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Although goat production accounts for a small share of the total US. livestock output,
Received: January 05, 2026 it plays a crucial role in diversified and small-scale farming systems. Despite representing
less than 1% of the U.S. goat inventory and sales, Maryland provides valuable insights into
Accepted: March 25, 2026 the commercialization of small-scale livestock systems. However, limited empirical evidence

Published: July 29, 2026 exists on the drivers of goat commercialization at the state level, particularly in distinguishing
between market growth driven by expansion within existing farms and that driven by the
Keywords entry of new producers. This study examines the determinants of goat market participation

and commercialization intensity using county-level panel data from the USDA Census
of Agriculture for 2002-2022 (92 county—year observations). A Two-Way Fixed Effects
(TWFE) and Poisson Pseudo-Maximum Likelihood (PPML) frameworks are employed
to isolate within-county variation over time. Results show that increases in herd size are
positively and significantly associated with goat sales (TWFE: § = 0.844, p < 0.05; PPML.:
g = 1.204, p < 0.01), while changes in the number of farms are not statistically significant.
Although market participation increased until 2017 and declined by 2022, the overall pattern
indicates emerging structural constraints in commercialization. These findings demonstrate
that commercialization in small-scale goat production systems is primarily driven by
intensification among existing producers rather than by new farm entry. By focusing on
within-county variation, this study provides a clearer understanding of scale effects in small-
scale livestock systems and contributes to the literature on structural transformation. The
results suggest that policies focusing on improving market access, processing infrastructure,
and support for herd expansion among existing farmers are more effective than policies
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aimed at increasing the number of producers.

INTRODUCTION

Goat production plays an important role in the US.
livestock industry, particulatly in areas dominated by small
and diversified farms (Hart, Merkel, & Gipson, 2019;
Miller & Lu, 2019; Lu & Miller, 2019). Goats are more
adaptable to limited land areas and require comparatively
less capital investment than cattle and hog industries
(Monteiro et al., 2017; Escareno ef al, 2012; Nair et al.,
2021). As a result, goats are raised as a complementary
enterprise with crops and other livestock rather than as
primary business (Kumar, 2007; Dubeuf e al, 2004).
Therefore, rather than a major increase in the number
of farms (producing businesses), variations in goat sales
are more likely to reflect changes in herd size on existing
farms. Over the past two decades, the demand for goat
meat in the US. has grown consistently (Sande ¢z a/., 2005;
Dubeuf e al., 2004; Katuwal & Karki, 2026). This growth
has been supported by demographic changes, the increase
of specialty and ethnic food markets, and growing
consumer interest in alternative protein sources (Sande
et al., 2005; Mazhangara et al., 2019). However, responses
from domestic suppliers have been inconsistent. In many
areas, producers face limitations in land availability, limited
slaughter and processing capacity, and unstable market
access (Nguyen ef al., 2023; Alexandre & Mandonnet,

2005; Katuwal & Karki, 2026). Therefore, rather than
widespread entry of new farms into goat farming, growth
in goat sales may depend more on the capacity of current
producers to scale up inventory (headcount).

Maryland provides an appropriate framework for
analyzing these interactions. The state accounts for a small
share of the national goat inventory; yet its goat industry
exhibits substantial variation across counties in herd size,
farm structure, and market engagement (USDA, 2022).
Additionally, Maryland’s proximity to major metropolitan
markets contrasts with substantial land-use demands and
inadequate small-ruminant processing infrastructure. As
a result, variations in goat sales at the county level could
originate from localized production variations rather than
from structural changes at the state level. Understanding
these intra-county dynamics is essential for assessing
commercialization strategies in limited-land agricultural
systems. Despite increasing demand and interest in the
goat sectot, research on the determinants of goat sales
in the U.S. remains limited, especially at the county level.
The majority of current studies rely on cross-sectional
data or aggregate trends, making it difficult to distinguish
location-specific differences from time-related changes.
Similarly, an analytical approach that uses within-county
variation facilitates more precise identification of the
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relationship between inventory scale, farm structure, and
sales outcomes. Therefore, this paper analyzes county-
level goat sales in Maryland using a two-way fixed-effects
model that accounts for time-invariant county attributes.
This approach provides more accurate insight into

commercialization patterns within small-scale livestock
systems.

LITERATURE REVIEW

The two-way fixed effects (TWFE) model is used to
account for unobserved variation across cross-sectional
units and time dimensions (Wooldridge, 2025; Kropko &
Kubinec, 2020; Imai & Kim, 2021). The model includes
unit-specific fixed effects to account for time-invariant
features, like location, production structure, and agro-
ecological conditions, which may affect outcomes but
remain unobservable (Berisso, 2024). Simultaneously,
temporal fixed effects provide uniform shocks across
units, including policy alterations, macroeconomic
factors, and industry-wide trends (Devicienti e a/., 2019).
This approach leverages periodic within-unit variation
to reduce omitted-variable bias when unobserved
factors align with the explanatory variables. The TWFE
model yields reliable and robust estimates in short-panel
situations and is widely used in agricultural, resource, and
applied microeconomic research that employs repeated
census or survey data (Arkhangelsky ez al., 2024; Wu ¢t al.,
2023). In this study, the two-way fixed effects (TWFE)
framework is applied to county-level panel data to isolate
within-county changes in goat market participation and
offtake rates over successive census years.

Given the non-negative nature and skewed distribution
of livestock sales outcomes, the empirical analysis further
relies on Poisson-based estimators. Log-linear gravity
models with ordinary least squares may yield skewed and
inconsistentestimatesin the presence of heteroskedasticity
(Santos Silva & Tenreyro, 20006). Poisson Pseudo-
Maximum Likelihood with fixed effects (PPML-FE)
has become a widely used estimation method in applied
economics, especially when the dependent variable is non-
negative and exhibits heteroskedasticity (LLlano-Verduras
et al., 2021; Chung, 2013). In contrast to log-linear OLS
models, PPML-FE is estimated in levels, therefore
avoiding bias from log transformation in the presence of
heteroskedastic errors, while naturally accommodating
zero outcomes without arbitrary modifications (Sorensen
et al., 2020; Melo & Portugal-Perez, 2013). Furthermore,
the addition of fixed effects enables the model to account
for unobserved, time-invariant heterogeneity among
units and common temporal shocks, which is especially
important in panel data contexts where structural
differences among units can hinder causal inference
(Millimet & Bellemare, 2023; Chiu ¢7 a/., 2025). As a result,
PPML-FE has been extensively used in empirical research
across trade, agricultural, energy, and development
economics as a reliable substitute for linear fixed-effects
estimators when outcome variables exhibit skewness or
insufficient variation (Rashid, 2025). Westerlund and

Wilhelmsson (2009) showed that the accuracy of log-
linearized gravity models can be insufficient, leading to
incorrect estimations. In contrast, they found that the
Poisson maximum likelihood estimator performs well,
characterized by little bias and higher accuracy in most
cases. Accordingly, PPML-FE is well-suited for modeling
livestock sales results in this study, where zero values
and heteroskedasticity are prevalent across counties and
census years.

Previous studies typically distinguish between market
participation and commercialization intensity in the
analysis of livestock and agricultural markets. Market
participation is typically modeled using binomial logit-
based generalizedlinear models (GLLMs), with participation
measured as the proportion of farms in a specific
group or region that engage in sales. This methodology
is frequently used because it allows the participation
probability to be based upon farm characteristics while
integrating time effect with fixed effects (Stephen ef al.,
2022; Gbur et al., 2012). Furthermore, logit models are
appropriate when the dependent variable represents a
limited proportion obtained from grouped data (Bowen
& Wiersema, 2004). This approach has been widely
used in research examining ownership structure, tenure
status, and operator characteristics in agricultural markets
(Arouna ez al., 2017; Mudiwa & Mudiwa, 2011).
However, participation alone does not indicate the extent
of commercialization among selling farms. Therefore,
numerous studies examine commercialization intensity
using Poisson regression models that include an offset
or exposure factor. This framework represents total
sales relative to the number of farms participating,
providing the interpretation of the result as sales per
selling unit (Abate ez a/., 2021; Mthethwa e/ al., 2022). This
methodology is especially suitable for counting data and
rate-based outcomes and has been extensively utilized in
agricultural, demographic, and development economics
(Wajdi et al, 2017; Lomi, 1995). Additionally, Poisson
models with fixed effects are frequently used to account
for time-specific shocks and unobserved variability
(Weber e# al., 2012).

