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Abstract

In this paper, we assess whether or not organic agriculture has a positive impact on local econ-
omies. We first identify organic agriculture hotspots (clusters of counties with positively cor-
related high numbers of organic operations) using spatial statistics. Then, we estimate a
treatment effects model that classifies a county’s membership in an organic hotspot as an
endogenous treatment variable. By modeling what a hotspot county’s economic indicators
would have been had the county not been part of a hotspot, this model captures the effect
of being in a hotspot on a county’s economic indicators. We perform the same analysis for
general agricultural farm hotspots to confirm that the benefits associated with organic produc-
tion hotspots are, in fact, due to the organic component. Our results show that organic hot-
spot membership leads to a lower county-level poverty rate and a higher median household
income. A similar result is not found when investigating the impact of general agriculture hot-
spots. On the other hand, our result is robust to alternative hotspot definitions based on type
of organic operations to alternative methods of estimating average treatment effects on the
treated. These results provide strong motivation for considering hotspots of organic handling
operations, which refers to middlemen such as processors, wholesalers and brokers, and hot-
spots of organic production to be local economic development tools, and may be of interest to
policymakers whose objective is to promote rural development. Our results may incentivize
policymakers to specifically focus on organic development, rather than the more general
development of agriculture, as a means to promote economic growth in rural areas, and
may further point them in the direction of not only encouraging the presence of organic
operations, but of fostering the development of clusters or hotspots of these operations.

Introduction

The U.S. Department of Agriculture’s landmark 1980 report on organic agriculture proposed a
large number of policy and research recommendations, many of which have seen action
(USDA, 1980). Policymakers have adopted national organic standards and certification
requirements and, as a result, the market for organic food has grown to US$28 million in
2012 (Greene, 2013), up from US$3.6 million in 1997 (Dimitri and Lohr, 2007).
Agronomists and other agricultural scientists have evaluated organic cropping systems, some-
times in comparison to their non-organic counterparts, in terms of yield, soil health and envir-
onmental impacts (for example, see Mäder et al., 2002; Pimentel et al., 2005; Crowder et al.,
2010; and Seufert et al., 2012). However, economists or other social scientists arguably have
not followed through on recommendations to assess the socio-economic impacts from
increased levels of organic agriculture. In particular, questions linger about the economic
impact of organic agriculture on local economies because, while often small in scale, organic
farming is argued to benefit local economies (more than non-organic farms) because money
spent on generally higher amounts of labor may stay within the local economy (Lockeretz,
1989) and/or because organic farms may capture more added value or use a shorter supply
chain (Banks and Marsden, 2001; Darnhofer, 2005). In general, the economic impact of
organic agriculture on local economies has not been evaluated in a systematic, empirical
study. This paper attempts to address this gap by assessing the impact of increased levels of
organic agricultural activity, all else equal, on county-level economic indicators using a treat-
ment effects empirical model.

Certainly, some studies attempt to link organic agriculture to regional economic develop-
ment. Pugliese (2001) and Banks and Marsden (2001) argue that organic farming (or agroe-
cology) is linked to sustainable rural development, but do not analyze the hypothesized links
empirically, except perhaps by case studies. Darnhofer (2005, p 308) uses a case study to con-
clude that organic farming can support a ‘reconfiguration of on-farm activities’, which can
itself lead to ‘greater involvement in the local economy.’ On the other hand, Lobley et al.
(2009, p. 733) say that data reveal no significant differences in the ‘economic connectivity’,
at an aggregate level, between organic and non-organic farms. Despite these efforts from
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Fig. 1. Hotspots, coldspots and outliers of all organic operations (based on operation counts)*. *Notes: gray = not significant; red = hotspot, blue = coldspot, purple
= low–high, pink = high–low.

Fig. 2. Hotspots, coldspots and outliers of organic operations: Production and Handling*. *Notes: gray = not significant; red = hotspot, blue = coldspot, purple =
low–high, pink = high–low.

Fig. 3. Hotspots, coldspots and outliers of all agricultural farms*. *Notes: Gray = not significant; red = hotspot, blue = coldspot, purple = low–high, pink = high–low.
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Table 1. Variable description and summary statistics

Variable Description Obs Mean Std.Dev Min Max

Economic Indicators ( y)

Poverty2012 Poverty rate in 2012 2726a 17.0201 6.207434 4 45.8

Median_hh_inc2012 Median household income in 2012 2726 44,802.68 10,895.99 22,126 118,934

Factors affecting economic indicators (x)

Urban_influence_code_ 03 Urban influence code in 2003b 2726 5.295671 3.360739 1 12

Highschool09 Percentage of people who have completed high school and above in 2009 2726 82.69879 7.285127 46.5 97.3

Distance_to_interstate_ 07 Distance of the county from an interstate highway measured in kilometers 2726 12.24956 22.01827 0 154.004

Indus_entropy_indx_00 Industry entropy index, which measures economic diversity in 2000c 2726 2.509517 0.5726267 0.0705 3.3103

Avg_farm_income_07 Receipts of income and farm-related totals measured in dollars per operation, 2007 2726 15,441.15 13,452.72 665 199,181

Pop_density_07 Population density in 2007 2726 149.3852 390.1069 0.2639369 11,135.79

Land_values_07 Value land and buildings per acre, 2007 2726 3235.653 3245.764 0 69,192

Factors affecting organic hotspots (z)

Cert_govt_30pct_09 Equal to 1 if 30% or more of the organic operations in the county are certified by a government agency 2726 0.175715 0.380648 0 1

Cert_outreach_30pct_09 Equal to 1 if 30% or more of the organic operations in the county are certified by a non-governmental
agency associated with outreach

2726 0.351431 0.477505 0 1

Avg_farm_income_07 Receipts of income and farm-related totals, dollars per operation, 2007 2726 15,441.15 13,452.72 665 199,181

Indus_entropy_indx_00 Industry entropy index, 2000 2726 2.509517 0.572627 0.0705 3.3103

Urban_influence_code_03 Urban influence code in 2003 2726 5.295671 3.360739 1 12

Distance_to_interstate_07 Distance of the county from an interstate highway, kilometers 2726 12.24956 22.01827 0 154.004

Pop_density_07 Population density in 2007 2726 149.3852 390.1069 0.2639369 11,135.79

Natural_amenities_scale Natural amenities scale 2726 0.008712 2.292919 −6.4 11.17

Land_values_07 Value of land and buildings per acre, 2007 2726 3235.653 3245.764 0 69,192

Property_tax_per_cap_02 Property tax per capita in 2002 2726 740.6764 520.1098 74 10,747

Politics_green_00 Number votes for the green party in 2000 2726 1.982905 1.819475 0 17.2

Binary hotspot variables (D)

Hot_09 Equal to 1 if the county is an organic hotspot, and 0 otherwise 2726 0.0755686 0.2643551 0 1

Hot_ag_07 Equal to 1 if the county is in a general agricultural hotspot, and 0 otherwise 2726 0.6654439 0.4719216 0 1

Hot_prod_09 Equal to 1 if the county is an organic production hotspot, and 0 otherwise 2726 0.0759354 0.2649434 0 1

Hot_hand_09 Equal to 1 if the county is an organic handling hotspot and 0 otherwise 2726 0.054292 0.2266346 0 1

aSeveral counties are dropped in this analysis, as we do not include Alaska and Hawaii, and are also necessitated to drop a few counties in the continental USA due to missing data.
bLower UIC means higher level of urban influence (USDA’s Economic Research Service, 2003).
cCalculated as

IEi = −
∑n

j
pij log2 pij, pij =

RCAij∑n
k RCAik

,RCAij =
EMPij ·

∑
s,t EMPst∑

s EMPsj ·
∑

t EMPit

where EMPij is the number of employees of industry j in the county i and n is the number of industrial sectors in US economy. High IE means higher diversity (Goetz et al., 2010).
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sociologists and other social scientists, we find that the impact of
the organic activity on general economic indicators is not widely
addressed in the existing empirical literature. Thus, we still do not
know if increased levels of organic agriculture activity could be
thought of as a rural economic development tool.

The first step toward a systematic investigation of economic
impacts is to define what we mean by increased levels of organic
activity. For this effort, we rely on spatial modeling tools and par-
ticularly focus on the Local Moran’s I statistic to help identify
organic hotspots or clusters. The Local Moran’s I is a test statistic
that is used to test the null hypothesis of no spatial autocorrel-
ation across geographic neighbors. In this paper, we look for
cases where we reject the null hypothesis and thus identify ‘hot-
spots’, areas that combine a high level of organic activity and a
high value of positive correlation with neighbors. We also could
consider ‘coldspots’, areas that combine a low level of organic
activity and positively correlated neighboring values. For empir-
ical reasons, we use a U.S. county as our geographic scale.

Once county-based hotspots are identified using spatial statis-
tics, we then estimate the effect that being in a hotspot has on
county-level economic indicators, thereby providing estimates of
the impact of organic operation hotspots. In order to differentiate
the effects of hotspots of organic operations from those of other
types of establishments, we also analyze and compare the effects
of hotspots of agricultural establishments in general. When

estimating these effects, we take care to control for potential endo-
geneity regarding hotspot formation. In other words, we consider
the strong possibility that some underlying factors may be respon-
sible for both hotspot formation and positive economic impacts.
After accounting for potential non-randomness in the formation
of hotspots, we estimate the treatment effects due to being in a
hotspot for two county-level economic indicators, the county’s
poverty rate and its median household income. In both cases,
we find that organic hotspots have beneficial effects: We find
that being in an organic hotspot lowers a county’s poverty rate
by as much as 1.6 percentage points and increases median house-
hold income by over US$1600. Our research, we believe, is the
first to systematically estimate the economic impact of organic
hotspots, and the first to consider organic hotspots as an
endogenous treatment, thereby accommodating potential selec-
tion or systematic biases caused by confounding factors that
have multiple effects.

