Economic Efficiency, Structure and Scale Economies in the U.S. Dairy Sector

Roberto Mosheim
Economist
Agricultural Structure and Productivity Branch
Economic Research Service, USDA
1800 M Street NW
Suite 4101 N
(202) 694-5365
rmoshei m@ers.usda.gov

C. A. Knox Lovell
C. Herman and Mary Virginia Terry Professor
Department of Economics
Terry College of Business
University of Georgia
Athens, GA 30602, USA
(706) 542 3689
knox@terry.uga.edu

Selected Paper prepared for presentation at the American Agricultural Economics
Association Annual Meeting, Long Beach, California, July 23-26, 2006

Copyright 2006 by Roberto Mosheim and C.A. Knox Lovell. All rights reserved. Readers may make
verbatim copies of this document for non-commercial purposes by any means, provided that this
copyright notice appears on all such copies.


mailto:rmosheim@ers.usda.gov
mailto:knox@terry.uga.edu

Economic Efficiency, Structure and Scale Economies in the U.S. Dairy Sector *

Abstract

This study uses a new dataset based on the 2000 Agricultural Resource
Management Survey, the most recent national survey of dairy producers in the United
States. A shadow cost function is employed to decompose and analyze economic
efficiency and scale economies. The study details the development of the data employed
in the analysis and focuses on the estimation of scale relationships across farmsin
different regions and of different sizes. Preliminary results point to important scale
economies and suggest that surviving small farms are on average more economically
efficient but can exploit scale economiesto a much lesser degreethan larger farms. The
preferred specification of the cost function does not show aregion of decreasing returns

to scale.
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1. INTRODUCTION

The important sructural changes taking place in the dairy industry are of
important policy and academic concern. Dairy farms have larger herd sizes and cows
produce more milk. At the same time, the demand for dairy products remained stagnant
leading to an imbalance between supply and demand and a consequent reduction in the
number of dairy farms. Despite the general trend of increases in farm size in the dairy
sector, there is avery heterogeneous pattern of structural change across regions related to
costs of production, technology, weather and geography among other factors [Wolf
(2003)]. Moreover, Blayney and Normile (2004) contend that the main drivers of these
changes are a mixture of technological, efficiency and scale changes and note a lack of
empirical evidence on important technology indicators such as scale economies and their
variation across geographical areasin the U.S.. Thisresearch seeksto help fill this gap.

This study uses a new dataset of 620 dairy farms based on the 2000 Agricultural
Resource Management Survey, the most recent national survey of U.S. dairy producers,
in order to estimate, decompose and explain economic efficiency, aswell asto estimate
scale economies. It builds on other research that examined specifically scale economies
in the dairy sector [for example, Alvarez and Arias (2003), Kumbhakar (1993),
Kumbhakar, Biswas and VVon Bailey (1989), Moschini (1988) | and studies that have
used the shadow price approach to estimate efficiency in the dairy sector [for example,
Maietta (2000) and Stefanou and Saxena (1988)]. This research estimates scale
economies across regions, technologies and farm sizes. Results point to important scale
economies and suggest that surviving small farms are more economically efficient, on

average, with no indication of decreasing returns to scale—results which contrast with



those presented in other studies [for example in Kumbhakar (1993) and Alvarez and
Arias (2003)].

A shadow cost model is employed. This estimation strategy has been successfully
used to address the problem (known as the Greene problem) of estimating and
decomposing allocative and technical inefficiency in atranslog system-of-equations
[Fried, Lovell and Schmidt (forthcoming)]. This approachis consistent with the
conclusions of Kumbhakar and Wang (forthcoming) who argue against lumping together
allocative and technical efficiency in the esimation of cost frontiers since it biasesthe
cost function parameters, returns to scale, input price elasticities and cost inefficiency.
The next section will provide background on the linkage between changes in structure
and scale economies in the US dairy sector. Section three will discuss the model and
section four the data sources and variable construction. The following section will present

and discuss the results and section 6 will offer a summary and conclusions.



2. STRUCTURAL CHANGE AND SCALE ECONOMIESIN THE USDAIRY
SECTOR

The transformation of dairy operations is usually defined as changes in herd size,
total and milk per cow production, and organizational shifts. Here we focus on the
changes in structure that have occurred during the lagt twenty years only. Figure 1 shows
the inverse relationship between number of cows in the national herd and production of
milk per cow. Given that demand growth for dairy products has not kept pace with the
increase in milk production per cow, the national herd has declined. The herd size in the
United States declined from 1985 to 2005 from close to 11 million to 9 million head, a21
% decrease. During this same period milk production per cow increased from 13,024 to
19,576 pounds, a 33 % increase. The result of these production trends has been that total
milk production has increased from 143,012 million pounds in 1985 to 176,989 million
pounds in 2005, an increase of 19 % [US Department of Agriculture, National
Agricultural Statistical Service (USDA-NASS)].

Simple correlation analysis provides some evidence that scale economies are
important determinants of productivity. There is a wide variation in milk produced per
cow across states. The correlation between milk produced per cow and milk cows per
establishment across dairy farms in the United States is strong and positive indicating a
role for scale economies in determining productivity. A simple correlation analysis using
publicly available data at the state level from the National Agricultural Statistical Service
(USDA-NASS) showed a correlation of 0.431 between milk produced per cow and cows
per establishment in 1985 and of 0.521 for 2005 (USDA-NASS).