In addition to participation and intensity, recent studies
show the significance of structural concentration and
distributional outcomes among agricultural groups.
Researchers often use fractional logit models when
outcomes are expressed as shares constrained between 0
and 1, such as group-level inventory shares (Schwiebert &
Wagner, 2015; Mullahy, 2010). This approach eliminates
the limitations of linear models and ensures that predicted
values remain within rational limits (Durham ez a/., 2015).
Moreover, overall concentration is frequently measured
using indices, such as the Herfindahl-Hirschman Index
(HHI) and the Theil index. The HHI analyzes market
dominance and concentration (Peleckis, 2022; Evren e#
al., 2021), whereas the Theil index measures inequality
among groups and is sensitive to changes in distribution
(Conceicao et al., 2001; Malakar & Mishra, 2017). Overall,
these indicators have been widely used to evaluate
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structural transformation and concentration trends in
agricultural and livestock markets.

MATERIALS AND METHODS

Data Sources

This study uses data from the USDA Census of
Agriculture and national inventory estimates from the
USDA NASS. The Maryland analysis is based on county-
level census data for all goats (inventory and sales) across
five census periods: 2002, 2007, 2012, 2017, and 2022.
After accounting for disclosure-related omissions, the
final dataset consists of 92 county—year observations
across Maryland counties for the five census periods
included in the analysis. National descriptive tables,
including sales class, ownership structure, operator
tenure, and concentration, are also presented to provide
an in-depth institutional background.

Maryland’s Goat Inventory and Contribution to U.S.
Goat Inventory

An analysis of Maryland goat inventories by production
type was conducted using the 2022 USDA Census of
Agriculture to evaluate the structural composition of the
state’s goat industry. As of January 1, 2022, inventory
headcount was categorized according to USDA criteria
into total goats (all types), meat and other goats, milk
goats, and Angora goats. Shares of each category were
computed relative to total inventory to enable comparison
across production types and to identify areas of relative
specialization.

Maryland’s contribution to the US. goat inventory for
each category is calculated as the ratio of Maryland’s
inventory to the total US. inventory, represented as a
petcentage.

Inventorypm ;

Maryland Share = =100 (1)

].m'entoryUSj
where:

i denotes the goat category. This analytical method
provides a clear assessment of Maryland’s position in the
national goat industry.

Structural  Characterization  of
Operations in Maryland

Goat-Selling Operations by Farm Size
Data from the USDA Census of Agriculture for 2012,
2017, and 2022 are used to analyze goat-selling enterprises

Goat-Selling

based on acreage classification (farm size). The selected
census years use consistent farm-size classifications.
To simplify analysis, farms are grouped into three size
categories: less than 50 acres, 50-99.9 acres, and 100 acres
or more. The 2002 and 2007 census data were excluded
because of definitional inconsistencies.

Goat-Selling Operations by Economic Class
Goat-selling operations data are extracted from the 2012,
2017, and 2022 agriculture censuses and classified into
three economic categories based on gross farm sales:

* Low revenue: < §10,000

* Mid revenue: $10,000—$49,999
* High revenue: = $50,000

NAICS Classification of Goat-Selling Operations
Production orientation is evaluated by categorizing goat-
selling operations by their primary North American
Industry Classification System (NAICS) code, using
Census data from 2012, 2017, and 2022. Operations are
grouped into major production categories relevant to
goat production, including sheep and goat farming, beef
cattle ranching, poultry and egg production, and crop-
based systems.

Variables and indicators
For each county cand year t, the variables were constructed
using data from the Maryland Census of Agriculture for
the corresponding year.

* InventoryFarm_: farms with goat inventory

* InventoryHead : number of goats in inventory

* SalesFarms : farms reporting goat sales

* SalesHead : goats sold (head)
The study constructed two commercialization indicators
as given by Kibona & Nyariki (2009) and Nyariki (2009):

SalesFarmsc
InventoryFarms

Market Participation (MP,,)= 2)

()

SalesHeadyy

Ofitake Rate (OR;)= InventoryHead

Market participation is defined in the study as farmers’
involvement in livestock sales, determined by the
frequency of any sales during the period, while the degree
of participation is measured by the quantity of animals
sold (Kibona & Yuejie, 2021). Similarly, the offtake rate
in the study is defined as the proportion of animals
removed from a herd through sales, slaughter, or other
exits during a given period (Tapson, 1990; Nyariki, 2009;
Baldwin, 2008). In some counties, calculated participation
and offtake rates exceed 100%. This occurs because
the USDA Census reports point-in-time inventory and
annual sales separately. Goats may be bought and sold
multiple times within a year, or animals may be moved
across counties for marketing purposes. As a result, the
total number of goats sold during the year can exceed the
inventory recorded at the census reference date. These
values, therefore, reflect market turnover and animal
movement rather than measurement errors.

For econometric estimation, we apply logarithmic
transformations to reduce skewness in the distribution
of the variables. Because some county—year observations
contain zero sales, a log-plus-one transformation was
applied to preserve these observations while reducing
skewness in the dependent variable.

In(SalesHead, 1), In(TventoryHead +1), In(InventoryFarms +1) @

The log-plus-one transformation is applied because some
county-year observations report zero goat sales. Taking
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the natural logarithm of sales plus one allows these
observations to remain in the sample while reducing
skewness in the distribution of the dependent variable.

Market participation was analyzed using a binomial

generalized linear model (GLLM) with a logit link. The
model was computed as given by Buckley (2015).

y gt~Binomial(ngt, pgt) (5)

log (f—;l) =0+, PartOwnery+f; Tenant,+B5 OneOperatorg+7tt (6)
.
where:

e full-owner and multi-operator farms form the baseline
category,

* ygt denotes the number of farms reporting goat sales,

e ngt denotes the number of farms holding goat
inventory for group g in the census year t,

* \_trepresents year fixed effects.

* Commercialization intensity in the study was estimated
by using a Poisson regression model with an offset.
where:

* ygt denote the total sales head,

* sgt denote the number of goat selling farms.

The model was computed based on Frome (1983).

y gt~Poisson(u gt) (7
In(p gt)=cr.+Bl PartOwnery+p, Tenant,+f; OneOperator, +A:+In(sy) (8)

where:

The offset In sgt captures sales per participating farm.
Structural concentration in the study was examined using
a fractional logit model and computed based on Aditya
& Acharyya (2011) and Misango e al. (2022), where the
dependent variable is the group-level inventory share:

_ InwventoryHeady
Ugt Zglnventoryl-leadgt

0=q,<1 )

To assess overall concentration across tenure groups, the
Herfindahl-Hirschman Index (HHI) and Theil index
were computed using inventory head and sales head
shares.
where:

* skt denote the share of group k in year t,

* The indices are defined as given by Aditya & Acharyya
(2011) and Conceicao ez al. (2000).

(10)
(11)

K
HHI, = ). . Sk
Theil, = X1 Sge In (K sge)

This analysis complements the county-level fixed-effects
estimates by illustrating patterns of participation intensity
and concentration across ownership and operator
structures.

Econometric model specifications

Two-way fixed effects (TWFE-OLS)

To examine the relationship between herd size, farm
numbers, and goat sales, the study employs a panel
data framework with county fixed effects. The fixed-
effects specification controls for time-invariant county
characteristics such as geographic conditions, historical
livestock specialization, and regional market access.
This approach allows the analysis to focus on within-
county changes over time, reducing potential bias from
unobserved heterogeneity. We estimate a two-way fixed
effects model following Blanc & Schlenker (2017) and
Aguilar-Loyo, (2025):

In(SalesHead,+1)=B, In(InventoryHead +1)+B, In(InventoryFarms +1)+0.+3+ec (12)
where:

. o_cdenote county fixed effects,

. &_tdenote year fixed effects.