Background on clustering and organic

Much of the research on hotspot formation, or clustering of firms
and industries, generally find that clustering can be advantageous
to economic development. Specifically, Morrison Paul and Seigel
(1999), Chevassus-Lozza and Galliano (2003), Cainelli (2008),
Greenstone et al. (2010), Duranton and Puga (2004) and

Table 2. Factors affecting regional economic growth/development

Factor Variables
Effect on economic growth and

development Citation

Supply side factors

Human Capital: The amount and
quality of human capital impact
regional income or wealth; the ability
to attract and retain human capital
can also be beneficial to regional
development

Land_values_07 Positive: Amenities and high value of
land and buildings attract and retain
a population with high levels of
education and skills

Florida et al. (2008),
Terluin (2003), Deller
et al. (2001)

Highschool09 Positive: Level of education is an
indicator of human capital

Resources: Presence and efficient use
of resources may impact on regional
development

Pop_density_07/
Dist_highway_km/
Urban_influence_code_03

Negative/positive/positive: This may
indicate protection from sprawling
development, which may be
detrimental to natural resources

Mishra et al. (2004),
Ilbery (1991), Brown
et al. (2012)

Land_values_07 Positive: Rural areas that have more
amenities can better manage their
resources

Demand side factors

Factors related to market size, market
access and consumption ability affect
regional development

Pop_density_07
Distance_to_interstate_07
Urban_influence_code_03

Positive/negative/negative: This may
indicate level of market access

Deller et al. (2001)

Avg_farm_income_07 Positive: Higher farm income may
imply higher market access

Scale of agricultural production

Larger scale agricultural production
has been shown to be negatively
associated with regional welfare

Avg_farm_income_07 Negative: Higher farm income may
imply larger scale agricultural
operations

Lyson et al. (2001) and
Lyson and Welsh
(2005)

Economic diversification

Regional development can be linked
with economic diversification, which
includes things such as agritourism,
organic farming, conservation and
landscape management

Indus_entropy_indx_00 Ambiguous: While many papers
confirm that high industry diversity
is beneficial to economic growth,
some papers argue that
specialization is, in fact, more
beneficial

Van der Ploeg et al.
(2000), Terluin (2003),
Goetz et al., 2010),
Feldman and
Audretsch (1999)
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Graham and Kim (2008) discuss the industry-level scale econ-
omies brought on by agglomeration externalities, while Glaeser
et al. (1992), Greenstone et al. (2010), Gibbs and Bernat (1997),
Henderson (1997), Gabe (2009) and Feser et al. (2008) discuss
the advantages of clustering for local growth (e.g., growth of
employment/wages, industries and business activity within a
city/county). Gabe (2004) and Rocha and Sternberg (2005) find
that agglomeration encourages investment and entrepreneurship,
respectively, in affected industries.

The economic intuition behind why clustering is beneficial to
economic development is primarily centered on positive agglom-
eration externalities. For example, agglomeration implies a higher
availability and specialization of inputs (e.g., workers and suppli-
ers) and the opportunity for information sharing and knowledge
spillovers, which can lead to cost reductions and advantages in
competition (e.g., Barkley and Henry, 1997 and Duranton and
Puga, 2004). It also implies a quicker flow of goods, which
leads to more efficient industry organization (e.g., Barkley and
Henry, 1997). Clustering may also promote local economic and
business growth because manufacturers may want to take advan-
tage of the existing agglomeration externalities. Additionally,
agglomeration externalities (e.g., higher availability of inputs)

may lead to fewer barriers to entry, which can promote innovation
(e.g., Delgado et al, 2012 and Gabe, 2009).

Clustering is frequently investigated in the food and agricul-
ture sectors. For example, Goetz (1997) finds that state-level
agglomeration economies are present in most of the food manu-
facturing industry, and Chevassus-Lozza and Galliano (2003) find
that agglomeration economies encourage exportation and give
firms advantages in competition in the French food industry.
Although research on clustering in the food and agriculture
industry, in general, is prevalent, it is important and interesting
to address the organic food sector separately, as a special case
of agriculture. First, Marasteanu and Jaenicke (2016) demonstrate
that while hotspots are present in the organic sector, they are not
consistent with those of agricultural operations in general. In add-
ition, operations in the organic sector display different character-
istics from those of the conventional food industry, including
more restricted production methods (National Organic
Program, 2016), need for more specialized labor (Klonsky and
Tourte, 1998) and more frequent use of their own resources
(Argiles and Brown, 2007; and Schmidtner et al., 2012). The
organic food industry is also growing at a quicker rate than the
conventional food industry, with organic cropland more than

Table 3. Factors affecting the presence of hotspots

Rationale Variables Expected effect organic hotspots Sources

Certifiers Cert_outreach_30pct_09 Positive: Certifiers who provide outreach may indicate
the level of communication between organic
operations

Ellison, Glaeser, and Kerr (2010),
Kamath et al. (2012)

Cert_govt_30pct_09 Positive: The diversity of activities that government
certifiers participate in may be another indicator of
communication; however, a high government
presence in certification may also imply the need for
it

Policy Property_tax_per_cap_02 Ambiguous: State level fiscal policies have been found
to negatively affect the formation of clusters;
however, higher taxes may also imply higher
amenities

Goetz (1997)

Work-force
heterogeneity

Indus_entropy_indx_00 Ambiguous: This indicates economic diversification
and clustering is driven by workforce heterogeneity
and diversity of a region; however, organic has been
found to need more specialized labor

Davis and Schluter (2005),
Duranton and Puga (2004),
Delgado et al. (2012)

Resources/
supply

Land_values_07 Positive: This may indicate presence of resources Kamath et al. (2012)

pop_density_07 Positive: This variable may capture labor supply, which
would imply a positive effect given the fact that
organic operations tend to be more labor intensive

natural_amenities_scale Positive: A higher natural amenities scale may imply
availability of better resources

Demand
conditions

Avg_farm_income_07 Positive: May indicate high demand for agricultural
goods

Kamath et al. (2012), Deller et al.
(2001), Schmidtner et al. (2012),
Brown et al. (2012), Politico
(2012)Urban_influence_code_03

Distance_to_interstate_07
Pop_density_07

Ambiguous: Being closer to a highway or being in an
urban area may provide market access, which
encourages the development of farms; however,
farms may also fare better if they are protected from
sprawling development

Politics_green_00 Positive: Liberal areas are generally associated with
more receptiveness of organic

Opportunity
cost

Land_values_07
Natural_amenities_scale

Negative: High land values and amenities may also
indicate that the opportunity cost of using them for
farming is high

Brown et al. (2012), Mishra and
Goodwin (1997)
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doubling between 1997 and 2005 (Dimitri and Oberholzer, 2009).
These factors imply that organic operations may see a more sig-
nificant impact from clustering (e.g., they may have a greater
need for or ability to take advantage of agglomeration externalities
brought on by clustering).

Some research also suggests that the organic industry may
impact local economies more strongly than the general agriculture
industry. For example, Donald and Blay-Palmer (2006) suggest
that a rise in consumption of organic products may help local
economies by boosting the demand for local products, as well
as creating viable career paths by providing opportunities for
more intensive labor involvement. They, along with Markusen
et al. (2008), also discuss the organic industry in the context of
the ‘creative economy,’ which suggests that cultural amenities

(including organic products) may attract individuals to an area
due to their ‘high status,’ thereby promoting growth.

With a few exceptions, however, the specific impact of cluster-
ing on the organic sector has not, to our knowledge, been widely
addressed. Two examples of the scarce literature on this topic are
Naik and Nagadevara (2010), who find economic benefits to clus-
tering in organic farming in Karnataka, India; and Jaenicke et al.
(2009), who find that clustering positively impacts the output (in
sales per employee) of organic handling firms in the USA.

