(-0.77) (-1.13)
Animal slaughtering or -0.102 -446,429
processing (-0.24) (-0.90)
Bakery or tortilla -0.182 -345,207
manufacturing (-0.48) (-0.78)
Beverage manufacturing -0.114 -361,090
(-0.38) (-0.96)
% procured from spot market 0.001
(0.60)
Total # of organic suppliers -0.0.29***
(-12.74)
Shortage of organic products 334,290*
(1.92)
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Table 2 (Continued)

Dependent Variables

Cs Total Gross Sales
Recruiting existing organic -0.059
suppliers (-0.45)
Choosing local suppliers a 0.511* 335,485
priority (2.62) (2.37)
Year-round availability a main -0.039
supplier priority (-0.27)
Using contracts for 0.113
procurement (0.812)
Independent with one certified 0.505*
organic facility (1.94)
Self-Indentified Facility Size 0.023 308,167*
0.15) (1.77)
# of farms with size 10-49 0.001*** 312.0
acres (2.92) (1.24)
# of farms 50 acres or more 0.000 520.3
(0.21) (0.33)
Market value of land/building ~ 2.9%10° 1.44
per acre (0.18) (0.07)
Education - college 0.025**
(2.13)
Population 6.68L0™** 0.180%**
(3.96) (2.64)
Nonfarm income per capita -0.003 40,878**
(-0.13) (2.38)
o) 0.930
LR testp= 0: x%(1)=65.50, Prob x?(1) = 0.000

Notes: *** = statistically significant at the 9®ment level; ** at the 95 percent level; * at ®@ percent level.
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Table 3: Signs of ML Estimates fora, with Different Cluster Definitions

ClustersC,,, wheren = 3 to 10

Dependent Variable n=3 4 5 6 7 8 9 10
Total gross sales per employee + ek ek . . kkk *kk ne
($ millions)
Total gross sales . ik B B N . B
($ millions)
Total full-time employees 3 +* + S R e R i 4 HAE Rk
Percentage of organic sales —x* X —* - - - - _
Percentage of organic procurement =~ —*** —* — —tk ok kK ok ok
Organic sales - % local ek i - + + + — _
Organic sales — % regional S FH +* + + + - +
Organic sales — % national nc - - + + + nc nc
Organic sales — % international ek kK i Ak kK —xk xkR -
Organic procurement — % local A + - - - — K _
Organic procurement — % regional —* —* —* — - - - K
Organic procurement — % national i S Rl ek +x* Ak i . o
Organic procurement — % internat’l  —** —* —x* - - - - _
Notes:

** = ( statistically significant at the 99 percent levélat the 95 percent level; * at the 90 percentelev

nc = two-equation ML estimation did not converge.
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Table 4: Average Firm-Cluster Effect Accounting fao Selection Bias, with Different Cluster Definitions

ClustersC,,, wheren = 3 to 10

Dependent Variable n=3 4 5 6 7 8 9 10
Total gross sales per employee 4 17 0.43 0.98 1.32* 1.38* 1.44+ 147*  nc
($ millions)
Total gross sales 3.24* 0.05* 11.4* 9.47 11.1 3.88 -13.7* 3.63
($ millions)
Total full-time employees 8.7 -9.0 8.6 -53.7* -50.4  -79.0* -74.9* -93.6*
Percentage of organic sales 6.3* 9.7* 8.4 11.8 128 6.1 11.6 17.5
Percentage of organic procurement  8.3* 11.2* 8.9* 8.81 24.5* 20.8* 27.2* 37.2*
Organic sales - % local 9.0* 10.1* 9.3 8.7 7.7 5.6 7.9 11.3
Organic sales — % regional -7.7* -10.1* -9.1* 0.4 3.7 -2.2 -3.6 0.3
Organic sales — % national nc 5.2 -0.5 -14.1 -7.4 -6.3 nc nc
Organic sales — % international 3.9* 4.9* 6.5* 3.1* 4.3* 2.9 -19.2* -1.7
Organic procurement — % local 2.8* 5.9 17.3 23.4* 3.3 22.5* 20.6* 16.9
Organic procurement — % regional 2.9* 1.0* 1.4 -0.7 -2.5 -9.9 5.0 12.8
Organic procurement — % national -20.9* -23.5* &6. -32.5* -30.4* -28.3* -24.3* -26.1*
Organic procurement — % internat'l  8.4* 12.6* 16.0* 15.4* 15.0* 18.0 5.3 9.6

Notes:

*= estimates op are statistically significant at the 90 percentleor better.
nc = two-equation ML estimation did not converge.
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Figure 1. The Geographic Dispersion of Certified @ganic Handlers (Dimitri and
Oberholtzer, 2008)

Mumber of organic handiers
by Zip Code, 2004 N,
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Source: Economic Research Senvice, USDA.
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