Identification relies on within-county variation in goat
inventory and farm counts over time. The log-plus-one
transformation accommodates zero or low values while
preserving interpretability.

Poisson Pseudo-Maximum Likelihood with fixed
effects (PPML-FE)

Because SalesHeadct is a count variable that can take
low values, we estimate a Poisson pseudo-maximum
likelihood model with county and year fixed effects:

E[SalesHeaclct]:exp([il In(InventoryHead +1)+B, In(InventoryFarms +1 )+uc+5‘) (13)

In addition to the fixed-effects OLS specification, a
PPML-FE is estimated as a robustness check. PPML is
particularly appropriate for count data and is robust to
heteroskedasticity. Estimating both models allows the
study to assess whether the results are consistent across
alternative econometric specifications. Both models use
the available non-suppressed county-year observations,
resulting in a regression sample of N=92 county-years.
Variance inflation factors (VIFs) for all explanatory
variables were under 5, with a maximum VIF of 2.3.
This indicates no significant multicollinearity. The
PPML specification yields consistent estimates for count
outcomes, even in the presence of heteroskedasticity, and
effectively handles zero or low-valued observations.

Model Selection and Diagnostics

We estimated pooled ordinary least squares (OLS),
random effects (RE), and fixed effects (FE) models
using Maryland county-level data from the 2002 to 2022
Census years (see Table 1). The Breusch—Pagan Lagrange
Multiplier (LM) test rejected the null hypothesis of no
panel effects (LM = 28.41, p < 0.001), indicating the
presence of unobserved county-level heterogeneity and
that pooled OLS is unsuitable.

The F-test comparing pooled OLS and fixed effects
was statistically significant (F = 7.36, p < 0.001),
indicating county fixed effects are collectively non-zero
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Table 1: Panel model selection and diagnostic tests
Test Statistic p-value Null Decision Interpretation
Hypothesis

Breusch—Pagan | LM = 28.41 < 0.001 No panel effects | Reject Ho Significant

LM test (Pooled county-level

OLS vs RE) heterogeneity
exists; pooled
OLS is
inappropriate

F-test (FE vs F =736 < 0.001 All county fixed | Reject Ho County fixed

Pooled OLS) effects = 0 effects are jointly
significant; FE
required

Hausman test x> =12.87 0.0016 RE estimator is | Reject Ho Regressors

(FE vs RE) consistent correlated with
county effects;
FE preferred
over RE

Wooldridge F=06.42 0.014 No first-order Reject Ho Serial correlation

test (Serial serial correlation present; cluster

correlation) standard errors

Notes: FE = Fixed Effectsy RE = Random Effects.

and must be incorporated in the model. The Hausman
specification test rejected the random-effects assumption
(x> = 12.87, p = 0.00106), suggesting that the explanatory
variables are related to unobserved county-specific
characteristics. This finding indicates that the random
effects estimator is inconsistent and that the fixed
effects estimator is preferable. The Wooldridge test for
first-order serial correlation rejected the null hypothesis
of no autocorrelation (F = 6.42, p = 0.014). To ensure
correct inference in the presence of serial correlation and
heteroskedasticity, the fixed-effects estimates are reported
with standard errors clustered at the county level. These
diagnostic tests validate the use of a two-way fixed effects
model with fixed effects for both county and year as the
primary empirical specification.

RESULTS AND DISCUSSION

Goat inventory type in Maryland, 2022

Results show that Maryland’s goat inventory in 2022
totaled 12,830 heads. The majority of goats, 9,329

3.6

= Meat & other goats = Milk goats = Angora goats

Figure 1: Goat inventory type in Maryland, 2022 (%0).
Sonrce: USDA Census of Agriculture (2022); USDA NASS
January 1 Inventory Survey.

(72.7%), were meat and other goats. Milk goats constituted
the second-largest category, 3,041 heads (23.7%), with
Angora goats accounting for 460 heads (3.6%). Although
meat production is the main focus of Maryland’s goat
industry, the significant number of milk goats indicates a
distinct dairy-oriented feature compared to other smaller
production categories. Overall, these trends indicate that
Maryland’s goat industry is primarily oriented toward meat
production, as meat and other goats account for nearly
three-quarters of the state’s total inventory. However,
the notable presence of milk goats also suggests that
dairy goat production represents an important secondary
component of the state’s goat sector.

Comparison of Maryland goat inventory to total U.S.
goat inventory

Table 2: Comparison of Maryland goat inventory with
total U.S. goat inventory

Category U.S. Total | Maryland | Maryland
Inventory | Inventory | Share of
(Head) (Head) U.S. (%)

Total  Goats | 2,570,000 | 12,830 0.50

(All Types)

Angoral|110,000 460 0.42

Goats

Meat & Other | 2,040,000 | 9,329 0.46

Goats

Milk Goats 420,000 3,041 0.72

Table 2 shows that Maryland accounts for less than one
percent of the total US. goat inventory in 2022. Despite
this small overall contribution, Maryland shows a relatively
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stronger presence in the dairy goat sector compared with
the national average. Milk goats represent 0.72% of the
U.S. milk goat inventory, which is higher than Maryland’s
overall share of 0.50% of total US. goats. In contrast,
Maryland’s share of meat and other goats (0.46%) and
Angora goats (0.42%) remains slightly below its overall
share. This suggests that while meat goats dominate
within Maryland, the state is relatively more specialized
in dairy goat production compared with the national
distribution.

Statewide trends in Maryland goat inventory and
sales

Table 3 provides an overview of goat inventory and sales
in Maryland from 2002 to 2022. The number of goat
farms increased from 702 in 2002 to a peak of 1,163 in
2007 (+65.7%) and then stabilized at around 1,000 farms
in subsequent censuses (903 in 2012; 1,085 in 2017; 1,023

in 2022). Goat inventory increased significantly from
9,601 in 2002 to 16,889 in 2007 (75.9% increase), before
declining to 12,830 head by 2022.

Market participation (sales farms) increased from 282
in 2002 to 507 in 2017 (+79.8%), before declining to
394 farms in 2022. The proportion of inventory farms
involved in sales rose from 40.2% in 2002 to 46.7% in
2017, then decreased to 38.5% in 2022.

Sales volume (head sold) increased from 3,914 in 2002
to 7,264 in 2017 (+85.6%) and then declined to 4,654
in 2022. Overall sales grew from $723,000 in 2012 to
$1.088 million in 2017 and remained relatively stable at
$1.080 million in 2022. This stability occurred despite a
decline in sales volume in 2022, indicating that higher unit
prices offset the reduction in quantities sold. Statewide
trends show rapid growth from 2002 to 2007, increased
commercialization through 2017, followed by a decline in
market participation and sales volume after 2017.

Table 3: Goat inventory and sales in Maryland (state totals), 20022022

Year Inventory Inventory head | Number of head sold Sales value
farms farms sold ($1,000)

2002 702 9,601 282 3,914 NA

2007 1,163 16,889 470 7,216 NA

2012 903 10,745 400 5,134 723

2017 1,085 13,833 507 7,264 1,088

2022 1,023 12,830 394 4,654 1,080

Source: Author’s calculations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).

County-level descriptive patterns in goat production
and sales

Table 4 shows the wide variation in goat production and
commercialization across Maryland counties. In 2002,
market participation rates ranged from 19.0% in Howard
County to 68.8% in Cecil County, while offtake rates
ranged from 21.8% in Caroline County to 148.6% in
Prince George’s County. These initial differences indicate
inconsistent participation in commercial markets, even
with moderate statewide averages.

dispersion expanded more in 2007. Market participation
ranged from 20.4% in Cecil County to 75.0% in Talbot
County, while offtake fluctuated from 13.9% in Dorchester
County to 173.5% in Kent County, indicating that certain
counties experienced unusually high turnover relative to
existing inventories. In 2012, participation ranged from
23.7% in Harford County to 82.4% in Howard County,
while offtake ranged from 15.4% in Harford County to
103.9% in Howard County, showing a partial comeback
in commercialization following the post-2007 decline in
average inventory and sales.