Hotspot identification

To identify organic hotspots, we follow Marasteanu and Jaenicke
(2016), who use the Local Moran’s I to identify statistically

Table 4. Instrumental variable treatment effects model 1: County poverty rate

Type of hotspot

Outcome equation Organic production Organic handling All organic General agriculture

Urban_influence_code_03 0.275993*** 0.30990538*** 0.28544494*** 0.52966226***

Highschool09 −0.61706894*** −0.59713168*** −0.60185173*** −0.54891147***

Distance_to_interstate_07 0.00460599 0.0037019 0.00471326 0.00516567

Indus_entropy_indx_00 1.2322277*** 1.736209*** 1.3994125*** 1.7873587***

Pop_density_07 0.00168959*** 0.0012349*** 0.00156829*** 0.00167449***

Land_values_07 −0.0002722*** −0.00033025*** −0.00027764*** −0.00029042***

Avg_farm_income_07 −0.00001559* −0.000024*** −0.00001733** 0.00001817*

Hotspot variable_09 4.6464099*** 5.5628214*** 4.7218127*** 7.1022771***

Constant 63.980561*** 61.161239*** 62.247258*** 53.768651***

Selection equation Hot_prod_09 Hot_hand_09 Hot_09 Hot_ag_09

Cert_govt_30pct_09 0.28832208*** 0.21902553** 0.32271397***

Cert_outreach_30pct_09 0.75630469*** 0.54237044*** 0.72730253***

Avg_farm_income_07 4.06 × 10−6 7.524 × 10−6** 6.424 × 10−6** −0.00001129***

Urban_influence_code_03 −0.04045908** −0.07169035*** −0.04966982*** −0.10773836***

Indus_entropy_indx_00 0.1343739 −0.24098784** 0.08433874 −0.14122344*

Distance_to_interstate_07 −0.00572041* −0.00694919* −4.46 × 10−3 −0.00210677

Pop_density_07 −0.00058669*** −0.0000465 −0.00044219*** −0.00006744

Natural_amenities_scale 0.07724629*** 0.10063211*** 0.08200645*** 0.08721293***

Land_values_07 0.00003946** 0.00006751*** 0.00004301*** −6.66 × 10−6

Property_tax_per_cap_02 −0.0003016*** −0.00040678*** −0.00028196*** −0.00072619***

Politics_green_00 0.24267518*** 0.19586489*** 0.21724382*** 0.06950099***

Constant −2.3725124*** −1.3403071*** −2.2199485*** 0.81015977***

Model Wald chi2(10) test 1355.2711*** 1632.9524*** 1289.372*** 2099.5994***

Wald chi2(1) tests of independent equations 85.78349*** 145.16421*** 86.544333*** 399.84784***

Treatment effects—poverty2012

Organic production
hotspots

Organic handling
hotspots

All organic
hotspots

General agriculture
hotspots

ATE −3.292638** −3.105479* −3.205641** −1.042667

ATET −1.614618** −1.301732 −1.617616** −0.5949616

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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significant hotspots (positively correlated counties with high attri-
bute values), cold spots (positively correlated counties with low
attribute values) and outliers (negatively correlated counties) of
organic and agricultural operations. The Local Moran’s I test stat-
istic, which is used to test the null hypothesis of no spatial auto-
correlation, is defined as follows (Anselin, 1995; Lesage, 1998; and
Anselin, 1999):

Ii = (xi − �X)S j=iwij(xj − �X)

xi = attribute level for section, i

�X = mean attribute level for entire area

wij = weighting value between sections i and j,

where the sections are US counties, the entire area is the USA, the
attribute level for county i is the count of organic operations, and
the weighting matrix is a queen contiguity matrix (which assigns
the weight between two counties as 1, if they have a shared border,
adjacent or corner, and as 0 otherwise). We determine the statis-
tical significance of the Local Moran’s I using a permutation
method implemented in GeoDa (GeoDa Center). In order to bet-
ter interpret our results and facilitate a comparison, we also iden-
tify hotspots for general agricultural farms.

Figure 1 shows hotspots for all certified organic production
(crops and livestock) operations and all certified organic handling
operations, respectively, while Figure 2 combines those categories

Table 5. Instrumental variable treatment effects model 2: County median household income

Type of hotspot

Outcome equation Organic production Organic handling All organic General agriculture

Urban_influence_code_03 −931.74859*** −958.51344*** −933.41157*** −1188.915***

Highschool09 836.70789*** 826.44619*** 824.06833*** 816.78397***

Distance_to_interstate_07 −11.399036 −11.626996 −12.000852 −17.534293*

Indus_entropy_indx_00 −1586.687*** −1745.4608*** −1718.0821*** −2004.0842***

Pop_density_07 0.09421594 0.36878716 0.32752688 −0.8514582

Land_values_07 0.57025234*** 0.46930649*** 0.51862069*** 0.83036831***

Avg_farm_income_07 0.10044347*** 0.09309103*** 0.09346339*** 0.07780628***

Hotspot variable_09 499.09682 2540.5942* 1724.647 −7420.0074***

Constant −18,988.115*** −17,069.537*** −17,468.97*** −13,283.453***

Selection equation Hot_prod_09 Hot_hand_09 Hot_09 Hot_ag_09

Cert_govt_30pct_09 0.37529471*** 0.38024602*** 0.48090748***

Cert_outreach_30pct_09 1.1862799*** 0.89725196*** 1.1628623***

Avg_farm_income_07 6.621 × 10−6** 8.904 × 10−6** 8.508 × 10−6*** −0.00001104***

Urban_influence_code_03 −0.02133132 −0.08820712*** −0.04232167** −0.12003315***

Indus_entropy_indx_00 0.14036639 −0.34055673*** 0.06314306 −0.16074735**

Distance_to_interstate_07 −0.01079226** −0.00769325* −0.00834024** −0.00180758

Pop_density_07 −0.00056831*** −3.55 × 10−6 −0.00039108*** −0.00026815

Natural_amenities_scale 0.0502498** 0.08303696*** 0.05337974*** 0.05826891***

Land_values_07 0.00002716* 0.00005892*** 0.00002693* −7.66 × 10−6

Property_tax_per_cap_02 −0.00005984 −0.00001843 0.00003644 −0.00077916***

Politics_green_00 0.28347805*** 0.20710063*** 0.25092388*** 0.0522558***

Constant −3.0422843*** −1.669641*** −2.8183474*** 0.97948274***

Model Wald chi2(10) test 1308.6267*** 1462.5557*** 1290.8135*** 1090.7258***

Wald chi2(1) tests of independent equations 0.06223667 0.01268127 0.0057778 42.965545***

Treatment effects—median household income—2012

Organic production
hotspots

Organic handling
hotspots

All organic
hotspots

General agriculture
hotspots

ATE 937.3095*** 2373.008*** 1612.406*** 1034.94

ATET 819.1335*** 2417.868*** 1642.264*** 527.8423

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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to show a map of hotspots for all certified organic operations. The
maps include ‘coldspots’ as well; however, coldspot variables are
not used in the estimation that follows. One reason for separating
organic production operations from handling operations is for a
cleaner comparison with general agriculture, where information
is available only for agricultural production establishments and
not handlers. Figure 3 shows hotspots for agricultural production
establishments. All hotspots are obtained using the Local Moran’s
I statistic and a queen contiguity matrix.1 Figure 1 shows three
large areas of organic hotspots along the West coast, in parts of
the Midwest and in the Northeast, and smaller area of hotspots
in the West. There are large areas of organic coldspots that
encompass almost the entire south, and some smaller areas in
the West, Midwest, Alaska and Hawaii, and outliers are scattered
throughout the country. With the exception of a few organic
handling hotspots in Florida, the location of hotspots and cold-
spots are similar after dividing organic operations into production
and handling, with some variation in the size of the clusters.
Comparing Figures 1 and 2 with Figure 3 suggests that hotspots
of agricultural farms do not necessarily match to hotspots of
organic operations, with a larger area of agricultural hotspots in
the South, hotspots of agricultural farms existing in Florida, and
fewer hotspots of agricultural farms in the Northeast.

Methods: Identification of treatment effects from hotspots

To analyze the effect of being in a hotspot on county-level eco-
nomic indicators, we characterize a hotspot as a ‘treatment,’ and
we measure the impact of the treatment on a county’s economic
indicators. Using the hotspots obtained through the Local
Moran’s I method described above, we create a county-level indi-
cator variable (our treatment variable), which takes a value of 1 if
the county is identified as being part of a statistically significant
hotspot, and 0 otherwise. In order to identify causal effects, we
calculate the average treatment effects (ATEs):

The ATE is given by Cameron and Trivedi (2005):

ATE = E[y1|x, D = 1] − E[y0|x, D = 0],

and the ATE on the treated is given by:

ATET = E[y1i|Di = 1] − E[y0i|Di = 1].

The indicator variable, D, represents the treatment which is
represented by our hotspot indicator variable described above,
x represents a matrix of characteristics that are associated with
the outcome, y1i represents the outcome when the treatment is
applied, and y0i represents the outcome when the treatment is
not applied. Our outcome variable is a county-level economic
indicator, and we estimate two different specifications of the
model. Model 1 uses the county-level poverty rate and model 2
uses the county-level median household income as the outcome
variables. The vector x is a matrix of county-level variables that
are consistent with the literature on factors associated with eco-
nomic growth.

We do not observe what the value of the outcome would be for
treated individuals were they not treated, and vice versa; however,
an important assumption in treatment evaluation models, the
conditional independence assumption, states that the outcomes
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are independent of the treatment, conditional on the x matrix.
Here, conditional independence means that we model a scenario
in which the treatment is random (Cameron and Trivedi, 2005).
We focus first on an econometric method of ensuring that the
conditional independence assumption holds. Namely, we charac-
terize the treatment variable i.e., the hotspot indicator, as a poten-
tially endogenous binary variable and propose an auxiliary
equation that explains any non-randomness in its selection. To
adequately identify the selection condition, we must incorporate
variables in this auxiliary equation that affect the hotspot variable
but not the outcome variable. For example, characteristics of
organic certification measured at the county-level may impact
the presence of organic hotspots but not the county-level eco-
nomic indicators. This instrumental-variable method, therefore,
helps ensure that the estimated treatment effect is free from non-
random selection bias.

Our treatment effects model becomes:

yti = x′ibt + mti

where t indexes the treatment status (which takes a value of 1 if
the observation is treated, and 0 otherwise), and i indexes the
observation. To account for the potential endogeneity of the treat-
ment variable, we also consider the following auxiliary equation:

D
∗
i = z ′ig+ 1i

Di = 1 iff D
∗
i . 0

Di = 0 iff D
∗
i ≤ 0

where D∗
i is a latent variable that may represent the actual level of

organic activity, and Di is a dummy variable that takes a value of 1
if the treatment is implemented, and 0, otherwise. The matrix, z,
represents variables that explain Di. To specify z, we generally fol-
low Marasteanu and Jaenicke (2016), who model organic hotspot
formation as a function of county-level factors. We take care to
include at least one variable in z that is uncorrelated with y1i
and y0i except through Di (Cameron and Trivedi, 2005).