Further evidence of scale economiesis shown in Figure 2. From 1998 to 2005 the

number of dairy farms decreased from 117,145 to 78,295, a 50 % decrease. The decline



was not symmetrical across farm sizes resulting in a decline in the number of small and
an increase in the number of large dairy farms. The cow inventory of dairy farms with
herd sizes between 1 and 49 and 50-199 milk cows declined from 14.1 of the total
number of cowsto 8.4 percent and from 43.6 to 31.7 percent, respectively. In contrast,
dairy operations with between 200-1999 head and 2000 or more head experienced an
increase from 35 percent to 40.2 percent of the total and 7.3 to 19.7 percent, respectively
(USDA-NASS).

The change in size structure has not affected all regions of the country equally
either. Anidea of the regional shiftsthat have occurred lately can be grasped by looking
at the ranking of milk producing statesin 1985 and 2005. In 1985 the ten largest milk-
producing states were, in order, Wisconsin, California, New Y ork, Minnesota,
Pennsylvania, Michigan, Ohio, lowa, Texas and Washington; in 2005, they were
California, Wisconsin, New Y ork, Pennsylvania, 1daho, Minnesota, New Mexico,
Michigan, Texas and Washington. In 1985 the top 10 states produced 67 % of the
national milk supply, while in 2005 the top 10 produced 72 %.

These regional shifts also imply a shift in the use of different production systems.
Many operations in states like California, Idaho and New Mexico, for example, have seen
so called dry-lot systems emerge with low capital requirements and large herd sizes that
has enabled them to exploit scale economies and achieve lower cost per unit of output.
For example, in 1985 in Californiathe average number of milk cows per operation was
200, while in 1daho and New Mexico, it was 40 and 48 head, respectively. By contrast, in
2005 California had an average of 763 cows per operation, Idaho had 535, and New

Mexico had 729 cows. Moretraditional states increased their average size of operation



but by a much smaller percentage. In Wisconsin, New Y ork, and Pennsylvaniathe
average number of cows per operation in 1985 was 46, 55, and 35 cows, respectively; in
2005 it was 81, 97 and 63 cows. These states do not rely so much on purchased feed as
on homegrown feed or pasture (USDA-NASS).

Given the heterogeneity of the changes in the size of dairy farms across
technologies and regions, the question of the nature of scale economies in the dairy sector
and agriculture in general becomes crucial. In general, according to Chavas (2001), the
average cost curve for the agricultural sector in developed countries tendsto be L shaped.
Scale economiestend to exist for small farms, but there is no strong evidence that
diseconomies of scale tend to exist for large farms, i.e. there is awide range in which
scale economies are constant. For dairy specifically, Jones (1997) presents a similar
picture in which scale economies are exhausted quickly. Moreover, the variation in sizes
can be explained by a myriad of variables internal and external to the dairy farm such as
pecuniary economies, transaction costs, tax policy, regulation, and risk. Wolf (2003)
arguesthat dairy farmsin traditional areas such Wisconsin, New Y ork, and Pennsylvania
face higher adjustment costs (because of high sunk costs) than in emerging regions that

will constrain their growth and their adoption of technology.



3. SHADOW COST FUNCTION MODEL

We use a shadow cogt function to estimate and decompose economic efficiency.
Since dairy farmers do not have the flexibility to adjust capital to their optimal
proportionsin the short run, we estimate the variable cost functionve(y,w,K) . This
function shows the minimum expenditures on variable inputs required to produce the
output vector y , given input price vector wand capital stock K. The function
ve(y,w, K) isnonnegative and homogeneous of degree +1. Given(y,K), vc(y,w,K) is
concave inw, nondecreasing in y and w, and nonincreasing in K [Kumbhakar and Lovell
(2000)].

Dairy farms face a number of output and environmental regulations and input
market restrictions such as labor shortages. Such constraints affect the pricesthat farmers
actually employ in making decisions. These so-called shadow prices are known to
management but differ from those that can be observed. The requirements for etimating
acog function are violated if costs are minimized over shadow prices, and actual,
observed prices are used instead. The shadow price approach estimates parametrically the
relevant shadow prices faced by farms. Therefore, the shadow cost approach is especially
appropriate to analyze industries such asdairy.

The dairy enterprise is modeled using a multioutput technology. Since there is no
reason to expect that the major types of output of a dairy operation move together in
response to price changes, aggregation of these outputs is not justifiable. Crops and
livestock and livestock products are modeled as separate outputs. Thus the dairy farm

produces y = (,,Y,) representing a livestock (of which 72 % is milk) and crop outputs,



respectively. The output vector y is determined by a well-behaved transformation
function f (x,k,z,y) =0. The firm uses input vector x = (x,x,,%,;k) Where inputs 1, 2
and 3 represent labor, energy and feed and where k is the fixed level of capital,
repectively. The observed input price vector isw=(w,w,,w,). The firm minimizes
variable costs. The optimization problem is represented as:

Min ve=wx St..

f(xk,z,y)=0 D

rix,k,z2=r°, s=12..,S
where vc represents observed variable costs, w x, and z represents a vector of external and

internal variables affecting dairy farm costs. There are S unobserved restrictions, r. The

first order conditions for the problem are:
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where % is the marginal rate of transformation, | | are the Lagrangean multipliers of the
i

scongtraint, w 1 A", isavector of input shadow prices, and wi A", isavector of
observed input prices.