County-level differences peaked in 2017, coinciding with
the highest average levels of commercialization. Market
participation ranged from 14.3% in Prince George’s
County to 116.7% in Worcester County, while offtake
ranged from 10.4% in Baltimore County to 395.2% in

Worcester County. These extremes highlight significant
regional variations in herd shifts, marketing intensity, and
census-year dynamics across counties.

By 2022, commercialization had diminished and become
increasingly inconsistent. Market participation ranged
from a minimum of 7.0% in Baltimore County to a
maximum of 100.0% in Dozrchester County. Offtake
rates declined significantly, ranging from 5.2% in
Baltimore County to 60.9% in Wicomico County. These
patterns suggest that county-level goat commercialization
improved until 2017 but declined significantly by 2022,
showing large and persistent cross-county differences.

County-level concentration in goat production and
farms

Goat sales are concentrated in a relatively small number
of counties, while many counties contribute only a small
share of statewide sales. This pattern suggests persistent
regional specialization in goat marketing activity (Table 5).
In each census year, the county with the highest presence
accounts for about 12-15% of the total goat inventory
and 11-13% of goat farms, whereas the smallest counties
contribute less than 1%, indicating a highly uneven
geographical distribution of production capacity.

Larger production hubs have remained dominant over
the years. Counties such as Frederick County consistently
show the highest percentages of farms and often lead in
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inventory, with Washington County standing out as the
primary contributor to inventory in 2022. Conversely,
smaller counties, such as Talbot County and Dorchester

County, typically have the lowest proportions of farms
or livestock.
Furthermore, these percentage trends remain stable

Table 5: County-level concentration in goat production and farms (% of state total), by census year (All goats)

Year Metric Minimum (% County Maximum (% | County
of state total) (Minimum) of state total) (Maximum)
2002 Inventory farms | 0.7 Allegany 8.3 Frederick
Inventory head | 1.1 Queen Anne’s 12.2 Garrett
2007 Inventory farms | 0.3 Talbot 11.6 Carroll
Inventory head | 0.3 Kent 14.9 Frederick
2012 Inventory farms | 0.4 Kent 12.2 Carroll
Inventory head | 0.6 Talbot 13.7 Frederick
2017 Inventory farms | 0.2 Talbot 13.1 Frederick
Inventory head | 0.2 Worcester 14.4 Frederick
2022 Inventory farms | 0.1 Dorchester 121 Frederick
Inventory head | 0.1 Talbot 13.8 Washington

Notes: Percentages are calenlated as each county’s share of the statewide total in the corresponding census year,

exccluding suppressed (D) observations.

using only goats and

Source: Author’s calenlations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).

despite variations in statewide totals (as shown in the
table), indicating that changes in overall inventory and
farm counts are driven primarily by growth or decline
within established hubs rather than by convergence
across counties. The percentage-based evidence supports
the previously reported mean trends, confirming that
Maryland’s goat production is structurally concentrated,
which affects market access, processing infrastructure,

and the focus of extension and policy interventions.

Land-size structure of goat inventory farms in
Maryland

Table 6 shows the distribution of goat farms by
landholding size across several census years. This sector
is mainly comprised of small farms. In 2002, farms with
1-49 acres accounted for approximately 70% of all goat

Table 6: Goats by size of farm (acres): All inventory (farms), Maryland, 2002—-2022

Farm size (acres) | 2002 2007 2012 2017 2022
1-49 69.8 09.2 78.2 76 76.4
50-179 24.1 21.9 24 18.3 20.5
180-449 8.7 9.7 9.1 4.6 D)
500-999 1.9 0.9 2.1 0.6 0.8
1,000-4,999 2 0.6 0.3 0.6 D)
5,000+ (D) 0.2 0.2 0.2 D)

Note: (D) indicates disclosure suppression.

Source: Author’s calculations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).

farms. This proportion continued to increase steadily,
exceeding 75% in 2012 and reaching 76.4% in 2022.
In contrast, medium-sized farms (50—179 acres) held a
significantly smaller share, declining from 24.1% in 2002
to 18.3 percent in 2017, before rising moderately to 20.5
percent in 2022.

During this period, farms larger than 180 acres were
relatively uncommon. The percentage of farms in the
180—449 acre range peaked at 9.7% in 2007, then dropped
to 4.6% by 2017, with values remaining low in 2022.
Moreover, farms larger than 500 acres consistently made
up less than 2% of goat farms across all years, indicating
the minimal presence of large-scale farmers in the
industry. Overall, these patterns suggest a stable small-

farm structure, with goat farming in Maryland primarily
occurring on small landholdings despite changes in the
total number of farms over time.

Goat inventory and sales by legal/organizational
status

Figure 2 illustrates the ownership structure of goat farms
in Maryland. During this period, family and individual
operations dominated the industry. In 2002, they
represented 91.4% of all goat farms. This percentage
declined to 87.5% in 2012 but rebounded to 90.6%
in 2017 and 91.0% in 2022. Conversely, partnerships
maintained a small and relatively stable share, fluctuating
between 3.0% and 3.8% across all census years.
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Figure 2: Ownership structure of goat farms in
Maryland, 2002—-2022.

Source: Authors calculations based on Maryland Census of
Agriculture (2002, 2007, 2012, 2017, and 2022).

Meanwhile, corporate ownership increased from 2.1% in
2002 to a peak of 6.3% in 2012, showing a gradual shift
towards more formal organizational structures. However,
this upward trend did not persist, and the corporate share
decreased to 4.1% in 2017 and slightly increased to 4.4%
in 2022. Other ownership types remained below 2.7% at

the minimal level. Overall, these patterns indicate limited
structural change, with family ownership continuing to be
a key feature of Maryland’s goat farming industry.

Goat inventory and sales by operator tenure and
number of operators

Table 7 illustrates the tenure status and operational
structure of goat farms in Maryland. Throughout all
census years, full ownership is the dominant tenure type.
In 2002, fully owned farms accounted for 75.6% of goat
farms. This share increased steadily, reaching a peak
of 82.2% in 2017, before decreasing to 79.4% in 2022.
Conversely, partial ownership declined from 20.4% in
2002 to 15.5% in 2017 before slightly increasing to 16.8%
in 2022. Tenant-operated farms have always been a small
part of the sector, declining from 4.1% in 2002 to 2.2%
in 2017, before rising again to 3.9% in 2022.

The operator or operational structure indicates a clear
move towards multi-operator farms. In 2002, farms
operated by a single operator made up 45.5% of goat
farms. After that, its share fell significantly to 34.3% in 2007
and remained below 42% in the following years, reaching
a low of 32.1% in 2022. Meanwhile, farms operated by

Table 7: Goat inventory by operator tenure and number of operators in Maryland

Year Full owner Partial owner Tenant One operator Multiple
operators
2002 75.6 20.4 4.1 45.5 54.5
2007 75.8 18.7 5.5 343 05.7
2012 77.9 18 4 40.6 59.4
2017 82.2 15.5 2.2 41.3 58.7
2022 79.4 16.8 3.9 321 67.9
Source: Author’s calculations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).
Table 8: Tenure status and operator structure of goat sales farms (%)
Year Full owner Partial owner Tenant One operator Multiple
operators
2002 72.4 22 5.6 51.6 48.4
2007 67.5 24.3 8.2 49 51
2012 73.8 22.6 4.2 43.7 56.3
2017 62.9 35.8 13 334 060.6
2022 66.9 27.7 5.3 36.3 063.7

Source: Author’s calculations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).