Despite efforts to remove any non-random selection bias from
the treatment effect results, at least two empirical problems may
still hamper our estimation. First, because hotspots may affect
their non-hotspot neighbors, we run the risk of violating the
Stable Unit Treatment Value Assumption, which states that the
treatment should not indirectly affect non-treated observations
(Cameron and Trivedi, 2005). For example, a violation would
occur if the treated counties (i.e., organic hotspots) benefit at
the expense of neighboring counties that are not also hotspots.
More specifically, a violation might occur if organic hotspot coun-
ties used labor from any neighboring, non-hotspot, counties,
thereby diminishing the labor sources and/or diminishing the

Table 7. Treatment effects model with propensity score matching

Organic production
hotspots

Organic handling
hotspots All organic hotspots

General agriculture
hotspots

Poverty2012 Difference z Difference z Difference z Difference z

Unmatched −2.7269 −2.9344 −2.9288 −0.6290

ATET −1.8903 −2.72*** −0.9705 −1.13 −2.0199 −2.59*** −0.6055 −1.23

ATU −2.1418 −3.2917 −3.2664 −0.6214

ATE −2.1154 −3.1172 −3.1376 −0.6175

Median_hh_inc2012

Unmatched 5893.75 10,543.777 7440.664 1900.672

ATET 3391.49 2.58*** 4055.705 2.08** 3794.262 2.62*** 250.821 0.25

ATU 2276.74 3974.606 4024.954 746.404

ATE 2393.46 3980.703 4001.1209 625.644

Testing or balance condition Organic production
hotspots

Organic handling
hotspots

All organic hotspots General agriculture
hotspots

Variable %bias t %bias t %bias t %bias t

Land_values_07 14 1.27 −3.1 −0.21 1.1 0.09 −5.2 −0.77

Indus_entropy_indx_00 0.9 0.11 −8.9 −0.92 9.1 0.75 −7.8 −1.13

Pop_density_07 11 1.38 −4.4 −0.33 −2.4 −0.3 −6.4 −1.11

Distance_to_interstate_07 4.9 0.76 6.9 1.19 4.1 0.44 8.5 1.76*

Avg_farm_income_07 1.5 0.12 15.5 1.06 3.7 0.55 −7 −1.12

Urban_influence_code_03 −8.3 −0.87 4.5 0.47 4.1 0.47 4.2 0.69

LR chi2 P > chi2 LR chi2 P > chi2 LR chi2 P > chi2 LR chi2 P > chi2

Overall 4.6 0.596 3.48 0.746 1.49 0.96 4.9 0.556

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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economic activity of these counties. To address this potential vio-
lation, we drop the observations for non-hotspot counties that are
neighbors to hotspot counties.

Secondly, even after selection bias is accounted for, identifica-
tion of the treatment effect can be compromised by potential sim-
ultaneity or endogeneity of regressors in x. To account for this
possibility, we use time lags where the Di variables (i.e., the hot-
spot indicators) and x variables are from 2009 and earlier, while
the economic outcomes represented by y (i.e., the county-level
economic indicators) are from 2011 to 2012.

We also construct a comparison of estimated ATETs from hot-
spots of organic operations against hotspots found in general agri-
cultural operations. More specifically, our specified model of
ATETs for general agriculture hotspots is as close as possible to
the model described above for organic hotspots. One difference,
however, is that our auxiliary equation for general agricultural

hotspots does not include variables reflecting county-level organic
certification efforts.

Data

To obtain data on county-level factors affecting economic growth
and development (i.e., the independent variables that comprise x),
as well as on factors affecting the presence of clusters and organic
and agricultural operations (the instrumental variables that com-
prise z), we use publicly available sources such as the U.S. Census,
the Bureau of Labor Statistics, the USDA’s Census of Agriculture
and the USDA’s Agricultural Resource Management Survey
(ARMS).

Data on certified organic operations, the root source of the
organic hotspot variables, come from the National Organic
Program (National Organic Program, 2012) and are publicly

Table 8. Instrumental variable treatment effects, all organic: County poverty rate

Type of hotspot

Outcome equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Urban_influence_code_03 0.17426673*** 0.23570691*** 0.28091637***

Highschool09 −0.51130913*** −0.54419844*** −0.60536396***

Distance_to_interstate_07 0.00748321 −0.00083946 0.00532993

Indus_entropy_indx_00 1.5119701*** 1.5527692*** 1.3595419***

Pop_density_07 0.00118309*** 0.00122923*** 0.00149381***

Land_values_07 −0.00020835*** −0.00017458*** −0.00030175***

Avg_farm_income_07 −2.07 × 10−6 −7.75 × 10−6 −0.00001998**

Hotspot variable_09 −5.8353411*** −1.5197424 4.53942***

Constant 60.118762*** 57.750613*** 62.768022***

Selection equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Cert_govt_30pct_09 1.322655*** 0.88696716*** 0.384268***

Cert_outreach_30pct_09 1.1912161*** 1.1453971*** 0.79032192***

Avg_farm_income_07 0.00001235** 0.00001319*** 3.81 × 10−6

Urban_influence_code_03 −0.00075335 −0.00424768 −0.0399035**

Indus_entropy_indx_00 0.16301544 0.24840293** 0.14219946

Distance_to_interstate_07 −0.00775987** −0.00542933** −0.00024582

Pop_density_07 0.00004295 0.00013688 −0.00016679

Natural_amenities_scale −0.15711161*** −0.01423451 0.09438333***

Land_values_07 7.54 × 10−6 3.48 × 10−5 0.00005237***

Property_tax_per_cap_02 0.00094081*** 0.00027186** −0.00035757***

Politics_green_00 0.07158889 0.24278056*** 0.20997997***

Constant −0.43604321 −3.0316103*** −2.416546***

Model Wald chi2(10) test 639.31173*** 837.51355*** 1140.7292***

Wald chi2(1) tests of independent equations 25.116684*** 0.82436861 57.773256***

Treatment effects—poverty2012

Organic 2 or greater Organic 10 or greater Organic 20 or greater

ATE 2.216559 −0.2442245 −2.85405**

ATET 2.341569 −0.374218* −1.470022*

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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Table 9. Instrumental variable treatment effects, all organic: County median household income

Type of hotspot

Outcome equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Urban_influence_code_03 −1013.8341*** −1007.551*** −957.89114***

Highschool09 837.36698*** 762.15066*** 798.51356***

Distance_to_interstate_07 −6.1597352 −1.9165905 −13.679491

Indus_entropy_indx_00 −1890.0458*** −1865.1222*** −1801.5092***

Pop_density_07 −0.08397112 −0.16753923 0.3354113

Land_values_07 0.59448671*** 0.4909044*** 0.5013513***

Avg_farm_income_07 0.10152679*** 0.10104897*** 0.09861211***

Hotspot variable_09 7923.1066*** 3881.6717** 2213.686

Constant −25,023.367*** −12,361.355*** −15,037.275***

Selection equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Cert_govt_30pct_09 1.6686743*** 0.89672912*** 0.54901708***

Cert_outreach_30pct_09 1.3629525*** 1.0906939*** 1.1842549***

Avg_farm_income_07 0.0000207** 0.00001262*** 5.690 × 10−6*

Urban_influence_code_03 −0.00157707 −0.0036188 −0.0289171

Indus_entropy_indx_00 0.20638782 0.26896988*** 0.12968208

Distance_to_interstate_07 −0.00603506 −0.00543366** −0.0052669

Pop_density_07 0.00040574 0.00016219 −0.00018189

Natural_amenities_scale −0.13296367*** −0.01402403 0.07091833***

Land_values_07 −0.00003047 0.00003724 0.00003604**

Property_tax_per_cap_02 0.00066761** 0.00036004*** 0.00004755

Politics_green_00 0.11540212** 0.23614574*** 0.22620324***

Constant −0.5412522 −3.1250403*** −3.0219051***

Model Wald chi2(10) test 680.12762*** 995.07098*** 1362.9869***

Wald chi2(1) tests of independent equations 31.128495*** 3.6296114* 0.06874385

Treatment effects—median household income—2012

Organic 2 or greater Organic 10 or greater Organic 20 or greater

ATE −3098.883 −353.053 1749.884***

ATET −3290.24 72.99873 1862.767***

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.

Table 10. Balancing conditions, all organic

Organic 4 or greater Organic 10 or greater Organic 20 or greater

Variable
Standardized
difference Variance

Standardized
difference Variance

Standardized
difference Variance

Urban_influence_code_03 0.011092 1.086056 −0.0514411 0.7178006 0.0910461 0.7423817

Highschool09 0.1818715 1.097801 −0.0177598 0.7990834 0.0199636 0.7407274

Indus_entropy_indx_00 0.0936332 1.390793 −0.1185096 1.059026 −0.0449142 0.674404

Distance_to_interstate_07 −0.0734525 0.5360082 −0.1008528 1.033934 0.330125 4.016245

Pop_density_07 0.1106291 2.433634 −0.0022801 1.190315 −0.0082167 0.8901097

Land_values_07 0.0956939 1.657194 −0.0457623 0.4592813 −0.0674389 0.8278398

Avg_farm_income_07 0.2753013 4.3383 0.0058766 0.90997 0.0082878 0.4997572
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available online. The NOP maintains a directory of all certified
organic operations, including information such as operation’s
name, certifying agent, primary scope (i.e., handling, crops and
livestock), address and products produced. Approximately 60%
of the operations list crops as their primary scope, while 28.5%
list handling. An additional 11.4% list livestock, and <1% list
wild crops as their primary scopes. Data on county-level variables
related to infrastructure, demographics, politics and economic
activity come from the U.S. Census and the USDA’s Census of
Agriculture. We also examine publicly available information on
certifying agents’ websites to construct additional county-level
variables reflecting the prominence of outreach activities among
the operations’ organic certifiers, and we construct a similar vari-
able reflecting the prominence of government agency certifiers.
Data on general agricultural operations come from the 2007
U.S. Census of Agriculture, which provides information on the
number of agricultural farm operations in each U.S. county.