We introduce vector g, to establish the connection between the n observed w and
n shadow w' variables. In this formulation, an input price needs to be chosen asa
numeraire because one of the variablesin q,, cannot be identified as the cost function is

linearly homogeneous in factor prices. The second input, energy, is chosen to serve this
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role. Thus, we will refer to g,,, asthe distortion that affects input price n wheninput 2 is

used as a base. Thus, the connection between shadow and observed prices is established

through the vector w* = (q,,W, , W, ,g.,W, ) . If the input price vector w is used instead of w
when estimating the shadow cost function and the variables q,,, are not equal to unity,
the shadow cost function will be misspecified. The parameters q,,, represent the degree
of departure from optimal proportions relative to the second input. If ¢, >1 then X is
under utilized; if q,, <1 then x, isover utilized. Figure 3 shows the measurement of
technical and allocative inefficiency in an input oriented shadow cost approach, where
the parameter f represents the percentage cost differential due to input oriented technical

(
inefficiency. Technical efficiency is defined as—%f ;(( , alocative efficiency as—gfxx » and

(
cost efficiency aso—x .
OX

The shadow conditional input demand equationsx (W', y,k, z) are obtained by

solving for the optimal input levels from equation (2). The minimum shadow cost of

producing output y is an unobserved function of shadow prices:vé =w' x . Applying

Sheppard’ s Lemma we can derive the variable cost shares:

«_Wx _9finvc . .
=040 = =123 3
S =17 finw i=1 )

Following Atkinson and Halvorsen (1986), the relation between the observed, non-
minimizing cost function and the unobserved shadow cost function and associated share

equations are:
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1 .3 ..
ve=cve als@.'l, (4)
j=1
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We estimate (4) and (5) 2 using the following translog ® specification:

2 3
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In equation (6) symmetry b,,, =b k1 n isimposed as required by Young's

WiWy

Theorem. In addition, linear homogeneity requires the following regtrictions:

3
ab,, =0n=123 @
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The following determinants of input oriented technical efficiency were
employed: z,, whether or not the dairy farm is located in the traditional dairy region; zs, is
the proportion of purchased to total feed used by the dairy farm; z, whether the dairy
enterprise isasmall farm® or not; z,, indicates the degree of specialization by the
enterprise; and z;, isthe cow mortality rate. Some of these determinants are dummy
variables, and the interpretation of an estimated coefficient of .1, for example, would be
that when that factor is present, costs would be 10 % higher than without it.

The shadow cogt shares derived from equation (5) are:

(qnz)'lgbwn + 5 by, ., IN@ W) + 5 b, Inyc+b, Ian
k=1

k=1
S = N
3 u

A 3 2
é. (QJz)-lg)wl + é. bwlwk In(quWk) + é. bykwl Inyk+ ble InKl:]
j=1 e k=1 k=1 u

(8)

The distortion factorsg,,, are defined as a positive exponential function of z, and z,,

defined above, and operator experience, z,, and use of cooperatives, z, :

O = &XP(Oz0 +Aizn 2 * GhizsZs + GipZ6 * Oz Z7)
Qg = €XP(0az0 + s Z +UszsZs * s Z6 + A7 Z7) (9)
g, =1
If g,, and g,, are equal to one, al the coefficients inside the exponential function are
equal to zero and therefore all inputs are utilized in their optimal proportions.

The shadow variable cost function must satisfy the properties both of monotonicity
with respect to shadow factor prices and output and of concavity in shadow factor prices.

These properties are checked for each observation using the parameter estimates. That is,

the elasticity of variable cost with respect to the output vector must be nonnegative and
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the shadow shares must also be nonnegative, while the Hessian matrix of second order
derivatives of shadow variable costs with respect to shadow prices must be negative

semidefinite:

&30 v (10)

is negative semidefinite.

~ Ax2

Nw

As mentioned above, cost minimization requires that the elasticity of variable cost
with respect to capital,h, , be less than zero. This parameter represents the marginal
value of capital that is defined as the marginal reduction in variables costs from additions
to capital. A positive marginal product of capital impliesthath, <0. Onthe other hand, a
positive value for h,, would indicate overcapitalization.

The dairy industry, according to Wolf (2003), is characterized by fixity of farm
assets and a slow response of farmers to changes in technology and prices. Thisisdueto
a combination of information asymmetries, transportation costs, and investment
specificity that pointsto considerable adjustment coststhat are region specific. Given
asset fixity, it is appropriate to use the input quantity rather than its price in the cost
function. Scale elasticity, of course, depends on which inputs are fixed and which are
variable. If capital is characterized by fixity, following Caves et al. (1981) and Caves et

al. (1984) short run and long run scale elasticities would be defined as:
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SCEg, = 1 (11)
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In the short run, capital is fixed. In the longer run the dairy farm might adjust production
capacity. If SCE > 1 it impliestotal variable cost decreases with output given the level of
capital. In contrast, if SCE < 1 it impliesthat total variable cost increases with output and
that the scale elasticity is decreasing given the stock of capital.