Table 9: Distribution of goat-selling operations by farm size in Maryland (2012-2022)

Farm size category 2012 (%) 2017 (%) 2022 (%)
< 50 acres 67.8 76.9 77.2
50-99.9 acres 18.3 11.2 12.5

> 100 acres 14.0 11.8 10.3
Total 100.0 100.0 100.0

Source: Author’s calculations based on Maryland Census of Agriculture (2012, 2017, and 2022).

multiple operators increased steadily, rising from 54.5%
in 2002 to 67.9% in 2022. Overall, these trends suggest a
gradual shift towards shared management responsibilities,

alongside a dominant role for full ownership. While land
tenure remains mainly stable, goat farming is becoming
more collaborative over time.
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Table 8 presents the tenure status and operator structure
of farms involved in goat sales in Maryland. Similar to the
overall goat farm structure, full ownership remained the
most common tenure type among sales farms, although
its share fluctuated over time. In 2002, fully owned farms
accounted for 72.4% of sales farms. This share declined
to 67.5% in 2007, increased to 73.8% in 2012, and then
fell to 62.9% in 2017 before slightly recovering to 66.9%
in 2022. Partial ownership showed greater variability,
increasing from 22.0% in 2002 to 35.8% in 2017, before
declining to 27.7% in 2022. Tenant-operated farms
consistently represented a small proportion of sales
farms, ranging between 1.3% and 8.2%.

The operator structure also shows a shift toward
collaborative management. Farms operated by a single
operator accounted for 51.6% of sales farms in 2002
but gradually declined to 36.3% in 2022. In contrast,
farms with multiple operators increased from 48.4% in
2002 to 63.7% in 2022. These results suggest that goat
marketing activities are increasingly associated with farms

that rely on shared management and labor arrangements.
Compared with the overall goat farm structure presented
in Table 7, goat-selling farms show slightly lower shares
of full ownership and a stronger reliance on multi-
operator management structures. This suggests that
farms engaged in market sales tend to rely more on
collaborative management arrangements.

Table 9 shows the distribution of goat-selling operations
in Maryland, categorized by farm size for the years
2012, 2017, and 2022. The findings indicate a clear and
persistent shift toward smaller-scale goat production
systems over the study period.

In 2012, farms smaller than 50 acres accounted for 67.8%
of goat-selling farms. However, this share increased to
76.9% in 2017 and reached 77.2% in 2022. This trend
indicates that the growth in the Maryland goat market has
mainly been driven by small farms, rather than the growth
of larger operations.

The proportion of large farms (= 100 acres) consistently
decreased, from 14.0% in 2012 to 11.8% in 2017, and

Table 10: Distribution of goat-selling operations by economic class in Maryland (2012-2022)

Economic class 2012 (%) 2017 (%) 2022 (%)
< $10,000 72.0 72.8 67.3
$10,000-$49,999 16.8 21.7 29.1

= $50,000 11.3 5.5 3.6

Total 100.0 100.0 100.0

Source: Author’s calculations based on Maryland Census of Agriculture (2012, 2017, and 2022).

further to 10.3% in 2022. Medium-sized farms (50-99.9
acres) declined from 18.3% in 2012 to 11.2% in 2017,
then recovered slightly to 12.5% in 2022. Still, this slight
recovery did not offset the continuing dominance of
small-scale enterprises.

Overall, these trends indicate that Maryland’s goatindustry
is increasingly defined by small-scale producers, suggesting
that goat production operates as a complementary or
niche enterprise rather than a land-intensive business.
Therefore, efforts to improve the performance of the
goat sector in Maryland are likely to yield greater returns
if they prioritize market access, collaboration, and value-
chain coordination for smallholders rather than simply
focusing on scale expansion.

Table 10 shows the distribution of goat-selling operations
in Maryland, categorized by economic class, from 2012
to 2022. Throughout all census years, the goat industry
was characterized by low-revenue farms. In 2012, farms
generating less than $10,000 accounted for 72.0% of
goat-selling operations, a proportion that rose slightly to
72.8% in 2017 before falling to 67.3% in 2022.

The percentage of mid-revenue farms generating
between $10,000 and $49,999 increased steadily, rising
from 16.8% in 2012 to 21.7% in 2017 and reaching
29.1% by 2022. The proportion of high-revenue farms
(= $50,000) decreased significantly, falling from 11.3% in
2012 to 5.5% in 2017, and further to 3.6% in 2022.
Overall, the findings indicate that goat farming in Maryland

is primarily characterized by small-scale operations. These
results suggest that mid-revenue farms may be gradually
increasing their level of commercialization.

NAICS-Based Structure of Goat-Selling Operations
Table 11 shows that goat-selling farms in Maryland
were primarily classified under Sheep and Goat Farming
(NAICS 1124) across all census years. In 2022, this group
conducted 189 operations, representing 48.0% of all
goat-selling farms. A similar dominance was observed
in previous years, with 48.3% in 2017 and 44.5% in
2012, indicating a consistent structural core focused on
specialized small-ruminant production.

A portion of goat sales occurred on farms primarily
engaged in other agricultural activities rather than sheep
and goat rearing, In 2022, Poultry and Egg Production
(NAICS 1123) represented 11.9% of goat-selling farms,
and Beef Cattle Ranching (NAICS 112111) included
7.6%. Similarly, crop-oriented systems—comprising
Other Crop Farming (NAICS 1119) and Mixed Crop
Farming (NAICS 11193-11199)—accounted for around
18.3% of operations, underscoring the significance
of goats as a supplementary enterprise within diverse
agricultural systems.

Temporal comparisons show small yet significant shifts
in production orientation. In 2017, beef cattle-oriented
farms accounted for a slightly larger share (11.6%) than in
2022, whereas mixed animal production systems (NAICS
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Table 11: Distribution of goat-selling operations by NAICS classification in Maryland (%)

NAICS Description 2012 (%) 2017 (%) 2022 (%)
classification
1124 Sheep & goat 44.5 48.3 48.0
farming
112111 Beef cattle ranching | 13.5 11.6 7.6
1125 & 1129 Other animal 15.0 12.2 —
production
1123 Poultry & egg 4.5 — 11.9
production
1119 Other crop farming | 11.3 7.9 9.4
11193-11199 Mixed crop farming | — — 8.9
Other NAICS Remaining categories | 11.3 19.9 14.2
Total 100 100 100
Sonrce: Author’s calculations based on Maryland Census of Agriculture (2012, 2017, and 2022).
Notes: “—” indicates that the category was not separately reported in that census year and was included under “Other NAICS.”

1125 and 1129) were more significant in 2012 (15.0%).
Despite these changes, the residual “Other NAICS”
category typically represented between 11% and 20% of
operations, indicating ongoing variability in agricultural
structures.

The analysis based on NAICS indicates that, although
specialized sheep and goat farms form the foundation
of Maryland’s goat industry, a significant share of goat
sales originates from multi-enterprise farms that produce
both livestock and crops. This structure highlights
the integrated nature of goat farming within larger
farm operations rather than functioning as a separate
commercial operation.

Econometric evidence: within-county determinants
of goat sales

Table 12 presents the estimates of county and year fixed
effects with standard errors clustered at the county level.
All coefficients vary within counties to account for
county- and year-specific effects and influences. In the
TWEFE-OLS model, the coefficient for In(Inventory head
+ 1) is positive and statistically significant (8 = 0.844, SE =
0.353; p < 0.05), indicating that within a county, increases
in goat herd size correlate with higher sales volumes. The
coefficient on goat inventory is positive and statistically
significant, indicating that counties with larger goat
populations tend to record higher levels of market sales.

’Table 12: County and year fixed effects estimates (All goats) ‘

Variable TWFE-OLS: In(Sales head + 1) PPML-FE: Sales head

Coetficient SE (clustered by Coefficient SE (clustered by
county) county)

In(Inventory head 0.844x* 0.353 1.204%* 0.319

+1)

In(Inventory farms | —0.017 0.354 0.039 0.392

+1)

County fixed effects | Yes Yes

Year fixed effects Yes Yes

Observations 92 92

(county—years)

R? (within) 0.41

Pseudo R? 0.36

Notes: SE clustered by county. *** p < 0.01, ** p < 0.05, * p < 0.10.

TWFE-OLS estimates employ the natural logarithm of sales head plus one as the dependent variable. PPMI_-FE estimates use the levels
of sales head and are robust to heteroskedasticity and Zero outcomes. Standard errors are clustered at the connty level. * p < 0.10. R?
reports the within R from the fixed-effects OLS model. Psendo R? corresponds to the McFadden psendo R? from the Poisson fixed-effects

model.

Source: Author’s calculations based on Maryland Census of Agriculture (2002, 2007, 2012, 2017, and 2022).