Table 1 lists the variables we use in our analysis (including
description, summary statistics and source). Tables 2 and 3
offer explanations as to how the variables are expected to affect
economic growth and hotspot formation, respectively, based on
rationales found in the existing literature. Note that while there
is overlap between Tables 2 and 3 variables, Table 3 has additional
variables necessary to identify the selection equation.

We choose the independent variables in the outcome equation
(Table 2) based on how well they fit into the following rationales:
(1) Human capital, which suggests that the amount and quality of
human capital impacts regional wealth; (2) Resources, which

suggests that the presence and efficient use of resources may impact
regional development; (3) Market, which suggests that factors related
to market size and access, as well as consumption ability may affect
regional development; (4) Scale, which suggests that large scale agri-
cultural production may negatively impact regional welfare; (5)
Government and policy, which suggests that policy priorities and
effectiveness may impact regional growth; and (6) Economic diver-
sification, which suggests that there is significant relationship
between things such as agrotourism, organic farming, conservation
and landscape management, and regional development. The follow-
ing variables account for the relationship the above six rationales
may have with the economic outcome indicators.

Land_values_07 fits into the human capital rational as amen-
ities and high values of land and buildings will aid a region in
attracting and retaining human capital. This variable also fits
into the resources rationale as rural areas that have more natural
amenities can better manage their resources. Highschool09 fits
into the human capital rational as education is an indicator of
human capital. Pop_density_07, Dist_highway_km, and
Urban_influence_code_03 fit into the resources rationale, as
lower populations, larger distances from highways, and a lower
level of urban influence may indicate protection from sprawling
development, often detrimental to natural resources. These
three variables also fall into the market rationale, as higher popu-
lation densities, a smaller distance from a highway, and a higher
level of urban influence may indicate a higher level of market
access. Avg_farm_income_07 also falls into the market rationale,
as higher levels of farm income may imply higher market access.

Table 11. Treatment effects model with propensity score matching, all organic

Organic 4 or greater Organic 10 or greater Organic 20 or greater

Poverty2012 Difference t Difference t Difference t

Unmatched −3.23105 −2.82405 −2.50067

ATET −2.49112 −3.61*** −2.33559 −4.11*** −1.09809 −1.6

ATU −3.18229 −2.90577 −1.91888

ATE −0.20283 −3.01476 −3.01476

Median_hh_inc2012

Unmatched 7519.793 7014.043 7492.706

ATET 4169.307 3.57*** 3999.586 3.8*** 2129.565 1.45

ATU 5098.937 3123.584 3369.609

ATE −0.20283 −3.01476 −3.01476

Testing or balance condition Organic 4 or greater Organic 10 or greater Organic 20 or greater

Variable %bias t %bias t %bias t

Land_values_07 −0.3 −0.04 7 0.77 9.9 0.87

Indus_entropy_indx_00 2.9 0.63 3.1 0.54 3.9 0.48

Distance_to_interstate_07 −0.2 −0.05 −5 −0.9 −2.3 −0.3

Pop_density_07 1.8 0.3 1.6 0.2 −0.1 −0.01

Urban_influence_code_03 −4.6 −0.9 −4.9 −0.76 8.4 0.95

Avg_farm_income_07 5.6 1.02 −6.9 −0.75 −17 −1.16

LR chi2 P > chi2 LR chi2 P > chi2 LR chi2 P > chi2

Overall 2.68 0.848 2.22 0.898 5.28 0.509

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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This variable also fits into the agricultural scale rationale, as
higher levels of farm income may imply larger scale agricultural
operations. Finally, Indus_entropy_indx_00 fits into the economic
diversification rationale, as it captures the diversity of industries in
a region.

We choose the independent variables in the selection equation
(Table 3) based on how well they fit into the following rationales:
(1) Certifiers, which suggests that certain services provided by
organic certifiers (e.g., outreach efforts) may be indicative of the
level of communication between organic operations, which may
encourage the formation of hotspots; (2) Policy, which suggests
that state-level fiscal policies, including taxes, may impact the for-
mation of organic clusters; (3) Work-force heterogeneity, which
suggests that economic diversity may be related to organic activity;
(4) Resources/supply, which suggests that natural amenities and

labor supply may be associated with organic activity; (5) Demand
conditions, which suggest that factors related to market size, access
and receptiveness to organic are associated with organic activity;
and (6) Opportunity cost, which suggests that having many amen-
ities may imply a high opportunity costs for using them for organic
farming. The following variables account for the relationship the
above six rationales may have with the formation of hot spots.

Cert_outreach_30pct_09 and Cert_govt_30pct_09 fall into the
certifiers rationale, as they capture outreach activities and diver-
sity of activities, which may encourage organic hotspot formation.
Property_tax_per_cap_02 falls into the policy rationale as it repre-
sents state-level fiscal policies. Indus_entropy_indx_00 falls into
the workforce heterogeneity rationale, as it represents the diversity
of industries. Land_values_07, pop_density_07, and natural_ame-
nities_scale all fall into the resources/supply category, as they are

Table 12. Instrumental variable treatment effects, organic production: county poverty rate

Type of hotspot

Outcome equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Urban_influence_code_03 0.12797775** 0.26479711*** 0.26113633***

Highschool09 −0.50521163*** −0.60669763*** −0.59467937***

Distance_to_interstate_07 0.01337825** 0.00493723 0.00468893

Indus_entropy_indx_00 2.1667008*** 1.5086353*** 1.4275891***

Pop_density_07 0.00013049 0.00184841*** 0.00198305***

Land_values_07 −0.00015908*** −0.00032523*** −0.00031102***

Avg_farm_income_07 0.000008474 −0.00001439* −0.00001061

Hotspot variable_09 −3.2817704*** 3.3879026*** 5.4853372***

Constant 54.780017*** 62.546064*** 61.876233***

Selection equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Cert_govt_30pct_09 0.97709697*** 0.33843356*** 0.32814519**

Cert_outreach_30pct_09 1.123398*** 0.95176518*** 0.76185065***

Avg_farm_income_07 0.00001326*** 3.44 × 10−7 3.54 × 10−7

Urban_influence_code_03 0.0044785 −0.04304151** −0.04976443***

Indus_entropy_indx_00 0.29698471*** 0.16045506 0.01329592

Distance_to_interstate_07 −0.00268621 −0.01150539** −4.99 × 10−3

Pop_density_07 −0.00017637 −0.00066774*** −0.00083526***

Natural_amenities_scale −0.10769303*** 0.05338034*** 0.08265644***

Land_values_07 0.00006419** 0.00006852*** 0.00006334***

Property_tax_per_cap_02 0.00032892** −0.00029984** −0.00037521***

Politics_green_00 0.20674972*** 0.29425554*** 0.20407812***

Constant −1.9036049*** −2.6102554*** −2.3078789***

Model Wald chi2(10) test 706.90584*** 1019.2369*** 1301.0768***

Wald chi2(1) tests of independent equations 15.7921*** 14.055532*** 65.65892***

Treatment effects—poverty2012

Organic 2 or greater Organic 10 or greater Organic 20 or greater

ATE 0.385185 −2.795406* −3.113665*

ATET 0.52326 −1.374906* −1.02036

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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Table 13. Instrumental variable treatment effects, organic production: County median household income

Type of hotspot

Outcome equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Urban_influence_code_03 −900.14934*** −948.00793*** −934.70892***

Highschool09 816.3885*** 783.42206*** 818.18767***

Distance_to_interstate_07 −19.819023** −7.6467966 −11.664101

Indus_entropy_indx_00 −2725.9072*** −1647.3874*** −1593.5171***

Pop_density_07 3.8047087*** −0.28329209 −0.65296639

Land_values_07 0.5259998*** 0.63681644*** 0.68152257***

Avg_farm_income_07 0.08529021*** 0.10134125*** 0.09733128***

Hotspot variable_09 3869.1091*** 1293.5861 −1084.7041

Constant −16,908.659*** −14,668.047*** −17,469.233***

Selection equation Organic 2 or greater Organic 10 or greater Organic 20 or greater

Cert_govt_30pct_09 1.0607141*** 0.40736431*** 0.32196118**

Cert_outreach_30pct_09 1.1147533*** 1.2407246*** 1.1241069***

Avg_farm_income_07 0.00001426*** 1.81 × 10−6 6.107 × 10−6*

Urban_influence_code_03 0.00268236 −0.03602761* −0.02339461

Indus_entropy_indx_00 0.25650049** 0.13720605 −0.04824717

Distance_to_interstate_07 −0.00224752 −0.01733926*** −0.00991535**

Pop_density_07 −0.00009591 −0.0007367*** −0.00089327***

Natural_amenities_scale −0.0933657*** 0.02827301 0.05491784**

Land_values_07 0.00005863* 0.00005856*** 0.00006435***

Property_tax_per_cap_02 0.00024142* 0.00002345 −0.00036556

Politics_green_00 0.22818084*** 0.3062524*** 0.21585559***

Constant −1.7894495*** −2.9848802*** −2.6858544***

Model Wald chi2(10) test 741.7673*** 1230.0726*** 1309.8255***

Wald chi2(1) tests of independent equations 10.933134*** 0.01126242 4.4039961**

Treatment effects—median household income—2012

Organic 2 or greater Organic 10 or greater Organic 20 or greater

ATE 946.1562 1121.765*** 2326.436***

ATET 978.7268 1168.011*** 1344.286***

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.