The present study uses Kumbhakar (1997), and Kumbhakar and Lovell (2000) to
decompose actual expenditures into the variable cost function, the percentage cost
differential due to input oriented technical inefficiency and the percentage cost of
allocative inefficiency:

Inve =Invc(y,w;K) +d,z +d,z, +d,z, +d,,z,, +d,,Z, +
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4. DATA SOURCES AND VARIABLE CONSTRUCTION
Most of the raw data used to construct the variables necessary to estimate the
shadow cogt function model represented by equations (6), (7), (8) and (9) came from the

2000 Agricultural Resource Management Survey Phase Il Version 4 for dairy
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(ARMS2000). ARMS2000 gathered information on 848 individual farms that identified
themselves as dairies and contains most of the necessary farm-level detailed information
on production, expenses, and farm management and technology characterigtics to
congtruct these. In the year 2000 approximately 91,240 dairy farms operated in the
United States. ARMS2000 is a probability based stratified multiple frame survey. The list
frameisalist of farms and associated characteristics such as farm output. The list is
stratified within states according to size and commodities produced. Farmsin different
strata are sampled at different rates and larger farms are sampled at higher rates than
smaller farms [Banker, Green and Korb (2001)].

A set of ruleswas applied to clean up the data, resulting in a dataset composed of
620 dairy farms. Inconsistencies in production and marketing, farmer refusal to provide
information, missing variables, negative operating profits, or suspiciously large or small
entries were used as criteria for elimination. The structure of the sample before and after
cleaning isroughly comparable. In the original raw data, 32.19 % of the observations
covered herd sizes 1-49; 49.65 % for herd sizes 50-199; 15.33 % for herd sizes 200-999,
and 2.83 % for herd sizes of more than a 1000. After cleaning the structure of the sample
was for herd sizes 1-49: 30.65 %; for 50-199: 51.13 %; for 200-999: 15.32 % and for
more than 1000, 2.91 %.

Variable cogt, vc, as defined in the previous section, is calculated as total
expenditure in labor, feed and energy. We constructed al of the price indexes for the
outputs and variable inputs using the multilateral Tornqvist price index proposed by
Caves, Christensen and Diewert (1982, p. 78). This procedure compares the price faced

by firm k to the geometric mean of prices.
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N _ I
IRE® =28 (w, +w)(np, - Np)  (13)
i=1

wherek=1,2,...N, arethe number of firms

i =1,2,...M, are the number of commodities

w, =% isthe value of the i-th commodity for the k-th firm

[o]
a pleik
i=1
Wi -iéNw and Inp _14 Inp
i N < ik i N < 13

Thus, we constructed an implicit livestock quantity index, y1, by dividing total
livestock revenues by a price index, py, using prices (available from ERS) for the 15
livestock and livestock commodities identified in ARM S2000. In a similar fashion, we
constructed a crop quantity index, y», for the 31 crop commodities identified in the
ARMS2000 by using prices available from NASS and ERS by deflating total crop
revenue by a Tornqvist multilateral price index.

We constructed afeed price index, ws, for the 26 types of purchased, 16 types of
homegrown and the 5 types of pasture feed identified in ARM S2000. The derivation of
the labor, energy and capital prices and quantities was a great deal more challenging
because the necessary information was not directly available from the 2000 ARMS
survey Phase |11 version 4. We generated a labor price index, wi, by using the cost of
unpaid and paid labor for the farm operator, spouse, full and part time workers. Since the
2000 ARM S2000 Version 4 does not distinguish between earned and unearned income,
the compensation of the operator, spouse and other family members was calculated as the

marginal increase in total income from an extra hour of work controlling for variables
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like location, assets and education. The different types of labor costs were aggregated
using a Tornqvist multilateral index.

In order to generate a price index for energy, We, prices and quantities by type of
fuel must be available. Energy is not broken down by type of fuel in ARMS2000 Version
4. To addressthis problem, we used ARMS2000 Version 1 datato estimate fuel demand
by energy type for the dairy enterprise using a seemingly unrelated regression model. We
then used the parameters of this model to predict energy consumption by type in
ARMS2000 Version 4. The different types of energy were aggregated using a Torngvist
multilateral index.

Capital stock is only available for the dairy portion of the farm in ARM S2000
Version 4, but the unit of observation is the farm. We approximated the farm level price
of capital stock by aweighted average cost of capital. In this formulation the cost of
capital isaweighted sum of the cost of debt and cost of equity. Cost of debt is the interest
rate that farmers actually paid, and we determined the cost of equity using the capital
asset pricing model.

Following Codlli, et a (2003):

WACC =[(1- )" r,]+[g" r,] (14)
where the leverage, g, is equal to debt/ (debt + equity), re isthe cost of equity capital and
rq4 the cost of debt capital. Data on debt and equity capital comes from ARM S2000. Cost
of debt capital isthe BAA bond rate. The cost of equity capital is calculated using the
capital asset pricing model (CAPM):

CAPM =r,=r, +b," (r,-r;) (15)
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where r; isthe return of US treasury bills minus the rate of inflation for 2000; b, isthe

revenue weighted average of livestock and crop industry betas, and rn,is the compounded
annual returns for a 10 year holding period minus the rate of inflation for 1991-2000 [see
Kaplan and Peterson (1998) for industry betas and | bbotson Associates (2005) for
inflation and returng].