Because the dependent variable is specified as In(sales +
1), the coefficient can be interpreted as an approximate
elasticity for larger values of sales. The results, therefore,

suggest a strong positive association between herd size
and goat marketing activity. Conversely, the coefficient
for In(Inventory farms + 1) is small and statistically
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insignificant (8 = —0.017, SE = 0.354), indicating that
fluctuations in the number of goat farms, when total
inventory remains constant, do not independently
contribute to sales head. Similar results are found with the
PPML-FE estimates: In(Inventory head + 1) is positive
and highly significant (3 = 1.204, SE = 0.319; p < 0.01),
while In(Inventory farms + 1) remains insignificant. The
similarity in sign and significance between TWFE-OLS
and PPML-FE models indicates that the findings are
robust to different functional forms and distributional
assumptions.

Group-level econometric results for Maryland goat
operation: participation, intensity, structure, and
concentration

Tables 13-16 present the group-level econometric
results for goat operations in Maryland based on
Census of Agriculture data from 2002 to 2022. The
analysis examines how farm ownership structure and
operator organization influence market participation,
commercialization intensity, inventory concentration,
and overall structural distribution within the Maryland
goat sector. These models use aggregated group-level

observations constructed from Maryland census data
across tenure and operator categories, allowing the
analysis to capture structural differences among farm
types over time.

Panel A

Initially, Panel A of Table 13 presents the results of
the binomial generalized linear model for market
participation. Compared with the baseline category
of full-owner and multi-operator farms, part-owner
farms are positively correlated with participation, but
the association is statistically insignificant. By contrast,
tenant farms show a negative coefficient, indicating
a lower probability of market participation but are
associated with significant uncertainty. Likewise, the
coefficient for single-operator farms is approximately
zero, indicating no significant variation in involvement
after controlling for tenure and temporal factors. These
findings suggest that ownership alone does not strongly
influence whether farms participate in goat markets.
Instead, market participation appears broadly distributed
across ownership types, reflecting the small-scale and
diversified nature of Maryland’s goat sector.

Table 13: Ownership and operator structure effects on market participation (binomial GLM)

Variable Coefficient Robust SE (HC1)
Part owner vs full owner 0.397 0.257

Tenant vs full owner —0.351 0.41

One operator vs multi operator 0.007 0.086

Year fixed effects Yes

Observations 25

Notes: Estimates are derived from a binomial generalized linear model with market participation as the dependent variable. The baseline

category is full-owner, multi-operator farms. Robust standard errors (HCT) are shown in parentheses. All specifications (models) incorporate
year fixed effects. %, ¥, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Panel B

Table 14 estimates of commercialization intensity from
a Poisson regression with an offset for the number of
selling farms, thereby capturing sales per participating
farm. Relative to full-owner farms, both part-owner
and tenant farms show positive coefficients, indicating
higher sales intensity conditional on market participation.
In contrast, single-operator farms show a negative and

statistically significant coefficient, indicating substantially
lower sales per selling farm than in multi-operator
operations. Thus, the ownership structure shows limited
and insignificant associations with commercialization
intensity, whereas operator organization emerges as
a more salient determinant of sales intensity among
participating farms.

Table 14: Ownership and operator structure effects on commercialization intensity (Poisson model with offset)

Variable Coefficient Robust SE (HC1)
Part owner vs full owner 0.413 0.198

Tenant vs full owner 0.316 0.33

One operator vs multi operator —0.299%** 0.042

Year fixed effects Yes

Obsetvations 25

Notes: Estimates are from a Poisson regression model with an offset equal to the logarithm: of the number of farms selling. The dependent
variable is the number of goats sold (head). Coefficients are reported in logs. Robust standard errors (HCT1) are shown in parentheses.
The baseline category is full-owner, multi-operator farms. All specifications include year fixed effects. *, *¥, and *** denote statistical

significance at the 10%, 5%, and 1% levels, respectively.
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Panel C

Panel C analyzes structural composition using a fractional
logit model, with the dependent variable being the share
of total goat inventory held by each ownership and
operator category. Relative to the baseline group of

full-owner, multi-operator farms, both part-owner and
tenant farms show large, statistically significant negative

coefficients, indicating a substantially lower share of total
inventory. Single-operator farms also hold a significantly
smaller share of inventory compared to multi-operator
operations. These results suggest that goat inventory is
disproportionately concentrated among fully owned and
multi-operator farms, indicating structural inequality in
inventory ownership across production arrangements.

Table 15: Ownership and operator structure effects on inventory concentration (fractional logit model)

Vatriable (baseline: full owner / Coefficient Robust SE (HC1)
multi-operator)

Part owner vs full owner —2.801%** 0.081

Tenant vs full owner — 44T 0.137

One operator vs multi-operator —0.848*+* 0.116

Year fixed effects Yes

Observations 25

Notes: Estimates are from a fractional logit model with inventory head share as the dependent variable. Coefficients are reported on the
log-odds scale. The baseline category is full-owner, multi-operator farms. Robust standard errors (HCT) are shown in parentheses. All
specifications include year fixed effects. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Table 16 presents goat inventory and sales concentration
across different tenure groups, using the Herfindahl—
Hirschman Index and the Theil index. Both measures
indicate that goat inventory became more concentrated
from 2002 to 2017, with a slight decline in 2022. In
contrast, sales heads’ concentration levels are consistently
lower than those of the inventory head in all years. This
pattern suggests that goat ownership is concentrated
among certain tenure groups, whereas selling activity is

more evenly distributed across farms. These results align
with earlier findings in Tables 12—14, which show that full-
owner and multi-operator farms hold larger inventories,
whereas market participation and sales intensity are
more widespread among various tenure and operator
types. As a result, goat inventory is mainly concentrated
among full-owner and multi-operator farms. However,
commercialization outcomes are more evenly distributed
across tenure groups.

Table 16: Concentration of goat inventory and sales across tenure groups

Year Inventory concentration Sales concentration

HHI Theil HHI Theil
2002 0.61 0.43 0.58 0.37
2007 0.61 0.42 0.52 0.29
2012 0.64 0.47 0.59 0.40
2017 0.70 0.56 0.52 0.38
2022 0.66 0.49 0.53 0.32

Notes: The Herfindahl—Hirschman Index (HHI) and Theil index are calculated across tenure categories using inventory head and
sales bead, respectively. Higher values indicate greater concentration. Sonrce: Author’s calculations based on the Maryland Census of

Agriculture (2002, 2007, 2012, 2017, and 2022).

CONCLUSION

The findings show that goat commercialization rose
rapidly in the early 2000s, continued to grow through
2017, and then declined by 2022. This reduction is
primarily due to declines in market participation and
sales volume, despite relatively stable inventory and sales
value. Significant heterogeneity remains across counties,
indicating an important geographical concentration of
production. The econometric results show that increases
in goat herd size are positively and significantly associated
with goat sales within counties, whereas fluctuations in the

number of goat farms show little independent influence
after inventory is accounted for. The findings indicate
that goat commercialization in Maryland is primarily
driven by increases in production on established small,
family-run, and diversified farms, rather than by increases
in the number of new farmers.

Therefore, policy and development initiatives should aim
to support herd growth among current producers by
enhancing improved breeding stock, veterinary services,
feed management, and short-term financing options.
Additionally, investing in small-ruminant slaughter,
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processing, and coordinated marketing channels is
essential to reversing the decline in market participation
seen since 2017. With production and sales concentrated
in specific regions, targeted efforts at the county level are
likely to be more effective than uniform statewide efforts
and strategies. Ultimately, given the increasing number
of small-acreage and low-revenue generating farms,
measures that encourage partnerships, infrastructure, and
value-chain connectivity will be more suitable than those
focusing solely on large-scale expansion.