Table 14. Balancing conditions, organic production

Organic production 4 or greater Organic production 10 or greater Organic production 20 or greater

Variable
Standardized
difference Variance

Standardized
difference Variance

Standardized
difference Variance

Urban_influence_code_03 0.1983139 0.8656787 0.0245339 0.6279744 −0.1916125 0.6522756

Highschool09 −0.0471963 0.8761866 0.2533987 0.5240931 0.1664929 0.9989946

Indus_entropy_indx_00 −0.1633184 0.9689106 0.0434065 0.5682428 0.1745092 0.6185623

Distance_to_interstate_07 0.0689637 1.168791 −0.1768398 0.8447292 −0.0015589 1.088858

Pop_density_07 −0.5287437 0.1716511 −0.0408166 0.4849506 0.0090712 0.7724056

Land_values_07 −0.5754562 0.0845805 0.0777759 0.5982986 0.1585064 0.7770009

Avg_farm_income_07 −0.6382477 0.0362591 −0.0642031 0.8055323 0.1487995 1.193983
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indicative of the presence of resources, labor supply and the
availability of natural amenities, respectively. Avg_farm_
income_07, Urban_influence_code_03, Distance_to_interstate_07,
Pop_density_07, and Politics_green_00 all fall into the demand
conditions rationale, as they indicate demand for agricultural
goods, proximity to urban areas and urban influence, and recep-
tiveness to organic. Land_values_07 and Natural_amenities_scale
fall into the opportunity cost rationale, as they indicate the value
of land and amenities in a region.

To be confident in our specification, we check if our models
satisfy the balancing hypothesis, which implies that the treatment
is random for a given probability of treatment, conditional on the
selection variables (the matrix, z). This means that the matrix x of
treated and control units with the same probability of treatment
should be identical (Becker and Ichino, 2002). More specifically,
if the balancing conditions are met, we fail to reject the null
hypothesis that the difference between the treated and non-
treated counties in terms of the values of Land_values_07,
Indus_entropy_indx_00, Pop_density_07, Urban_influence_code_03,
and Distance_to_interstate_07, and Avg_farm_income_07 is 0. This
implies that there is no significant difference between counties
that are in organic hotspots, and counties that are not in organic
hotspots in terms of these variables. To do this, we look at the
standardized differences and variance ratios of Land_values_07,
Indus_entropy_indx_00, Pop_density_07, Urban_influence_code_03,
and Distance_to_interstate_07, and Avg_farm_income_07 between
the treated and non-treated groups (Linden, 2016). We first run

a probit regression, using the treatment variable as the dependent
variable, and the selection variables as the independent variables.
From this, we calculate the predicted probability of treatment and
use it to weight our data. We then calculate the standardized dif-
ferences and variance ratios using the weighted data. While these
comparisons do not yield a test statistic that can be deemed sig-
nificant or not, we refer to Linden (2016), which suggests that a
standardized difference >0.2 implies imbalance, and a variance
ratio >2 and <0.5 implies imbalance. The balancing conditions
are satisfied for all models presented (see Table 6).2

Results: ATEs

Tables 4 and 5 show the results of instrumental variable treatment
effects regression with the county-level poverty rate and with the
county-level median household income, respectively, as the out-
come variables. In both models, four types of hotspots: (i) organic
hotspots, (ii) organic production hotspots, (iii) organic handling
hotspots, and (iv) agricultural farm hotspots, are employed as
the binary treatment variable. Shortly, we will discuss the full
set of estimation results shown in these two tables, which are
the two treatment effect models using the poverty rate and
median household income as the outcomes and four types of hot-
spots as the treatments, as well as the auxiliary selections

Table 15. Treatment effects model with propensity score matching, organic production

Organic 4 or greatera Organic 10 or greater Organic 20 or greater

Poverty2012 Difference t Difference t Difference t

Unmatched −3.41299 −2.86025 −1.54936

ATET −1.84621 −3.8*** −2.07117 −3.73*** 0.571579 0.71

ATU −3.41067 −2.94538 −2.05283

ATE −27.7513 −27.7513 −27.7513

Median_hh_inc2012

Unmatched 7077.154 6953.524 5345.653

ATET 2002.851 2.04*** 3399.658 2.97*** 1160.021 0.71

ATU 4021.623 4460.38 3369.851

ATE −27.7513 −27.7513 −27.7513

Testing or balance condition Organic 4 or greater Organic 10 or greater Organic 20 or greater

Variable %bias t %bias t %bias t

Land_values_07 0.3 0.03 −5.3 −0.4 14.6 0.84

Indus_entropy_indx_00 −3.6 −0.67 1.7 0.23 4.8 0.38

Distance_to_interstate_07 −1.3 −0.23 4.1 0.78 −9.9 −0.95

Pop_density_07 −5.6 −0.87 −9.5 −0.98 11.2 1.14

Urban_influence_code_03 3.4 0.54 −4.7 −0.54 −1.8 −0.13

Avg_farm_income_07 −8.4 −0.9 −6.8 −0.52 −16.4 −0.83

LR chi2 P > chi2 LR chi2 P > chi2 LR chi2 P > chi2

Overall 3.04 0.804 3.67 0.722 4.34 0.63

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
aWe use greater than four operations for propensity score matching and greater than two operations for the instrumental variable treatment effects model because of balancing conditions.

2There are a couple of cases in which one variable in a model slightly falls outside of
the specified thresholds.
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equations in each case. However, we first discuss the outcome of
interest, the ATET estimates for all model combinations.

Overall, the ATET estimates show that organic hotspots gener-
ally have beneficial effects on local economies. For model 1,
Table 4 shows that the ATET is negative and significant when
organic production hotspots or all organic hotspots are used as
the treatment variable. These two treatments reduce the county-
level poverty rate by about 1.6% each. The ATET for a treatment
defined by organic handling hotspots is not significantly different
from zero. The ATET for the fourth treatment variable, defined by
general (non-organic) agriculture hotspots, is not significantly
different from zero. For model 2, county-level median household
income, Table 5 shows that ATET is positive and significant
when all three types of organic hotspots define the treatment vari-
able. Organic production hotspots raise county-level median

household income by nearly US$820; hotspots based on all
organic operations increase income by nearly $1615; and organic
handling hotspots increase income by over US$2373. On the
other hand, general agriculture hotspots do not lead to a statistic-
ally significant increase in the county-level median household
income. The two tables also show that the ATE for the entire sam-
ple (both treated and untreated counties) has similar statistical
significance to ATET, except for the negative and significant
value for the effect of organic handling hotspots on the poverty
rate. In general, the ATEs have a stronger effect (as in more posi-
tive or more negative), with the exception of the effects of organic
handling and organic hotspots on median household income.

While the comparisons of the ATETs are the results of interest,
we also discuss the covariates of the outcome and selection equa-
tions. The coefficient estimates in each outcome equation are,

Table 16. Instrumental variable treatment effects, organic sales: County poverty rate

Type of hotspot

Outcome equation Organic sales >US$500k Organic sales >US$ 1 million Organic sales >US$5 million

Urban_influence_code_03 0.24202067*** 0.27757496*** 0.26499595***

Highschool09 −0.60236229*** −0.60058772*** −0.60077319***

Distance_to_interstate_07 0.00316904 −0.00009028 0.00643037

Indus_entropy_indx_00 1.1920498*** 1.277944*** 1.6476816***

Pop_density_07 0.00185765*** 0.00183526*** 0.00167307***

Land_values_07 −0.00032989*** −0.00032361*** −0.00028568***

Avg_farm_income_07 −0.00003006*** −0.00002558*** −0.00001195

Hotspot variable_09 4.4405927*** 4.7193806*** 4.5983495***

Constant 63.042087*** 62.732293*** 61.884102***

Selection equation Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

Cert_govt_30pct_09 0.4005776*** 0.27216541*** 0.31312532**

Cert_outreach_30pct_09 0.63870651*** 0.7312499*** 0.70402414***

Avg_farm_income_07 8.741 × 10−6*** 8.813 × 10−6*** 0.00001544***

Urban_influence_code_03 −0.02290647 −0.04847686*** −0.08213377**

Indus_entropy_indx_00 0.06116738 0.07069784 −0.11157542

Distance_to_interstate_07 −0.00154318 0.00168002 −0.0062352

Pop_density_07 −0.0004372*** −0.00043945*** −0.00087616***

Natural_amenities_scale 0.05360617*** 0.08205149*** 0.14915787***

Land_values_07 0.00003884*** 0.00002819* 0.00005745**

Property_tax_per_cap_02 −0.00036521*** −0.00038264*** −0.00090216***

Politics_green_00 0.24892875*** 0.24001671*** 0.19053011***

Constant −1.8690154*** −2.1398696*** −2.1141832***

Model Wald chi2(10) test 890.161*** 1129.7266*** 1624.8382***

Wald chi2(1) tests of independent equations 26.088461*** 43.686426*** 37.540248***

Treatment effects—poverty 2012

Organic sales > US$500k Organic sales >US$1 million Organic sales > US$5 million

ATE −2.077718** −2.381259* −4.312515**

ATET −1.369518* −1.145266 −1.201603

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.
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with few exceptions, consistent across the different organic hotspot
treatments. In general, the coefficient estimates for the general agri-
culture hotspot treatment also yields similar results, at least in terms
of the sign if not significance. We discuss these results separately for
the two models, and then discuss the selection equation results.