Total capital, K, is calculated as operating profit divided by a rate of depreciation
plus aweighted average cost of capital (WACC).® Operating profit is equal to crops and

livestock sold minus explicit variable cogts. We calculated the rate of depreciation
S E L .

asd =—dg +—d; +—d, . Where A, total assets, isequal to S the value farm structures
A A A

and buildings, E, the value of machinery and equipment and L, the value of land. The
rates of depreciation for structures, equipment and land are, respectively: 0.0237, 0.1179
and 0.0000 [See Jorgenson and Y un (1991), p. 82]. This method of estimating capital
stock is explained and used in Bhattacharya, Parker and Raffie (1994); Morrison-Paul
(1999) and Codlli, Estache, Perelman and Trujillo (2003). We described the variables
hypothesized to influence dairy farm performance at the end of section 3. Descriptive

dtatistics for these variables are presented in Table 1.
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5. ESTIMATION AND RESULTS

The estimated econometric model consists of the observed variable cost function
and the cost share equations. We dropped one share equation (for energy) because the
shares must sum to unity. A symmetric error term is appended to equations (6) and (8).
Linear homogeneity and symmetry are imposed. Since the errors of these equations are
correlated, the model is estimated by nonlinear iterative seemingly unrelated techniques
that approximate maximum likelihood when they converge. To increase the chance of
finding a maximum and to aid convergence, we first estimated a linear model assuming
allocative efficiency. Thereafter, we estimated the full model taking account of economic
efficiency step by step by freeing the nonlinear allocative inefficiency parameters one by
one. The first-order parameters can be interpreted as elasticities since the data were
rescaled by dividing each observed variable by its sample means. The parameter
estimates are presented in Table 2.

We checked nonnegativity, monotonicity and curvature properties for each
observation and at the mean of the data. Table 3 summarizes the properties of the
estimated shadow cog function. The concavity condition requires that the matrix of
second order derivatives of the shadow cost function with respect to shadow prices be
negative semidefinite. The condition is met at the mean of the data. Table 3 summarizes
the properties of the estimated shadow cost function. Most estimated shadow shares and
output elasticities are positive. Cost minimization also requires that the elasticity of
shadow variable cost with respect to capital be negative. Most of the violations of this
condition occur & herd sizes of less than 30 head, indicating that capital is generally

being used optimally. In summary, the regularity conditions for the cost function are met
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at the mean of the data and observation by observation indicate that violations occur
mostly when herd sizes are really small or large.

We tested a number of hypotheses, as presented in Table 4. Some of these reaults
will be discussed in conjunction with the results in Table 2. Specification tests,
hypotheses A(1) and A(2), on the underlying technology exclude a Cobb-Douglas as well
as a homothetic translog cost function asthe preferred functional form. Overall technical
inefficiency and allocative inefficiency, hypotheses B(1) and C(1), matter when
analyzing dairy farm costs. Moreover, the rejection of C(1) impliesthat the shadow and
observed cost functions are not the same. The coefficients on the technical efficiency
terms, hypotheses B(2), B(3), B(4), B(5), B(6), are all significant. Given this, the
coefficientf, in Table 2 isinterpreted as saying that traditional areas have variable costs
that are 5 % lower than non-traditional ones. This finding could make sense from the
standpoint that non-traditional dairy areas used more purchased feed and use more energy
intensive production methods. Estimated parameterf , in Table 2 suggests that a higher
proportion of purchased feed implies a lower variable cost. This result raised concern
since the expectation was that variable costs would increase with the use of a higher
proportion of purchased feed even if prices were imputed to estimate the cost of
homegrown and pasture feed. We will, then, investigate this issue further.

Coefficient f 4 in Table 2 indicates that small farms have lower variable costs than
other farms. This makes sense considering that the herd size of small farmsis 6 times
smaller than other farms. The coefficientf ,, saysthat increased specialization increases
variable costs. This too makes sense since milk production is more capital and input

intensive the more specialized a diary farm is. The coefficientf ,, indicates that the higher
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the cow mortality rate the higher the variable costs which again makes sense given that
proportion of purchased feed and cow mortality rate are positively correlated (pair-wise
correlations are presented in table 6).

Asto the alocative inefficiency terms, location, proportion of purchased feed and
use of cooperatives matter when analyzing allocative efficiency. A negative coefficient
implies the factor contributes to over utilization of the input and a positive one to under
utilization relative to energy. Optimal proportions, as mentioned in section 3, occur when
the termsin equation (9) are not significantly different from zero. If they are different
from zero, adeparture exists between observed and actual costs. Analysis of these costs
will be presented later in this section using equation (12).