REFERENCES

Aguilar-Loyo, J. (2025). A comparative analysis of two-
way fixed effects estimators in staggered treatment
designs.  Journal — of  Econometrics.  https://doi.
org/10.1016/j.jeconom.2025.106059

Alexandre, G., & Mandonnet, N. (2005). Goat meat
production in harsh environments. Swall Ruminant
Research, 60(1-2), 53—66. https://doi.org/10.1016/j.
smallrumres.2005.06.005

Arkhangelsky, D., Imbens, G. W,, Lei, L., & Luo, X. (2024).
Design-robust two-way fixed-effects regression for
panel data. Quantitative Economics, 15(4), 1467-1511.

https://doi.otg/10.3982/QE1962

Arouna, A., Adegbola, P. Y., Zossou, R. C., Babatunde, R.,
& Diagne, A. (2017). Contract farming preferences of
smallholder rice producers in Benin: A stated choice
model using mixed logit. Tropicultura, 35(4).

Abate, D., Addis, Y., & Gonzalez-Redondo, P. (2021).
Factors affecting the intensity of market participation
of smallholder sheep producers in northern Ethiopia:
Poisson regression approach. Cogent Food & Agriculture,
7(1), Article 1874154,

https://doi.otg/10.1080/23311932.2021.1874154

Aditya, A., & Acharya, R. (2011). Export diversification,
composition, and economic growth: Evidence from
cross-country analysis. Review of International Economics,
19(5), 959-992. https://doi.otg/10.1080/09638199.2
011.619009

Baldwin, K. L., DeVeau, V., Foster, K., & Marshall, M.
(2008). Traits affecting household livestock marketing
decisions in rural Kenya. Selected paper presented at
the American Agricultural Economics Association
Annual Meeting, Orlando, FL. https://ageconseatch.
umn.edu/record/46991

Berisso, O. (2024). Endogeneity, heterogeneity, and
determinants of inefficiencies in crop-producing
farmers: Empirical evidence from the central
highlands of Ethiopia (Version 1) [Preprint|. Research
Square. https:/ /doi.org/10.21203 /15.3.15-4087178 /v1

Blanc, E., & Schlenker, W. (2017). The use of panel
models in assessments of climate impacts on
agriculture. Review of Environmental Economics and Policy,
11(2), 258-279.

https://doi.otg/10.1093/teep/1ex016

Bowen, H. P, & Wiersema, M. F (2004). Modeling
limited dependent variables: Methods and guidelines
for researchers in strategic management. Iz Research

methodology in strategy and management (Nol. 1, pp. 87—
134). Emerald Group Publishing Limited. https://
doi.org/10.1016/S1479-8387(04)01104-X

Buckley, Y. M. (2015). Generalized linear models. Iz G. A.
Fox, S. Negrete-Yankelevich, &1/ J. Sosa(Eds.), Ecological
statistics: Contemporary theory and application (pp.
131-148). Oxford University Press. https://doi.
org/10.1093 /acprof:0s0/9780199672547.003.0007

Chiu, A., Lan, X., Liu, Z., & Xu, Y. (2025). Causal panel
analysis under parallel trends: Lessons from a large
reanalysis  study. Awmerican Political ~ Science  Review,
Advance online publication, 1-22. https://doi.
org/10.1017/50003055425000243

Chung, S. (2013). Empirical essays on globalization and
international trade (Doctoral dissertation). Southern
Methodist University. ProQuest Dissertations &
Theses Global. (Publication No. 3607694)

Conceicao, P, & Galbraith, ]. K. (2000). Constructing
long and dense time-series of inequality using the
Theil index. Eastern Economic Journal, 26(1), 61-74.

Conceicao, P, Galbraith, ]. K., & Bradford, P. (2001). The
Theil index in sequences of nested and hierarchic
grouping structures: Implications for the measurement
of inequality through time, with data aggregated at
different levels of industrial classification. Eastern
Economic Journal, 27(4), 491-514. https://www,jstor.
org/stable/40326064

Devicienti, F, Fanfani, B., & Maida, A. (2019). Collective
bargaining and the evolution of wage inequality in
Ttaly. British Journal of Industrial Relations, 57(2), 377—
407.

https://doi.otg/10.1111/bjir. 12444

Dubeuf, J.-P, Morand-Fehr, P, & Rubino, R. (2004).
Situation, changes, and future of the goat industry
around the wotld. Swall Ruminant Research, 51(2),
165-173.

https://doi.org/10.1016/j.smallrumres.2003.08.007

Durham, C. A., Wechsler, L. ]., & Morrissey, M. T. (2015).
Using a fractional model to measure the impact
of antioxidant information, price, and liking on
purchase intent for specialty potatoes. Food Quality
and Preference, 45, 1-7. https://doi.otg/10.1016/].
foodqual.2015.07.007

Escareno, L., Salinas-Gonzalez, H., Wurzinger, M.,
Iniguez, L., Solkner, J., & Meza-Herrera, C. (2012).
Dairy goat production systems. Tropical Animal Health
and Production, 45, 17-34. https://doi.org/10.1007/
$11250-012-0246-6

Evren, A., Tuna, E., Ustaoglu, E., & Sahin, B. (2021).
Some dominance indices to determine market
concentration. Journal of Applied Statistics, 48(13-15),
2755-2775.

https://doi.otg/10.1080/02664763.2021.1963421

Frome, E. L. (1983). The analysis of rates using Poisson
regression models. Biometrics, 39(3), 665—-674. https://
doi.org/10.2307/2531094

Gbur, E. E., Stroup, W. W,, McCarter, K. S., Durham, S.,
Young, L. J., Christman, M., West, M., & Kramer, M.




Am. J. Econ. Bus. Innov. 5(2) 131-146, 2026

@oalli

(2012). Analysis of generalized linear niixed models in the
agricultural and natural resources sciences. American Society
of Agronomy, Crop Science Society of America,
& Soil Science Society of America. https://doi.
org/10.2134/2012.generalized-linear-mixed-models

Hart, S., Merkel, R., & Gipson, T. (2019). Current
situation and future prospects of the US. goat
industry. Professional Agricultural Workers Journal, 6(2),
25-39.

https://doi.otg/10.22004/ag.econ.319688

Imai, K., & Kim, I. S. (2021). On the use of two-way fixed
effects regression models for causal inference with
panel data. Political Analysis, 29(3), 405-415. https://
doi.org/10.1017 /pan.2020.33

Katuwal, D. R., & Karki, L. B. (2026). Market dynamics
of US. goat meat (chevon) in reference to the global
market. Awmerican Journal of International Trade, Business
Analytics, and Economics, 1(1), 17-29.

Kibona, C. A., & Yuejie, Z. (2021). Factors that influence
market participation among traditional beef cattle
farmers in the Meatu District of Simiyu Region,
Tanzania. Pls One, 16(4), ¢0248576. https://doi.
org/10.1371 /journal.pone.0248576

Kropko, J., & Kubinec, R. (2020). Interpretation and
identification of within-unit and cross-sectional
variation in panel data models. Pls Omne 15(4),
€0231349.

https://doi.otg/10.1371/journal. pone.0231349

Kumar, S. (2007). Commercial goat farming in India:
An emerging agri-business opportunity. Agricultural
FEconomics Research Review, 20, 503-520.