Model 1: County-level poverty rate

For model 1 shown in Table 4, the positive and significant coeffi-
cients for Urban_influence_code_03 is consistent with the market
access rationale, while the positive and significant coefficient
for Pop_density_07 is consistent with the protection from urban
sprawl rationale. The positive significant coefficient for
Indus_entropy_indx_00 is consistent with the rationale that spe-
cialization benefits economic growth, while the negative and sig-
nificant coefficient for Highschool09 is consistent with the human

capital rationale. The negative significant coefficient for
Land_values_07 and Avg_farm_income_07 (negative and signifi-
cant at 10% for the agricultural farms treatment) are consistent
with the resources and market access rationales, respectively.

Model 2: County-level median household income3

Shown in Table 5, the results of model 2 are consistent with the
same rationales as model 1, with the exception of

Table 17. Instrumental variable treatment effects, organic sales: County median household income

Type of hotspot

Outcome equation Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

Urban_influence_code_03 −909.0843*** −965.70847*** −926.90252***

Highschool09 780.97197*** 819.71839*** 833.90847***

Distance_to_interstate_07 −9.6515502 −11.13153 −16.562742**

Indus_entropy_indx_00 −1453.4116*** −1731.5208*** −1915.0456***

Pop_density_07 −0.21533753 −0.37627568 0.02366052

Land_values_07 0.59575308*** 0.65674793*** 0.65579072***

Avg_farm_income_07 0.11401692*** 0.1120537*** 0.09923891***

Hotspot variable_09 670.94462 −489.76986 −1852.3974

Constant −15,201.894*** −17,242.57*** −17,891.135***

Selection equation Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

Cert_govt_30pct_09 0.47072095*** 0.30575629** 0.30944261*

Cert_outreach_30pct_09 0.97995823*** 1.073623*** 0.90979044***

Avg_farm_income_07 0.00001075*** 0.00001185*** 0.00002152***

Urban_influence_code_03 −0.01678436 −0.03963779** −0.0616619*

Indus_entropy_indx_00 0.05187774 0.02261236 −0.17041217

Distance_to_interstate_07 −0.0044826 −0.00136556 −0.00763211

Pop_density_07 −0.00056145*** −0.00053434*** −0.00113714***

Natural_amenities_scale 0.02414806 0.05848214*** 0.13490702***

Land_values_07 0.00002892* 0.0000182 0.00006794***

Property_tax_per_cap_02 −8.81 × 10−6 −0.00015694 −0.00116655***

Politics_green_00 0.27933402*** 0.26378993*** 0.18552326***

Constant −2.3997811*** −2.5070748*** −2.2169531***

Model Wald chi2(10) test 1169.2405*** 1270.2328*** 1505.6192***

Wald chi2(1) tests of independent equations 0.14602731 1.48625 18.234029***

Treatment effects—median household income—2012

Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

ATE 1227.281*** 1355.184*** 6224.445***

ATET 1144.603*** 958.739*** 3281.435***

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.

3The Wald test fails to reject the null hypothesis of independent equations for many of
the median household income models (including the models that look at non-hotspot
treatments, mentioned later in the paper). This implies that the models could be esti-
mated without the selection equation. We still present the results of these models; how-
ever, as failing to reject the null hypothesis of independent equations does not necessarily

Renewable Agriculture and Food Systems 517

https://doi.org/10.1017/S1742170518000066 Published online by Cambridge University Press

https://doi.org/10.1017/S1742170518000066


Pop_density_07, which is no longer significant. Because, unlike
the poverty rate, which is inversely related to economic growth,
median household income is positively related to economic
growth, and the directions of the coefficients in model 2 are
opposite those in model 1.

Selection equation results

In terms of the hotspot selection, we see that prominence of out-
reach by certifiers or government-based certification is positively
associated with all three types of organic hotspot formation. In
model 1, looking at all hotspot selection (general agriculture hot-
spots included), we also see that the negative coefficients on
Urban_influence_code_03 and Distance_to_interstate_07 (only
significant for organic production or handling hotspots) are con-
sistent with the proximity to urban centers rationale, while the
negative coefficients on Pop_density_07 (only significant for gen-
eral organic and organic production hotspots) are consistent with
the rationale that organic farms fare better when they are away
from sprawling development. The positive coefficients on
Avg_farm_income_07 (not significant for general organic hot-
spots, and negative and significant for general agricultural hot-
spots), Natural_amenities_scale and Land_values_07 (not
significant for general agricultural hotspots) are consistent with
the resources rationale. The negative coefficients on Property_
tax_per_cap_02 are consistent with the policy rationale, while
the positive coefficients on Politics_green_00 are consistent with
the receptiveness rationale. The selection equation results in
model 2 fall into the same rationales as those in model 1, except
for some discrepancies insignificance.

Robustness check: ATET estimation using propensity score
matching

To provide a check on our main results, we employ an alternative
method, namely the propensity score matching method, for esti-
mating ATE and ATET.4 A propensity score is simply the

probability of an observation being treated, conditional on x.
Based on this conditioning, observations with the same propen-
sity score are assumed to have the same values as x. By matching
treated and untreated observations that have the same propensity
to be treated, we account for any non-randomness in which
observations receive the treatment. In other words, the estimated
treatment effect based on this matching should not be biased by
selection effects. (Rosenbaum and Rubin, 1983; Cameron and
Trivedi, 2005).

To estimate the ATE and ATET on the treated using propen-
sity score matching, we first estimate a probit model with the hot-
spot treatment variable as the dependent variable, and
characteristics that affect both the probability of treatment as
the independent variables. This probit follows the same logic of
the selection equation in Tables 4 and 5, with the identical covari-
ates were chosen based on consistency with the literature on
economic growth and hotspot formation/organic industry devel-
opment (see Tables 2 and 3).5 Using the probit results, we then
predict the probability of being in a hotspot, and this probability
becomes our propensity score (Grilli and Rampichini, 2011).
Then, using a propensity score matching method based on the
distance between vectors, referred to as Mahalanobis matching
(Leuven and Sianesi, 2003), we estimate the ATE, ATET and
the ATE on the untreated (ATU) for our two chosen economic
indicators. The significance level is calculated using bootstrapped
standard errors. To assess the balancing conditions, we test the
null hypothesis that the difference is zero between the means
(i.e., the bias) of the treated and control units for all independent
variables given a propensity score, as well as the null hypothesis
that all of the biases are equal to 0 (Leuven, 2003).

The top portion of Table 7 shows the treatment effects of being
in an organic production hotspot, an organic handling hotspot, a
general organic hotspot, and a general agricultural hotspot, as cal-
culated via propensity score matching for the two models using
the county-level poverty rate and the county-level median house-
hold income. For each model, it is informative to look at the

Table 18. Balancing conditions, organic sales

Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

Variable
Standardized
difference Variance

Standardized
difference Variance

Standardized
difference Variance

Urban_influence_code_03 0.1317386 0.9538258 0.1784861 0.9456051 0.1020993 0.4646242

Highschool09 0.1201053 0.8827997 −0.0341322 1.531713 0.0183277 0.4918865

Indus_entropy_indx_00 −0.0683444 1.015062 −0.1373748 0.9896864 0.3235526 0.214711

Distance_to_interstate_07 0.0893929 1.758765 0.2240018 2.265293 0.0435455 1.074787

Pop_density_07 −0.0716131 0.4568487 −0.0482972 0.5825969 −0.1466536 0.3666833

Land_values_07 −0.0929636 0.5458884 −0.1108996 0.8505201 −0.1519519 0.8887102

Avg_farm_income_07 0.0244326 0.3872788 0.2332179 0.6879363 0.0564754 0.4985448

mean that we accept the hypothesis of independent equations, nor does it imply that the
models are inconsistent. In addition, later in the paper, we also provide the results of an
alternative estimation method, propensity score matching, which can be used as a robust-
ness check for these models.

4We also conducted two other robustness checks but do not present the results. In one
test, we estimated the ATET for two additional county-level economic variables, the
county’s unemployment rate and per-capita income, using the endogenous binary

regressor treatment effects model. Both results are similar to the results presented in
Tables 4 and 5, where organic hotspots show a beneficial effect on the local economy.
More specifically, the estimated ATET unemployment rate is generally negative and sig-
nificant for organic hotspots, and the ATET for income per capita is positive and signifi-
cant. A second test, using first-differenced county-level economic variables, was generally
unsuccessful at generating results consistent with those in Tables 4 and 5.

5Our selection of these variables was also partially based on whether or not they
allowed the model to satisfy the balancing hypothesis, discussed shortly.
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difference column, which shows the difference between the mean
outcome of the treated group (counties that are hotspots) and the
mean outcome of the control group (counties that are not hot-
spots or within one county of a hotspot) for observations before
matching (‘Unmatched’), after matching (ATE), treated observa-
tions (ATET) and untreated observations (ATU). We are particu-
larly interested in ATET. For a county’s 2012 poverty rate, we see
negative and significant ATETs for organic production hotspots,
as well as for all organic hotspots, which implies that being in a
general organic hotspot or an organic production hotspot lowers
the poverty rate. Organic handling hotspots follow the same pat-
tern, but the ATET is not significant. These Table 7 results are
consistent with those in Table 4 from the endogenous binary
regressor approach.