Table 5 shows results for scale elasticities under different assumptions about the
underlying technology. Model 1 is an estimation of the variable cost function without the
technical and allocative inefficiency terms or the explanatory variables. Moddl 2 isa
model withthe digortions q but no f or variablesz Model 3 integrates q andf , the
latter as afunction of the z variables. Model 4 specifies both allocative and technical
inefficiency as functions of the exogenous variables, z. Examining the long run
elagticities we can appreciate a significant difference in results as we integrate allocative
and technical efficiency into the cost function. A scale elasticity greater, equal, or smaller
than 1 indicates that scale economies are increasing, constant or decreasing, respectively.

Results given in Table 5 show that the shape of the cost function is different for
the different specificationsimplied by models 1, 2, 3 and 4. Mogt gtriking of all is that
while model 1 implies that diseconomies of scale are present for farms with herd size

more than 2000 head, in model 4 scale economies are constant. Given the hypotheses
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presented in table 4, it is preferred to model 1. Yet it contradicts other research that has
found diseconomies of scale in dairy. This result is similar to the one given by Atkinson
and Halvorsen (1984) in their seminal paper that found the number of electric utilities
exhibiting decreasing returnsto scale declined from 12 to 2 as allocative inefficiency was
taken into account. We have not conducted formal tests on the difference between the
models results. Therefore, these results are preliminary.

From equation (12) cost inefficiency is defined as the sum of percentage cost
differentials due to input oriented technical and allocative inefficiency differentials. The
cost of technical inefficiency is much smaller than the cogt of allocative inefficiency. This
result further indicates that allocative inefficiency isan important component when
analyzing cost inefficiency of dairy farms. Table 6 shows significant pairwise
correlations of variables hypothesized to influence the efficiency of dairy farms. Tables 7
and 8 present some preliminary results dealing with the cost of allocative and technical
inefficiency and long run scale elagticities. In tables 7 and 8 and according to equation
12, cost inefficiency is defined as allocative plus technical inefficiency.

Starting with herd size at the top of table 7, our results show that asthe dairy farm
getslarger, cos inefficiency and its components increase as well. The reason might be
that, for example, experience in managing adairy farm and herd size are inversely
correlated, and experience and cost inefficiency are inversely related as the top part of
table 8 shows. Another possibility might be that cost inefficiency might be higher for
larger farms since they tend to use more purchased feed as the middle and bottom portion
of table 7 shows. Since the intense use of purchased feed and cow mortality are

significantly directly correlated, it raises cost inefficiency. Long run scale elasticity and
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purchased feed proportion and specialization are directly related. Technical inefficiency
goes up and alocative inefficiency goes down as purchased feed proportion rises. Since
purchased feed proportion and specialization and herd size are directly correlated, the
reason could be that smaller farms can target their feed formulas better than other dairy
farms. More specialized larger farms could purchase a fewer number of inputs and could
muster pecuniary economies that could make them less allocatively inefficient.
Experience has a uniform impact in reducing cost inefficiency and its components
as table 8 shows. The effect of experience on scale economies is less uniform other than
that managers at the beginning of their careers tend to manage larger enterprises than at
the end. The scale elasticity for small farms is about half of other types of farms. Thisis
not surprising since the herd size of small farmsin the sample is an average of 49 cows
and those of the other farms, 291. Small farms tend to be located in the traditional dairy
areas, and they tend to be less inefficient than other types of farms. The conclusion we
draw isthat small farms maintain a higher-level efficiency relative to larger farms and

this helps them countervail their scale economy disadvantage.
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6. SUMMARY AND CONCLUSIONS

This paper used a multioutput shadow cost function system to analyze scale
economies and decompose economic efficiency of the dairy sector in the United States
using the 2000 ARMS survey. Regularity conditions of monotonicity in output quantities
and shadow input prices, as well as concavity in shadow inputs are satisfied at the mean
of the data. Also, the elasticity of capital stock with respect to variable costsis negative.
We selected a cost function incorporating technical and allocative inefficiency
coefficients through parametric tests. No evidence of decreasing returns to scale was
found when using the preferred model.

Scale economies in the sector get exhausted rapidly. We found five characteristics
affecting technical and four affecting allocative inefficiency of dairy farms. We
decomposed cost inefficiency and found that variables like herd size, technology
(proportion of purchased feed and degree of specialization in fluid milk production),
experience, and location matter when analyzing their variation. Moreover, preliminary
results point to important scale economies and suggest that surviving small farms are on
average more economically efficient than larger farms, the latter having a countervailing

scale economy advantage.
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! Blayney and Normile (2004) distinguish three production systems: confinement, pasture-based and dry-lot
operations. Thefirst two rely mainly in homegrown feed and the latter on purchased feed.

2 This is based on the models presented in Kumbhakar and Lovell (2000) that introduce the shadow cost
function approach to efficiency measurement as developed by Lau and Y otopoulos (1971), Y otopol ous and
Lau (1973), and Atkinson and Halvorsen (1980, 1984).

3 See Christensen, Jorgenson and Lau (1973).

* Defined as farms having less than $250,000 in total revenues. A definition used by USDA’s National
Commission on Small Farms (USDA-NCSF) [see, for example, USDA-NCSF (1998)].