Llano-Verduras, C., Perez-Balsalobre, S., & Rincon-
Aznar, A. (2021). Market fragmentation and the rise
of sub-national regulation. Annals of Regional Science,
67, 765-797. https://doi.org/10.1007/s00168-021-
01066-x

Lomi, A. (1995). The population ecology of organizational
founding: Location dependence and unobserved
heterogeneity. Administrative Science Quarterly, 40(1),
111-144. https:/ /doi.otg/10.2307/2393702

Lu, C. D, & Miller, B. A. (2019). Current status,
challenges and prospects for dairy goat production
in the Americas. Asian-Australasian Journal of Animal
Sciences, 32(8), 1244-1255. https://doi.otg/10.5713/
2jas.19.0256

Malakar, K., & Mishra, T. (2017). Application of Gini,
Theil, and concentration indices for assessing water
use inequality. International Journal of Social Economics,
44(10), 1335-1347. https://doi.org/10.1108/1JSE-
01-2016-0017

Mazhangara, I. R., Chivandi, E., Mupangwa, J. F, &
Muchenje, V. (2019). The potential of goat meat in the red
meat industry. Sustainability, 11(13), 3671. https://doi.
org/10.3390/sul11133671

Melo, J., & Portugal-Perez, A. (2013). Preferential market
access design: Evidence and lessons from African apparel exports
to the US and the EU (Policy Research Working Paper
No. 6357). Wotld Bank. https://openknowledge.

wotldbank.otg/handle/10986/12183

Miller, B. A., & Lu, C. D. (2019). Current status of
global dairy goat production: An overview. Asian-
Aoustralasian Journal of Animal Sciences, 32(8 Suppl),
1219-1232.

https://doi.otg/10.5713/ajas.19.0253

Millimet, D. L., & Bellemare, M. F. (2023). Fixed effects
and causal inference 1Z.A Discussion Paper No. 16202).
IZA Institute of Labor Economics. https://www.iza.
org/publications/dp/16202

Misango, V. G., Nzuma, J. M., Irungu, P, & Kassie, M.
(2022). Intensity of adoption of integrated pest
management practices in Rwanda: A fractional
logit approach. Heljyon, 8(1), ¢08735. https://doi.
org/10.1016/j.heliyon.2022.¢08735

Monteiro, A., Costa, J. M., & Lima, M. J. (2017). Goat
system productions: Advantages and disadvantages
to the animal, environment, and farmer. In G. M.
Rosa (Ed.), Goat science. IntechOpen. https://doi.
org/10.5772/intechopen.70002

Morand-Fehr, P, Boutonnet, J.-P., Devendra, C., Dubeuf,
J.-P, Haenlein, G. E W, Holst, P, Mowlem, L., &
Capote, ]. (2004). Strategy for goat farming in the
21st century. Small Ruminant Research, 51(2), 175-183.
https://doi.org/10.1016/j.smallrumres.2003.08.013

Mthethwa, K. N., Ngidi, M. S. C., Ojo, T. O., & Hlatshwayo,
S. I. (2022). The determinants of adoption and
intensity of climate-smart agricultural practices among
smallholder maize farmers. Sustainability, 14(24),
16926. https://doi.org/10.3390/su142416926

Mudiwa, B., & Mudiwa, B. (2011). 4 logit estimation of factors
determining adoption of conservation farming by smallbolder
SJarmers in the semi-arid areas of Zimbabwe. (AgEcon
Search Working Paper). https://doi.otg/10.22004/
AG.ECON.198516

Mullahy, J. (2010). Multivariate fractional regression estimation
of econometric share models (NBER Working Paper No.
16354). National Bureau of Economic Research.
https:/ /www.nbet.otg/papers/w16354

Nair, M. R. R., Sejian, V., Silpa, M. V., Fonseca, V. D.
F C, Devaraj, C., & Bagath, M. (2021). Goat as
the ideal climate-resilient animal model in tropical
environment: Revisiting advantages over other
livestock species. International Journal of Biometeorology,
65, 2229-2240. https://doi.org/10.1007/s00484-
021-02179-w

Nguyen, V. D., Nguyen, C. O., Chau, T. M. L., Nguyen,
D. Q D, Han, A. T, & Le, T. T. H. (2023).
Goat production, supply chains, challenges, and
opportunities for development in Vietnam: A review.
Abnimals, 13(15), 2546. https://doi.org/10.3390/
ani13152546

Nyariki, D. M. (2009). Price response of herd offtake
under market liberalization in a developing cattle
sector: Panel analysis applied to Kenya’s ranching;
Environment and Development Economics, 14(2), 263-280.
https://doi.otg/10.1017/81355770X08004610

Peleckis, K. (2022). Determining the level of market




Am. J. Econ. Bus. Innov. 5(2) 131-146, 2026

@oalli

concentration in the construction sector—Case of
application of the HHI index. Swstainability, 14(2),
779. https://doi.org/10.3390/su14020779

Rashid, H. & Simon, H.M. (2025). Trade agreements
and export performance of Bangladesh: A gravity
model analysis. Aszan Journal of Economics, Business and
Accounting 25(7), 215-230. https://doi.org/10.2139/
ssrn.5379852

Sande, D. N., Houston, J. E., & Epperson, ]. E. (2005).
The relationship of consuming populations to meat
goat production in the United States. Journal of Food
Distribution Research, 36(1), 156-160.

Santos Silva, J. M. C., & Tenreyro, S. (2006). The log of
gravity. Review of Economics and Statistics, §8(4), 641—
658. https://doi.org/10.1162/rest.88.4.641

Schwiebert, J., & Wagner, J. (2015). A generalized two-
part model for fractional response variables with
excess zeros. In Beitrige ur Jabrestagung des Vereins fiir
Socialpolitik 2015: Okonomische Entwicklung — Theorie und
Politik — Session: Microeconometrics (No. BO4-172). ZBW
— Leibniz Information Centre for Economics. https:/ /hdl.
handle.net/10419/113059

Sorensen, B. B., Estmann, C., Sarmento, E. I, & Rand, J.
(2020). Economic complexity and structural transformation:
The case of Mozambigue (WIDER Working Paper No.
2020/141). United Nations University Wotld Institute
for Development Economics Reseatch. https:/ /www.
wider.unu.edu/publication/economic-complexity-
and-structural-transformation-case-mozambique

Stephen, W, Waititu, A., Salifu, D., Mwalili, S., Karanja,
E., Adamtey, N., Tonnang, H., Matheri, I, Mwangi,
E., Bautze, D., & Tanga, C. (2022). Modeling the
incidence of maize spotted stem-borer (Chilo partellus)
infestation under long-term organic and conventional
farming systems. International Journal of Data Science and
Abnalysis, 8(6), 169—-181.

https://doi.otg/10.11648/].ijdsa.20220806.11

Tapson, D. R. (1990). The overstocking and offtake
controversy reexamined for the case of KwaZulu.
Soutl African Journal of Economics, 58(1), 1-23.

US. Department of Agriculture, National Agricultural
Statistics Service. (2002). Census of agriculture, 2002:
Maryland state and county data.

https://www.nass.usda.gov/AgCensus/archive/census_
patts/2002-maryland/index.html

US. Department of Agriculture, National Agricultural
Statistics Service. (2007). Census of agriculture, 2007:
Maryland state and county data.

https://www.nass.usda.gov/AgCensus/archive/census_
patts/2007-maryland/index.html

US. Department of Agriculture, National Agricultural
Statistics Service. (2012). Census of agriculture, 2012:
Maryland state and county data.

https://www.nass.usda.gov/AgCensus/archive/census_
patts/2012-maryland/index.html

US. Department of Agriculture, National Agricultural
Statistics Service. (2017). Census of agriculture, 2017:
Maryland state and county data.

https://www.nass.usda.gov/Publications/
AgCensus/2017/Full_Report/Census_by_State/
Maryland/index.php

US. Department of Agriculture, National Agricultural
Statistics Service. (2022). Census of agriculture, 2022:
Maryland state and county data.

https://www.nass.usda.gov/Publications/
AgCensus/2022/Full_Report/Census_by_State/
Maryland/

Wajdi, N., Adioetomo, S. M., & Mulder, C. H. (2017).
Gravity models of interregional migration in
Indonesia. Bulletin of Indonesian Economic Studies, 53(3),
309-332.

https://doi.org/10.1080/00074918.2017.1298719

Westerlund, J., & Wilhelmsson, F (2009). Estimating
the gravity model without gravity using panel data.
Applied  Economics, 41(6), 641-649. https://doi.
org/10.1080/00036840802599784

Wooldridge, J. M. (2025). Two-way fixed effects, the
two-way Mundlak regression, and difference-in-
differences estimators. Empirical Economics, 69, 2545—
2587. https://doi.org/10.1007/s00181-025-02807-2

Weber, M. A., Mozumder, P, & Berrens, R. P. (2012).
Accounting for unobserved time-varying quality
in recreation demand: An application to a Sonoran
Desert wilderness. Water Resources Research, 48(5),
WO05511. https://doi.org/10.1029/2010WR010237

Wu, H., Han, M., & Shen, Y. (2023). Technology-driven
energy revolution: The impact of digital technology
on energy efficiency and its mechanism. Frontiers in
Energy Research, 11, 1242580.