All three organic hotspot categories show a positive and sig-
nificant ATET on median household income, which implies
that being in one of the three types of organic hotspots increases
median household income. The main conclusion that can be
drawn from this is that being in some type of organic hotspot
is significantly beneficial to poverty rate and median household
income. Again, these Table 7 results are consistent with those
in Table 5.6 Shown in Table 7, the tests for the balancing condi-
tion all suggest that the bias (the difference between the mean of

the treated and the mean of the control given a propensity score)
is not significant in our models, and we can, therefore, be confi-
dent in the validity of our results.

When looking at the treatment effects of general agriculture
hotspots, as calculated via propensity score matching, Table 7
shows that neither ATET is significant. Again, these results are
consistent with those in Tables 4 and 5.7 Comparing these general
agriculture ATETs against those organic production hotspots, we
see that organic production hotspots appear to be beneficial to
poverty rate and median household income, while general agricul-
ture hotspots do not have a significant effect on these indicators.
Our tests of the balancing condition again suggest that we can be
confident in our results.

Robustness check: Other treatments

While the previous analyses show that it is the organic part of
organic agricultural hotspots that lead to county-level economic
benefits (as opposed to the agricultural part), it is also possible
that the same beneficial impacts might accrue from a treatment
that is based on organic activity but not a true spatial measure.8

Table 19. Treatment effects model with propensity score matching, organic sales

Organic sales >US$500k Organic sales >US$1 million Organic sales > US$5 million

Poverty2012 Difference t Difference t Difference t

Unmatched −2.55916 −1.97259 −0.08835

ATET −1.34474 −2.56*** −0.94171 −1.58 1.745454 1.31

ATU −2.14971 −2.01497 −0.90776

ATE −27.2881 −27.2881 −27.2881

Median_hh_inc2012

Unmatched 5758.735 5371.684 7017.858

ATET 2621.957 2.53*** 1219.27 0.94 791.8545 0.27

ATU 3049.412 2579.644 6961.691

ATE −27.2881 −27.2881 −27.2881

Testing or balance condition Organic sales >US$500k Organic sales >US$1 million Organic sales >US$5 million

Variable %bias t %bias t %bias t

Land_values_07 −12.2 −1 6.8 0.59 −12.5 −0.38

Indus_entropy_indx_00 2.1 0.3 −5.8 −0.71 5.6 0.3

Distance_to_interstate_07 1.3 0.18 −4.8 −0.57 2 0.23

Pop_density_07 −12.6 −1.48 7.3 0.94 −21.9 −0.9

Urban_influence_code_03 6.5 0.86 2.4 0.27 0 0

Avg_farm_income_07 −1.9 −0.18 7.5 0.63 −16.1 −0.58

LR chi2 P > chi2 LR chi2 P > chi2 LR chi2 P > chi2

Overall 3.43 0.753 3.32 0.768 1.83 0.935

Notes: *, ** and *** denote statistical significance at the 90, 95 and 99% levels.

6We also estimated similar ATETs using the unemployment rate and income per
capita as the economic indicators. These unreported estimations show less consistent
results. The ATET on unemployment is not significant for any of the three organic cat-
egories. For organic handling and general organic hotspots, we see a positive and

significant ATET on income per capita, while for organic production, we see a positive,
but insignificant ATET.

7Similar estimations using unemployment and income per capita as the economic
indicators show a negative and significant ATET for unemployment, and a negative
and insignificant ATET for income per capita.

8We thank an anonymous reviewer for suggesting this robustness check.
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In other words, we have yet to show that the hotspot part of our
treatment is crucial to generating economic benefits (as opposed
to the organic part). To determine how the effects of treatments
based on hotspots of organic operations differ from those based
solely on the magnitude of organic operations, we perform several
additional analyses. We estimate additional treatment regressions
using the number of general organic and organic production
operations and the level of organic sales to define the treatment.
Because, unlike with hotspots, there is no definitive way to deter-
mine what constitutes a ‘high’ number of organic operations or a
‘high’ value of organic sales, we arbitrarily define the treatment
variables for general organic and organic production operations
to be (1) two or more organic operations9, (2) ten or more organic
operations and (3) 20 or more organic operations (for all organic
operations, organic production operations and organic handling
operations). For organic sales, we define the treatment to be
(1) organic sales >US$500,000, (2) organic sales >US$1 million
and (3) organic sales >US$5 million. All other variables in the
models remain the same as in the main models to facilitate com-
parison. The results of these additional analyses are presented in
Tables 7–19.

In the case of the treatments based on the number of general
organic operations, ATETs of ten or more and 20 or more organic
operations, and the ATE of ten or more organic operations on the
poverty rate are negative and significant, but with lower magni-
tudes than the corresponding organic hotspot results. On the
other hand, there are positive and significant ATE and ATETs
of more than 20 organic operations on median household income,
which have higher magnitudes than the corresponding organic
hotspot results. When looking at the results of the propensity
score matching method, we see negative and significant ATETs
of more than four and more than ten organic operations on the
poverty rate, and positive and significant ATETs of more than
four and more than ten organic operations on median household
income. The magnitudes of the significant ATETs are all higher
than those of organic hotspots.

In the case of the treatments based on the number of organic pro-
duction operations, theATEandATETof ten ormore organic opera-
tions, and the ATE of 20 or more organic operations on poverty rate
are negative and significant, but with lowermagnitudes than the cor-
responding organic hotspot results. On the other hand, there are
positive and significant ATE and ATETs of more than ten and
more than 20 organic operations on median household income.
These have higher magnitudes than the corresponding organic hot-
spot results. When looking at the results of the propensity score
matching method, we see negative and significant ATETs of more
than four and more than ten organic operations on the poverty
rate, and positive and significant ATETs of more than four and
more than ten organic operations on median household income.
The magnitudes of the significant ATETs are all higher than those
of organic production hotspots (with the exception of four or more
organic production operations for median household income).10

In the case of the treatment based on the value of organic sales,
we see negative and significant ATEs for all three treatments, and a
negative significant ATET for organic sales > US$500,000 on the
poverty rate. We see positive significant effects on median household
income of all of the treatments. In terms of the propensity score-

matching method, we see a negative and significant effect of organic
sales > US$500,000 on the poverty rate, and a positive and signifi-
cant effect of that treatment on median household income.

These additional analyses suggest that the spatial concept of
hotspots may be important when looking at county poverty
rates, as the level of significance and the magnitudes of the treat-
ments are generally lower when using non-hotspot treatments.
The same cannot be said for the effects of organic operations
on median household income, as the magnitudes of the treat-
ments are generally higher when using non-hotspot treatments.
The results of the propensity score-matching method yield
more mixed results. The implication is that spatial autocorrel-
ation appears to be more important for poverty rate than for
household income. The results also suggest that the level of
organic sales may be important and interesting to explore fur-
ther when looking at both poverty rate and median household
income.

Conclusions and further steps

The purpose of this paper is to assess whether or not organic agri-
culture has a positive impact on local economies. To answer this
question, we establish a rigorous concept of what constitutes
increased levels of organic agriculture at a local level by using spa-
tial statistics to identify hotspots of organic operations. We then
determine an appropriate analysis that accounts for non-random
formation of hotspots and potentially endogenous formation of
hotspots by using an endogenous regressor treatment effects
model to quantify the impact of organic hotspots on two eco-
nomic indicators: a county’s poverty rate and median household
income. We also perform the same analysis for general agricul-
tural farm hotspots to confirm that the benefits associated with
organic production hotspots were, in fact, due to the organic com-
ponent. Our results consistently show that being in one of the
three types of organic hotspots (general organic hotspots, hot-
spots of organic production or hotspots of organic handling) is
beneficial to the county-level economic indicators. On the other
hand, the impact of agricultural farm hotspots on county-level
economic indicators appears not to be significant. These results
provide strong motivation for considering hotspots of organic
handling operations and hotspots of organic production to be
local economic development tools.

Our results may be of interest to policymakers whose objective
is to promote rural development. Our conclusion that organic
hotspots have a positive and significant impact on local economic
indicators, while hotspots of general agriculture show no such
clear pattern, may incentivize these policymakers to specifically
focus on organic development, rather than the more general
development of agriculture, as a means to promote economic
growth in rural areas. In addition, our specific focus on hotspots
may point policy makers in the direction of not only encouraging
the presence of organic operations, but of fostering the develop-
ment of clusters or hotspots of these operations.

A few extensions may be addressed in the future. It may be
interesting to study the role of the organic certifier on hotspot for-
mation, as the certifier may play a pivotal role in policies that pro-
mote organic agriculture. Future research might also examine the
impact of coldspots on economic indicators, as well as investigate
the threshold level (i.e., somewhere in between the mere presence
of organic agriculture in a county to a full-fledged hotspot) where
positive economic impacts begin. The level of organic sales may
also be interesting to investigate further. Finally, while our results

9We use 4 or more for the propensity score matching method because of balancing
conditions.

10We ran the same analysis for organic handling operations, but do not present the
results because the balancing conditions were not met.
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suggest that organic hotspots benefit regional economies, it is
difficult to predict whether or not these effects will continue as
the organic industry grows, or if there is a diminishing impact
as hotspots grow. It would be interesting to study if and how
these effects change as organic production expands in the USA.
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