® Capital is calculated to be the residual of revenue less variable cost divided by the opportunity cost of

capita asin Bhattacharyya, Parker and Raffie (1994).
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Figure 2: Dairy Farm Size Distribution in the United States
(Number of Dairy Farmsin Parenthesis)
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Figure 3: Shadow Price Approach to Estimating Cost Efficiency
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Table 1: Summary Statistics for Variables Used in the Shadow Cost Function

Variable and Units Parm Mean Std Dev Min Max
Expenditure (E) (in $) 391,645 590,172 | 34,179 | 6,557,535
Livestock (y,) quantity index b, | 511,390 | 1,054,165 | 6562 | 12,498,124
Crops (y2) quantity index by, 67,346 106,642 0 1,319,820
Labor (w,) price index Bua 1.283 1.138 0.297 10.161
Energy (w,) price index By 1.017 0.173 0.722 1.487
Feed (w;) price index bus 1.019 0.174 0.542 1.705
Capital (K) in$ by | 1,678,355 | 3,437,666 | 16,648 | 36,590,516
Variables Hypothesized to Influence Dairy Farm Performance
(Technical f , Allocative g Efficiency)
Traditional Dairy (z,) f,,a0, | 0203 0.403 0 1
Purchased Feed Proportion (z)) | 5, gs 0.545 0.284 0 1
Experience (z;) e 24.990 12.845 0 73
Cooperate (z,) Oz 0.653 0.476 0 1
Small Farm (z,) fo 0.473 0.500 0 1
Specialization (z,) f10 0.727 0.172 0.111 1
Cow Mortality Rate (z,,) fig 0.06 0.047 0 0.333




Table 2: Parameter Estimates of the Shadow Cost Function
(t-statistics in Parentheses)

b 064 0.03" b 0.02 q 251
° (-6.06) s (1.88) KK (0.39) 120 (-7.61)
b 079" 0.05 b . 011" q 029"
v (15.03) Yats (3.55) - (-2.04) . (1.73)
b 0.14" 015" » -0.002 q 0.86
Y2 (9.14) M (-11.23) ve (-1.18) 123 (3.12)
b 057 0.02 036 g -0.002
" (12.51) " (1.08) W (6.11) 12 (-0.25)
b 019" 013" 0.006 q 030"
" (4.46) YN (6.32) VY2 (9.12) w (1.99)
o 041 -0.0003 -0.0002 q 284"
v (5.23) Y2 (-0.71) WY (-0.10) 20 (-9.36)
b 035 0.0008 . 0.05° q 030"
K (-9.02) vee (1.61) ! (-1.79) 2 (4.83)
b 022" -0.0005" ¢ 011" q -0.002
Wy (29.71) W32 (-1.69) 3 (_2.11) 323 (_0.02)
b 014" b 0.03" ‘ 011" q 0.004
i (-8.50) ke (1.88) ° (-3.45) 526 (2.22)
b 008" b 005 ¢ 047" g -0.002
it (-5.39) ek (3.55) 10 (4.95) 2 (-0.04)
041" b 015" : 063 1
et (4.05) . (-11.23) u (2.99) LLF 805

*** Jgnificant at 1%
**Jgnificant at 5%
*Sgnificant at 10%




Table 3: Shadow Cos Function Calculated Indices

[Violations of Monotonicity, Nonnegativity and Concavity Properties (Obs by Obs Tests) |

( ﬂggoz fgz(zzs)z) 0% | 4% | 0% | 2% | 2% 38 % 27 %
5(()1;;?9(31?;?2%3)8) 3% | 1% | 0% | 1% | 1% 34 % 6%
1‘(3253’;'%1 io%?;igf) 0% | 4% | 0% | 1% | 0% 39 % 1%
20(3;4233 |21é8?2§312§2) 0% | 14% | 0% | 0% | 0% 54 % 1%
5‘(386;,':%‘1 3026(?37(66)2) 0% | 20% | 0% | 0% | 0% 65 % 0%
1?22 ggfgggﬁgg’%g? 0% | 15% | 0% | 0% | 0% 82 % 0%

2&?&1‘;36‘1 : ég‘i?l%‘;’) 0% | 62% | 8% | 0% | 0% 92 % 0%
G g'gffj?% |2g(,)§o(1%95) 0% | 40% | 40% | 0% | 0% 100 % 0%
Mean of Data 0% | 0% | 0% | 0% | 0% 0% 0%

(590,243| 1,134,854)




Table 4. Hypotheses Tests on the Parameters of the Estimated Shadow Cost Function

Hypothesis Statistic’ | Significance
A. Technology
(1) H, : Cobb- Douglas 2063.4 < 0.0001
(2)H, : Homothetic 626.6 < 0.0001
B. Technical Inefficiency
(1) H, :d, =d, =d, =d,, =d,, =0 (Overal ) 46.8 < 0.0001
(2) H, :d, =0 (Traditional Region) 3.2 0.075
(3)H, :d, =0 (Purchased Feed Proportion) 4.5 0.035
(4) H, :d, =0 (Small Farm) 12.0 0.0005
(5) H, :d,, =0 (Specialization) 24.7 < 0.0001
(6)H, :d,, =0 (Cow Mortality Rate) 9.0 0.003
C. Allocative Inefficiency
(1) Hy G20 =Ogp0 =011 =021 =iz =Gzzs =Olizs =Caze =Olizy =Ty =0 (Overall) 92.9 <0.0001
(2) H, :0,,, =04, =0 (Traditional Region) 22.6 <0.0001
(3) H, :0,,3 =03,; =0 (Purchased Feed Proportion) 13.0 0.002
(4) H, :0,55 =04, =0 (Experience) 6.2 0.044
(5) H, 10y =0g; =0 (Coop) 6.0 0.050

*- 2Llg- Ly)~c;
** pr> Chisq




Table 5: Dairy Sector Short and Long Run Scale Elasticity Under Different Efficiency Assumptions
(Standard Error in Parentheses)

Model 1: Model 2: Model 3: Model 4:
VC(w,y,K) | VC@w,y,K) | VC@aw,y,K,f(2) | VC@(29w,y,K,f(2)

Herd Size (Obs) Short Run Scale Elasticity
Herd < 30 (52) (325732% éﬁﬁ% (3131% (gzggg)
50 < Herd > 30 (138) (égég) ég% (110',2%70) (13)6?&33;3{341)
100 < Herd > 50 (195) (égjg) (é:ggi) (égs;) (égfé)
200 < Herd > 100 (122) (é:gg?l) (éﬁggg) (éijg;) (é:ggg)
500 < Herd > 200 (62) 8:?% (8?28) (3132% (é:igg)
1000 < Herd > 500 (33) (813% (8212) (82231) (8?38)
2000 < Herd > 1000 (13) (8288% (828573%) (8%5) (8:222)
ooz | o | oem o
Herd Size (Obs) Long Run Scale Eladticity
Herd < 30 (52) (gg%) (iggg) (ggig) (igég)
50 < Herd > 30 (139) (éggé) (iggg) ( 11(5.6(3357) (fb?l()ZOG)
100 < Herd > 50 (195) (égzg) (é%) (éggg) (3:24211)
200 < Herd > 100 (122) (32421%2) (é:ggé) (é:%g) (é:ggg)
500 < Herd > 200 (62) (é:ﬁg) (é:igg) (é::ﬂlg) (é:ﬁeli)
1000 < Herd > 500 (33) (éj‘fgg) ((ﬂﬁ) (é:igg) (é:ii?l)
2000 < Herd > 1000 (13) (3:832) (31831) (31233) (3:5575)
Herd > 2000 (5) (8:835) (8:838) (8:883) (3:832)




Table 6: Pairwise Correlations of Variable Hypothesized to Affect Dairy Farm Efficiency
(Significance in Parentheses >0.1 not shown)

z1 z3 z6 z/ z9 z10 z11 herd
(traditional) | (feedpr) | (exp) (coop) | (small) | (spec) | (mort)
Z1
(traditional)
Z3 -0.158
(feedpr) (0.000)
Z6 -0.097
(exp) (0.015)
z7
(coop)
Z9 0.124 -0.306 -0.098
(small) (0.002) (0.000) (0.015)
Z10 -0.144 0545 | -0.157 -0.219
(spec) (0.000) (0.000) | (0.000) (0.000)
Z11 0.067
(mort) (0.097)
herd -0.140 0.354 | -0.086 -0.357 | 0.339
(0.002) (0.000) | (0.032) (0.000) | (0.000)




Table 7: Predicted Long Run Scale Elasticity and Cost Inefficiency by Herd Size, Purchased Feed and Milk
Revenue Proportions

(Mean Technical, Allocative and Cost Inefficiency in Proportions)

SCELR Tl Al Cl
herd <50 3.814 0.174 2.251 2.426
200 < herd > 50 1.847 0.275 2.280 2.555
2000 < herd > 200 1.266 0.354 2.359 2.713
herd > 2000 1.000 0.380 2.540 2.920
feedprop <0.25 2.792 0.194 2.410 2.603
0.45 < feedprop > 0.25 2.612 0.246 2.312 2.558
0.60 < feedprop > 0.45 2.137 0.272 2.245 2.517
0.90 < feedprop > 0.60 2.307 0.281 2.243 2.524
feedprop> 0.90 1.762 0.298 2.230 2.528
mkrevprop < 0.6 2.385 0.149 2.322 2.470
0.7 < mkrevprop> 0.6 3.799 0.215 2.302 2.517
0.8 < mkrevprop > 0.7 1.996 0.269 2.290 2.560
0.9 < mkrevprop> 0.8 1.739 0.319 2.258 2.578
mkrevprop > 0.9 2.088 0.355 2.259 2.613




Table 8: Predicted Long Run Scale Elasticity and Cost Inefficiency by Experience, Location, Farm Type,
Use of Cooperétives

(Mean Technical, Allocative and Cost Inefficiency in Proportions)

SCELR TI Al Cl
exp < 14 1.926 0.274 2.326 2.600
21<exp> 14 2.427 0.270 2.264 2.533
28<exp> 21 2.248 0.258 2.302 2.560
36<exp> 28 1.922 0.247 2.299 2.547
75<exp> 36 3.200 0.244 2.249 2.492
traditional 3.103 0.193 2.070 2.262
non-traditional 2.148 0.275 2.343 2.618
Small farm 3.250 0.191 2.251 2.442
Other farm 1.528 0.319 2.320 2.639
coop 2.530 0.266 2.247 2.514
non-coop 1.988 0.244 2.363 2.607




